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Abstract

Background: Racial inequity persists for chronic disease outcomes amid the proliferation of health information technology
(HIT) designed to support patients in following recommended chronic disease self-management behaviors (ie, medication behavior,
physical activity, and dietary behavior and attending follow-up appointments). Numerous interventions that use consumer-oriented
HIT to support self-management have been evaluated, and some of the related literature has focused on racial minorities who
experience disparate chronic disease outcomes. However, little is known about the efficacy of these interventions.

Objective: This study aims to conduct a systematic review of the literature that describes the efficacy of consumer-oriented
HIT interventions designed to support self-management involving African American and Hispanic patients with chronic diseases.

Methods: We followed an a priori protocol using the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses)-Equity 2012 Extension guidelines for systematic reviews that focus on health equity. Themes of interest included
the inclusion and exclusion criteria. We identified 7 electronic databases, created search strings, and conducted the searches. We
initially screened results based on titles and abstracts and then performed full-text screening. We then resolved conflicts and
extracted relevant data from the included articles.

Results: In total, there were 27 included articles. The mean sample size was 640 (SD 209.5), and 52% (14/27) of the articles
focused on African American participants, 15% (4/27) of the articles focused on Hispanic participants, and 33% (9/27) included
both. Most articles addressed 3 of the 4 self-management behaviors: medication (17/27, 63%), physical activity (17/27, 63%),
and diet (16/27, 59%). Only 15% (4/27) of the studies focused on follow-up appointment attendance. All the articles investigated
HIT for use at home, whereas 7% (2/27) included use in the hospital.

Conclusions: This study addresses a key gap in research that has not sufficiently examined what technology designs and
capabilities may be effective for underserved populations in promoting health behavior in concordance with recommendations.

(J Med Internet Res 2022;24(4):e22124)   doi:10.2196/22124
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Introduction

Background
Nearly half of all adults in the United States are living with 1
or more of the Big Five chronic conditions—diabetes mellitus
(diabetes), cardiovascular disease, chronic respiratory disease,
cancer, and stroke [1]. Racial inequity persists for outcomes
under these conditions [2]. For example, African American
individuals continue to experience greater disease prevalence
than non-Hispanic White individuals for hypertension (25%)
and diabetes (49%); likewise, Hispanic individuals’ diabetes
rates are 20% higher than those of White individuals [3].
Furthermore, nearly 5 decades of literature details racial and
ethnic inequity in diabetes prevalence and risk factors for
diabetes-related complications and following recommended
self-management behavior [4].

Chronic disease self-management is challenging because the
treatment regimens often demand much from the patient and
their families; recommended self-management frequently
includes regular meal planning, consistent physical activity,
monitoring and tracking (eg, fluid intake and blood glucose),
and daily medication behavior [5]. Following the recommended
self-management behavior is vital because these behaviors are
associated with health outcomes. For example, following the
recommended medication behavior, physical activity, dietary
behavior, and blood sugar testing are all associated with
glycemic control [6]. Comorbidity can exacerbate the burden
associated with following self-management recommendations.
For example, a cancer survivor with diabetes who must take
medication as part of their cancer treatment (eg, prednisone)
may experience difficulty in maintaining the recommended
glucose levels, which can in turn impact medication behavior
[7]. Chemotherapy can also cause adverse side effects, including
pain and cognitive impairment. Both can present barriers to
following recommended self-management for years following
cancer treatment [8], and cancer survivors from racial minority
groups experience poorer outcomes for other chronic conditions
diagnosed after a cancer diagnosis [9].

Patients with chronic diseases may use information technology
(eg, mobile apps) as sources of health information to help answer
questions regarding symptoms and treatment options [10-12].
However, racial inequity also characterizes access to information
and communication technologies (ICTs). Most White individuals
own a laptop or desktop computer (83%), whereas only about
two-thirds of African American individuals (66%) reported
owning either. There is also racial and ethnic inequity in access
to broadband at home, with 78% of the White population
reporting access compared with 65% of African American
individuals and 58% of Hispanic individuals [13]. African
American individuals and Hispanic individuals own smartphones
and tablets at similar rates as White individuals; however,
smartphones represent the only web-based access for 12% of
the African American population and 22% of the Hispanic
population, whereas only 4% of White individuals only access
the internet via smartphones [13]. Furthermore, African
American individuals experience disruptions in access, as they
are twice as likely as White individuals to cancel or suspend

mobile phone services because of cost [13]. These interruptions
are particularly vital because African American individuals are
more likely to use smartphones for web-based access than White
individuals [14,15]. To use health information technology (HIT)
to help support following the recommended self-management
health behavior, individuals must both have access to ICTs and
possess the requisite skills to use them [16,17]. African
American individuals experience barriers to HIT use because
of inequitable access and disparities in skills required to use
technology designed to support chronic disease self-management
[16]. Consequently, the extent to which this technology is
effective in supporting Hispanic and African American patients
for chronic disease self-management is unclear. Understanding
efficacy is imperative given persistent disparities in health
outcomes and in HIT access and use.

Sociocultural factors also influence individuals from ethnic
minority groups’use of consumer-oriented HIT. Trust, perceived
credibility, attitudes, and perceptions predict health technology
acceptance and use [17]. For example, over a decade of research
describes how African American individuals have different
attitudes than White individuals regarding technology
innovations in health care, and these factors predict HIT
acceptance [18]. Trust is an important consideration in the
design of health informatics interventions to promote health
and wellness [19]. Sociocultural barriers (eg, unwanted
attention) are among the barriers Hispanic populations report
for consumer-oriented HIT [20].

Sociocultural factors present barriers that contribute to
intervention-generated inequality [21,22]. Intervention-generated
inequality occurs when technology-enabled health informatics
approaches disproportionally benefit most populations [17].
Therefore, these interventions are less effective for minority
populations and can essentially exacerbate population disparities
that contribute to health inequity [23]. HIT-enabled health
promotion can be enhanced by developing HIT that considers
sociocultural factors that influence use (eg, levels of health
literacy and digital literacy, lack of access to, or knowledge of
digital tools) [24]. Systematic reviews of consumer-oriented
HIT to support health and wellness find that articles do not
adequately consider sociotechnical factors [25].

Objectives
HIT research describes the potential benefit from the use of
technologies designed to track and report health behaviors,
along with the acknowledgment of sparse insights to guide
researchers concerning specific barriers to use for ethnically
diverse populations [20]. However, no systematic review has
been published describing the efficacy of consumer-oriented
HIT designed to support following recommended
self-management behavior for African American or Hispanic
patients with chronic diseases. Therefore, we conducted this
study of efficacy of consumer-oriented HIT in these patients.
For this study, we classify consumer-oriented HIT as a
technology designed to support recommended chronic disease
self-management. It includes a myriad of mobile, tablet, and
computer apps designed to support following recommended
chronic disease self-management behaviors, such as electronic
journals to track physical activity and prompts and reminders
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to support medication behavior. HIT also includes technology
that enables access to health information, such as podcasts and
disease-specific discussion boards. Given that ethnic minority
populations experience both persistent inequity in chronic
disease outcomes and barriers to access of consumer-oriented
HIT designed to support following recommended
self-management behavior, this study was guided by the
following research question: what is the impact on clinical
outcomes of consumer-oriented HIT interventions on
self-management behavior or health outcomes for Black or
Hispanic patients with chronic diseases?

Methods

Overview
After confirming health equity as the focus of this study, we
followed an a priori protocol with equity as the focus, the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses)-Equity 2012 Extension was selected as a
guideline for conducting systematic reviews that focus on health
equity [26,27].

Inclusion Criteria
We developed a rationale for eligible study designs and inclusion
of outcomes, per the PRISMA-Equity 2012 Extension for
systematic reviews [27]. First, we identified foundational articles
based on the refined research question [28-31]. We then
reviewed papers from several journals that published the
foundational articles and published the foundational articles
and journals that published papers that the foundational articles
cited. Given the interdisciplinary nature of health equity
research, we selected established journals, with an emphasis on
health equity (eg, Social Science & Medicine, the Journal of
Racial and Ethnic Health Disparities, and the Journal of Health
Care for the Poor and Underserved) and from medical
informatics (eg, the Journal of American Medical Informatics
Association and the Journal of Medical Internet Research). We
chose a systematic review based on the types of articles
appearing in these journals. Given that outcomes are germane
for describing inequity, we selected journals that reported
outcomes.

Information Sources
Next, we crafted themes of interest, again per the
PRISMA-Equity 2012 Extension for systematic reviews [26],
which formed the foundation of our inclusion and exclusion
criteria: health technology designed for patients, Unified Theory
of Acceptance and Use of Technology, theme (eg, acceptance,
usability, readiness, satisfaction, and preference),
self-management (eg, self-management behavior, health
behavior, adherence, and compliance), health conditions (eg,
chronic disease and physical health), and demographics.

To evaluate and select databases, we again reviewed the 4
foundational articles. We also consulted with a health sciences
librarian to evaluate and finalize the databases. We selected
seven electronic databases: PubMed, Cumulative Index of
Nursing and Allied Health Literature, Web of Science,
Cochrane, Compendex, Institute of Electrical and Electronics
Engineers, and Computers and Applied Sciences Complete.

Search Strategy
We created search strings based on our themes of interest (eg,
acceptance, usability, readiness, satisfaction, and preference),
according to the specific database format, to locate articles that
met our inclusion criteria. We consulted with health science
librarians to ensure adherence to the database string format.
Information regarding the search strategy (eg, search strings)
is given in Multimedia Appendix 1 [30,32-57]. When the
database permitted, all results were limited to peer-reviewed
journal articles published after 1990 as the World Wide Web
was introduced during this period. All database searches were
conducted on November 26, 2018. In addition, PJM
hand-searched references of the included articles to ensure all
pertinent articles were included.

Study Selection
Articles were included if they met specific inclusion criteria
and excluded if they fulfilled the exclusion criteria (Textbox
1).

Rayyan (Rayyan Inc), an internet-based software package, was
used to facilitate article screening [58]. CRS and PJM blindly
completed the title and abstract and full-text screening. They
resolved conflicts together after the blind screening feature in
Rayyan was turned off.
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Textbox 1. Article inclusion and exclusion criteria.

Inclusion criteria

• Articles included patients with chronic diseases or caregivers who specified they were of Black or African American, or Hispanic origin.

• The patient or caregiver must be the end user or direct benefactor of technology.

• Technology gives personalized information to patients and or caregivers.

• Technology was designed to support self-management recommended for chronic conditions (ie, medication behavior, physical activity, dietary
behavior, and attending follow-up appointments).

• The article is in English in a peer-reviewed journal.

• The article has been published since 1990.

Exclusion criteria

• Intervention targets providers.

• No electronic technologies (ie, technology using electricity) examined in the article.

• Technology is not designed to support self-management recommended for chronic conditions (ie, medication behavior, physical activity, dietary
behavior, and attending follow-up appointments). Technology designed to prevent falls was not included.

• A systematic review of technology.

Data Collection Process and Data Items
Once conflicts were resolved, we analyzed the included articles
and extracted relevant information (Table 1). Given the focus
of our review is technology designed for chronic disease
self-management for African American and Hispanic patients,
we detailed information concerning race or ethnicity and cultural
tailoring, type of technology used, behavior targeted, and
specific chronic disease and clinical outcomes measured. We
used content analysis to classify themes and totaled the
frequency of self-management activities reported.

We analyzed the risk of bias in each included article using the
Cochrane Collaboration Risk of Bias Tool [59]. The tool was
developed in 2005 based on the following seven principles for
assessing risk of bias in randomized trials: (1) avoiding use of
quality scales (eg, because scales, and resulting scores, are
inappropriate appraisals of clinical trials, their use increases
risk of bias), (2) focusing on internal validity (eg, a small trial
with high internal validity may have high risk of bias, whereas
a large trial, while having high precision may have high risk of
bias if internal validity is low), (3) assessing the risk of bias in
trial results (eg, the quality of the reporting—which may be
assessed by evaluating level of detail—helps determine the risk
of bias; methodology used in conducting the trial—such as not
calculating the sample size with power analysis, not including
ethical review board approval, or limiting participants’

knowledge of intervention received can all increase the risk of
bias), (4) using judgment when assessing risk of bias (eg,
omitting bias assessments from aspects of the trail methodology
or interpretation of results may increase risk of bias), (5)
choosing domains to be assessed (eg, if detail is not described
for how incomplete data were accounted for, or aspects of
blinding for participants and practitioners, can increase the risk
of bias), (6) focusing on the risk of bias in the data as
represented in the article (eg, the exclusion of certain
participants in trial results who are then reinstated for other
results increases the risk of bias), and (7) reporting
outcome-specific evaluations of the risk of bias (eg, describing
randomized allocation to control or experimental group during
participation may influence the risk of bias in other aspects of
the trial, such as physicians’ knowledge of the specific
intervention and its usual effects). The tool contains six domains
for assessing potential bias, with sources of bias in each domain:
(1) selection bias (inadequate generation of a randomized
sequence and inadequate concealment of allocations before an
assignment increase the risk of bias), (2) performance bias
(inadequate blinding of participants and study personnel
increases the risk of bias), (3) detection bias (inadequate blinding
of outcome assessment increases the risk of bias), (4) attrition
bias (incomplete outcome data for outcomes reported increases
the risk of bias), (5) reporting bias (selective reporting increases
the risk of bias), and (6) other bias (ie, any bias not included in
the other 5 named domains).
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Table 1. General characteristics (N=27).

Values, n (%)Characteristicsa

Self-management area

17 (62)Medication behavior

4 (14)Follow-up appointment attendance

17 (62)Physical activity

16 (59)Dietary behavior

Care setting

27 (100)Home (capability to access or use from home)

2 (7)Hospitalb

Technology

3 (11)Computer, laptop, or tabletc

0 (0)Telephone (landline)

17 (62)Mobile phone

1 (3)Mobile app

15 (55)Text

8 (29)Web-based

2 (7)Bluetooth device

2 (7)Specialized telemedicine device

1 (3)Nintendo Wii

1 (3)Voice-enabled device

1 (3)Social media

Function

13 (48)Collecting personal health datad

17 (62)Goal setting and tracking

19 (70)Integrated survey and assessment

aArticles may be included within multiple categories.
bWe did not include articles in which users could use videos to chat or communicate with providers.
cTelemedicine units or devices were included.
dTracking of patient’s personal health data (data logs) and tracking of patient data by providers were included.

Results

Study Characteristics
A total of 25 eligible articles involving African American
participants and 13 articles with Hispanic participants were
identified. Of these, only 27 met our final criteria, as not all
articles discussed technology use and design for patients (see

PRISMA flowchart in Figure 1). All 27 articles were published
between 1996 and 2018. The mean participant sample size was
640 (SD 209.5; 26/27, 96% of articles). Of the 27 included
articles, 14 (52%) focused exclusively on African American
patients, 4 (15%) focused on Hispanic patients, and 9 (33%)
focused on both African American and Hispanic patients.

Each of the 27 included articles was examined for the risk of
potential bias according to each of the 6 domains (Table 2).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.
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Table 2. Risk of bias in individual articles (N=27).

Other biascBlinding of participants

or personnelb
Incomplete outcome

dataa
Patients or caregivers involved in
the design of technology

Participants, nStudy

Not reportedLowLowHigh452Almeida et al [32]

Not reportedLowLowNot reported15Collins and Champion
[33]

LowLowLowLow50Davidson et al [34]

Not reportedHighLowLow51Davis et al [35]

Not reportedLowLowNot reported30Finkelstein et al [36]

LowNot reportedHighHighN/AdFinkelstein and Wood
[37]

Not reportedLowLowLow414Fortmann et al [38]

Not reportedLowLowNot reported267Friedman et al [39]

HighHighNot reportedNot reported95Gerber et al [40]

LowLowLowLow9298Green et al [41]

Not reportedHighNot reportedLow12Grimes et al [42]

Not reportedNot reportedHighLow220Heitkemper et al [30]

Not reportedLowLowLow29Joseph et al [43]

Not reportedHighLowNot reported123Kline et al [44]

LowLowHighLow48MacDonell et al [45]

HighLowLowHigh124Lin et al [46]

Not reportedHighLowLow19Mayberry et al [47]

Not reportedLowLowLow12McGillicuddy et al [48]

HighLowHighNot reported97Newton et al [49]

Not reportedNot reportedLowNot reported15Nundy et al [50]

Not reportedHighHighLow14Reese et al [51]

Not reportedHighLowNot reported71Reininger et al [52]

LowLowLowLow89Rosal et al [53]

LowLowHighHigh1665Shea [54]

LowLowHighLow94Skolarus et al [55]

Not reportedLowLowLow1665Trief et al [56]

Not reportedLowLowLow1665Weinstock et al [57]

aOutcome data.
bRandomization or blinding of patients.
cAny other bias identified by the reviewers.
dN/A: not applicable.

Additional Analyses: Qualitative Synthesis
Articles that reported technology interventions and included
self-management aimed at improving chronic disease outcomes
using either clinical or behavioral outcomes were eligible for
systematic review inclusion (Table 3). We chose content analysis
for categorizing data into themes and counting their frequency

based on our decision to count frequency of self-management
behaviors [60]. We reported the following four specific
self-management activities: medication behavior, physical
activity, dietary behavior, and follow-up appointment
attendance. The frequency of each self-management behavior
was totaled by analyzing the included articles.
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Table 3. Self-management behaviors in the included articles (N=27).

Dietary behaviorPhysical activityFollow-up appointment attendanceMedication behaviorStudy

NoYesNoNoAlmeida et al [32]

YesYesNoNoCollins and Champion [33]

NoNoNoYesDavidson et al [34]

YesYesNoYesDavis et al [35]

NoYesNoNoFinkelstein et al [36]

NoYesNoNoFinkelstein and Wood [37]

YesYesNoYesFortmann et al [38]

NoNoNoYesFriedman et al [39]

YesYesNoNoGerber et al [40]

NoNoYesYesGreen et al [41]

YesNoNoNoGrimes et al [42]

YesYesNoYesHeitkemper et al [30]

NoYesNoNoJoseph et al [43]

YesYesNoYesKline et al [44]

NoNoNoYesMacDonell et al [45]

YesYesNoNoLin et al [46]

YesYesNoYesMayberry et al [47]

NoNoNoYesMcGillicuddy et al [48]

YesYesNoNoNewton et al [49]

YesNoYesYesNundy et al [50]

NoYesNoNoReese et al [51]

YesYesNoYesReininger et al [52]

YesYesNoYesRosal et al [53]

NoNoNoYesShea [54]

YesYesNoYesSkolarus et al [55]

YesNoYesYesTrief et al [56]

YesNoYesYesWeinstock et al [57]

Study Selection
Other data recorded from the articles included the technology
functions (Table 4), the type of technology used, the
effectiveness of the technology, the number of participants

enrolled, and the first author’s last name (Multimedia Appendix
1). These were grouped together to reveal findings such as which
technology was effective based on population and chronic
disease type (Multimedia Appendix 1) [29,30,32-57].
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Table 4. Technology functions in the included articles (N=27).

Integrated surveys or
assessments

Goal setting
or tracking

Tracking of patient
data by providers

Tracking or viewing patient
data by a patient or caregiver

Tracking by a patient or
caregiver using technology

Study

NoYesYesNoNoAlmeida et al [32]

YesNoNoNoNoCollins and Champion
[33]

YesYesYesYesYesDavidson et al [34]

YesYesNoNoNoDavis et al [35]

NoYesYesYesNoFinkelstein et al [36]

NoYesYesYesNoFinkelstein and Wood
[37]

NoYesNoNoNoFortmann et al [38]

YesYesNoNoNoFriedman et al [39]

NoNoNoNoNoGerber et al [40]

YesNoYesYesYesGreen et al [41]

NoYesNoNoNoGrimes et al [42]

YesYesNoNoNoHeitkemper et al [30]

YesYesYesYesNoJoseph et al [43]

YesNoNoNoNoKline et al [44]

YesNoNoNoNoMacDonell et al [45]

NoYesYesYesNoLin et al [46]

YesYesNoYesaNoMayberry et al [47]

NoNoYesYesNoMcGillicuddy et al
[48]

YesNoYesYesNoNewton et al [49]

YesNoYesNoYesNundy et al [50]

YesYesNoNoNoReese et al [51]

YesNoNoNoNoReininger et al [52]

YesYesYesYesNoRosal et al [53]

YesNoYesYesNoShea [54]

YesYesNoYesNoSkolarus et al [55]

YesYesYesYesNoTrief et al [56]

YesYesYesYesNoWeinstock et al [57]

19 (70)17 (62)15 (55)14 (51)4 (14)Total, n (%)

aCoaching of family members via phone was also conducted.

Health Outcomes Described in the Included Articles
Diabetes, hypertension, and heart failure were the three chronic
conditions included in the resultant studies (N=27). Diabetes
was the most common chronic disease among these studies. Of
the total number of studies, 8 specifically tracked hemoglobin
A1c (HbA1c) and blood pressure (BP) levels
[30,35,38,44,54,56,57]. Only a study by Weinstock et al [57]
reported statistical significance for both clinical outcomes. A
study by Davis et al [35] reported increases in medication
adherence and self-efficacy for diabetes medication behavior
in African American patients. However, none of the results were
statistically significant, and they did not report any clinical

significance. The study by Weinstock et al [57] targeted A1c

reduction in Hispanic and African American patients. The
intervention included a home telemedicine unit with a
web-enabled camera for a videoconference consultation, which
provided educational information. Results showed HbA1c

improvement for Hispanic patients; however, improvement was
not statistically significant and clinical significance was not
specified. A study by Shea [54] used a home
telemedicine–specialized device for videoconferencing with a
nurse to support HbA1c and BP monitoring. The intervention
reported clinically significant A1c improvement (8.35%-7.42%),
but the results were not statistically significant. A study by
Heitkemper et al [30] used a website and SMS text messages
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for diabetes management targeting African American and
Hispanic patients. Use was low among participants because
they rarely used the internet to search for health information;
consequently, outcomes were not reported. In a study by Kline
et al [44], the intervention was a culturally tailored guide for
diabetes management targeting the Hispanic population. It
included a telenovela with learning modules and games.
However, specific clinical outcomes (eg, A1c) were not reported,
as the focus was on the development and feasibility of the
intervention.

Hypertension was the next most common condition specified
(ie, they focused on hypertension vs BP reporting). Three studies
specified the goals of reducing hypertension [39,48,55].
However, none reported statistical or clinical significance. A
study by Skolarus et al [55] used an SMS text messaging
intervention with a faith-based collaborator and reported both
systolic and diastolic BP for African American patients. Half
of the participants reached BP targets. A study by McGillicuddy
et al [48] used a mobile health intervention that targeted
Hispanic patients to promote BP improvement through
medication self-management support. The study reported
statistically significant increases in medication adherence. A
study by Davidson et al [34] reported statistically significant
results in systolic and diastolic BP reduction in Hispanic and
African American participants. The system used electronic
medication dispensers and SMS text messages. It included
Bluetooth-enabled BP monitors.

Heart failure was the third chronic disease that was the focus
of one of the resultant studies. A study by Finkelstein and Wood
[37] assessed the feasibility of an intervention that used a laptop
and Nintendo Wii to support medication behavior in African
American patients with heart failure. Although clinical outcomes
were not reported, participants reported a high level of
acceptance of the technology.

Discussion

Principal Findings
Given the development of HIT apps and considerable research
in this area, a relatively small number of resultant articles
(N=27) investigated associations between the use of HIT and
chronic disease outcomes among African American and
Hispanic patients. This is a vital gap because of persistent
inequity in chronic disease outcomes for racial minority
populations and because intention to use HIT designed for
chronic disease self-management is most predicted by
performance expectancy, followed by social influence [61].
Researchers of HIT acceptance and use for chronic disease
self-management should incorporate health outcomes in
investigations, particularly outcomes commonly used to report
racial inequity. Of the 27 articles, a majority addressed 3 of the
4 self-management behaviors investigated: medication behavior
(17/27, 63%), physical activity (17/27, 63%), and dietary
behavior (16/27, 59%). However, only a few (4/27, 15%)
focused on follow-up appointment attendance. This is an area
that warrants investigation and development of capabilities
because HIT may be well-positioned to mitigate known causes
of missed appointments, which is a persistent issue among racial

minority populations who experience persistent inequity, such
as Latinx immigrants and low-income African American patients
in urban settings: forgetfulness, transportation barriers, family
and employer obligations, and anticipated long clinic wait times
[62-64]. Investigating and alleviating barriers to appointment
attendance is important because ethnic minority patients are
more likely to have low income and live in urban areas, two
factors that are associated with the frequency of missing primary
care appointments [65-67].

All the articles investigated HIT designed with capabilities to
access or use at the patient’s home, whereas only 2 articles also
included use in the hospital. This is concordant with the
movement of developing HIT for use in patients’ homes versus
hospitals [68]. The risk of misuse of HIT is segmented according
to environmental, human, and technological factors [69]. The
number of different users is associated with the risk of misuse
because users may have various levels of education, instruction,
or training. Thus, the risk of misuse is higher in home care
settings when compared with hospital care settings [68].
Developers should consider the known risks of misuse and the
number of users in home care settings for African American
and Hispanic patients, given that individuals from racial minority
populations have different attitudes than White patients
regarding technology innovations in health care, and these
factors predict HIT acceptance [18].

Various technologies are included in the resultant articles, except
for the landline telephone, in which none of the articles were
investigated. This follows the broad trend that more than half
of US households are reliant on mobile phones and do not have
landlines. In addition, Hispanic and Black adults are more likely
than White adults to live in households with only mobile phones
[70].

The collecting and tracking of personal health data, which over
10% of users are doing on behalf of someone else (eg,
caregivers), and goal setting and evaluation are pertinent
capabilities that are closely related to self-management behavior
[71,72]. In addition, given the association of social influence
with intention to use HIT, caregivers and other members of the
patient’s network should be incorporated into the design of HIT.
This may be especially pertinent for Black women who report
feeling responsible for providing emotional and tangible support
to homebound parents who may live in the home [73]. In fact,
incorporating shared tracking use should inform HIT design,
and models have been created that reflect the interplay of social
context and health tracking [71].

Insights derived from this study of the 27 resultant articles reveal
the potential for future development and evaluation of HIT tools
in two distinct areas—known barriers faced by members of
ethnic minority groups in using HIT and the unique barriers
they may face in following self-management recommendations.
For example, in a limited sample size, a mobile phone–based
intervention that combined SMS text messaging with nursing
care showed improvement in following recommended
self-management behavior (ie, medication behavior, glucose
monitoring, foot care, physical activity, and dietary behavior)
for Black adults with diabetes [74]. In addition, a diabetes
self-management education intervention for medically
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underserved populations showed specific impact on outcomes
that are characterized by racial disparities and HbA1c

improvement at 6 and 12 months [30].

Despite these important findings, more specific research is
needed to elucidate the sociocultural factors that in particular
are known to impact HIT acceptance and use [75]. For example,
the level of trust is associated with HIT acceptance and use in
the context of diabetes self-management [76-78]. Moreover,
factors for older adults from racial minority groups should be
specifically investigated because they are less likely than
individuals who do not belong to racial minority groups to use
health management sites and search the web for health
information to support chronic disease self-management [79].
Finally, investigations of HIT acceptance, use, and impact on
self-management and outcomes should be conducted with larger
samples. Despite considerable literature on drivers of inequity
and the emergent literature describing the potential for HIT to
support chronic disease self-management, the literature suggests
that persistent disparities in chronic disease outcomes are in
part because of the lack of large-scale, HIT-enabled
interventions that support following self-management
recommendations and report impact on outcomes [75,80-82].
In addition, given the limited reporting of clinical outcomes
that inform equity measures (eg, HbA1c), more research is
needed to understand if or how access and then use may impact
following recommended self-management behavior and
subsequent outcomes. Doing so may reveal critical insights to
associate HIT access with outcomes, particularly imperative
given persistent barriers to technology acceptability and use
[75].

This study has a key limitation. We only examined articles that
specified Black and Hispanic users. Specific cultural factors
may emerge from a broader examination, given that various

cultural factors influence both technology acceptance and use
(eg, practices, customs, language, and communication) [82,83].
Understanding cultural factors is essential because they can
influence the way an individual interprets health information,
how they define symptoms, and if and who they decide should
provide them care [75]. Therefore, individuals’ sociocultural
factors must be considered in the design and use of culturally
informed HIT [84]. This insight is vital because cultural
competence is specified as a critical aspect in developing
technology to help reduce health inequity globally; in fact, this
has become a popular concept in various countries for improving
quality of care, specifically access to respectful and responsive
health care [85].

Conclusions
The proliferation of technology-enabled tools designed to
support people in following recommendations for chronic
disease self-management has outpaced the research describing
the degree to which the Black and Hispanic populations use this
technology to support self-management behavior. Although
factors driving the general use among the Black and Hispanic
populations continue to be investigated, little is known about
their impact on health outcomes because of their use. In this
paper, we have helped to address this important gap because
various technology skills are required to use consumer-oriented
HIT designed to support recommended self-management and
doing so may require considerable effort from the patients [86].
For example, deciphering the vast and growing amount of
information requires that individuals access, assess, and organize
various health information. To help elucidate gaps in the
literature, we conducted this systematic review to understand
the extant literature concerning the use of ICTs among Hispanic
and Black people to support chronic disease self-management
and highlight potential gaps.

 

Acknowledgments
The authors would like to acknowledge the health sciences librarians from Rutgers University who assisted in refining our search
strategy, specifically Lilyana Todorinova.

Conflicts of Interest
None declared.

Multimedia Appendix 1
A list of search strings and their corresponding databases, the care setting and self-management behavior for each included article,
and technology effectiveness in managing chronic disease for each included article.
[DOCX File , 29 KB - jmir_v24i4e22124_app1.docx ]

References
1. Wildevuur SE, Simonse LW. Information and communication technology-enabled person-centered care for the "big five"

chronic conditions: scoping review. J Med Internet Res 2015;17(3):e77 [FREE Full text] [doi: 10.2196/jmir.3687] [Medline:
25831199]

2. Colen CG, Ramey DM, Cooksey EC, Williams DR. Racial disparities in health among nonpoor African Americans and
Hispanics: the role of acute and chronic discrimination. Soc Sci Med 2018;199:167-180 [FREE Full text] [doi:
10.1016/j.socscimed.2017.04.051] [Medline: 28571900]

3. National Center for Health Statistics (US). Health, United States, 2015: with special feature on racial and ethnic health
disparities. Hyattsville, MD: National Center for Health Statistics (US); 2016.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e22124 | p.17https://www.jmir.org/2022/4/e22124
(page number not for citation purposes)

Senteio & MurdockJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

jmir_v24i4e22124_app1.docx
jmir_v24i4e22124_app1.docx
https://www.jmir.org/2015/3/e77/
http://dx.doi.org/10.2196/jmir.3687
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25831199&dopt=Abstract
http://europepmc.org/abstract/MED/28571900
http://dx.doi.org/10.1016/j.socscimed.2017.04.051
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28571900&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


4. Osborn CY, de Groot M, Wagner JA. Racial and ethnic disparities in diabetes complications in the northeastern United
States: the role of socioeconomic status. J Natl Med Assoc 2013;105(1):51-58 [FREE Full text] [doi:
10.1016/s0027-9684(15)30085-7] [Medline: 23862296]

5. Carpenter R, DiChiacchio T, Barker K. Interventions for self-management of type 2 diabetes: an integrative review. Int J
Nurs Sci 2019;6(1):70-91 [FREE Full text] [doi: 10.1016/j.ijnss.2018.12.002] [Medline: 31406872]

6. Mayberry LS, Harper KJ, Osborn CY. Family behaviors and type 2 diabetes: what to target and how to address in interventions
for adults with low socioeconomic status. Chronic Illn 2016;12(3):199-215 [FREE Full text] [doi:
10.1177/1742395316644303] [Medline: 27099387]

7. Ritchie CS, Kvale E, Fisch MJ. Multimorbidity: an issue of growing importance for oncologists. J Oncol Pract
2011;7(6):371-374 [FREE Full text] [doi: 10.1200/JOP.2011.000460] [Medline: 22379419]

8. Bluethmann SM, Sciamanna CN, Winkels RM, Sturgeon KM, Schmitz KH. Healthy living after cancer treatment:
considerations for clinical and community practice. Am J Lifestyle Med 2018;12(3):215-219 [FREE Full text] [doi:
10.1177/1559827618755681] [Medline: 30283252]

9. Leach CR, Weaver KE, Aziz NM, Alfano CM, Bellizzi KM, Kent EE, et al. The complex health profile of long-term cancer
survivors: prevalence and predictors of comorbid conditions. J Cancer Surviv 2015;9(2):239-251. [doi:
10.1007/s11764-014-0403-1] [Medline: 25319681]

10. Subhi Y, Bube SH, Rolskov Bojsen S, Skou Thomsen AS, Konge L. Expert involvement and adherence to medical evidence
in medical mobile phone apps: a systematic review. JMIR Mhealth Uhealth 2015;3(3):e79 [FREE Full text] [doi:
10.2196/mhealth.4169] [Medline: 26215371]

11. Magnusson L, Hanson E, Borg M. A literature review study of Information and Communication Technology as a support
for frail older people living at home and their family carers. Technol Disabil 2004;16(4):223-235. [doi:
10.3233/tad-2004-16404]

12. Mirkovic J, Kaufman DR, Ruland CM. Supporting cancer patients in illness management: usability evaluation of a mobile
app. JMIR Mhealth Uhealth 2014;2(3):e33 [FREE Full text] [doi: 10.2196/mhealth.3359] [Medline: 25119490]

13. Smith A. U.S. smartphone use in 2015. Pew Research Center. 2015. URL: https://www.pewresearch.org/internet/2015/04/
01/us-smartphone-use-in-2015/ [accessed 2022-03-11]

14. Anderson M. Racial and ethnic differences in how people use mobile technology. Pew Research Center. 2015. URL: https:/
/www.pewresearch.org/fact-tank/2015/04/30/racial-and-ethnic-differences-in-how-people-use-mobile-technology/ [accessed
2022-03-11]

15. Anderson M, Perrin A. 15% of Americans don't use the internet. Who are they? Pew Research Center. 2015. URL: https:/
/www.pewresearch.org/fact-tank/2021/04/02/7-of-americans-dont-use-the-internet-who-are-they/ [accessed 2022-03-11]

16. Veinot T, Mitchell H, Ancker JS. Good intentions are not enough: how informatics interventions can worsen inequality. J
Am Med Inform Assoc 2018;25(8):1080-1088 [FREE Full text] [doi: 10.1093/jamia/ocy052] [Medline: 29788380]

17. Tao D, Shao F, Liu S, Wang T, Qu X. Predicting factors of consumer acceptance of health information technologies: a
systematic review. Proc Hum Factors Ergon Soc Annu Meet 2016;60(1):598-602. [doi: 10.1177/1541931213601137]

18. Groeneveld PW, Sonnad SS, Lee AK, Asch DA, Shea JE. Racial differences in attitudes toward innovative medical
technology. J Gen Intern Med 2006;21(6):559-563 [FREE Full text] [doi: 10.1111/j.1525-1497.2006.00453.x] [Medline:
16808736]

19. Veinot TC, Campbell TR, Kruger DJ, Grodzinski A. A question of trust: user-centered design requirements for an informatics
intervention to promote the sexual health of African-American youth. J Am Med Inform Assoc 2013;20(4):758-765 [FREE
Full text] [doi: 10.1136/amiajnl-2012-001361] [Medline: 23512830]

20. Nebeker C, Murray K, Holub C, Haughton J, Arredondo EM. Acceptance of mobile health in communities underrepresented
in biomedical research: barriers and ethical considerations for scientists. JMIR Mhealth Uhealth 2017;5(6):e87 [FREE Full
text] [doi: 10.2196/mhealth.6494] [Medline: 28659258]

21. Gell NM, Grover KW, Humble M, Sexton M, Dittus K. Efficacy, feasibility, and acceptability of a novel technology-based
intervention to support physical activity in cancer survivors. Support Care Cancer 2017;25(4):1291-1300. [doi:
10.1007/s00520-016-3523-5] [Medline: 27957621]

22. Puszkiewicz P, Roberts AL, Smith L, Wardle J, Fisher A. Assessment of cancer survivors' experiences of using a publicly
available physical activity mobile application. JMIR Cancer 2016;2(1):e7 [FREE Full text] [doi: 10.2196/cancer.5380]
[Medline: 28410168]

23. Lorenc T, Petticrew M, Welch V, Tugwell P. What types of interventions generate inequalities? Evidence from systematic
reviews. J Epidemiol Community Health 2013;67(2):190-193. [doi: 10.1136/jech-2012-201257] [Medline: 22875078]

24. Lupton D. Health promotion in the digital era: a critical commentary. Health Promot Int 2015;30(1):174-183. [doi:
10.1093/heapro/dau091] [Medline: 25320120]

25. Stowell E, Lyson MC, Saksono H, Wurth RC, Jimison H, Pavel M, et al. Designing and evaluating mHealth interventions
for vulnerable populations: a systematic review. In: Proceedings of the 2018 CHI Conference on Human Factors in Computing
Systems. 2018 Presented at: CHI '18; April 21-26, 2018; Montreal, Canada p. 1-17. [doi: 10.1145/3173574.3173589]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e22124 | p.18https://www.jmir.org/2022/4/e22124
(page number not for citation purposes)

Senteio & MurdockJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/23862296
http://dx.doi.org/10.1016/s0027-9684(15)30085-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23862296&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-0132(18)30342-9
http://dx.doi.org/10.1016/j.ijnss.2018.12.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31406872&dopt=Abstract
http://europepmc.org/abstract/MED/27099387
http://dx.doi.org/10.1177/1742395316644303
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27099387&dopt=Abstract
http://europepmc.org/abstract/MED/22379419
http://dx.doi.org/10.1200/JOP.2011.000460
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22379419&dopt=Abstract
http://europepmc.org/abstract/MED/30283252
http://dx.doi.org/10.1177/1559827618755681
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30283252&dopt=Abstract
http://dx.doi.org/10.1007/s11764-014-0403-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25319681&dopt=Abstract
https://mhealth.jmir.org/2015/3/e79/
http://dx.doi.org/10.2196/mhealth.4169
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26215371&dopt=Abstract
http://dx.doi.org/10.3233/tad-2004-16404
https://mhealth.jmir.org/2014/3/e33/
http://dx.doi.org/10.2196/mhealth.3359
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25119490&dopt=Abstract
https://www.pewresearch.org/internet/2015/04/01/us-smartphone-use-in-2015/
https://www.pewresearch.org/internet/2015/04/01/us-smartphone-use-in-2015/
https://www.pewresearch.org/fact-tank/2015/04/30/racial-and-ethnic-differences-in-how-people-use-mobile-technology/
https://www.pewresearch.org/fact-tank/2015/04/30/racial-and-ethnic-differences-in-how-people-use-mobile-technology/
https://www.pewresearch.org/fact-tank/2021/04/02/7-of-americans-dont-use-the-internet-who-are-they/
https://www.pewresearch.org/fact-tank/2021/04/02/7-of-americans-dont-use-the-internet-who-are-they/
http://europepmc.org/abstract/MED/29788380
http://dx.doi.org/10.1093/jamia/ocy052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29788380&dopt=Abstract
http://dx.doi.org/10.1177/1541931213601137
https://onlinelibrary.wiley.com/resolve/openurl?genre=article&sid=nlm:pubmed&issn=0884-8734&date=2006&volume=21&issue=6&spage=559
http://dx.doi.org/10.1111/j.1525-1497.2006.00453.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16808736&dopt=Abstract
http://europepmc.org/abstract/MED/23512830
http://europepmc.org/abstract/MED/23512830
http://dx.doi.org/10.1136/amiajnl-2012-001361
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23512830&dopt=Abstract
https://mhealth.jmir.org/2017/6/e87/
https://mhealth.jmir.org/2017/6/e87/
http://dx.doi.org/10.2196/mhealth.6494
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28659258&dopt=Abstract
http://dx.doi.org/10.1007/s00520-016-3523-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27957621&dopt=Abstract
https://cancer.jmir.org/2016/1/e7/
http://dx.doi.org/10.2196/cancer.5380
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28410168&dopt=Abstract
http://dx.doi.org/10.1136/jech-2012-201257
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22875078&dopt=Abstract
http://dx.doi.org/10.1093/heapro/dau091
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25320120&dopt=Abstract
http://dx.doi.org/10.1145/3173574.3173589
http://www.w3.org/Style/XSL
http://www.renderx.com/


26. Welch V, Petticrew M, Petkovic J, Moher D, Waters E, White H, PRISMA-Equity Bellagio group. Extending the PRISMA
statement to equity-focused systematic reviews (PRISMA-E 2012): explanation and elaboration. J Clin Epidemiol
2016;70:68-89 [FREE Full text] [doi: 10.1016/j.jclinepi.2015.09.001] [Medline: 26348799]

27. Welch V, Petticrew M, Tugwell P, Moher D, O'Neill J, Waters E, PRISMA-Equity Bellagio group. PRISMA-Equity 2012
extension: reporting guidelines for systematic reviews with a focus on health equity. PLoS Med 2012;9(10):e1001333
[FREE Full text] [doi: 10.1371/journal.pmed.1001333] [Medline: 23222917]

28. Chaet AV, Morshedi B, Wells KJ, Barnes LE, Valdez R. Spanish-language consumer health information technology
interventions: a systematic review. J Med Internet Res 2016;18(8):e214 [FREE Full text] [doi: 10.2196/jmir.5794] [Medline:
27511437]

29. Dorr D, Bonner LM, Cohen AN, Shoai RS, Perrin R, Chaney E, et al. Informatics systems to promote improved care for
chronic illness: a literature review. J Am Med Inform Assoc 2007;14(2):156-163 [FREE Full text] [doi: 10.1197/jamia.M2255]
[Medline: 17213491]

30. Heitkemper EM, Mamykina L, Tobin JN, Cassells A, Smaldone A. Baseline characteristics and technology training of
underserved adults with type 2 diabetes in the mobile diabetes detective (MoDD) randomized controlled trial. Diabetes
Educ 2017;43(6):576-588 [FREE Full text] [doi: 10.1177/0145721717737367] [Medline: 29059017]

31. Nelson LA, Mulvaney SA, Gebretsadik T, Ho YX, Johnson KB, Osborn CY. Disparities in the use of a mHealth medication
adherence promotion intervention for low-income adults with type 2 diabetes. J Am Med Inform Assoc 2016;23(1):12-18
[FREE Full text] [doi: 10.1093/jamia/ocv082] [Medline: 26186935]

32. Almeida FA, Smith-Ray RL, Dzewaltowski DA, Glasgow RE, Lee RE, Thomas DS, et al. An interactive computer session
to initiate physical activity in sedentary cardiac patients: randomized controlled trial. J Med Internet Res 2015;17(8):e206
[FREE Full text] [doi: 10.2196/jmir.3759] [Medline: 26303347]

33. Collins JL, Champion JD. Assessment of mobile device and SMS use for diet and exercise information among rural
Mexican-American adolescents. J Pediatr Nurs 2014;29(6):493-502 [FREE Full text] [doi: 10.1016/j.pedn.2014.03.020]
[Medline: 24704179]

34. Davidson TM, McGillicuddy J, Mueller M, Brunner-Jackson B, Favella A, Anderson A, et al. Evaluation of an mHealth
medication regimen self-management program for African American and Hispanic uncontrolled hypertensives. J Pers Med
2015;5(4):389-405 [FREE Full text] [doi: 10.3390/jpm5040389] [Medline: 26593951]

35. Davis SA, Carpenter D, Cummings DM, Lee C, Blalock SJ, Scott JE, et al. Patient adoption of an internet based diabetes
medication tool to improve adherence: a pilot study. Patient Educ Couns 2017;100(1):174-178. [doi:
10.1016/j.pec.2016.07.024] [Medline: 27480530]

36. Finkelstein J, Bedra M, Li X, Wood J, Ouyang P. Mobile app to reduce inactivity in sedentary overweight women. Stud
Health Technol Inform 2015;216:89-92. [Medline: 26262016]

37. Finkelstein J, Wood J. Delivering chronic heart failure telemanagement via multiple interactive platforms. In: Proceedings
of the 15th World Multi-Conference on Systemics, Cybernetics and Informatics. 2011 Presented at: WMSCI '11; July
19-22, 2011; Orlando, FL p. 207-212 URL: http://www.iiisci.org/journal/pdv/sci/pdfs/8BA056LN.pdf

38. Fortmann AL, Gallo LC, Garcia MI, Taleb M, Euyoque JA, Clark T, et al. Dulce digital: an mHealth SMS-based intervention
improves glycemic control in Hispanics with type 2 diabetes. Diabetes Care 2017;40(10):1349-1355 [FREE Full text] [doi:
10.2337/dc17-0230] [Medline: 28600309]

39. Friedman R, Kazis LE, Jette A, Smith MB, Stollerman J, Torgerson J, et al. A telecommunications system for monitoring
and counseling patients with hypertension. Impact on medication adherence and blood pressure control. Am J Hypertens
1996;9(4 Pt 1):285-292. [doi: 10.1016/0895-7061(95)00353-3] [Medline: 8722429]

40. Gerber BS, Stolley MR, Thompson AL, Sharp LK, Fitzgibbon ML. Mobile phone text messaging to promote healthy
behaviors and weight loss maintenance: a feasibility study. Health Informatics J 2009;15(1):17-25 [FREE Full text] [doi:
10.1177/1460458208099865] [Medline: 19218309]

41. Green BB, Anderson ML, Ralston JD, Catz S, Fishman PA, Cook AJ. Patient ability and willingness to participate in a
web-based intervention to improve hypertension control. J Med Internet Res 2011;13(1):e1. [doi: 10.2196/jmir.1625]
[Medline: 21371993]

42. Grimes A, Bednar M, Bolter JD, Grinter RE. EatWell: sharing nutrition-related memories in a low-income community. In:
Proceedings of the 2008 ACM conference on Computer supported cooperative work. 2008 Presented at: CSCW '08;
November 8-12, 2008; San Diego, CA p. 87-96. [doi: 10.1145/1460563.1460579]

43. Joseph RP, Keller C, Adams MA, Ainsworth BE. Print versus a culturally-relevant Facebook and text message delivered
intervention to promote physical activity in African American women: a randomized pilot trial. BMC Womens Health
2015;15:30 [FREE Full text] [doi: 10.1186/s12905-015-0186-1] [Medline: 25886945]

44. Kline KN, Montealegre JR, Rustveld LO, Glover TL, Chauca G, Reed BC, et al. Incorporating cultural sensitivity into
interactive entertainment-education for diabetes self-management designed for Hispanic audiences. J Health Commun
2016;21(6):658-668. [doi: 10.1080/10810730.2016.1153758] [Medline: 27166651]

45. Kolmodin MacDonell K, Naar S, Gibson-Scipio W, Lam P, Secord E. The Detroit young adult asthma project: pilot of a
technology-based medication adherence intervention for African-American emerging adults. J Adolesc Health
2016;59(4):465-471 [FREE Full text] [doi: 10.1016/j.jadohealth.2016.05.016] [Medline: 27475032]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e22124 | p.19https://www.jmir.org/2022/4/e22124
(page number not for citation purposes)

Senteio & MurdockJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S0895-4356(15)00420-5
http://dx.doi.org/10.1016/j.jclinepi.2015.09.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26348799&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1001333
http://dx.doi.org/10.1371/journal.pmed.1001333
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23222917&dopt=Abstract
https://www.jmir.org/2016/8/e214/
http://dx.doi.org/10.2196/jmir.5794
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27511437&dopt=Abstract
http://europepmc.org/abstract/MED/17213491
http://dx.doi.org/10.1197/jamia.M2255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17213491&dopt=Abstract
http://europepmc.org/abstract/MED/29059017
http://dx.doi.org/10.1177/0145721717737367
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29059017&dopt=Abstract
http://europepmc.org/abstract/MED/26186935
http://dx.doi.org/10.1093/jamia/ocv082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26186935&dopt=Abstract
https://www.jmir.org/2015/8/e206/
http://dx.doi.org/10.2196/jmir.3759
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26303347&dopt=Abstract
http://europepmc.org/abstract/MED/24704179
http://dx.doi.org/10.1016/j.pedn.2014.03.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24704179&dopt=Abstract
https://www.mdpi.com/resolver?pii=jpm5040389
http://dx.doi.org/10.3390/jpm5040389
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26593951&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2016.07.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27480530&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26262016&dopt=Abstract
http://www.iiisci.org/journal/pdv/sci/pdfs/8BA056LN.pdf
http://europepmc.org/abstract/MED/28600309
http://dx.doi.org/10.2337/dc17-0230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28600309&dopt=Abstract
http://dx.doi.org/10.1016/0895-7061(95)00353-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8722429&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/1460458208099865?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/1460458208099865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19218309&dopt=Abstract
http://dx.doi.org/10.2196/jmir.1625
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21371993&dopt=Abstract
http://dx.doi.org/10.1145/1460563.1460579
https://bmcwomenshealth.biomedcentral.com/articles/10.1186/s12905-015-0186-1
http://dx.doi.org/10.1186/s12905-015-0186-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25886945&dopt=Abstract
http://dx.doi.org/10.1080/10810730.2016.1153758
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27166651&dopt=Abstract
http://europepmc.org/abstract/MED/27475032
http://dx.doi.org/10.1016/j.jadohealth.2016.05.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27475032&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


46. Lin M, Mahmooth Z, Dedhia N, Frutchey R, Mercado CE, Epstein DH, et al. Tailored, interactive text messages for
enhancing weight loss among African American adults: the TRIMM randomized controlled trial. Am J Med
2015;128(8):896-904. [doi: 10.1016/j.amjmed.2015.03.013] [Medline: 25840035]

47. Mayberry LS, Berg CA, Harper KJ, Osborn CY. The design, usability, and feasibility of a family-focused diabetes self-care
support mHealth intervention for diverse, low-income adults with type 2 diabetes. J Diabetes Res 2016;2016:7586385
[FREE Full text] [doi: 10.1155/2016/7586385] [Medline: 27891524]

48. McGillicuddy JW, Gregoski MJ, Brunner-Jackson BM, Weiland AK, Patel SK, Rock RA, et al. Facilitating medication
adherence and eliminating therapeutic inertia using wireless technology: proof of concept findings with uncontrolled
hypertensives and kidney transplant recipients. In: Proceedings of the Conference on Wireless Health. 2012 Presented at:
WH '12; October 23-25, 2012; San Diego, CA p. 1-9. [doi: 10.1145/2448096.2448108]

49. Newton Jr RL, Carter LA, Johnson W, Zhang D, Larrivee S, Kennedy BM, et al. A church-based weight loss intervention
in African American adults using text messages (LEAN study): cluster randomized controlled trial. J Med Internet Res
2018;20(8):e256 [FREE Full text] [doi: 10.2196/jmir.9816] [Medline: 30143478]

50. Nundy S, Razi RR, Dick JJ, Smith B, Mayo A, O'Connor A, et al. A text messaging intervention to improve heart failure
self-management after hospital discharge in a largely African-American population: before-after study. J Med Internet Res
2013;15(3):e53 [FREE Full text] [doi: 10.2196/jmir.2317] [Medline: 23478028]

51. Reese JM, Joseph RP, Cherrington A, Allison J, Kim YI, Spear B, et al. Development of participant-informed text messages
to promote physical activity among African American women attending college: a qualitative mixed-methods inquiry. J
Transcult Nurs 2017;28(3):236-242 [FREE Full text] [doi: 10.1177/1043659616644959] [Medline: 27093904]

52. Reininger B, Mecca LP, Stine KM, Schultz K, Ling L, Halpern D. A type 2 diabetes prevention website for African
Americans, Caucasians, and Mexican Americans: formative evaluation. JMIR Res Protoc 2013;2(2):e24 [FREE Full text]
[doi: 10.2196/resprot.2573] [Medline: 23846668]

53. Rosal MC, Heyden R, Mejilla R, Capelson R, Chalmers KA, Rizzo DePaoli M, et al. A virtual world versus face-to-face
intervention format to promote diabetes self-management among African American women: a pilot randomized clinical
trial. JMIR Res Protoc 2014;3(4):e54 [FREE Full text] [doi: 10.2196/resprot.3412] [Medline: 25344620]

54. Shea S, IDEATel Consortium. The informatics for diabetes and education telemedicine (IDEATel) project. Trans Am Clin
Climatol Assoc 2007;118:289-304 [FREE Full text] [Medline: 18528511]

55. Skolarus LE, Cowdery J, Dome M, Bailey S, Baek J, Byrd JB, et al. Reach out churches: a community-based participatory
research pilot trial to assess the feasibility of a mobile health technology intervention to reduce blood pressure among
African Americans. Health Promot Pract 2018;19(4):495-505 [FREE Full text] [doi: 10.1177/1524839917710893] [Medline:
28583024]

56. Trief PM, Izquierdo R, Eimicke JP, Teresi JA, Goland R, Palmas W, et al. Adherence to diabetes self care for White,
African-American and Hispanic American telemedicine participants: 5 year results from the IDEATel project. Ethn Health
2013;18(1):83-96. [doi: 10.1080/13557858.2012.700915] [Medline: 22762449]

57. Weinstock RS, Teresi JA, Goland R, Izquierdo R, Palmas W, Eimicke JP, IDEATel Consortium. Glycemic control and
health disparities in older ethnically diverse underserved adults with diabetes: five-year results from the Informatics for
Diabetes Education and Telemedicine (IDEATel) study. Diabetes Care 2011;34(2):274-279 [FREE Full text] [doi:
10.2337/dc10-1346] [Medline: 21270184]

58. Ouzzani M, Hammady H, Fedorowicz Z, Elmagarmid A. Rayyan-a web and mobile app for systematic reviews. Syst Rev
2016;5(1):210 [FREE Full text] [doi: 10.1186/s13643-016-0384-4] [Medline: 27919275]

59. Higgins JP, Altman DG, Gøtzsche PC, Jüni P, Moher D, Oxman AD, Cochrane Bias Methods Group, Cochrane Statistical
Methods Group. The Cochrane Collaboration's tool for assessing risk of bias in randomised trials. BMJ 2011;343:d5928
[FREE Full text] [doi: 10.1136/bmj.d5928] [Medline: 22008217]

60. Elo S, Kyngäs H. The qualitative content analysis process. J Adv Nurs 2008;62(1):107-115. [doi:
10.1111/j.1365-2648.2007.04569.x] [Medline: 18352969]

61. Zhang Y, Liu C, Luo S, Xie Y, Liu F, Li X, et al. Factors influencing patients' intentions to use diabetes management apps
based on an extended unified theory of acceptance and use of technology model: web-based survey. J Med Internet Res
2019;21(8):e15023 [FREE Full text] [doi: 10.2196/15023] [Medline: 31411146]

62. Starnes JR, Slesur L, Holby N, Rehman S, Miller RF. Predicting no-shows at a student-run comprehensive primary care
clinic. Fam Med 2019;51(10):845-849 [FREE Full text] [doi: 10.22454/FamMed.2019.406053] [Medline: 31722103]

63. Ofei-Dodoo S, Kellerman R, Hartpence C, Mills K, Manlove E. Why patients miss scheduled outpatient appointments at
urban academic residency clinics: a qualitative evaluation. Kans J Med 2019;12(3):57-61 [FREE Full text] [doi:
10.17161/kjm.v12i3.11793] [Medline: 31489100]

64. Lacy NL, Paulman A, Reuter MD, Lovejoy B. Why we don't come: patient perceptions on no-shows. Ann Fam Med
2004;2(6):541-545 [FREE Full text] [doi: 10.1370/afm.123] [Medline: 15576538]

65. Brown E, Schwartz M, Shi C, Carter T, Shea JA, Grande D, et al. Understanding why urban, low-income patients miss
primary care appointments: insights from qualitative interviews of west Philadelphians. J Ambul Care Manage
2020;43(1):30-40. [doi: 10.1097/JAC.0000000000000316] [Medline: 31770184]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e22124 | p.20https://www.jmir.org/2022/4/e22124
(page number not for citation purposes)

Senteio & MurdockJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.amjmed.2015.03.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25840035&dopt=Abstract
https://doi.org/10.1155/2016/7586385
http://dx.doi.org/10.1155/2016/7586385
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27891524&dopt=Abstract
http://dx.doi.org/10.1145/2448096.2448108
https://www.jmir.org/2018/8/e256/
http://dx.doi.org/10.2196/jmir.9816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30143478&dopt=Abstract
https://www.jmir.org/2013/3/e53/
http://dx.doi.org/10.2196/jmir.2317
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23478028&dopt=Abstract
http://europepmc.org/abstract/MED/27093904
http://dx.doi.org/10.1177/1043659616644959
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27093904&dopt=Abstract
https://www.researchprotocols.org/2013/2/e24/
http://dx.doi.org/10.2196/resprot.2573
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23846668&dopt=Abstract
https://www.researchprotocols.org/2014/4/e54/
http://dx.doi.org/10.2196/resprot.3412
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25344620&dopt=Abstract
http://europepmc.org/abstract/MED/18528511
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18528511&dopt=Abstract
http://europepmc.org/abstract/MED/28583024
http://dx.doi.org/10.1177/1524839917710893
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28583024&dopt=Abstract
http://dx.doi.org/10.1080/13557858.2012.700915
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22762449&dopt=Abstract
http://europepmc.org/abstract/MED/21270184
http://dx.doi.org/10.2337/dc10-1346
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21270184&dopt=Abstract
https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-016-0384-4
http://dx.doi.org/10.1186/s13643-016-0384-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27919275&dopt=Abstract
http://europepmc.org/abstract/MED/22008217
http://dx.doi.org/10.1136/bmj.d5928
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22008217&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2648.2007.04569.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18352969&dopt=Abstract
https://www.jmir.org/2019/8/e15023/
http://dx.doi.org/10.2196/15023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31411146&dopt=Abstract
https://journals.stfm.org/familymedicine/2019/november-december/starnes-2019-0049/
http://dx.doi.org/10.22454/FamMed.2019.406053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31722103&dopt=Abstract
http://europepmc.org/abstract/MED/31489100
http://dx.doi.org/10.17161/kjm.v12i3.11793
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31489100&dopt=Abstract
http://www.annfammed.org/cgi/pmidlookup?view=long&pmid=15576538
http://dx.doi.org/10.1370/afm.123
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15576538&dopt=Abstract
http://dx.doi.org/10.1097/JAC.0000000000000316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31770184&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


66. Brim C. A descriptive analysis of the non-urgent use of emergency departments. Nurse Res 2008;15(3):72-88. [doi:
10.7748/nr2008.04.15.3.72.c6458] [Medline: 18459488]

67. Zeber JE, Pearson D, Smith D. Analysis of health appointment no-shows. Prim Health Care 2009;19(2):25-29. [doi:
10.7748/phc2009.03.19.2.25.c6895]

68. Ten Haken I, Ben Allouch S, van Harten WH. The use of advanced medical technologies at home: a systematic review of
the literature. BMC Public Health 2018;18(1):284 [FREE Full text] [doi: 10.1186/s12889-018-5123-4] [Medline: 29482550]

69. Henriksen K, Joseph A, Zayas-Cabán T. The human factors of home health care: a conceptual model for examining safety
and quality concerns. J Patient Saf 2009;5(4):229-236. [doi: 10.1097/PTS.0b013e3181bd1c2a] [Medline: 22130216]

70. Blumberg SJ, Luke JV. Wireless substitution: early release of estimates from the national health interview survey,
July-December 2017. National Center for Health Statistics. 2018. URL: https://www.cdc.gov/nchs/data/nhis/earlyrelease/
wireless201806.pdf [accessed 2019-12-29]

71. Vizer LM, Eschler J, Koo BM, Ralston J, Pratt W, Munson S. "It's Not Just Technology, It's People": constructing a
conceptual model of shared health informatics for tracking in chronic illness management. J Med Internet Res
2019;21(4):e10830 [FREE Full text] [doi: 10.2196/10830] [Medline: 31033452]

72. Figueiredo M, Caldeira C, Chen Y, Zheng K. Routine self-tracking of health: reasons, facilitating factors, and the potential
impact on health management practices. AMIA Annu Symp Proc 2017;2017:706-714 [FREE Full text] [Medline: 29854136]

73. Samuel-Hodge CD, Headen SW, Skelly AH, Ingram AF, Keyserling TC, Jackson EJ, et al. Influences on day-to-day
self-management of type 2 diabetes among African-American women: spirituality, the multi-caregiver role, and other social
context factors. Diabetes Care 2000;23(7):928-933. [doi: 10.2337/diacare.23.7.928] [Medline: 10895842]

74. Nundy S, Mishra A, Hogan P, Lee SM, Solomon MC, Peek ME. How do mobile phone diabetes programs drive behavior
change? Evidence from a mixed methods observational cohort study. Diabetes Educ 2014;40(6):806-819 [FREE Full text]
[doi: 10.1177/0145721714551992] [Medline: 25278512]

75. Anderson-Lewis C, Darville G, Mercado RE, Howell S, Di Maggio S. mHealth technology use and implications in historically
underserved and minority populations in the United States: systematic literature review. JMIR Mhealth Uhealth
2018;6(6):e128 [FREE Full text] [doi: 10.2196/mhealth.8383] [Medline: 29914860]

76. Gomersall T, Madill A, Summers LK. A metasynthesis of the self-management of type 2 diabetes. Qual Health Res
2011;21(6):853-871. [doi: 10.1177/1049732311402096] [Medline: 21429946]

77. Lehrer HM, Dubois SK, Brown SA, Steinhardt MA. Resilience-based diabetes self-management education: perspectives
from African American participants, community leaders, and healthcare providers. Diabetes Educ 2017;43(4):367-377.
[doi: 10.1177/0145721717714894] [Medline: 28614997]

78. Williams IC, Clay OJ, Ovalle F, Atkinson D, Crowe M. The role of perceived discrimination and other psychosocial factors
in explaining diabetes distress among older African American and White adults. J Appl Gerontol 2020;39(1):99-104 [FREE
Full text] [doi: 10.1177/0733464817750273] [Medline: 29291677]

79. Mitchell UA, Chebli PG, Ruggiero L, Muramatsu N. The digital divide in health-related technology use: the significance
of race/ethnicity. Gerontologist 2019;59(1):6-14. [doi: 10.1093/geront/gny138] [Medline: 30452660]

80. Grande SW, Sherman LD. Too important to ignore: leveraging digital technology to improve chronic illness management
among Black men. J Med Internet Res 2018;20(5):e182 [FREE Full text] [doi: 10.2196/jmir.9434] [Medline: 29759956]

81. Claudel SE, Bertoni AG. Exploring the use of personal technology in type 2 diabetes management among ethnic minority
patients: cross-sectional analysis of survey data from the lifestyle intervention for the treatment of diabetes study (LIFT
Diabetes). JMIR Diabetes 2018;3(1):e5 [FREE Full text] [doi: 10.2196/diabetes.8934] [Medline: 30291086]

82. Jang M, Johnson CM, D'Eramo-Melkus G, Vorderstrasse AA. Participation of racial and ethnic minorities in technology-based
interventions to self-manage type 2 diabetes: a scoping review. J Transcult Nurs 2018;29(3):292-307. [doi:
10.1177/1043659617723074] [Medline: 28826353]

83. Valdez RS, Brennan PF. Embracing complexity: rethinking culturally informed design in human factors/ergonomics and
consumer health informatics. Int J Hum–Comput Interact 2017;33(4):322-332. [doi: 10.1080/10447318.2016.1269429]

84. Montague E, Winchester W, Valdez R, Vaughn-Cooke M, Perchonok J. Considering culture in the design and evaluation
of health IT for patients. Proc Hum Factors Ergon Soc Annu Meet 2013;57(1):1088-1092. [doi: 10.1177/1541931213571242]

85. Jongen C, McCalman J, Bainbridge R, Clifford A. Cultural competence in health: a review of the evidence. Berlin, Germany:
Springer; 2018.

86. Senteio C, Veinot T. Trying to make things right: adherence work in high-poverty, African American neighborhoods. Qual
Health Res 2014;24(12):1745-1756. [doi: 10.1177/1049732314549027] [Medline: 25212857]

Abbreviations
BP: blood pressure
HbA1c: hemoglobin A1c

HIT: health information technology
ICT: information and communication technology
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses

J Med Internet Res 2022 | vol. 24 | iss. 4 |e22124 | p.21https://www.jmir.org/2022/4/e22124
(page number not for citation purposes)

Senteio & MurdockJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.7748/nr2008.04.15.3.72.c6458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18459488&dopt=Abstract
http://dx.doi.org/10.7748/phc2009.03.19.2.25.c6895
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-018-5123-4
http://dx.doi.org/10.1186/s12889-018-5123-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29482550&dopt=Abstract
http://dx.doi.org/10.1097/PTS.0b013e3181bd1c2a
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22130216&dopt=Abstract
https://www.cdc.gov/nchs/data/nhis/earlyrelease/wireless201806.pdf
https://www.cdc.gov/nchs/data/nhis/earlyrelease/wireless201806.pdf
https://www.jmir.org/2019/4/e10830/
http://dx.doi.org/10.2196/10830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31033452&dopt=Abstract
http://europepmc.org/abstract/MED/29854136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29854136&dopt=Abstract
http://dx.doi.org/10.2337/diacare.23.7.928
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10895842&dopt=Abstract
http://europepmc.org/abstract/MED/25278512
http://dx.doi.org/10.1177/0145721714551992
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25278512&dopt=Abstract
https://mhealth.jmir.org/2018/6/e128/
http://dx.doi.org/10.2196/mhealth.8383
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29914860&dopt=Abstract
http://dx.doi.org/10.1177/1049732311402096
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21429946&dopt=Abstract
http://dx.doi.org/10.1177/0145721717714894
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28614997&dopt=Abstract
http://europepmc.org/abstract/MED/29291677
http://europepmc.org/abstract/MED/29291677
http://dx.doi.org/10.1177/0733464817750273
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29291677&dopt=Abstract
http://dx.doi.org/10.1093/geront/gny138
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30452660&dopt=Abstract
https://www.jmir.org/2018/5/e182/
http://dx.doi.org/10.2196/jmir.9434
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29759956&dopt=Abstract
https://diabetes.jmir.org/2018/1/e5/
http://dx.doi.org/10.2196/diabetes.8934
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30291086&dopt=Abstract
http://dx.doi.org/10.1177/1043659617723074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28826353&dopt=Abstract
http://dx.doi.org/10.1080/10447318.2016.1269429
http://dx.doi.org/10.1177/1541931213571242
http://dx.doi.org/10.1177/1049732314549027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25212857&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by G Eysenbach; submitted 03.07.20; peer-reviewed by R Newton, M Peeples; comments to author 18.08.20; revised version
received 25.09.20; accepted 23.01.22; published 04.04.22.

Please cite as:
Senteio C, Murdock PJ
The Efficacy of Health Information Technology in Supporting Health Equity for Black and Hispanic Patients With Chronic Diseases:
Systematic Review
J Med Internet Res 2022;24(4):e22124
URL: https://www.jmir.org/2022/4/e22124 
doi:10.2196/22124
PMID:35377331

©Charles Senteio, Paul Joseph Murdock. Originally published in the Journal of Medical Internet Research (https://www.jmir.org),
04.04.2022. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e22124 | p.22https://www.jmir.org/2022/4/e22124
(page number not for citation purposes)

Senteio & MurdockJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2022/4/e22124
http://dx.doi.org/10.2196/22124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35377331&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Review

From Digital Health to Digital Well-being: Systematic Scoping
Review

Merlijn Smits1, MSci, EDAC; Chan Mi Kim2, MSci; Harry van Goor1, MD, Prof Dr, PhD; Geke D S Ludden2, Prof
Dr, PhD, IR
1Department of Surgery, Radboud University Medical Center, Nijmegen, Netherlands
2Department of Design, Production, and Management, Faculty of Engineering Technology, University of Twente, Enschede, Netherlands

Corresponding Author:
Merlijn Smits, MSci, EDAC
Department of Surgery
Radboud University Medical Center
Geert Grooteplein Zuid 10
Nijmegen, 6525 GA
Netherlands
Phone: 31 634165922
Email: merlijnsmits@hotmail.com

Abstract

Background: Digital health refers to the proper use of technology for improving the health and well-being of people and
enhancing the care of patients through the intelligent processing of clinical and genetic data. Despite increasing interest in
well-being in both health care and technology, there is no clear understanding of what constitutes well-being, which leads to
uncertainty in how to create well-being through digital health. In an effort to clarify this uncertainty, Brey developed a framework
to define problems in technology for well-being using the following four categories: epistemological problem, scope problem,
specification problem, and aggregation problem.

Objective: This systematic scoping review aims to gain insights into how to define and address well-being in digital health.

Methods: We followed the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews) checklist. Papers were identified from 6 databases and included if they addressed the design or evaluation
of digital health and reported the enhancement of patient well-being as their purpose. These papers were divided into design and
evaluation papers. We studied how the 4 problems in technology for well-being are considered per paper.

Results: A total of 117 studies were eligible for analysis (n=46, 39.3% design papers and n=71, 60.7% evaluation papers). For
the epistemological problem, the thematic analysis resulted in various definitions of well-being, which were grouped into the
following seven values: healthy body, functional me, healthy mind, happy me, social me, self-managing me, and external conditions.
Design papers mostly considered well-being as healthy body and self-managing me, whereas evaluation papers considered the
values of healthy mind and happy me. Users were rarely involved in defining well-being. For the scope problem, patients with
chronic care needs were commonly considered as the main users. Design papers also regularly involved other users, such as
caregivers and relatives. These users were often not involved in evaluation papers. For the specification problem, most design
and evaluation papers focused on the provision of care support through a digital platform. Design papers used numerous design
methods, whereas evaluation papers mostly considered pre-post measurements and randomized controlled trials. For the aggregation
problem, value conflicts were rarely described.

Conclusions: Current practice has found pragmatic ways of circumventing or dealing with the problems of digital health for
well-being. Major differences exist between the design and evaluation of digital health, particularly regarding their conceptualization
of well-being and the types of users studied. In addition, we found that current methodologies for designing and evaluating digital
health can be improved. For optimal digital health for well-being, multidisciplinary collaborations that move beyond the common
dichotomy of design and evaluation are needed.

(J Med Internet Res 2022;24(4):e33787)   doi:10.2196/33787
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Introduction

Background
Digital health technologies are increasingly being used to
monitor, manage, and support health and well-being. The use
of digital health promises to increase access to health
information, improve the quality of care, reduce errors, and
stimulate healthy behavior [1]. Digital health delivery is also
often referred to as eHealth [2]. Subsets of eHealth are the
application of a specific technology in health delivery (eg,
mobile health technologies [3]) or the use of digital technology
for a specific purpose (eg, remote delivery of health care
services: telehealth or telemedicine [4,5]). The COVID-19 crisis
has stimulated the use of digital health, and its application is
expected to increase in the coming years [6-8].

The term digital health is defined as the “proper use of
technology for improving the health and wellbeing of people
at individual and population levels, as well as enhancing the
care of patients through intelligent processing of clinical and
genetic data” [9]. In this paper, we aim to shed light on the term
well-being in this definition. Studies on the meaning of
well-being date back to ancient Greece. Since then, many
disciplines have reflected on this term. Well-being is commonly
considered as “a state of persons which designates that they are
happy or flourishing and that their life is going well for them”
[10]. It is seen as “the highest value to which other values can
be subsumed” [10]. In this, values are considered as everything
people consider important in life [11].

Well-being is gaining increasing interest in both health care and
technology. In health care, health has long been regarded as the
absence of disease or infirmity. Its formal definition was
changed to well-being in 1948. In that year, the World Health
Organization redefined health as “a state of complete physical,
mental, and social wellbeing” [12]. In technology, well-being
is often considered to be a central value in the design process.
Many technologies aim to improve the well-being of their users.
To that end, an increasing number of design methodologies
exist that aim to guide design for well-being processes [10].

However, there is no clear explanation of what (values)
constitute well-being, which leads to differences in
understanding well-being and much uncertainty on how to
enhance well-being through digital health. Philosopher Philip
Brey [10] categorizes uncertainty by means of 4 problems that
are paramount in technology for well-being. First, he describes
the epistemological problem. This problem refers to the
definition of well-being that should be embedded in technology
design. This includes questions on how users consider their own
well-being and how designers should obtain an understanding
of the conceptions of users. The scope problem refers to
questions on the who and when of considering well-being in
design. A design can improve the well-being of its main user
group but could also include needs from indirect users. In

addition, the focus of improving well-being could be short term,
long term, or both. The third problem, the specification problem,
includes all the questions related to the embodiment of
well-being in technology design: how should well-being be
translated into design requirements, and how can one ensure
that users will experience improved well-being when using
technology? The fourth problem, the aggregation problem,
refers to dealing with conflicts that arise between the
contradictory values of well-being. Value conflicts can occur
in one user (eg, when choices for optimal short-term well-being
do not correspond to choices necessary for long-term well-being)
or between users of similar or different groups (when an increase
in the well-being of one user leads to a decrease in the
well-being of another user). The 4 major questions in technology
for well-being challenge the ability to create digital health for
optimal well-being.

Objective
In this study, we conducted a systematic scoping review to
facilitate future practitioners in the process of creating digital
health for the well-being of patients. Digital health commonly
follows two processes before adoption takes place: design and
evaluation. Design is the process in which technology is created
with the objective of solving a specific problem in health care.
Evaluation is the process of (scientifically) assessing the added
value of a technology to decide whether to adopt it as part of
standard care. We will reflect on the current practices in both
design and evaluation to find an answer to how to deal with the
4 problems paramount in technology for well-being.

Methods

Eligibility Criteria
The PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
checklist was followed to ensure the reliability of our results
[13]. To meet the eligibility criteria, the included papers had to
(1) address the design or evaluation of digital health, (2) report
increased well-being as the purpose of digital health, (3) address
the patient as the main user, and (4) be published in English.
Digital health is mainly designed to improve the well-being of
patients. We particularly focused on patients as the main users
to locate our research in the context of health care. Age or other
criteria were not attributed to the type of patient considered.
However, we will reflect on the other users, such as caregivers,
who are considered in the design and evaluation processes, in
addition to the patient. All types of original peer-reviewed
research papers were considered. Reviews were excluded from
the search as they did not provide in-depth insights into the 4
guiding problems for each digital health case. To obtain a
complete overview of all digital health papers, we did not
include any inclusion restrictions on the publication period (see
Textbox 1 for an overview of the eligibility criteria).
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Textbox 1. Eligibility criteria for the systematic scoping review.

Inclusion criteria

• Study types: any type of original peer-reviewed research paper

• Period: any paper published before February 24, 2021

• Language: English

• Population: any patient receiving care for prevention, cure, or rehabilitation

• Intervention: the design or evaluation of digital health technology

• Outcome: the well-being of the patient

Exclusion criteria

• Study types: conference abstracts, (systematic) reviews, opinion papers, editorials, doctoral theses, workshops, protocols, and textbooks

• Period: papers published after February 24, 2021

• Language: all other languages

• Population: healthy people, health in the workplace, and health of caregivers

• Intervention: no interaction among patient and technology, medical aids (such as electronic wheelchair or intravenous pump), does not address
design or evaluation of digital technology, or technical description of the technology

• Outcome: the digital technology does not aim to improve well-being; digital technology only aims to log well-being without considering the
impact on well-being and well-being only referred to in the abstract and not in full text

Search Strategy
Papers were collected from six databases on February 24, 2021:
ACM Digital Library, PubMed, Web of Science, IEEE Xplore,
PhilPapers, and Google Scholar. We used a combination of the
following terms appearing in the title or abstract of the papers:
(wellbeing OR well-being) AND (patient*) AND (design OR
moral* OR ethic*) AND (technology OR digital OR ehealth
OR mhealth OR telemedicine OR telehealth OR electronic
health OR mobile health OR mobile* OR smart* OR internet;
Multimedia Appendix 1). The terms moral and ethic were added
to the search strategy as these terms might result in insight into
various values related to well-being. The term design in this
section was used as a synonym for the term technology in digital
health.

Study Selection
After collecting all papers from the databases, duplicates were
removed. The titles and abstracts of the remaining papers were
screened for eligibility criteria using Rayyan software [14] by
2 authors independently (MS and CK; Textbox 1). The full texts

of the remaining papers were downloaded and independently
screened for inclusion by the same authors. In both phases, the
authors discussed disagreements until consensus was reached.

Data Analysis
Data were extracted by 1 author (MS), who was guided by the
4 theoretical problems and their subquestions to understand if
and how these problems are considered in design and evaluation
practices (see Textbox 2 for subquestions for each problem
directly derived from Brey [10]). The papers were divided into
two groups based on their main focus: design and evaluation
of digital health. Sections of each paper were marked when they
were related to 1 of the 4 problems and their corresponding
questions. All marked sections were grouped by question.
Consequently, we compared the results of the various papers
for each question to understand how each major problem was
considered in practice. To determine what values constitute
well-being in the epistemological problem, we followed the
principles of thematic content analysis [15]. We coded each
definition of well-being and categorized them into 7 overarching
values. The results are presented for each problem.
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Textbox 2. Categories and guiding questions for data extraction in the systematic scoping review.

General information

• Type of research: design or evaluation

• Year

• Journal

Epistemological problem

• What values constitute well-being?

• Who defined well-being?

• What research tools are used to understand user well-being?

Scope problem

• Who is the main user of the technology?

• What other users are involved?

• What time span of well-being is considered?

Specification problem

• What type of technology is designed?

• What method is used to design or evaluate digital health?

• How is well-being translated into design requirements?

Aggregation problem

• Does the paper refer to conflicts in well-being?

• What type of conflicts are considered?

• How are conflicts solved?

Results

Study Selection
A total of 1111 papers were identified. After removing
duplicates and gray literature, 75.79% (842/1111) of papers
remained. After title and abstract screening, 69% (581/842) of
papers were discarded mainly as they did not study a digital
health intervention or did not consider the patient as the main
user of the technology. Of the remaining 261 papers, full-text
screening resulted in the exclusion of 90 (34.5%) papers for not
being original research, 40 (15.3%) papers for only reporting
well-being but not considering it in the design or evaluation

process, and 14 (5.4%) papers for either not considering patients
as the main user or digital health as an intervention (see Figure
1, which was derived from the PRISMA [Preferred Reporting
Items for Systematic Reviews and Meta-Analyses] 2020 flow
diagram [16]).

Of the 261 papers, 117 (44.8%) papers remained for data
extraction, of which 46 (39.3%) papers focused on the design
of digital health, and 71 (60.7%) addressed its evaluation.
Although some papers described both processes, it was possible
to group them according to their main focus. The included
papers were published between 1999 and 2021. Approximately
80.3% (94/117) of all the papers were written in or after 2015.
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Figure 1. Flowchart of paper selection.

General Results
The results were presented for each of the 4 problems (see Table
1 and Table 2 for a summary of the general results and
Multimedia Appendix 2 [17-133] for more detailed information).
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Table 1. Overview of results for design papersa (N=117).

Design papers (n=46), n (%)Categories, review questions, and characteristics

General information

Year

45 (98)After 2010

24 (52)After 2018

Journal

10 (22)JMIR or partner journals

36 (78)Other journals

Epistemological problem

What is the definition of well-being?

21 (46)Healthy body

15 (33)Healthy mind

14 (30)Happy me

15 (33)Social me

21 (46)Self-managing me

Who defined well-being?

31 (67)Author

15 (33)User

If users defined well-being, what research tools are used?

11 (24)Interview

2 (4)Survey

1 (2)Data derived from smartphone

4 (9)Focus group and workshop

0 (0)Observation

Scope problem

Who is the main user of the technology?

3 (7)Neoplasms

10 (22)Mental, behavioral, and neurodevelopmental disorder

5 (11)Endocrine, nutritional, or metabolic diseases

28 (60)Other

What other users are involved?

11 (24)No other users involved

26 (57)Involvement of caregiver

8 (17)Involvement of relatives

18 (39)Involvement of experts

What time span of well-being is considered?

N/AN/Ab

Specification problem

What type of technology is designed?

30 (65)Support platform

8 (17)Sensor

0 (0)Phone or video support
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Design papers (n=46), n (%)Categories, review questions, and characteristics

8 (18)Other

What method is used to design or evaluate digital health?

16 (35)Interviews

13 (28)Focus group

15 (33)Usability test

2 (4)Other

How is well-being translated into design requirements?

—cNot specified but generally based on insights from user research

Aggregation problem

Does the paper refer to conflicts in well-being?

11 (14)Yes

35 (76)No

What type of conflicts are considered?

1 (2)Value conflicts within one user

2 (4)Value conflicts within users of the same group

10 (22)Value conflicts between users of different groups

How are conflicts solved?

20 (43)Personalization

aSome papers are categorized in multiple domains, which might result in percentages of >100%. This table only visualizes the most common outcomes.
For more detailed information, see Multimedia Appendix 2 [17-133] and the Results section.
bN/A: not applicable.
cNot available.
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Table 2. Overview of results for evaluation papersa (N=117).

Evaluation papers (n=71), n (%)Categories, review questions, and characteristics

General information

Year (from 1999 to 2021)

67 (94)After 2010

42 (59)After 2018

Journal

11 (15)JMIR or partner journals

60 (85)Other journals

Epistemological problem

What is the definition of well-being?

28 (39)Healthy body

42 (59)Healthy mind

35 (49)Happy me

28 (39)Social me

20 (28)Self-managing me

12 (17)Functional me

6 (8)External conditions

Who defined well-being?

53 (75)Author

5 (7)Without QoLb questionnaire

48 (68)With QoL questionnaire: a total of 154 different QoL questionnaires were used, of which 14 were
disease specific)

8 (11)PHQ-9c used most often

22 (31)User

If users defined well-being, what research tools are used?

9 (13)Interview

10 (14)Survey

1 (1)Data derived from smartphone

0 (0)Focus group and workshop

3 (4)Observation

Scope problem

Who is the main user of the technology?

11 (15)Neoplasms

10 (14)Mental, behavioral, and neurodevelopmental disorder

6 (8)Endocrine, nutritional, or metabolic diseases

44 (63)Other

What other users are involved?

59 (83)No other users involved

9 (13)Involvement of caregiver

3 (4)Involvement of relatives

0 (0)Involvement of experts

What time span of well-being is considered?

13 (18)During use
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Evaluation papers (n=71), n (%)Categories, review questions, and characteristics

43 (61)Directly after use

4 (6)0 to 1 month after use

11 (15)1 to 3 months after use

10 (14)3 to 6 months after use

9 (13)6 to 12 months after use

Specification problem

What type of technology is designed?

38 (54)Support platform

7 (10)Sensor

12 (17)Phone or video support

14 (19)Other

What method is used to design or evaluate digital health?

23 (32)Pre-post measurement

22 (31)Randomized controlled trial

26 (37)Other

How is well-being translated into design requirements?

N/AN/Ad

Aggregation problem

Does the paper refer to conflicts in well-being?

5 (7)Yes

66 (93)No

What type of conflicts are considered?

1 (1)Value conflicts within one user

4 (6)Value conflicts within users of the same group

1 (1)Value conflicts between users of different groups

How are conflicts solved?

31 (44)Personalization

aSome papers are categorized in multiple domains, which might result in percentages of >100%. This table only visualizes the most common outcomes.
For more detailed information, see Multimedia Appendix 2 [17-133] and the Results section.
bQoL: Quality of Life.
cPHQ-9: Patient Health Questionnaire-9.
dN/A: not applicable.

Epistemological Problem

Overview
The epistemological problem refers to the definition of
well-being in digital health, which defines well-being and the
methods used to understand user well-being (Table 3).
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Table 3. Epistemological problem of well-being in digital health (N=117).a

Evaluation methodology (n=71)Design methodology (n=46)Values of well-being and who defined well-
being

Healthy body

—bDefined by author • [17-31]

Defined by user • Interview [38,39]• Interview [32-36]
• Survey [40-42]• Workshop [37]

• Focus group [34]

—Validated questionnaire • Big Five Inventory [43]
• Checklist Individual Strength [44]
• EQ-5Dc [45]
• HRQoLd [46]
• HRQoL-MacNewe [47]
• LTPAQf [48]
• PAISg [49]
• Parkinson’s Disease Questionnaire-39 [50]
• Pittsburgh Sleep Quality Index [51]
• PWI-Ah [52]
• Quality of Well-being Scale [53]
• Multilevel Assessment Instrument [49]
• Short Form-12 Health Survey [45]
• Timed Up and Go Test [54]
• WHO-QOL BREFi [55]
• 6-Minute Walking Test [54]
• QoLADj (Alzheimer disease) [56]
• Short Form-36 Health Survey [46,54,57,58]
• SwQoRk [59]
• BCTRIl (breast cancer) [49]
• FACT-Bm (breast cancer) [60,61]
• QoLBCn (breast cancer) [62]
• Chronic Respiratory Disease Questionnaire

(chronic respiratory disease) [63]
• Chronic Respiratory Questionnaire (chronic res-

piratory disease) [63]
• IVI-VLVo (low vision) [64,65]

Functional me

——Defined by author

—Defined by user • Survey [66]

—Validated questionnaire • EQ-5D [45]
• Instrumental activities of daily living [54]
• MFHWp (German) [67]
• MIDASq [68]
• HRQoL [46]
• HRQoL-MacNew [47]
• Parkinson’s Disease Questionnaire-39 [50]
• Sheehan Disability Scales [69]
• Short Form-12 Health Survey [45]
• Short Form-36 Health Survey [46,54,57,58]
• FACITr (chronic illness) [70]

Healthy mind

—Defined by author • [17,24,26,31,35,71-73]
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Evaluation methodology (n=71)Design methodology (n=46)Values of well-being and who defined well-
being

• Interview [80]
• Survey [40,41,81,82]
• Observation [83]

• Interview [34,74-76]
• Focus group [34]
• Survey [77,78]
• Data derived from smartphone [79]

Defined by user

• Beck Depression Inventory [51,82]
• BRIEF-As [84]
• Depression, Anxiety, and Stress Scale-21 [52,85]
• EQ-5D [45]
• EuroQol-5 Dimension [86]
• Generalized Anxiety Disorder-7 [69,86,87]
• HADSt [44,58,88-92]
• HRQoL [46]
• HRQoL-MacNew [47]
• Kessler 10-Item Scale [69]
• Paced Auditory Serial Addition Test [84]
• PCL-Cu [51]
• Parkinson’s Disease Questionnaire-39 [50]
• Patient Health Questionnaire-9

[48,69,84-87,93,94]
• Patient Health Questionnaire-15 [86]
• Perceived Stress Scale [51]
• Response to Stressful Experiences Scale [51]
• Short Form-12 Health Survey [45]
• Short Form-36 Health Survey [46,54,57,58]
• The Short Health Anxiety Inventory [86]
• Social Readjustment Rating Scale [82]
• Simon Task [84]
• SwQoR [59]
• Wechsler Adult Intelligence Scale-4 [84]
• WEMWBSv [95,96]
• 5-Item Well-Being Index [97,98]
• WHO-QOL BREF [55]
• Work and Social Adjustment Scale [86]
• Zung Self‐Rating Anxiety Scale [99]
• Zung Self‐Rating Depression Scale [99]
• QoLAD (Alzheimer disease) [56]
• BCTRI (breast cancer) [49]
• QoLBC (breast cancer) [62]
• FACIT (chronic illness) [70]
• Chinese 15-item Diabetes Distress Scale (dia-

betes) [85]
• Diabetes Distress Scale (diabetes distress) [93]
• IVI-VLV (low vision) [64,65]
• SCI-QoLw (spinal cord injury) [48,87]

—Validated questionnaire

Happy me
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Evaluation methodology (n=71)Design methodology (n=46)Values of well-being and who defined well-
being

—• [20,23,100-104]Defined by author

• Interview [38,106,107]
• Survey [40,81,82,108-110]
• Observation [83,111]

• Interview [32,74-76]
• Focus group [105]
• Workshop [37]
• Data derived from smartphone [79]

Defined by user

• Acceptance and Action Questionnaire-2 [96]
• Client Satisfaction Questionnaire [92]
• Fordyce Happiness Scale [88]
• General Self-efficacy Scale [84]
• HeiQx [112]
• Herth Hope Scale [99]
• Humor Styles Questionnaire [43]
• MFHW (German) [67]
• Meaning in Life Questionnaire [99]
• Orientation to Happiness Scale [52]
• PAL-Cy [49]
• Positive and Negative Affect Schedule [43,52]
• PWI-A [52]
• Self-Compassion Scale [51]
• Subjective Happiness Scale [113]
• Self‐transcendence Scale [99]
• Satisfaction With Life Scale [52]
• Visual Analog Scale mood [88]
• WEMWBS [95,96]
• 5-Item Well-Being Index [97,98]
• WHO-QOL BREF [55]
• QoLAD (Alzheimer disease) [56]
• FACT-B (breast cancer) [60,61]
• QoLBC (breast cancer) [62]
• FACIT Spiritual Well-being scale–12 (chronic

illness) [83]
• Diabetes Distress Scale (diabetes) [93]
• ICECAP-Oz (older adults) [45]
• IVI-VLV (low vision) [64,65]

—Validated questionnaire

Social me
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Evaluation methodology (n=71)Design methodology (n=46)Values of well-being and who defined well-
being

• [120]• [20,25,71,100-102,114-119]Defined by author

• Interview [38,80,121]
• SMS text message analysis [122]
• Observation [121]

• Interview [36,76]
• Focus group [105]

Defined by user

• Client Satisfaction Questionnaire [58]
• EQ-5D [85]
• HeiQ [112]
• HRQoL-MacNew [47]
• Multidimensional Scale of Perceived Social

Support [51,110,113]
• PAIS [49]
• PAL-C [49]
• Parkinson’s Disease Questionnaire–39 [50]
• PWI-A [52]
• Dyadic Adjustment Scale [51]
• Short Form-12 Health Survey [45]
• Short Form-36 Health Survey [46,54,57,58]
• Ability to participate in Social Roles and Activi-

ties [48]
• University of California Los Angeles Loneliness

Scale [110,113]
• WHO-QOL BREF [55]
• QoLAD (Alzheimer disease) [56]
• FACT-B (breast cancer) [60,61]
• QoLBC (breast cancer) [62]
• FACIT (chronic illness) [70]
• Diabetes Distress Scale (diabetes) [93]
• ICECAP-O (older adults) [45]
• SCI-QoL (spinal cord injury) [48,87]

—Validated questionnaire

Self-managing me

• [125-128]• [18-20,25,26,71,100,101,114-119,123,124]Defined by author

• Interview [38,54,80,106,107,121,131]
• Observation [121]
• Survey [81,132]
• Data derived from smartphone [133]

• Interview [34,76,129]
• Focus group [34,105,130]

Defined by user

• 20-item Diabetes Empowerment Scale [85]
• EQ-5D [45,85]
• HeiQ [112]
• SwQoR [59]
• QoLBC (breast cancer) [62]
• Diabetes Distress Scale (diabetes) [93]
• 14-item Summary for Diabetes Self-care Activi-

ties (diabetes) [85]
• ICECAP-O (older adults) [45]

—Validated questionnaire

External conditions

J Med Internet Res 2022 | vol. 24 | iss. 4 |e33787 | p.35https://www.jmir.org/2022/4/e33787
(page number not for citation purposes)

Smits et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Evaluation methodology (n=71)Design methodology (n=46)Values of well-being and who defined well-
being

• PAIS [49]
• PWI-A [52]
• WHO-QOL BREF [55]
• QoLAD (Alzheimer disease) [56]
• QoLBC (breast cancer) [62]
• ICECAP-O (older adults) [45]

—Validated questionnaire

aQuality of life questionnaires were downloaded and analyzed by the authors and grouped according to the values of well-being that they considered.
bNot available (no papers found in this category).
cEQ-5D: EuroQol 5-Dimensions.
dHRQoL: Health-Related Quality of Life.
eHRQoL-MacNew: The MacNew Heart Disease Health-Related Quality of Life.
fLTPAQ: Leisure Time Physical Activity Questionnaire.
gPAIS: Psychosocial Adjustment to Illness Scale.
hPWI-A: Personal Well-being Index (Australian Version).
iWHO-QOL BREF: World Health Organization Quality of Life Questionnaire–Brief.
jQoLAD: Quality of Life in Alzheimer’s Disease.
kSwQoR: Swedish web version of the Quality of Recovery Questionnaire.
lBCTRI: Breast Cancer Treatment Response Inventory.
mFACT-B: Functional Assessment of Cancer Therapy–Breast.
nQoLBC: Quality of Life in Breast Cancer Patients.
oIVI-VLV: Vision Impairment–Very Low Vision Questionnaire.
pMFHW: Marburger Screening for Habitual Well-being (German).
qMIDAS: Migraine Disability Assessment Questionnaire.
rFACIT: Functional Assessment of Chronic Illness Therapy.
sBRIEF-A: Behavior Rating Inventory of Executive Function–Adult Version.
tHADS: Hospital Anxiety and Depression Questionnaire.
uPCL-C: Posttraumatic Stress Disorder Checklist–Civilian version.
vWEMWBS: Warwick–Edinburgh Mental Well-being Scale.
wSCI-QoL: Spinal Cord Injury Quality of Life subscales.
xHeiQ: Health Education Impact Questionnaire.
yPAL-C: Profile of Adaptation to Life Clinical Scale.
zICECAP-O: ICEpop Capability measure for Older people.

Values Constituting Well-being

Overview

Papers that considered well-being in their study design were
often vague in their definitions. For example, Kayrouz et al [69]
studied digital health as part of the well-being course but did
not define well-being. In such cases, we derived the definition
from the research tools used in the papers. Most papers applied
terms such as mental well-being, emotional well-being, or
spiritual well-being. In addition, combinations of these words
were used, as follows: psychosocial well-being, psychospiritual
well-being, or biopsychosocial well-being. In comparing the
different definitions of well-being, we found that similar terms

did not always refer to the same content and that 2 varying terms
were used to say the same thing. For example, spiritual
well-being was used to refer to not only self-transcendence [99]
but also self-acceptance [83]. In addition, depression and anxiety
were termed interchangeably as belonging to the domains of
emotional well-being [90], mental well-being [87], and
psychophysical well-being [89]. For these reasons, we refrained
from using these terms. Instead, we categorized the various
definitions of well-being into values. In this review, we related
values to what people consider important for obtaining
well-being. After thematic content analysis, we identified seven
values: healthy body, functional me, healthy mind, happy me,
social me, self-managing me, and external conditions (Figure
2).
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Figure 2. Values of well-being in design and evaluation papers (in number of papers and percentage of the total amount of papers in each process).

Healthy Body

This value of well-being was commonly considered in design
and evaluation papers. It relates to health in its traditional
definition: the absence of disease in the body. In the papers,
this item was often referred to as physical well-being. Within
this value, it is common to study the effect of disease on items
such as pain experience, obesity, incontinence, sleep quality,
vital sign monitoring, delirium, and sexual functioning.

Functional Me

Functional me refers to the ability to execute activities of daily
living and reach life goals affected by one’s health condition.
This value of well-being was identified based on a set of
validated questionnaires used in evaluation papers, of which
the 36-item Short Form Health Survey was used the most. None
of the design papers considered functional me explicitly in their
design.

Healthy Mind

A healthy mind was considered regularly in design papers and
even more in evaluation papers. It referred to the absence of
mental disease and was, in papers, mostly referred to as mental
well-being or emotional well-being. Depression and anxiety are
typical items that relate to this value. In addition, the effects of
mental disease belong to this value, such as the effects of bipolar
disorder, posttraumatic stress disorder, schizophrenia, and (mild)
cognitive decline.

Happy Me

This value was considered by one-third of all design papers and
half of all evaluation papers. It comprised the ability to feel
happy, flourish, have a meaningful life, and accept one’s own
body. In the reviewed papers, this value was often referred to
as psychological well-being, subjective well-being, emotional
well-being, spiritual well-being, happiness, and wellness. Items

that are often considered related to this value are hope,
satisfaction, positive experiences, pleasure, fulfilling personal
potential, feeling needed, self-transcendence, and personal
growth. Other important items are the ability to cope with and
accept one’s own health status, self-confidence, being proud,
feeling dignity, and not feeling stigmatized.

Social Me

Social Me was considered in approximately one-third of all
design and evaluation papers. It includes all personal
relationships that people have and the evaluation of these
relationships. This value was consistently termed in the papers
as social well-being. Items belonging to this value are related
to conversations, feelings of partnership and friendship,
compassion, trust, empathy, and support. Relationships studied
within the papers included those with partners, family members,
friends, and health care providers.

Self-managing Me

Approximately half of all design papers considered this item
compared with fewer evaluation papers. Self-managing me
relates to the ability to understand and manage one’s health care
condition autonomously. Only psychological well-being was
sometimes related to this value; no other specific terms were
used within the papers. Concepts such as autonomy, competence,
confidence, free will, decision-making, empowerment, and
self-understanding belong to this category. The ability to
understand and make use of health care information to make
well-informed decisions, or health literacy, is also important in
this context.

External Conditions

External conditions do not directly refer to a personal ability as
other values do. In addition, this item was not studied in design
and was rarely studied in evaluation papers. Nonetheless, we
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included it as several evaluation questionnaires dedicated
questions to these conditions, and these could not be grouped
elsewhere. Such questions referred to external conditions that
created the setting for the well-being of patients and included,
among others, financial security and having a job and a house.

User Definition of Well-being
In most design and evaluation papers, well-being was solely
defined by the authors (eg, researchers, physicians, designers,
and engineers). Design papers commonly referenced the
literature to justify their definitions of well-being. Evaluation
papers made use of validated quality of life (QoL)
questionnaires, from which the authors derived a definition of
well-being. A total of 154 unique questionnaires on well-being
were found in the evaluation papers. Of these 154
questionnaires, 14 (9.1%) could only be applied to a specific
disease. In only one-third of all design and evaluation papers,
the main users of digital health were questioned about their
understanding of well-being. In these cases, users were often
not free to define the several values of well-being but were
questioned on how they considered a specific item, such as
physical well-being. Design papers considered these user
definitions in their design requirements. Evaluation papers
considered these as a qualitative outcome of the evaluation
process. In general, these definitions of users do not seem to
vary from the definitions provided by the authors.

Research Tools Used for Understanding User Well-being
In the few papers in which users provided insight into what they
considered as well-being, several empirical research tools were
used. The most common tools used to understand users’
conceptualization of well-being were interviews and open
nonvalidated surveys. Design papers commonly considered
interviews or workshops. Evaluation papers mostly considered
surveys. In 1.7% (2/117) of papers, the concept of well-being
was defined through data collected based on smartphone use
[79,122].

Scope Problem
To understand how the scope problem is considered in the
design and evaluation of digital health, we studied the main
users of the technology, the additional users, and the time frame
considered.

Main User of the Technology
We grouped the health conditions of the main users of digital
health (eg, patients) according to the International Classification
of Diseases for Mortality and Morbidity [134] (Figure 3). Design
papers showed that most digital health solutions were created
for patients with mental disorders, in particular depression,
anxiety, and cognitive decline. Evaluation papers mostly
considered mental disorders and neoplasms.

Figure 3. Disease classification of patients in design and evaluation papers (in number of papers and percentage of the total amount of papers in each
process).

Other Users Involved
In addition to the main users—patients—we studied what other
users were considered in each paper. Design papers commonly
considered other users (eg, caregivers and relatives). In contrast,
only a few evaluation papers considered other users. The reason

for involving other users in the papers was mainly to provide
input regarding patients’ needs rather than their own.
Recognizing the value of involving a wide variety of users in
design, 4% (2/46) of design papers conducted an in-depth
exploration of the types of users to involve in the design process
[35,118] (Figure 4).
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Figure 4. Other users considered in design and evaluation papers (in number of papers and percentage of the total amount of papers in each process).
Categories with fewer than 4 papers in total were left out of the figure.

Time Span of Well-being
In evaluation papers, the effect of technology on well-being
was mostly measured during the use of the technology or on
the day directly after its use. Only a few papers conducted an
additional measurement after 1 to 12 months from initial use.

Specification Problem
The specification problem relates to the embodiment of
well-being in the design of digital health. To achieve this, we
extracted the type of technology, the design or evaluation
method used, and the procedure for creating design
requirements.

Type of Technology
Most design and evaluation papers studied the application of a
supporting digital platform. Such a platform is provided to users
through the internet or via a tablet or smartphone app. Few
design papers also considered the design of sensors or wearables.
Other technologies considered by the evaluation papers were
mainly telephone- or video-based consulting and support (Figure
5). The great majority of the digital interventions were designed
and evaluated for use at home. Only very few were found to be
used within the hospitals, primary care settings, or public spaces.
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Figure 5. Technology types considered in design and evaluation papers (in number of papers and percentage of the total amount of papers in each
process). VR: virtual reality.

Method for Designing and Evaluating Digital Health
In design papers, a wide range of methodologies was used to
create digital health, and most of them were focused on the
inclusion of the user in the design process through participatory
design. Interviews, focus groups, and workshops were regularly
used. In addition, usability testing through small pilot studies
and prototype testing were popular tools for the design and
refinement of technologies. Methods structuring the design
process greatly varied and included, for example, the methods
of service design for value networks [118], persona enrichment
process [119], social network analysis [35], systems
development [19], transformative service research [100], and
human factors research [20,101]. In addition, numerous papers
applied varying frameworks to design for behavior change
[18,22,25,26,32,34,116].

In comparison with design papers, evaluation papers were more
consistent in their methodologies. Most papers applied a
pre–post study design or a randomized controlled trial (RCT)
to evaluate the digital health intervention compared with a
baseline or control group. Another type of evaluation paper
considered interviews to understand the usability and
acceptability of the technology, sometimes in addition to a
pre–post study or an RCT. More rare forms of evaluation were
population surveys [81,127,128] or analysis of technology use
through big data analysis [33,48,91,122]. An alternative to the

RCT was explored once, named partially randomized patient
preference. In partially randomized patient preference, patients
were allocated based on their preference in either the
intervention or control group. The authors concluded that the
intervention has higher efficacy when patients have consciously
chosen for its use [58].

Translation Into Design Requirements
Design papers commonly did not explain the methodology used
to translate user input into design requirements. We only
identified a few papers that illustrated their procedures. For
example, requirements were created by coding user input into
requirements [101], and the requirements were explicitly
elucidated by users in a workshop [37].

Aggregation Problem
The aggregation problem refers to conflicts within the values
of well-being. We aimed to understand if such value conflicts
were reported and, if so, the type of conflicts that arose and the
solution for solving these conflicts.

Conflicts in Well-being
The great majority of papers did not consider value conflicts.
Design papers considered conflicts more often than the
evaluation papers (Figure 6). For example, Doherty et al [74]
considered a set of value tensions as a source of design
inspiration.
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Figure 6. Value conflicts considered in design and evaluation papers (in number of papers and percentage of the total amount of papers in each process).

Type of Conflicts
Value conflicts within one user were explicitly considered in
1.7% (2/117) of papers. These papers studied both the benefits
and harms of digital health for individual well-being [74,82].
For example, the ability to obtain support through technology
versus the reduction in personal contact was contrasted.
Approximately 4% (2/46) of design papers [74,130] and 6%
(4/71) of evaluation papers [38,81,89,133] considered a conflict
arising among users of the same group. Such conflicts generally
referred to the differences among individual patients in their
desire to apply digital health [38,89,133] or their ability to use
it [81,130]. Conflicts among users of different groups were
considered by 22% (10/46) of design papers and only 1% (1/71)
of evaluation papers [127]. This difference might have resulted
from the evaluation papers involving only patients and no other
users in the study design. Such conflicts mostly occurred
between patients and caregivers. For example, Kujala et al [127]
illustrated the use of digital health to improve patient autonomy
and decrease caregiver autonomy. Cahill et al [101] showed
conflicts among organizational needs (ie, staff costs and keeping
residents safe) and patient needs (ie, independence, privacy,
and social interaction). In another paper, the same authors
explained that although digital health might benefit patients, it
might hinder nurses’ working processes [20]. Derboven et al
[117] addressed a conflict in the autonomy of patients and
control over patients by caregivers (Figure 6).

Conflict Resolution
Most studies only referred to conflicts without providing
solutions. The few solutions offered were procedural, such as
engaging in multidisciplinary collaborations [27], weighing the
benefits and harms of conflicting values [117], and being aware
of conflicts [102]. Another solution for solving value conflicts
within users was offered by Doherty et al [75] and was related
to personalizing digital health based on individual needs. The
topic of digital health personalization was found in
approximately half of all design and evaluation papers but was
rarely explicitly related to the topic of value conflicts. Multiple
personalization options were addressed. For example, papers
recommended providing individualized health advice through
digital health [17,23,57,66,77,78,122], adjusting software to
patient needs [20,39,41,48,95,98,107,108,110,112,114,122,133],
the importance of also supporting nonusers
[18,38,44,75,81,89,91,113], and personalizing the support
needed to apply digital health [35,49,56,59,100,101,117]. Other
personalization options included changing motivational gaming
techniques to individual needs [22,41,132], adapting solutions
to specific cultures [60,129,133], allowing patients to make
their own motivational messages [86], choosing the gender of
the digital health assistant [124], and inserting personal
memories into the design [99,111].
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Discussion

Principal Findings
The enormous growth in papers since 2010 reflects that digital
health is increasingly being applied to improve the well-being
of patients. In addition, this type of technology is rapidly
advancing. Although studies on digital health started with CDs
and telephone consulting, today’s studies increasingly cover
health care provision via web-based supporting platforms, social
media, and remote sensing. In all of these cases, we identified
how practice deals with the commonly discussed theoretical
problems in technology for well-being. We defined common
values related to well-being and identified that well-being was
rarely defined by the users themselves. In addition, we identified
that the current scope of well-being is generally small, involving
few users in a short time frame. We illustrated that many
methodologies exist on how to embed well-being in design,
whereas only a few methods are accepted for evaluation. Finally,
we identified that value conflicts, commonly discussed in theory
[10,135], are rarely considered in practice. Our results show
that simple solutions exist for solving theoretical problems that
are paramount in technology for well-being. At the same time,
this theory can challenge current practices for continuous
improvement.

Definition of Well-being
Within health care, health is considered a state of complete
physical, mental, and social well-being. After the introduction
of this definition in 1948, it was scarcely applied in practice
[136,137] and regularly criticized for being unrealistic. Such
criticisms mostly applied to the word complete, as this word
implies that people cannot feel healthy without absolute
physical, mental, and social well-being. In an aging society,
complete well-being would then only be reserved for a few
individuals [138]. To specify the novel definition of health as
well-being, the concept of positive health was introduced by
various authors [139-142]. Positive health focuses on health
through well-being. It is the ability to flourish despite mental
or physical diseases. In addition, as a response to assess health
from the perspective of well-being, an entire range of validated
questionnaires emerged, often termed QoL measurement scales
[137]. Although used often in recent times, the terms of
well-being, positive health, and QoL are rarely defined, which
made Locker and Gibson [143] conclude that the commitment
to these concepts is more rhetorical than real.

Our review sheds light on how well-being is conceptualized in
the context of digital health provision. First, we found that,
unfortunately, a large majority of papers only reported on
well-being without actually implementing it, which corresponds
to the rhetorical commitment to well-being postulated by Locker
and Gibson [143]. In the design and evaluation papers that
committed to well-being, we were able to identify seven values
commonly considered as part of well-being: healthy body,
functional me, healthy mind, happy me, social me, self-managing
me, and external conditions. The often-occurring values of
healthy body, healthy mind, and social me reflect the definition
of health as physical, mental, and social well-being, as proposed
by the World Health Organization. The value of happy me was

found to greatly reflect the movement of positive health, aiming
for health care to make a move from disease toward happiness
and flourishing. Remarkably, we also commonly found
self-managing me to be an important value of well-being related
to digital health. Previously, this value was often not considered
to be a part of patients’ well-being. Digital technologies have
the ability to locate the center of health from hospital to home
and from health care provider to patient. With this ability, they
can increase the autonomy of patients. We believe that with the
growing use of digital health, the importance given to the value
of self-managing me will increase. As a consequence, it might
be important to constantly reflect on the interactions among
patients, technologies, and values of well-being to optimally
design health care for patients’well-being. The identified values
can be used as a source of inspiration for digital health designers
and evaluators to co-design technologies for optimal well-being
with patients.

Differences Between Design and Evaluation
We identified more evaluation papers than design papers. This
difference might result from design research not always
reporting on its processes [144]. In addition, we found
differences between the design and evaluation papers regarding
the 4 problems. Design papers mostly considered well-being as
healthy body and self-managing me. Evaluation papers often
considered the values of healthy mind and happy me. Design
papers mainly focused on mental disorders. Evaluation papers
also studied mental disorders and neoplasms. Other users, such
as caregivers and relatives, were regularly involved in design
papers but not in evaluation papers. Design papers used
numerous design methods, whereas evaluation papers mostly
considered pre-post measurements or RCTs as a method. Value
conflicts were rarely described in design papers and even less
in evaluation papers.

Clearly, differences exist between the processes of design and
evaluation, given that they take place in different stages of the
digital health development process. Design processes commonly
take place outside the care context. These processes are both
creative and exploratory. In contrast, evaluation follows the
rules of evidence-based health and is located in the health care
environment [145]. Evaluation is more bound to standardization
and reflection. The different characteristics of both processes
result in the need for different methodologies for design and
evaluation, as discussed in the specification problem. However,
the differences seem to be larger than what can be explained by
the stage of development. One would expect that the design and
evaluation of digital health consider an equal approach to
epistemological and scope problems by adopting the same
definition of well-being, the same ways of obtaining this
definition, and focusing on the same user groups. Nevertheless,
this review shows different results. Design and evaluation vary
greatly in their definitions of well-being and the main patient
groups that are commonly designed for. This is troublesome,
considering, for example, an application for postoperative
patients to monitor their health. The design team creates this
solution to improve the value of self-managing me for these
patients. During the evaluation, this technology is assessed
based on its ability to improve the healthy body and the healthy
mind. The misalignment between the design input and evaluation
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outcomes results in suboptimal insight into the potential of the
technology, which could hinder its successful implementation.
Currently, only a minority of digital health technologies have
achieved successful implementation. More digital health
technologies would achieve successful implementation when
the design is better aligned with evaluation and vice versa
[146,147]. In particular, we argue that design and evaluation
should consider similar definitions of well-being in the design
and evaluation processes and the same user groups.

Methods of Creating Well-being
In most design and evaluation papers, well-being was defined
without user input. When users were questioned, they were
commonly asked to define only a specific value of well-being
instead of explaining the values they considered important. Brey
[10] previously noted that well-being could not be objectively
determined independently from the user. Our results are
worrisome, as the papers did not obtain a real understanding of
what users considered to be important values belonging to their
well-being. Involving users in defining the values of well-being
as a source of design inspiration and evaluation outcome is
recommended.

Methods for designing and evaluating digital health clearly
differ. In most design papers, a participatory design was applied.
However, as Orlowski and Matthews [148] argued, in addition
to participatory design, a design method for structuring the
process is needed. The papers in this review considered a wide
variety of design methods to structure the design process. A
review of the methods for usability testing of eHealth showed
similar results [144]. No consistency seems to exist in the design
papers on what design methods to use to design for well-being.
The question of what design method to use to create well-being
has been raised in the past [149]. Multiple papers have been
written on the potential to embed the values of well-being in
technology design. Design methods such as value-sensitive
design [150] or values that matter [151] have been introduced.
In addition, numerous papers have aimed at creating design for
well-being methodologies to provide designers with a framework
for embodying well-being in design. Examples in the literature
are the approaches of emotional design [152]; life-based design
[153]; capability-sensitive design [154]; positive design [155];
motivation, engagement, and thriving in user experience model
[156]; positive technology [157]; experience design [158]; and
positive computing [159]. Given this myriad of design
methodologies that particularly aim at our goal of designing for
well-being, it is remarkable that none of these methods was
found to be used in the design papers. We speculate that this
resulted from not knowing about the design methods, finding
the methods difficult to apply to health care, or valuing
well-known methods over novel ones. Future digital health
designers would benefit from heuristics on which method to
use in what situation. This can be facilitated by increasing
awareness of design methods and transparency and reporting
on the reasons for using a certain design method.

The interaction between users and technology and the context
of use might affect how well-being is expressed, which does
not necessarily correspond to the initial embodiment of
well-being in design. This is called the positivist problem [160].

For that reason, an evaluation process is necessary to study the
actual effects of technology on well-being. Evaluation papers
commonly considered the same set of evaluation methodologies:
pre-post measurements and RCTs.

The RCT methodology, which has become the gold standard
for effectiveness studies in pharmacological interventions, has
been transferred one to one to evaluate the effectiveness of
nonpharmacological interventions, including digital health [147].
An RCT only provides valuable information on an intervention’s
effectiveness when (1) the intervention and the way of providing
the intervention are stable, (2) the intervention can be applied
with fidelity, and (3) when it is expected that the outcomes of
the intervention are measurable and meaningful [161]. Given
these requisites, the use of RCTs in digital health has been
subject to several concerns. An RCT requires that the
intervention is stable, implying that the digital health technology
has been finalized before the start of the RCT. However, design
is an iterative process that requires numerous phases of testing
and adaptation. Clinical outcomes obtained through an RCT
are often required to justify the use of more resources to improve
the design. However, when the design is improved based on the
clinical outcomes of RCTs, these outcomes become directly
outdated. Similarly, when a digital health solution needs to await
clinical outcome measures for improvement, the technology
might be outdated once the trial is finished [162]. In addition,
a digital health solution cannot be directly applied with high
fidelity as the solution mediates clinical processes and might
require changes to the context of use to be optimally used.
However, these effects require further study. The limited study
design of an RCT does not permit the study of such mediating
effects, and without knowing the optimal context of use, digital
health cannot be applied with high fidelity [163].

Several changes and alternatives to RCTs have been proposed
to align scientific evaluations with digital health. These include,
among others, a multiphase optimization strategy for the RCT,
allowing the design to be adapted during the evaluation process
[164], evaluating the principle of a solution rather than the
specific technology itself [162], and broadening the set of
outcome measures into the inclusion of human–technology
interactions [165] and legal and ethical evaluations [166,167].
Another interesting alternative is a single case experimental
design [168]. This method illustrates that RCTs only provide
an average good and not the optimal solution for each
individual. They propose to observe a single case over a longer
period while manipulating treatment (technology). This study
design allows personalizing digital health to an individual’s
needs, thereby increasing its efficacy. So far, the papers in this
review have barely considered moving beyond traditional
evaluation methods. Our results resemble previous results from
systematic reviews of evaluation methods and health technology
assessments of digital health [169,170]. There is a need for the
use of evaluation methods that are better aligned with the
complexity of digital health.

In addition, not only RCTs but also the many validated QoL
questionnaires to assess the effect of digital health via an RCT
need reflection. In the past, these questionnaires were studied
thoroughly [137,171]. Guyatt et al [171] rightfully posed the
concern of how to select, use, and interpret such questionnaires.
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We share their concerns and believe that when applying such
a questionnaire, it is important to understand and illustrate what
values of well-being are measured through the questionnaires
and to be aware of the potential and limitations of what is being
asked. Similarly, as Blandford et al [147] argued, such
questionnaires only have a limited face and construct validity.
They do not provide insight into how the social structures of
care change and how technology is changing the current values
of well-being [172]. In addition, QoL questionnaires were
validated for a specific user group in a specific context. When
technology is introduced, the entire basis on which such
questionnaires are validated might change. Thus, the use of QoL
questionnaires requires careful consideration of their selection
and application. Our 7 values provide a comprehensive and
up-to-date view of well-being. Further work could be done to
develop tools (eg, questionnaires) based on the 7 values to
complement and support the current evaluation methods to
better align with the complexity of digital health.

Recommendations for Best Practice
On the basis of the theoretical and practical reflections of this
review, we sketched an ideal practice for anyone involved in
the design and evaluation of digital health for well-being. This
ideal practice begins with the formation of multidisciplinary
teams working together from the start of the design process to
successful implementation. After the composition of the team,
we advise demarcating the scope of the project. Which users
will be affected by the technology? What users will be studied,
and who will be left out of the study’s scope? Furthermore, we
encourage the upfront identification of the moments in time
during which the effect of technology is evaluated. The process
should continue with a clear study on the definition of
well-being per user group in which users are closely involved.
To prevent well-being from becoming a buzzword, the team
should consider constantly aligning the following design and
evaluation processes to the found values of well-being. Instead
of two linear processes, design and evaluation take place
simultaneously. Evaluation outcomes are the source of design
input and vice versa. As many methods exist for designing for
well-being, the team should decide together which method is
most suitable. The reasoning process is reported to facilitate
other teams to make their own decisions. To justify the
complexity of digital health, the type of evaluation method is
carefully considered. The chosen method enables the evaluation
of the user–technology–value interaction in an authentic context
of use. In addition, the method facilitates obtaining insight into
individual experiences for the personalization of the solution.

Strengths and Limitations
In this paper, we aimed to bridge the gaps between the practices
of design and evaluation and the theory produced on digital
health technologies aimed at improving well-being. This
endeavor is both a strength and a limitation. By highlighting
the differences among the fields, we enable the design to
consider the context of evaluation and vice versa, inspire
practice to consider better theoretical insights, and guide
theorists to acknowledge the need for pragmatic decision-making
in practice. The application of our recommendations would
result in individual, social, and economic benefits. First, at the

individual level, digital health would foster a culture of
inclusiveness through personalization. It would better meet the
needs and values of individual patients, caregivers, and relatives,
regardless of their education, age, gender, or culture. Second,
on a social level, digital health would fit within current health
care practices and align with the care processes of health care
personnel. Third, economic benefits will arise from the
alignment of design with evaluation by preventing a waste of
resources and leading to a more successful uptake of digital
health.

A limitation of our study is that it was difficult to report insights
from all disciplines using a common language. The attempt to
place all insights from practice into theoretical frameworks
might have resulted in missing important items or mistakenly
interpreting certain practical phenomena as belonging to certain
theoretical concepts. For example, we found that a great majority
of design papers aimed to create digital health technologies for
lifestyle management of the older population, regardless of their
medical condition. By categorizing all design papers into the
International Classification of Diseases for Mortality and
Morbidity framework, these older adults were divided into three
different categories (mental disorder, disease of the nervous
system, and symptoms not classified elsewhere). Although
design papers often considered lifestyle management and older
adults, this insight was invisible to those looking at the graph
only.

A second limitation is that we aimed to include a wide variety
of digital health technologies, although our results mostly
identified digital health solutions in the domain of support
platforms via apps or the internet. In addition, almost all
solutions were designed for use at home. This is remarkable,
as our search strategy did not focus solely on the home.
Obviously, the terms telemedicine and telehealth refer to
technologies for use at home. Nonetheless, we also included
the term digital in our search strategy, which we expected would
result in papers on digital technologies used in hospitals and
primary care settings. Our search strategy had missing terms
that would result in papers on technology use in hospitals,
technology use in hospitals is not yet common, or it is not
discussed in relation to well-being. Although we believe that
our insights can also be applied to a wider range of digital health
technologies in varying contexts, in the future, it is interesting
to expand our research to varying technologies and extend it to
the inpatient care context to understand the differences in
designing technologies in diverging contexts. Furthermore, as
we only included papers focused on well-being improvement,
we might have missed the results on in-person value conflicts
that are reported in papers studying the harmful effects of digital
health on well-being. Finally, we rarely found sets of papers
that focused on the design and evaluation of the same
technology. The ability to compare the design and evaluation
processes of similar technologies would have led to more
reliable results. In the future, better aligning design and
evaluation would ideally also result in more consistent reporting.

Conclusions
In this review, we have shown how current practices deal with
the major problems that are paramount in digital health for
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well-being. We identified major gaps in design and evaluation
regarding their conceptualization of well-being, types of users
studied, and methods used to design and assess well-being. The
comparison of empirical practice with theoretical frameworks
also showed how both fields have found pragmatic ways of
circumventing or dealing with the problems of digital health
for well-being. By illuminating the differences between design
and evaluation, as well as practice and theory, and providing

recommendations for best practice, we expect to have set the
first steps to slightly bridge some gaps. As digital health
technologies are gaining an increasingly important role in the
future, we believe that multidisciplinary collaborations are
required to be improved by moving beyond the common
dichotomy of design and evaluation. Only then it is possible to
transcend from digital health toward digital well-being.
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Abstract

Background: Monitoring glucose and other parameters in persons with type 1 diabetes (T1D) can enhance acute glycemic
management and the diagnosis of long-term complications of the disease. For most persons living with T1D, the determination
of insulin delivery is based on a single measured parameter—glucose. To date, wearable sensors exist that enable the seamless,
noninvasive, and low-cost monitoring of multiple physiological parameters.

Objective: The objective of this literature survey is to explore whether some of the physiological parameters that can be monitored
with noninvasive, wearable sensors may be used to enhance T1D management.

Methods: A list of physiological parameters, which can be monitored by using wearable sensors available in 2020, was compiled
by a thorough review of the devices available in the market. A literature survey was performed using search terms related to T1D
combined with the identified physiological parameters. The selected publications were restricted to human studies, which had at
least their abstracts available. The PubMed and Scopus databases were interrogated. In total, 77 articles were retained and analyzed
based on the following two axes: the reported relations between these parameters and T1D, which were found by comparing
persons with T1D and healthy control participants, and the potential areas for T1D enhancement via the further analysis of the
found relationships in studies working within T1D cohorts.

Results: On the basis of our search methodology, 626 articles were returned, and after applying our exclusion criteria, 77 (12.3%)
articles were retained. Physiological parameters with potential for monitoring by using noninvasive wearable devices in persons
with T1D included those related to cardiac autonomic function, cardiorespiratory control balance and fitness, sudomotor function,
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and skin temperature. Cardiac autonomic function measures, particularly the indices of heart rate and heart rate variability, have
been shown to be valuable in diagnosing and monitoring cardiac autonomic neuropathy and, potentially, predicting and detecting
hypoglycemia. All identified physiological parameters were shown to be associated with some aspects of diabetes complications,
such as retinopathy, neuropathy, and nephropathy, as well as macrovascular disease, with capacity for early risk prediction.
However, although they can be monitored by available wearable sensors, most studies have yet to adopt them, as opposed to
using more conventional devices.

Conclusions: Wearable sensors have the potential to augment T1D sensing with additional, informative biomarkers, which can
be monitored noninvasively, seamlessly, and continuously. However, significant challenges associated with measurement accuracy,
removal of noise and motion artifacts, and smart decision-making exist. Consequently, research should focus on harvesting the
information hidden in the complex data generated by wearable sensors and on developing models and smart decision strategies
to optimize the incorporation of these novel inputs into T1D interventions.

(J Med Internet Res 2022;24(4):e28901)   doi:10.2196/28901
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type 1 diabetes; wearable sensors; big data; consumer health informatics; mobile health; survey

Introduction

Type 1 Diabetes
In healthy individuals, glucose levels are maintained within
tight upper and lower bounds because of a complex
physiological closed-loop regulatory process based on the
accurate and timely secretion of insulin and glucagon into the
portal vein by pancreatic islet cells [1]. To achieve this, the
human body contains numerous sensory mechanisms that track
and even anticipate fluctuations in glucose owing to meal intake,
exercise, and other factors. This information is used to estimate
the optimal secretion of insulin as well as other hormones, such
as incretins, glucagon, and adrenaline, which play important
modulating roles [2].

In persons with type 1 diabetes (T1D), insulin secretion by the
pancreas is absent because of the autoimmune destruction of
the pancreatic beta cells, breaking the normal closed-loop
regulation process [3]. The absence of insulin results in the
inability to metabolize glucose and an unregulated catabolic
state leading to hyperglycemia and ketoacidosis, a recognized
complication of diabetes [4]. Persons living with T1D are
dependent on exogenous insulin (usually by subcutaneous
administration) to regulate their glucose levels [5].

Poor glucose control leads to both acute and chronic
complications, which may be life-threatening [6]. One common
acute complication is hypoglycemia, a state of low blood glucose
(BG) concentration that results from excessive insulin
administration. Hypoglycemia can lead to loss of consciousness,
coma, and even death [7]. Those who develop impaired
awareness to hypoglycemia (IAH), a condition in which the
individual does not experience the usual early warning
symptoms of low BG, are at a much higher risk of severe
hypoglycemic events [8].

On the other hand, chronic hyperglycemia leads to long-term
complications, one of the most common being cardiac autonomic
neuropathy (CAN). The reported prevalence of CAN in persons
with T1D spans a very wide range, indicatively 17%-90%,
depending on the criteria used for its diagnosis and the
population studied [9]. CAN results in impaired cardiovascular
autonomic control as a consequence of autonomic nerve

neuronal metabolic and ischemic damage. Apart from CAN,
T1D is linked to other long-term complications such as
peripheral neuropathy, retinopathy, nephropathy, and
atherosclerotic vascular disease [6].

Maintaining glucose levels within a healthy range in T1D
represents a therapeutic challenge, and the accurate estimation
of an individual’s insulin requirements is key to achieving this
goal [10,11]. Daily glucose management places a significant
physical and cognitive burden on the persons living with T1D
and their families. As part of ambulatory care, long and rapid
acting insulins are administered using insulin injections (insulin
pens) or rapid acting insulin is administered continuously and
subcutaneously by insulin infusion pumps. Both insulin pumps
and injections may be used in combination with continuous
glucose monitors (CGMs). Insulin pumps integrated with CGMs
are referred to as sensor-augmented pumps and their use has
been shown to improve glycemic control [12,13]. More recently,
control algorithms have been incorporated to automate basal
insulin delivery; however, the user is still required to administer
a bolus before meals. This treatment scheme is referred to as a
hybrid closed-loop system. Hybrid closed-loop schemes have
been shown to improve glucose control in comparison with
insulin dosing entirely determined by the user [14] and have
paved the way for the holy grail of T1D management, which is
the development of fully closed-loop functionality or an artificial
pancreas (AP) [15,16].

For optimal T1D management, accurate real-time sensing of
key physiological parameters (ie, biomarkers) is essential.
Sensing is crucial for daily acute glycemic management to
ensure the correct estimation of insulin dose, as well as for the
early recognition of long-term complications. To date, T1D
sensing for acute glycemic management is focused on glucose
monitoring, measured either by finger pricking or CGMs, which
are associated with painful and sparse measurements or
significant sensing lags, respectively [17,18]. However,
monitoring of glucose alone has significant limitations in
informing optimal insulin delivery, whether in open or
closed-loop systems. In addition, monitoring of diabetes
complications such as CAN is predominantly performed through
infrequent assessments during clinic visits. Please refer to
Multimedia Appendix 1 [9,17-23] for a more detailed discussion
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on the current status and challenges of sensing biomarkers of
T1D. This survey, which reviewed 77 publications, investigated
novel physiological parameters with the potential to be
incorporated into T1D management systems and reduce the
impact of T1D on quality of life, specifically on parameters that
can be monitored with the wearable sensors available today.

Wearable Sensors
Wearable sensors or wearables are becoming increasingly
popular because they can provide seamless and continuous
monitoring at low cost. Wearable sensors are available in various
forms and shapes and can be worn at different body sites (Figure
1). Currently, wearables monitor physiological parameters, such
as heart rate (HR), respiratory rate, oxygen saturation (SpO2),
skin temperature (ST), electrochemical skin conductance (ESC),
and galvanic skin response (GSR). The most recent devices
provide electrocardiogram (ECG) monitoring, which carries
rich information about features of the cardiac state, such as HR
variability (HRV) and QT interval (time interval from the start
of the Q-wave to the end of the T-wave in an ECG).

This offers new potential for wearable devices to move beyond
their original purpose of fitness and wellness monitoring to that
of continuous health care monitoring. Although not yet
integrated into clinical practice, research community is currently

investing in the development of medical applications using
wearable sensors that can assist or complement routine medical
procedures and disease monitoring practices. These efforts
usually combine wearable sensors with advanced data processing
methods such as machine learning (ML) algorithms to address
the volume and complexity of the produced data (noise, motion
artifacts, and gaps) and to build smart decision support or
diagnostic systems (Multimedia Appendix 2 [24-37]).

Despite this recent move toward health care, the potential of
wearables in T1D management has not been investigated much
to date. The purpose of this survey was to explore the potential
of monitoring physiological parameters with wearable sensors
to assist in acute glycemic management and diagnosis and
monitoring of complications in T1D. We devised a search and
analysis framework to investigate the potential of wearable,
noninvasive sensors (hereafter referred to as wearable sensors
without explicitly repeating their noninvasive property). To the
authors’ knowledge, a similar survey has not been conducted
thus far. We hypothesized that the demonstration of strong links
between physiological parameters measurable with wearable
sensors and T1D, combined with their intrinsic advantages for
use, will support and inspire developments and research focused
on the enhancement of real-life T1D applications.

Figure 1. Different types of wearable technology by ForbesOste (license: CC BY-NC-ND 2.0).
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Methods

Research Question
The survey aimed to answer the following research question:
Do the existing wearable, noninvasive sensors have the potential
to improve how T1D is monitored and managed? We focused
only on noninvasive wearable sensors. Minimally invasive
wearables (eg, CGMs) or noninvasive portable sensors (eg,
breath sensors) were outside the scope of the survey. We did
not limit our search to studies that used wearable sensors but
rather formulated our research question toward exploring the
existence of clinical relationships between T1D and
physiological parameters that could be (but not necessarily)
monitored with the wearable, noninvasive technology available
in the market today.

Search Methodology
As a first step, a list of physiological parameters that could be
monitored with wearable, noninvasive sensors available in 2020
was compiled, based on a review of the wearable devices
available in the market today. These parameters were used in
the search query combined with keywords related to T1D
(Textboxes 1 and 2).

Figure 2 illustrates the methodological steps we took to select
the final set of articles, following the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines [38]. The details of the search and selection
methodology are described in Multimedia Appendix 3 [38].
Following these steps, 77 articles were retained for analysis.

Textbox 1. Search terms used for wearable-enabled physiological parameters.

Heart rate

• Heart rate

Heart rate variability

• Heart rate variability

Breath rate

• Breath* rate

• Respirat* rate

Breath rate variability

• Respirat* variability

• Breath* rate variability

Oxygen saturation

• Oxygen saturation

• SpO2

Body motion

• Accelerometer*

• Gyroscope

Skin properties

• Galvanic skin response

• Skin conductance

• Skin impedance

• Skin temperature

• Sweat

Textbox 2. The final search query used.

Search query

• Diabetes AND ("Type 1" OR "Type one" OR juvenile) AND ("heart rate" OR "heart rate variability" OR "respiration rate" OR "respiratory rate"
OR "breath rate" OR "breathing rate" OR "respiration variability" OR "galvanic skin response" OR "skin conductance" OR "skin impedance"
OR sweat OR accelerometer* OR gyroscope* OR "oxygen saturation" OR SpO2)
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Figure 2. Article selection methodology according to PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines.
T1D: type 1 diabetes.

Results

Article Structure and Analysis
The 77 retained articles shared similar structures. Data were
collected through a clinical protocol whereby each study
collected two types of data: (1) phenotypic characteristics of
the participants with T1D (eg, age, sex, duration of diabetes,
and glucose and hemoglobin A1c [HbA1c] levels), with or
without the presence of nondiabetic control participants and (2)
physiological function of interest (eg, cardiac autonomic
function), with one or more physiological parameters measured
(eg, HRV for autonomic function and ESC for sudomotor
function). Through the extraction of features and data analysis,
every study explored the relationship between T1D phenotypic
characteristics and the physiological function of interest. All
articles referred to clinical studies involving human participants.
Although the articles did not necessarily use wearable devices
in their methods, they all measured physiological parameters
monitorable with commercially available wearable sensors, as
guaranteed by our exclusion criteria (please refer to Multimedia
Appendix 3).

Our analysis of the retained articles evolved along the axis of
this survey’s research question: Do the existing wearable,

noninvasive sensors have the potential to improve how T1D is
monitored and managed? The surveyed studies were clustered
into the following two broad categories: (1) those that performed
a comparison between a cohort of persons with T1D and a
matched group of healthy control participants and (2) those that
explored relations within a cohort of persons with T1D. The
first category informed about the physiological functions and
parameters that were altered in persons living with T1D. The
second category explored whether the monitoring of these
parameters could benefit the management of T1D and its
complications. All articles included in this survey are tabulated
in Multimedia Appendix 4 [39-114].

Comparison Between Persons With T1D and Healthy
Cohorts

Overview
The articles that compared people who were healthy and those
with T1D revealed a wide spectrum of physiological functions
or conditions that were affected by T1D (Figure 3). These
predominantly included aspects of cardiovascular autonomic
function, cardiorespiratory control balance, and thermal
homeostasis.
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Figure 3. Physiological functions found that are affected by type 1 diabetes (T1D) and the number of relevant studies. This graph refers only to the
studies that compared T1D with healthy cohorts. BP: blood pressure; BS: Baroreflex Sensitivity; ECG: electrocardiogram; ESC: electrochemical skin
conductance; HR: heart rate; HRV: heart rate variability; SpO2: oxygen saturation.

Cardiovascular Autonomic Function
Many studies demonstrated that T1D impacted cardiac
autonomic function by reducing parasympathetic activity
through increased HR [39,40], reduced average HRV, and
modified HRV features at rest or during cardiac autonomic
reflex tests. The most explored HRV features were the following
time- and frequency-domain features: SD of the
normal-to-normal intervals, root mean square of the difference
of successive intervals, high frequency (HF), low frequency
(LF), and their ratio (LF/HF) [41-43]. Nonlinear features related
to the complexity, dynamics, and chaotic components of HRV
have also shown to be altered in persons with T1D. These
include HRV randomness [44], symbolic indices [45], Katz
fractal dimension [46], and geometric indices, such as the
Poincare plot [47]. The effect of T1D on HRV was also
demonstrated during exercise [48]. The overall HRV entropy
during vigorous exercise was shown to be reduced in both
healthy and T1D cohorts, although the attenuation in the T1D
group was greater [49]. The impact on parasympathetic function
was additionally demonstrated through the reduction of the
cardiac vagal tone, which was shown to be associated with the
presence of neuropathy [50]. Cardiac depolarization and
repolarization time intervals were shown to increase in T1D
demonstrated through modified ECG features such as increased
HR-corrected QT (QT corrected [QTc]) interval [51,52] and
more asymmetrical and flatter T-wave [53]. Table S1 in

Multimedia Appendix 4 summarizes the methods and main
findings of the above articles.

Cardiorespiratory Control Balance and Fitness
The impact of T1D on the cardiorespiratory control balance
and fitness was assessed during cardiopulmonary exercise, as
well as by cardiovascular (baroreflex) and respiratory
(chemoreflex) response testing (Table S2 in Multimedia
Appendix 4). Moser et al [54] demonstrated that there were
clear differences in the HR response during cardiopulmonary
exercise between persons with T1D and those in the control
group. Cardiorespiratory control imbalance, with impaired
sensitivity to hypoxia as evidenced by lower resting SpO2 and
baroreflex sensitivity and increased chemoreflex sensitivity to
hypercapnia, was shown in persons with recent onset of T1D
compared with control participants [55]. With respect to
cardiorespiratory fitness, lower peak oxygen uptake (VO2) and
respiratory exchange ratios were reported in persons with T1D
compared with control participants [56]; however, Rohling et
al [57] showed that cardiorespiratory function was preserved
in T1D, whereas the maximum VO2 correlated with HRV time
indices. Several studies demonstrated that persons with T1D
who were well trained or well controlled could have similar
cardiorespiratory fitness as the control participants [58-61].

Thermal Homeostasis
The sudomotor function is an activation of the sympathetic
nervous system, controls the perspiration through sweat glands
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and heat loss via skin, and is associated with increased blood
flow. This function, which is usually assessed by measuring the
ESC or GSR, was shown to be lower in persons with T1D
compared with healthy control participants [62]. Other aspects
of thermal homeostasis affected in persons with T1D included
the sweat profile, body temperature, and ST during exercise
[49,63,64]. The methods and findings of the aforementioned
studies are presented in Table S3 in Multimedia Appendix 4.

Summary
The aforementioned studies demonstrated that T1D affected
several physiological functions by comparing T1D cohorts with
healthy control participants under resting conditions or during
physical activity. Most of the studies focused on aspects of

cardiac autonomic function, which seems to be one of the first
nonmetabolic physiological functions affected by T1D.

Correlations Within a T1D Cohort

Overview
The potential to improve the life of persons living with T1D
using wearable sensors relies on not only the capability to detect
differences between persons with T1D and healthy individuals
but also on the intra- and interindividual differences within
populations with T1D. In this section, we present the studies
found in this survey that assessed physiological functions within
T1D cohorts and discuss the potential for monitoring these
functions with wearables to incorporate into T1D acute glycemic
management (Figure 4) and early recognition of long-term
complications (Figure 5).

Figure 4. Identified areas of potential impact of wearable devices on the acute glycemic management of type 1 diabetes. The numbers indicate the
number of relevant studies found for each physiological signal. ECG: electrocardiogram; ESC: electrochemical skin conductance; HR: heart rate; HRV:
heart rate variability; NIR: near-infrared; SpO2: oxygen saturation; ST: skin temperature.
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Figure 5. Identified areas of potential impact for wearable devices related to long-term type 1 diabetes complications. The numbers indicate the number
of relevant studies found for each physiological signal. BP: blood pressure; CAN: cardiac autonomic neuropathy; ECG: electrocardiogram; ESC:
electrochemical skin conductance; HR: heart rate; HRV: heart rate variability.

Acute T1D Glycemic Management

Noninvasive Hypoglycemia Detection

As discussed above, the presence of T1D influences cardiac
function and the presence of hypoglycemia exaggerates this
with stronger activation of sympathetic activity and inhibition
of parasympathetic activity as shown in modified time and
frequency indices of HRV [65-67] and QTc prolongation [68-70]
(Table S4 in Multimedia Appendix 4). The effect of
hypoglycemia on HRV was shown to be the same for people
with and without CAN [71]. The signature of hypoglycemia on
physiological features was leveraged in 5 studies to investigate
methods by which hypoglycemia could be detected
noninvasively. Of the 5 studies, 3 (60%) used cardiac features
from an ECG (HR and QTc interval) as inputs [72-74] and
ML-based techniques for developing relevant models. Elvebakk
et al [75] explored noninvasive hypoglycemia detection for
persons with and without IAH using cardiac and sudomotor
features. The study found that it was only possible to detect
hypoglycemia in the group of people without IAH, but it was
difficult to reliably detect hypoglycemia in persons with IAH.
However, from a second study focused only on persons with
IAH, the same group proposed the use of a probabilistic model
and the combined use of more cardiac and thermoregulatory
features, ECG-derived HR, QTc interval, sudomotor activity,
near-infrared and bioimpedance spectroscopy, and achieved a

detection F score of 88% [76]. Finally, Reddy et al [77], using
a wearable sensor and an ML algorithm, showed that the levels
of HR and BG before exercise were predictors of
exercise-induced hypoglycemia with 80% accuracy.

Near-Future Glucose Prediction

Of the 77 studies, 3 (4%) explored the potential of using
physiological features monitored with wearable sensors to
enhance the accuracy of near-future glucose prediction (Table
S5 in Multimedia Appendix 4). The study by Rodriguez et al
[78] presented a feature selection method for the estimation of
feature importance related to near-future BG prediction and
showed that HR and sleep were significant for this task (P=.03
and P=.04 respectively). This result was confirmed by Hobbs
et al [79], who explored the impact on the 30-minute ahead
glucose prediction of HR data collected from a commercial
wearable device in adults during physical activity. The study
showed that HR information led to better model prediction
accuracy, assessed over several metrics, such as root mean
square error and the Akaike information criterion, and reduced
the prediction delay by 2-3 minutes compared with the model
that did not consider HR. Mirshekarian et al [80] showed that
when ESC and HR were added as features to an ML model for
glucose prediction, the performance in terms of root mean square
error improved for horizons of 30 and 60 minutes, although the
improvement was only small.
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Glucose Sensing

Of the 77 studies, 3 (4%) explored methods to improve the
accuracy of glucose sensing (Table S5 in Multimedia Appendix
4). Here, we identified the work of Laguna et al [81], which
aimed to improve the known increase in CGM error during
exercise by coupling the CGM with wearable sensors. The study
found that when CGMs were coupled with energy expenditure
(metabolic equivalent of tasks) and ST information from the
wearable sensors, the glucose measurement error dropped from
17.5% to 13.6%. A study by Turksoy et al [82] followed a
similar approach whereby the objective was to model the glucose
changes during exercise as a function of biometric inputs
including HR, GSR, ST, and energy expenditure. The study
involved 26 participants who wore wearable sensors for 6 days.
The participants performed a series of exercises during the
regular clinic visits. The study results showed that ST was the
most significant feature describing glucose fluctuation during
exercise, followed by HR and energy expenditure. Finally,
Rothberg et al [83] explored links between HRV features and
absolute BG levels, which were confirmed for persons with
type 2 diabetes but not for those with T1D.

Integrated Systems Solutions

In view of the broad application range of wearable devices in
T1D management, one study identified in this survey focused
on the development of an integrated system solution for
home-based monitoring and explored the engagement of persons
living with T1D using this technology [115].

Summary

The aforementioned studies illustrate the potential of using
noninvasive biomarkers, which can be monitored with wearable
sensors, to improve many aspects in the daily management of
T1D (Figure 4). Noninvasive hypoglycemia detection could
enhance the recognition of hypoglycemic events in people with
IAH and for those who do not use CGMs and rely only on
sporadic BG measurements. Near-future glucose prediction is
crucial to compensate for the CGM and insulin action delays
for more accurate prediction of upcoming hypo- and
hyperglycemic events. All the above functionalities are also
indispensable for the enhancement of the current AP systems,
both for the development of more efficient control algorithms
and for the support of the general safety of APs. Although the
improvements demonstrated so far have limited clinical
significance, these studies are promising first steps. More studies
need to be conducted, including a thorough exploration of
prediction modeling techniques, as well as the collection of
comprehensive data sets that span representative real-life
scenarios.

Long-term Complications

Diagnosis and Monitoring of CAN

As demonstrated by many studies, among the cardiac features,
HRV plays a central role in the assessment of autonomic
function in general and of CAN in particular [84-88]. Silva et
al [89] showed that a high resting HR was associated with
reduced parasympathetic activity and lower HRV. Finally,
insulin resistance was shown to be associated with lower cardiac
output [90] and cardiovascular suppression [91] during and after

exercise or cardiac autonomic reflex tests. Anxiety [92] and
psychosocial stress [93] were shown to reduce HRV and induce
further parasympathetic suppression in persons with T1D,
indicating the need to consider confounding factors in assessing
CAN. Gender and race were also found to be associated with
autonomic function [94]. Finally, a study by Ang et al [95]
explored the potential of using ESC as a measure of sudomotor
function for the early recognition of CAN but found no
significant correlations. However, Riguetto et al [96] showed
that postprandial sweating, as well as hypertension, diastolic
blood pressure, retinopathy, and nephropathy were independent
predictors of CAN. The methods and findings of the above
studies are presented in Table S6 in Multimedia Appendix 4.

Early Recognition of Complications Other Than CAN

Of the 77 studies, 10 (13%) studies explored other long-term
complications of T1D and their relation to cardiovascular
autonomic function, including the presence of CAN (Table S7
in Multimedia Appendix 4). In a study by Duvnjak et al [97],
the coefficient of variation and spectral indices of HRV
correlated with diabetic retinopathy development and
progression in persons with T1D. In another study of persons
with T1D, correlations were demonstrated between HRV indices
and neuroretinal layer thickness [98]. A study by Mala et al [99]
demonstrated that CAN had a positive association with carotid
intima media thickness in T1D and suggested its potential role
in the pathogenesis of atherosclerosis. HRV is associated with
diabetic kidney disease as discussed by Sekercioglu et al [100],
who showed that, for adults with prolonged T1D duration, the
factors of older age at diagnosis and lower HRV might indicate
a risk for this complication. CAN in persons with T1D has also
been shown to be associated with reduced bone density [101],
renal function and albuminuria [102,103], and female sexual
dysfunction and urinary incontinence [104]. Finally, in a study
by da Silva et al [105], young persons with T1D and increased
risk for cardiovascular disease presented greater parasympathetic
autonomic dysfunction, whereas a study by Christensen et al
[106] suggested that sudomotor function was associated with
diabetic peripheral neuropathy and could be used as a diagnostic
tool for these complications.

Risk for Long-term Complications

The quality of glucose control is an uncontroversial marker of
the risk of long-term complications. Of the 77 studies, 8 (10%)
studies explored the relationship between features of the cardiac
and cardiorespiratory function and the quality of glucose control
such that their findings could be useful in developing tools for
complication risk assessment (Table S8 in Multimedia Appendix
4). Higher levels of HbA1c were shown to correlate with lower
HRV levels and higher CAN prevalence [107,108]. A study by
Guan et al [109] showed that people with higher HbA1c levels
displayed an impaired autonomic response to stress, including
a greater change in the HF component of their HRV, whereas
Stern et al [110] showed that the QTc interval in persons with
T1D correlated with HbA1c and autonomic function. Glucose
variability has been shown to correlate with CAN [111] but not
with the loss of nocturnal lowering (ie, nondipping) of blood
pressure [112]. Similarly, an association between HbA1c and
HR dynamics, including the HR-to-performance curve, was
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demonstrated during cardiopulmonary exercise tests [113], as
well as an association between HbA1c and cardiorespiratory
fitness as assessed by the time to exhaustion and peak VO2

[114]. Finally, the study by Zabeen et al [13] showed that
glucose variability, independent of HbA1c, plays a role in the
development of risk for long-term complications, such as
retinopathy and neuropathy.

Summary

The evidence presented in the aforementioned studies indicates
that autonomic function and CAN could be continuously
assessed through wearable devices that provide HRV
monitoring. In such a case, the effects of factors such as time
of day, meals, exercise, sleep, and glycemic level, as well as
therapies for CAN, can be assessed. Moreover, it was shown
that autonomic and sudomotor functions could flag risks or
onset for a range of T1D long-term complications. Monitoring
autonomic function has the potential to complement measures
of overall glycemic control and glucose variability in optimizing
management to mitigate the risk of long-term complications.
Figure 5 summarizes these findings. The relationship found
between physiological parameters and quality of glucose control,
such as HbA1c or glucose variability, could also be used in the
formulation of AP cost functions. In all cases, further studies
are needed to investigate how to use the information harvested
by wearable sensors toward supporting the early recognition of
chronic T1D complications.

Discussion

Survey Findings
The data from many studies in this survey showed that a variety
of physiological parameters (1) can differentiate persons with
T1D from healthy control participants and (2) are associated
with aspects of glycemic control, in particular hypoglycemia,
and the presence of diabetes complications within cohorts of
persons with T1D.

The most explored physiological functions were cardiac
autonomic, cardiorespiratory control balance, and thermal
homeostasis. The survey identified that monitoring of
physiological parameters, such as HR, HRV, QTc, ESC,
baroreflex sensitivity, and VO2, as well as the autonomic,
cardiorespiratory, and thermal homeostasis functions, can be
used to identify differences between persons with T1D and

healthy control participants. The most pronounced differences
between the 2 populations were shown in aspects of cardiac
autonomic function, including parasympathetic activity, vagal
tone, and cardiac repolarization and depolarization.

With respect to noninvasive hypoglycemia prediction and
detection, physiological parameters of the ECG, including HR,
HRV, and QTc, have considerable potential to be leveraged.
Apart from hypoglycemia detection, these physiological
parameters, as well as ESC and ST, can be monitored in
conjunction with glucose to compensate for the deficiencies in
CGM, such as signal lag, which is vital to the enhancement of
AP development.

The screening of long-term T1D complications can also be
enhanced. The demonstrated relationship between CAN and
HRV paves the way for its continuous, and at-home, assessment.
Other complications such as retinopathy and diabetic peripheral
neuropathy were shown to relate to cardiac autonomic function
and CAN and their onset could be predicted through monitoring
of these functions.

Most of the studies discussed in this survey followed
conventional statistical analysis methods to assess the existence
of correlations in their measured data. ML methods have been
used in some studies for the recognition of hypoglycemia and
near-future glucose prediction [72-74,77-80].

Most of the surveyed studies used conventional devices;
however, the measurement of the above physiological
parameters can be performed with the 2020 commercially
available wearable, noninvasive sensors. Table 1 lists the
identified physiological functions and parameters, together with
examples of commercially available wearable sensors that can
monitor them today. Only a few studies found in this survey
used wearable sensors [64,66,77-82]. These studies mostly
focused on the detection of hypoglycemia, glucose prediction,
or improvement of CGM glucose measurement accuracy.

The existence of wearable technology that can perform this type
of physiological parameter monitoring is a crucial first step in
the confirmation of our survey hypothesis that wearables have
the potential to enhance T1D sensing with richer information
seamlessly and continuously toward improved daily
management decisions, and mitigation of complications. In view
of this potential, the challenges and perspectives of this endeavor
are discussed further below.
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Table 1. Identified physiological functions and parameters and examples of corresponding commercially available, wearable, noninvasive sensors.

Existing wearable devicesPhysiological parametersPhysiological functions

QardioCore and Apple watchHRa, HRVb (ECGc)Cardiac autonomic function

QardioCore and Apple watchQTd, QTce, T-wave (ECG)Cardiac repolarization

BIOPACBioimpedanceCardiac output

Garmin Forerunner 935, Fitbit Charge 2VO2
fEnergy expenditure

QardioCore, Apple watchECG, BPgBaroreflex sensitivity

KuduSmart monitorSweat rateSweat rate

Withings Pulse Ox; Garmin Fenix 6xSpO2
hOxygen saturation

Shimmer3 GSRj+ unitESCiSudomotor function

Tempatilumi CEBrazil; TIDA-00824 Texas Instruments (prototype)STkSkin temperature

aHR: heart rate.
bHRV: heart rate variability.
cECG: electrocardiogram.
dQT: time interval from the start of the Q-wave to the end of the T-wave in an electrocardiogram.
eQTc: QT corrected.
fVO2: oxygen uptake.
gBP: blood pressure.
hSpO2: oxygen saturation.
iESC: electrochemical skin conductance.
jGSR: galvanic skin response.
kST: skin temperature.

Wearable Sensors Versus Medical Grade Devices
An important parameter when considering the potential of
wearables is the quality of the generated data and the ability to
extract the required information from them. A clinical ECG
setup offers much higher accuracy than a wearable bracelet.
Wearable sensors must compromise accuracy for small size,
low cost, and high autonomy. Moreover, their default use
involves people undertaking daily activities, which introduce
motion artifacts and data corruption. Although in most of the
studies reported in this survey, the involved participants
followed a specified protocol under the supervision of a clinical
staff member, this condition cannot be guaranteed or controlled
in a daily life setting. To this end, a one-to-one comparison
between a medical grade device and its wearable counterpart
would always be an uneven battle. However, the claim of
wearable sensors is not to substitute medical grade devices but
rather to take up the space where the latter cannot be used; that
is, the space of at-home, daily life routine. This different use
case offers the following critical advantage over medical grade
devices: the massive generation of data [24].

Compared with a clinical study, a wearable monitoring scenario
produces vastly larger volumes of data over much longer periods
and during various conditions, such as sleep, physical activity,
eating, resting, stress, and working. Although wearables
compromise accuracy, they can offer a significantly better and
more representative coverage of a human life’s spectrum. The
big data return can compensate for data noise by leveraging
redundancies and information fusion coming from different

wearable sources. Long-term information, such as seasonality,
might be revealed, which would not be feasible for
short-duration clinical protocols. Finally, the possibility of
monitoring a large number of participants opens the potential
for population studies that are currently very difficult or very
costly to perform. At the same time, efforts for disease
management personalization can be significantly boosted by
the increase in data availability per user. To this end, the
usability of wearable sensors in health care should be considered
in light of their space of function, the added value that this space
can encompass, and the additional knowledge extraction
possibilities that follow from their much larger volume of
generated data.

In view of their high data quantity and complexity, wearable
devices usually require advanced processing techniques for the
harvesting of their data. Although classical signal processing
techniques may be sufficient for the extraction of the HRV or
QT interval from a medical grade ECG signal, ML strategies
may need to be used to perform the same task on ECG data
collected from a wearable device. At the same time, there is a
requirement for increasingly complex solutions to support
clinical judgment and decision-making to meet the current
medical and user demands. To this end, wearable-based
applications require a postsensing stage of complex data
processing to drive usable and viable solutions. The development
of processing techniques for information extraction and
decision-making based on data generated by wearable sensors
is a field that currently receives intensive attention and research.
This manifests itself in most of the studies that propose the use
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of wearables in health care, as discussed in the Introduction and
Results sections.

Impact of Existing Wearable, Noninvasive Sensors on
T1D
Despite the depth of research dedicated to the exploration of
relations between T1D and other physiological functions, only
a few studies found in this survey used wearable sensors. These
studies, although still small in number, support the contention
that off-the-shelf wearable devices could be readily used in T1D
interventions. However, the adoption of this technology in the
field is very slow. In addition to the data quality–related
challenges, the complex relationships between these biomarkers
and glucose regulation provide an additional hurdle. Further
research is required for the development of models and
simulations, design of treatment strategies for the inclusion of
new inputs, and finally, conduction of further clinical trials to
demonstrate the added clinical impact of the methods. Finally,
the strict safety constraints that need to be guaranteed during
the daily management of T1D render the validation of new
methods very demanding. In view of these challenges, publicly
available data sets have been released to support the research
output toward the development of data analytics tools to
incorporate information received by wearable devices into T1D
interventions [116,117].

In summary, the major challenges in the adoption of wearable
technology in the management of T1D and its complications
are as follows:

1. Data coming from wearables tend to be noisy, corrupted
by motion artifacts, and have lower accuracy than those
originating from medical devices.

2. The relationship between the parameters monitored with
wearables and glucose regulation is complex.

3. The strict safety constraints in the management of T1D
impose hard boundaries on the testing and validation of
new decision tools.

Benefits and Future Directions
Despite the hurdles, this survey makes the case that wearable
sensors have a significant potential to enhance the life of those
living with T1D. The identified links between physiological
parameters that wearables can monitor and T1D can be used to
augment the T1D sensing space and develop better management
tools. The continuous monitoring potential and the abundance
of generated data per person can assist in the personalization of
interventions. At the same time, wearable sensors that provide
seamless and noninvasive monitoring are expected to add a
minimum sensing burden compared with other types of sensors,
whereas the automation of management processes that today
require the cognitive effort of the persons living with T1D (eg,
insulin bolus calculation) or induce stress (eg, fear of
hypoglycemia) is expected to lead to better quality of life and
lower daily burden.

To harvest this potential, 2 main directions for future research
can be identified. First, advanced data processing strategies
need to be developed to extract the information obtained from
the data collected through wearable sensors. This research
direction is not specific to T1D, and T1D can profit from the

research outcomes of every field (health care or other), which
opts to use wearable sensors. Second, further simulations,
models, and clinical studies need to be conducted to support
the development of decision tools for T1D based on the data
collected through wearables. This direction is T1D-specific and
involves multidisciplinary collaboration among data scientists,
engineers, clinicians in the field, and persons with lived
experience of T1D.

Comparison With Previous Work
This survey aims to bridge on one side the large volume of
research dedicated to identifying correlations between T1D
glycemic control and complications with measurable
physiological functions and on the other side, the novel potential
of wearable technology in medical applications. The bulk of
existing work dedicated to wearable technology and T1D is
related to glucose sensing and omits other biomarkers that can
be readily and noninvasively monitored with the available
wearable sensors. To the authors’ knowledge, a survey that
explores the potential of wearable sensors in T1D has not been
conducted till date. This is the first attempt to bring the fields
of T1D and wearables together to highlight the potential of these
sensors in the daily management of this disease and the
mitigation of its long-term complications.

Survey Limitations
The main limitation of the survey was that the search was
conducted based on a list of wearable-enabled biomarkers
(Textbox 1), which may not be exhaustive. Additional
knowledge models related to wearables and T1D may exist that
were not identified. Moreover, the focus was only on
noninvasive sensors and did not consider minimally invasive
wearable technology, which can be another pathway to further
enhance T1D diagnosis and management. Similarly, the survey
focused only on wearable sensors and did not discuss
noninvasive, nonwearable devices, such as breath or saliva
sensors, which can also be highly advantageous in T1D (eg,
breath acetone sensing).

Conclusions
Considering the wearable sensor boom and its gradual adoption
in the health care domain, this survey aimed to investigate their
potential impact on T1D, a chronic disease that affects millions
of people worldwide and requires daily and costly management
and care. The survey search strategy targeted the discovery of
studies that examined the relationship between physiological
functions or conditions measurable by wearable sensors and
T1D. Our analysis showed that T1D greatly affects cardiac,
cardiorespiratory, and thermoregulatory functions, and its impact
can be readily observed through features of the ECG, such as
HRV, QT interval, and T-wave, as well as skin properties such
as ESC, temperature, and sweat profile. The effects of T1D on
these functions manifest themselves at rest, overnight, during
and after exercise, and during daily life activities. Importantly,
they can be leveraged to improve the prompt detection of
hypoglycemia, the efficiency of the AP, and the diagnosis of
CAN and other complications.

Commercially available wearable technology exists for
continuous, noninvasive monitoring of the above parameters.
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For the successful adoption of this technology in health care in
general, and T1D in particular, several challenges still need to
be resolved, such as issues related to motion artifacts and noise
removal, accurate extraction of the features of interest, and
development of decision algorithms for improved and safe

disease management. Current research efforts are working
toward advanced algorithmic solutions for the efficient
processing of massive amounts of data produced by wearable
sensors. Their promising results can pave the way for similar
endeavors for T1D.

 

Acknowledgments
This research was funded by and has been delivered in partnership with Our Health in Our Hands, a strategic initiative of the
Australian National University, which aims to transform health care by developing new personalized health technologies and
solutions in collaboration with patients, clinicians, and health care providers. The authors would like to thank Professor Matthew
Cook, Professor Antonio Tricoli, and Mr Chris Pugmire for their helpful comments and suggestions. We also thank the Our
Health in Our Hands Type 1 Diabetes Health Experience Team members with the lived experience of T1D for their insights and
suggestions.

Authors' Contributions
ED and HS were responsible for conceptualizing and conducting the study, as well as writing the original manuscript. Subsequently,
CJN, DON, NBS, MZH, and AP critically reviewed, commented, and revised the manuscript until its submission for a peer review
by JMIR. HS and CJN contributed to the oversight and leadership responsibilities for research activity planning, resourcing, and
execution.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Sensing in type 1 diabetes.
[DOCX File , 35 KB - jmir_v24i4e28901_app1.docx ]

Multimedia Appendix 2
Noninvasive wearable sensors in health care.
[DOCX File , 37 KB - jmir_v24i4e28901_app2.docx ]

Multimedia Appendix 3
Survey methodology.
[DOCX File , 34 KB - jmir_v24i4e28901_app3.docx ]

Multimedia Appendix 4
Summary of the studies included in the survey.
[DOCX File , 56 KB - jmir_v24i4e28901_app4.docx ]

References
1. Röder PV, Wu B, Liu Y, Han W. Pancreatic regulation of glucose homeostasis. Exp Mol Med 2016 Mar 11;48:e219. [doi:

10.1038/emm.2016.6] [Medline: 26964835]
2. Rorsman P, Braun M. Regulation of insulin secretion in human pancreatic islets. Annu Rev Physiol 2013;75:155-179. [doi:

10.1146/annurev-physiol-030212-183754] [Medline: 22974438]
3. Atkinson MA, Eisenbarth GS, Michels AW. Type 1 diabetes. Lancet 2014 Jan 04;383(9911):69-82 [FREE Full text] [doi:

10.1016/S0140-6736(13)60591-7] [Medline: 23890997]
4. Dhatariya KK, Glaser NS, Codner E, Umpierrez GE. Diabetic ketoacidosis. Nat Rev Dis Primers 2020 May 14;6(1):40.

[doi: 10.1038/s41572-020-0165-1] [Medline: 32409703]
5. Mortensen HB, Robertson K, Aanstoot H, Danne T, Holl R, Hougaard P, et al. Insulin management and metabolic control

of Type 1 diabetes mellitus in childhood and adolescence in 18 countries. Diabet Med 1998 Sep;15(9):752-759 [FREE Full
text] [doi: 10.1002/(sici)1096-9136(199809)15:9<752::aid-dia678>3.0.co;2-w]

6. Deshpande A, Harris-Hayes M, Schootman M. Epidemiology of diabetes and diabetes-related complications. Phys Ther
2008 Nov;88(11):1254-1264 [FREE Full text] [doi: 10.2522/ptj.20080020] [Medline: 18801858]

7. Cryer P, Davis S, Shamoon H. Hypoglycemia in diabetes. Diabet Care 2003 Jun;26(6):1902-1912 [FREE Full text] [doi:
10.2337/diacare.26.6.1902] [Medline: 12766131]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.66https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

jmir_v24i4e28901_app1.docx
jmir_v24i4e28901_app1.docx
jmir_v24i4e28901_app2.docx
jmir_v24i4e28901_app2.docx
jmir_v24i4e28901_app3.docx
jmir_v24i4e28901_app3.docx
jmir_v24i4e28901_app4.docx
jmir_v24i4e28901_app4.docx
http://dx.doi.org/10.1038/emm.2016.6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26964835&dopt=Abstract
http://dx.doi.org/10.1146/annurev-physiol-030212-183754
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22974438&dopt=Abstract
http://europepmc.org/abstract/MED/23890997
http://dx.doi.org/10.1016/S0140-6736(13)60591-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23890997&dopt=Abstract
http://dx.doi.org/10.1038/s41572-020-0165-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32409703&dopt=Abstract
https://doi.org/10.1002/(sici)1096-9136(199809)15:9%3C752::aid-dia678%3E3.0.co;2-w
https://doi.org/10.1002/(sici)1096-9136(199809)15:9%3C752::aid-dia678%3E3.0.co;2-w
http://dx.doi.org/10.1002/(sici)1096-9136(199809)15:9<752::aid-dia678>3.0.co;2-w
http://europepmc.org/abstract/MED/18801858
http://dx.doi.org/10.2522/ptj.20080020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18801858&dopt=Abstract
https://doi.org/10.2337/diacare.26.6.1902
http://dx.doi.org/10.2337/diacare.26.6.1902
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12766131&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


8. Gerich J, Mokan M, Veneman T, Korytkowski M, Mitrakou A. Hypoglycemia unawareness. Endocr Rev 1991
Nov;12(4):356-371 [FREE Full text] [doi: 10.1210/edrv-12-4-356] [Medline: 1760993]

9. Bissinger A. Cardiac autonomic neuropathy: why should cardiologists care about that? J Diabetes Res 2017;2017:5374176
[FREE Full text] [doi: 10.1155/2017/5374176] [Medline: 29214181]

10. Juvenile Diabetes Research Foundation. URL: https://jdrf.org.au/ [accessed 2022-02-15]
11. American Diabetes Association. URL: https://www.diabetes.org/ [accessed 2022-02-15]
12. Bergenstal RM, Tamborlane WV, Ahmann A, Buse JB, Dailey G, Davis SN, STAR 3 Study Group. Effectiveness of

sensor-augmented insulin-pump therapy in type 1 diabetes. N Engl J Med 2010 Jul 22;363(4):311-320. [doi:
10.1056/NEJMoa1002853] [Medline: 20587585]

13. Zabeen B, Craig M, Virk S, Pryke A, Chan A, Cho Y, et al. Insulin pump therapy is associated with lower rates of retinopathy
and peripheral nerve abnormality. PLoS One 2016;11(4):e0153033 [FREE Full text] [doi: 10.1371/journal.pone.0153033]
[Medline: 27050468]

14. McAuley SA, Lee MH, Paldus B, Vogrin S, de Bock MI, Abraham MB, Australian JDRF Closed-Loop Research Group.
Six months of hybrid closed-loop versus manual insulin delivery with fingerprick blood glucose monitoring in adults with
type 1 diabetes: a randomized, controlled trial. Diabet Care 2020 Dec;43(12):3024-3033. [doi: 10.2337/dc20-1447] [Medline:
33055139]

15. Boughton C, Hovorka R. The artificial pancreas. Curr Opin Organ Transplant 2020 Aug;25(4):336-342 [FREE Full text]
[doi: 10.1097/MOT.0000000000000786] [Medline: 32618719]

16. Kovatchev B. A century of diabetes technology: signals, models, and artificial pancreas control. Trends Endocrinol Metab
2019 Jul;30(7):432-444 [FREE Full text] [doi: 10.1016/j.tem.2019.04.008] [Medline: 31151733]

17. Schmelzeisen-Redeker G, Schoemaker M, Kirchsteiger H, Freckmann G, Heinemann L, Del Re L. Time delay of CGM
sensors: relevance, causes, and countermeasures. J Diabetes Sci Technol 2015 Aug 04;9(5):1006-1015 [FREE Full text]
[doi: 10.1177/1932296815590154] [Medline: 26243773]

18. Zaharieva DP, Turksoy K, McGaugh SM, Pooni R, Vienneau T, Ly T, et al. Lag time remains with newer real-time
continuous glucose monitoring technology during aerobic exercise in adults living with type 1 diabetes. Diabetes Technol
Ther 2019 Jun;21(6):313-321 [FREE Full text] [doi: 10.1089/dia.2018.0364] [Medline: 31059282]

19. Serhiyenko VA, Serhiyenko AA. Cardiac autonomic neuropathy: Risk factors, diagnosis and treatment. World J Diabet
2018 Jan 15;9(1):1-24 [FREE Full text] [doi: 10.4239/wjd.v9.i1.1] [Medline: 29359025]

20. Pop-Busui R. Cardiac autonomic neuropathy in diabetes: a clinical perspective. Diabet Care 2010 Feb;33(2):434-441 [FREE
Full text] [doi: 10.2337/dc09-1294] [Medline: 20103559]

21. Donsa K, Spat S, Beck P, Pieber T, Holzinger A. Towards personalization of diabetes therapy using computerized decision
support and machine learning: some open problems and challenges. In: Holzinger A, Röcker C, Ziefle M, editors. Smart
Health: Open Problems and Future Challenges. Cham: Springer; 2015:237-260.

22. Vinik AI, Maser RE, Mitchell BD, Freeman R. Diabetic autonomic neuropathy. Diabet Care 2003 May;26(5):1553-1579.
[doi: 10.2337/diacare.26.5.1553] [Medline: 12716821]

23. Brew-Sam N, Chhabra M, Parkinson A, Hannan K, Brown E, Pedley L, et al. Experiences of young people and their
caregivers of using technology to manage type 1 diabetes mellitus: systematic literature review and narrative synthesis.
JMIR Diabetes 2021 Feb 02;6(1):e20973 [FREE Full text] [doi: 10.2196/20973] [Medline: 33528374]

24. Gao W, Emaminejad S, Nyein H, Challa S, Chen K, Peck A, et al. Fully integrated wearable sensor arrays for multiplexed
in situ perspiration analysis. Nature 2016 Jan 28;529(7587):509-514 [FREE Full text] [doi: 10.1038/nature16521] [Medline:
26819044]

25. Industrial wearables market by device type (AR glasses, VR headsets, smartwatches, smart bands), industry (automotive,
aerospace, manufacturing, oil and gas, power and energy), component, and region - Global forecast to 2024. Research and
Markets. 2019. URL: https://tinyurl.com/bdedmmzd [accessed 2022-02-15]

26. Fernández-Caramés T, Fraga-Lamas P. Towards the internet-of-smart-clothing: a review on IoT wearables and garments
for creating intelligent connected e-textiles. Electronics 2018 Dec 07;7(12):405 [FREE Full text] [doi:
10.3390/electronics7120405]

27. Mehrang S, Pietilä J, Korhonen I. An activity recognition framework deploying the random forest classifier and a single
optical heart rate monitoring and triaxial accelerometerwrist-band. Sensors (Basel) 2018 Feb 22;18(2):613 [FREE Full text]
[doi: 10.3390/s18020613] [Medline: 29470385]

28. Rachim V, Chung W. Multimodal wrist biosensor for wearable cuff-less blood pressure monitoring system. Sci Rep 2019
May 28;9(1):7947 [FREE Full text] [doi: 10.1038/s41598-019-44348-3] [Medline: 31138845]

29. Witt D, Kellogg R, Snyder M, Dunn J. Windows into human health through wearables data analytics. Curr Opin Biomed
Eng 2019 Mar;9:28-46 [FREE Full text] [doi: 10.1016/j.cobme.2019.01.001] [Medline: 31832566]

30. Haghi M, Thurow K, Stoll R. Wearable devices in medical internet of things: scientific research and commercially available
devices. Healthc Inform Res 2017 Jan;23(1):4-15 [FREE Full text] [doi: 10.4258/hir.2017.23.1.4] [Medline: 28261526]

31. Song Y, Tan Y, Song Y, Wu P, Cheng J, Kim M, et al. Spatial and temporal variations of spatial population accessibility
to public hospitals: a case study of rural–urban comparison. GIScience Remote Sens 2018 Mar 15;55(5):718-744 [FREE
Full text] [doi: 10.1080/15481603.2018.1446713]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.67https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://doi.org/10.1210/edrv-12-4-356
http://dx.doi.org/10.1210/edrv-12-4-356
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1760993&dopt=Abstract
https://doi.org/10.1155/2017/5374176
http://dx.doi.org/10.1155/2017/5374176
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29214181&dopt=Abstract
https://jdrf.org.au/
https://www.diabetes.org/
http://dx.doi.org/10.1056/NEJMoa1002853
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20587585&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0153033
http://dx.doi.org/10.1371/journal.pone.0153033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27050468&dopt=Abstract
http://dx.doi.org/10.2337/dc20-1447
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33055139&dopt=Abstract
https://doi.org/10.1097/mot.0000000000000786
http://dx.doi.org/10.1097/MOT.0000000000000786
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32618719&dopt=Abstract
https://doi.org/10.1016/j.tem.2019.04.008
http://dx.doi.org/10.1016/j.tem.2019.04.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31151733&dopt=Abstract
http://europepmc.org/abstract/MED/26243773
http://dx.doi.org/10.1177/1932296815590154
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26243773&dopt=Abstract
http://europepmc.org/abstract/MED/31059282
http://dx.doi.org/10.1089/dia.2018.0364
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31059282&dopt=Abstract
https://www.wjgnet.com/1948-9358/full/v9/i1/1.htm
http://dx.doi.org/10.4239/wjd.v9.i1.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29359025&dopt=Abstract
http://europepmc.org/abstract/MED/20103559
http://europepmc.org/abstract/MED/20103559
http://dx.doi.org/10.2337/dc09-1294
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20103559&dopt=Abstract
http://dx.doi.org/10.2337/diacare.26.5.1553
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12716821&dopt=Abstract
https://diabetes.jmir.org/2021/1/e20973/
http://dx.doi.org/10.2196/20973
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33528374&dopt=Abstract
http://europepmc.org/abstract/MED/26819044
http://dx.doi.org/10.1038/nature16521
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26819044&dopt=Abstract
https://tinyurl.com/bdedmmzd
https://doi.org/10.3390/electronics7120405
http://dx.doi.org/10.3390/electronics7120405
https://www.mdpi.com/resolver?pii=s18020613
http://dx.doi.org/10.3390/s18020613
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29470385&dopt=Abstract
https://doi.org/10.1038/s41598-019-44348-3
http://dx.doi.org/10.1038/s41598-019-44348-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31138845&dopt=Abstract
http://europepmc.org/abstract/MED/31832566
http://dx.doi.org/10.1016/j.cobme.2019.01.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31832566&dopt=Abstract
https://www.e-hir.org/DOIx.php?id=10.4258/hir.2017.23.1.4
http://dx.doi.org/10.4258/hir.2017.23.1.4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28261526&dopt=Abstract
https://doi.org/10.1080/15481603.2018.1446713
https://doi.org/10.1080/15481603.2018.1446713
http://dx.doi.org/10.1080/15481603.2018.1446713
http://www.w3.org/Style/XSL
http://www.renderx.com/


32. Airaksinen M, Räsänen O, Ilén E, Häyrinen T, Kivi A, Marchi V, et al. Automatic posture and movement tracking of infants
with wearable movement sensors. Sci Rep 2020 Jan 13;10(1):169-113 [FREE Full text] [doi: 10.1038/s41598-019-56862-5]
[Medline: 31932616]

33. Inan OT, Baran Pouyan M, Javaid AQ, Dowling S, Etemadi M, Dorier A, et al. Novel wearable seismocardiography and
machine learning algorithms can assess clinical status of heart failure patients. Circ Heart Fail 2018 Jan;11(1):e004313
[FREE Full text] [doi: 10.1161/circheartfailure.117.004313]

34. Yin H, Jha N. A health decision support system for disease diagnosis based on wearable medical sensors and machine
learning ensembles. IEEE Trans Multi-Scale Comp Syst 2017 Oct 1;3(4):228-241 [FREE Full text] [doi:
10.1109/tmscs.2017.2710194]

35. Izmailova E, Wagner J, Perakslis E. Wearable devices in clinical trials: hype and hypothesis. Clin Pharmacol Ther 2018
Jul;104(1):42-52 [FREE Full text] [doi: 10.1002/cpt.966] [Medline: 29205294]

36. Yavelberg L, Zaharieva D, Cinar A, Riddell M, Jamnik V. A pilot study validating select research-grade and consumer-based
wearables throughout a range of dynamic exercise intensities in persons with and without type 1 diabetes: a novel approach.
J Diabetes Sci Technol 2018 May;12(3):569-576 [FREE Full text] [doi: 10.1177/1932296817750401] [Medline: 29320885]

37. Castle JR, El Youssef J, Wilson LM, Reddy R, Resalat N, Branigan D, et al. Randomized outpatient trial of single- and
dual-hormone closed-loop systems that adapt to exercise using wearable sensors. Diabet Care 2018 Jul;41(7):1471-1477
[FREE Full text] [doi: 10.2337/dc18-0228] [Medline: 29752345]

38. Liberati A, Altman D, Tetzlaff J, Mulrow C, Gøtzsche PC, Ioannidis J, et al. The PRISMA statement for reporting systematic
reviews and meta-analyses of studies that evaluate health care interventions: explanation and elaboration. PLoS Med 2009
Jul 21;6(7):e1000100 [FREE Full text] [doi: 10.1371/journal.pmed.1000100] [Medline: 19621070]

39. Wilson LC, Peebles KC, Hoye NA, Manning P, Sheat C, Williams MJA, et al. Resting heart rate variability and exercise
capacity in Type 1 diabetes. Physiol Rep 2017 Apr;5(8) [FREE Full text] [doi: 10.14814/phy2.13248] [Medline: 28420762]

40. Metwalley K, Hamed S, Farghaly H. Cardiac autonomic function in children with type 1 diabetes. Eur J Pediatr 2018
Jun;177(6):805-813 [FREE Full text] [doi: 10.1007/s00431-018-3122-1] [Medline: 29500542]

41. Silva AK, Christofaro DG, Bernardo AF, Vanderlei FM, Vanderlei LC. Sensitivity, specificity and predictive value of heart
rate variability indices in type 1 diabetes mellitus. Arq Bras Cardiol 2017 Mar;108(3):255-262 [FREE Full text] [doi:
10.5935/abc.20170024] [Medline: 28443958]

42. Ribeiro IJ, Pereira R, Neto PF, Freire I, Casotti C, Reis MG. Relationship between diabetes mellitus and heart rate variability
in community-dwelling elders. Medicina (Kaunas) 2017;53(6):375-379 [FREE Full text] [doi: 10.1016/j.medici.2017.12.001]
[Medline: 29428337]

43. Giacon TR, Vanderlei FM, Christofaro DG, Vanderlei LC. Impact of diabetes type 1 in children on autonomic modulation
at rest and in response to the active orthostatic test. PLoS One 2016;11(10):e0164375 [FREE Full text] [doi:
10.1371/journal.pone.0164375] [Medline: 27788152]

44. Souza NM, Giacon TR, Pacagnelli FL, Barbosa MP, Valenti VE, Vanderlei LC. Dynamics of heart rate variability analysed
through nonlinear and linear dynamics is already impaired in young type 1 diabetic subjects. Cardiol Young 2016
Oct;26(7):1383-1390. [doi: 10.1017/S104795111500270X] [Medline: 26838682]

45. Oliveira EA, Silva AK, Christofaro DG, Vanzella LM, Gomes RL, Vanderlei FM, et al. Influence of type 1 diabetes on the
symbolic analysis and complexity of heart rate variability in young adults. Arq Bras Cardiol 2018 Jul;111(1):94-101 [FREE
Full text] [doi: 10.5935/abc.20180117] [Medline: 30020326]

46. Garner D, Souza ND, Vanderlei L. Heart rate variability analysis: higuchi and katz's fractal dimensions in subjects with
type 1 diabetes mellitus. Romanian J Diabetes Nutr Metab Dis 2018;25(3):289-295. [doi: 10.2478/rjdnmd-2018-0034]

47. Giacon TR, Vanderlei FM, Silva AK, Silva NT, Valenti VE, Vanderlei LC. Influence of diabetes on autonomic function
in children: analysis through the geometric indices. J Hum Growth Dev 2016 Apr 28;26(1):81 [FREE Full text] [doi:
10.7322/jhgd.113728]

48. Leite D, Reis J, De BL, Pires W, Deresz L, Guimarães J. Physical inactivity is associated with reduced heart rate variability
in exercising eutrophic, type 1 diabetic and obese children. J Phys Educ Sport 2019:350 [FREE Full text]

49. Macartney M, Notley S, Herry C, Seely A, Sigal R, Kenny G. Cardiac autonomic modulation in type 1 diabetes during
exercise-heat stress. Acta Diabetol 2020 Aug;57(8):959-963 [FREE Full text] [doi: 10.1007/s00592-020-01505-9] [Medline:
32144491]

50. Brock C, Jessen N, Brock B, Jakobsen P, Hansen T, Rantanen J, et al. Cardiac vagal tone, a non-invasive measure of
parasympathetic tone, is a clinically relevant tool in Type 1 diabetes mellitus. Diabet Med 2017 Oct;34(10):1428-1434
[FREE Full text] [doi: 10.1111/dme.13421] [Medline: 28703868]

51. Isaksen J, Graff C, Ellervik C, Jensen J, Rossing P, Kanters J, et al. Cardiac repolarization and depolarization in people
with Type 1 diabetes with normal ejection fraction and without known heart disease: a case-control study. Diabet Med
2018 Oct;35(10):1337-1344 [FREE Full text] [doi: 10.1111/dme.13689] [Medline: 29797352]

52. Inanır M, Gunes Y, Sincer I, Erdal E. Evaluation of electrocardiographic ventricular depolarization and repolarization
variables in type 1 diabetes mellitus. Arq Bras Cardiol 2020 Feb;114(2):275-280 [FREE Full text] [doi:
10.36660/abc.20180343] [Medline: 32215498]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.68https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://doi.org/10.1038/s41598-019-56862-5
http://dx.doi.org/10.1038/s41598-019-56862-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31932616&dopt=Abstract
https://doi.org/10.1161/circheartfailure.117.004313
http://dx.doi.org/10.1161/circheartfailure.117.004313
https://doi.org/10.1109/tmscs.2017.2710194
http://dx.doi.org/10.1109/tmscs.2017.2710194
http://europepmc.org/abstract/MED/29205294
http://dx.doi.org/10.1002/cpt.966
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29205294&dopt=Abstract
http://europepmc.org/abstract/MED/29320885
http://dx.doi.org/10.1177/1932296817750401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29320885&dopt=Abstract
http://europepmc.org/abstract/MED/29752345
http://dx.doi.org/10.2337/dc18-0228
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29752345&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1000100
http://dx.doi.org/10.1371/journal.pmed.1000100
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19621070&dopt=Abstract
https://doi.org/10.14814/phy2.13248
http://dx.doi.org/10.14814/phy2.13248
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28420762&dopt=Abstract
https://doi.org/10.1007/s00431-018-3122-1
http://dx.doi.org/10.1007/s00431-018-3122-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29500542&dopt=Abstract
https://www.scielo.br/scielo.php?script=sci_arttext&pid=S0066-782X2017000300255&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.5935/abc.20170024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28443958&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1010-660X(18)30004-1
http://dx.doi.org/10.1016/j.medici.2017.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29428337&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0164375
http://dx.doi.org/10.1371/journal.pone.0164375
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27788152&dopt=Abstract
http://dx.doi.org/10.1017/S104795111500270X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26838682&dopt=Abstract
https://www.scielo.br/scielo.php?script=sci_arttext&pid=S0066-782X2018005009102&lng=en&nrm=iso&tlng=en
https://www.scielo.br/scielo.php?script=sci_arttext&pid=S0066-782X2018005009102&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.5935/abc.20180117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30020326&dopt=Abstract
http://dx.doi.org/10.2478/rjdnmd-2018-0034
https://doi.org/10.7322/jhgd.113728
http://dx.doi.org/10.7322/jhgd.113728
https://doi.org/10.7752/jpes.2019.s2052
https://doi.org/10.1007/s00592-020-01505-9
http://dx.doi.org/10.1007/s00592-020-01505-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32144491&dopt=Abstract
https://doi.org/10.1111/dme.13421
http://dx.doi.org/10.1111/dme.13421
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28703868&dopt=Abstract
https://doi.org/10.1111/dme.13689
http://dx.doi.org/10.1111/dme.13689
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29797352&dopt=Abstract
https://www.scielo.br/scielo.php?script=sci_arttext&pid=S0066-782X2020000200275&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.36660/abc.20180343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32215498&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


53. Isaksen JL, Graff C, Ellervik C, Jensen JS, Andersen HU, Rossing P, et al. Type 1 diabetes is associated with T-wave
morphology changes. The Thousand and 1 study. J Electrocardiol 2018 Dec;51(6S):72-77. [doi:
10.1016/j.jelectrocard.2018.05.015] [Medline: 30007776]

54. Moser O, Tschakert G, Mueller A, Groeschl W, Eckstein M, Koehler G, et al. Different heart rate patterns during
cardio-pulmonary exercise (CPX) testing in individuals with type 1 diabetes. Front Endocrinol (Lausanne) 2018;9:585
[FREE Full text] [doi: 10.3389/fendo.2018.00585] [Medline: 30333794]

55. Bianchi L, Porta C, Rinaldi A, Gazzaruso C, Fratino P, DeCata P, et al. Integrated cardiovascular/respiratory control in
type 1 diabetes evidences functional imbalance: possible role of hypoxia. Int J Cardiol 2017 Oct 01;244:254-259 [FREE
Full text] [doi: 10.1016/j.ijcard.2017.06.047] [Medline: 28666602]

56. Turinese I, Marinelli P, Bonini M, Rossetti M, Statuto G, Filardi T, et al. "Metabolic and cardiovascular response to exercise
in patients with type 1 diabetes". J Endocrinol Invest 2017 Sep;40(9):999-1005. [doi: 10.1007/s40618-017-0670-6] [Medline:
28386795]

57. Röhling M, Strom A, Bönhof G, Püttgen S, Bódis K, Müssig K, German Diabetes Study Group. Differential patterns of
impaired cardiorespiratory fitness and cardiac autonomic dysfunction in recently diagnosed type 1 and type 2 diabetes.
Diabet Care 2017 Feb;40(2):246-252. [doi: 10.2337/dc16-1898] [Medline: 27899499]

58. Mourot L, Fornasiero A, Rakobowchuk M, Skafidas S, Brighenti A, Stella F, et al. Similar cardiovascular and autonomic
responses in trained type 1 diabetes mellitus and healthy participants in response to half marathon. Diabetes Res Clin Pract
2020 Feb;160:107995 [FREE Full text] [doi: 10.1016/j.diabres.2019.107995] [Medline: 31901470]

59. Francescato M, Ajčević M, Stella A, Accardo A. Modeling of carbohydrates oxidation rate during exercise in type 1
highly-trained diabetic patients. In: Proceedings of the XV Mediterranean Conference on Medical and Biological Engineering
and Computing – MEDICON 2019. 2019 Presented at: XV Mediterranean Conference on Medical and Biological Engineering
and Computing – MEDICON 2019; September 26-28, 2019; Coimbra, Portugal p. 559-566 URL: https://doi.org/10.1007/
978-3-030-31635-8_67 [doi: 10.1007/978-3-030-31635-8_67]

60. Nascimento M, Espindola C, do Prado C, Amarins M, Potenza A, Pacheco L, et al. Type 1 diabetes does not impair the
physical capacity of non-sedentary adolescents. Diabetol Metab Syndr 2017;9:100 [FREE Full text] [doi:
10.1186/s13098-017-0300-7] [Medline: 29259658]

61. Ansell S, Jester M, Tryggestad J, Short K. A pilot study of the effects of a high-intensity aerobic exercise session on heart
rate variability and arterial compliance in adolescents with or without type 1 diabetes. Pediatr Diabetes 2020
May;21(3):486-495 [FREE Full text] [doi: 10.1111/pedi.12983] [Medline: 31951305]

62. Gandecka A, Araszkiewicz A, Piłaciński S, Wierusz-Wysocka B, Zozulińska-Ziółkiewicz D. Evaluation of sudomotor
function in adult patients with long-lasting type 1 diabetes. Pol Arch Intern Med 2017 Jan 10;127(1):16-24 [FREE Full
text] [doi: 10.20452/pamw.3884] [Medline: 28075427]

63. Fujii N, Dervis S, Sigal RJ, Kenny GP. Type 1 diabetes modulates cyclooxygenase- and nitric oxide-dependent mechanisms
governing sweating but not cutaneous vasodilation during exercise in the heat. Am J Physiol Regul Integr Comp Physiol
2016 Dec 01;311(6):1076-1084 [FREE Full text] [doi: 10.1152/ajpregu.00376.2016] [Medline: 27733388]

64. Barone MT, Gonçalves B, Menna-Barreto L. Peripheral body temperature impairment in individuals with type 1 diabetes
mellitus. Sleep Sci 2018;11(3):137-140 [FREE Full text] [doi: 10.5935/1984-0063.20180026] [Medline: 30455844]

65. Silva TP, Rolim LC, Filho CS, Zimmermann LM, Malerbi F, Dib SA. Association between severity of hypoglycemia and
loss of heart rate variability in patients with type 1 diabetes mellitus. Diabetes Metab Res Rev 2017 Feb;33(2). [doi:
10.1002/dmrr.2830] [Medline: 27239809]

66. Olde Bekkink M, Koeneman M, de Galan BE, Bredie SJ. Early detection of hypoglycemia in type 1 diabetes using heart
rate variability measured by a wearable device. Diabet Care 2019 Apr;42(4):689-692. [doi: 10.2337/dc18-1843] [Medline:
30877089]

67. Pertseva N, Tyshchenko I, Moshenets K. The influence of glycemic control on heart rate variability and blood pressure in
adult patients with the type 1 diabetes. Romanian J Diabetes Nutr Metab Dis 2018:67-75 [FREE Full text] [doi:
10.2478/rjdnmd-2018-0007]

68. Koivikko ML, Kenttä T, Salmela PI, Huikuri HV, Perkiömäki JS. Changes in cardiac repolarisation during spontaneous
nocturnal hypoglycaemia in subjects with type 1 diabetes: a preliminary report. Acta Diabetol 2017 Mar;54(3):251-256.
[doi: 10.1007/s00592-016-0941-2] [Medline: 27933514]

69. Novodvorsky P, Bernjak A, Chow E, Iqbal A, Sellors L, Williams S, et al. Diurnal differences in risk of cardiac arrhythmias
during spontaneous hypoglycemia in young people with type 1 diabetes. Diabet Care 2017 May;40(5):655-662. [doi:
10.2337/dc16-2177] [Medline: 28213374]

70. Alimova I, Demyanenko A. Functional condition of the cardiovascular system in children with type 1 diabetes depending
on the level of glycemia. Ross Vestn Perinatol Pediatr 2018 Nov 20;63(5):69-74 [FREE Full text] [doi:
10.21508/1027-4065-2018-63-5-69-74]

71. Cichosz S, Frystyk J, Tarnow L, Fleischer J. Are changes in heart rate variability during hypoglycemia confounded by the
presence of cardiovascular autonomic neuropathy in patients with diabetes? Diabetes Technol Ther 2017 Feb 1;19(2):91-95
[FREE Full text] [doi: 10.1089/dia.2016.0342] [Medline: 28118049]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.69https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.jelectrocard.2018.05.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30007776&dopt=Abstract
https://doi.org/10.3389/fendo.2018.00585
http://dx.doi.org/10.3389/fendo.2018.00585
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30333794&dopt=Abstract
https://doi.org/10.1016/j.ijcard.2017.06.047
https://doi.org/10.1016/j.ijcard.2017.06.047
http://dx.doi.org/10.1016/j.ijcard.2017.06.047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28666602&dopt=Abstract
http://dx.doi.org/10.1007/s40618-017-0670-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28386795&dopt=Abstract
http://dx.doi.org/10.2337/dc16-1898
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27899499&dopt=Abstract
https://doi.org/10.1016/j.diabres.2019.107995
http://dx.doi.org/10.1016/j.diabres.2019.107995
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31901470&dopt=Abstract
https://doi.org/10.1007/978-3-030-31635-8_67
https://doi.org/10.1007/978-3-030-31635-8_67
http://dx.doi.org/10.1007/978-3-030-31635-8_67
https://dmsjournal.biomedcentral.com/articles/10.1186/s13098-017-0300-7
http://dx.doi.org/10.1186/s13098-017-0300-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29259658&dopt=Abstract
https://doi.org/10.1111/pedi.12983
http://dx.doi.org/10.1111/pedi.12983
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31951305&dopt=Abstract
https://pamw.pl/en/issue/article/28075427
https://pamw.pl/en/issue/article/28075427
http://dx.doi.org/10.20452/pamw.3884
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28075427&dopt=Abstract
https://journals.physiology.org/doi/10.1152/ajpregu.00376.2016?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1152/ajpregu.00376.2016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27733388&dopt=Abstract
http://europepmc.org/abstract/MED/30455844
http://dx.doi.org/10.5935/1984-0063.20180026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30455844&dopt=Abstract
http://dx.doi.org/10.1002/dmrr.2830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27239809&dopt=Abstract
http://dx.doi.org/10.2337/dc18-1843
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30877089&dopt=Abstract
https://doi.org/10.2478/rjdnmd-2018-0007
http://dx.doi.org/10.2478/rjdnmd-2018-0007
http://dx.doi.org/10.1007/s00592-016-0941-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27933514&dopt=Abstract
http://dx.doi.org/10.2337/dc16-2177
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28213374&dopt=Abstract
https://doi.org/10.21508/1027-4065-2018-63-5-69-74
http://dx.doi.org/10.21508/1027-4065-2018-63-5-69-74
https://doi.org/10.1089/dia.2016.0342
http://dx.doi.org/10.1089/dia.2016.0342
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28118049&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


72. Ling S, San P, Nguyen H. Non-invasive hypoglycemia monitoring system using extreme learning machine for Type 1
diabetes. ISA Trans 2016 Sep;64:440-446 [FREE Full text] [doi: 10.1016/j.isatra.2016.05.008] [Medline: 27311357]

73. San PP, Ling SH, Nguyen HT. Deep learning framework for detection of hypoglycemic episodes in children with type 1
diabetes. In: Proceedings of the 38th Annual International Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC). 2016 Presented at: 38th Annual International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC); Aug. 16-20, 2016; Orlando, FL, USA p. 3503-3506 URL: https://doi.org/10.1109/embc.2016.
7591483 [doi: 10.1109/embc.2016.7591483]

74. Ling S, San P, Lam H, Nguyen H. Hypoglycemia detection: multiple regression-based combinational neural logic approach.
Soft Comput 2015 Jul 25;21(2):543-553 [FREE Full text] [doi: 10.1007/s00500-015-1809-z]

75. Elvebakk O, Tronstad C, Birkeland K, Jenssen T, Bjørgaas MR, Frøslie KF, et al. Evaluation of hypoglycaemia with
non-invasive sensors in people with type 1 diabetes and impaired awareness of hypoglycaemia. Sci Rep 2018 Oct
03;8(1):14722 [FREE Full text] [doi: 10.1038/s41598-018-33189-1] [Medline: 30283093]

76. Elvebakk O, Tronstad C, Birkeland KI, Jenssen TG, Bjørgaas MR, Gulseth HL, Martinsen. A multiparameter model for
non-invasive detection of hypoglycemia. Physiol Meas 2019 Sep 03;40(8):085004 [FREE Full text] [doi:
10.1088/1361-6579/ab3676] [Medline: 31357185]

77. Reddy R, Resalat N, Wilson LM, Castle JR, El Youssef J, Jacobs PG. Prediction of hypoglycemia during aerobic exercise
in adults with type 1 diabetes. J Diabetes Sci Technol 2019 Sep;13(5):919-927 [FREE Full text] [doi:
10.1177/1932296818823792] [Medline: 30650997]

78. Rodríguez-Rodríguez I, Rodríguez J, González-Vidal A, Zamora M. Feature selection for blood glucose level prediction
in type 1 diabetes mellitus by using the sequential input selection algorithm (SISAL). Symmetry 2019 Sep 14;11(9):1164
[FREE Full text] [doi: 10.3390/sym11091164]

79. Hobbs N, Hajizadeh I, Rashid M, Turksoy K, Breton M, Cinar A. Improving glucose prediction accuracy in physically
active adolescents with type 1 diabetes. J Diabetes Sci Technol 2019 Jul;13(4):718-727 [FREE Full text] [doi:
10.1177/1932296818820550] [Medline: 30654648]

80. Mirshekarian S, Shen H, Bunescu R, Marling C. LSTMs and neural attention models for blood glucose prediction: comparative
experiments on real and synthetic data. In: Proceedings of the 41st Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC). 2019 Presented at: 41st Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC); July 23-27, 2019; Berlin, Germany p. 706-712 URL: https://doi.org/10.1109/
embc.2019.8856940 [doi: 10.1109/embc.2019.8856940]

81. Laguna Sanz AJ, Díez JL, Giménez M, Bondia J. Enhanced Accuracy of Continuous Glucose Monitoring during Exercise
through Physical Activity Tracking Integration. Sensors (Basel) 2019 Aug 30;19(17) [FREE Full text] [doi:
10.3390/s19173757] [Medline: 31480343]

82. Turksoy K, Monforti C, Park M, Griffith G, Quinn L, Cinar A. Use of wearable sensors and biometric variables in an
artificial pancreas system. Sensors (Basel) 2017 Mar 07;17(3) [FREE Full text] [doi: 10.3390/s17030532] [Medline:
28272368]

83. Rothberg L, Lees T, Clifton-Bligh R, Lal S. Association between heart rate variability measures and blood glucose levels:
implications for noninvasive glucose monitoring for diabetes. Diabetes Technol Ther 2016:366-376 [FREE Full text] [doi:
10.1089/dia.2016.0010]

84. Carricarte Naranjo C, Sanchez-Rodriguez LM, Martínez MB, Báez ME, García AM. Permutation entropy analysis of heart
rate variability for the assessment of cardiovascular autonomic neuropathy in type 1 diabetes mellitus. Comput Biol Med
2017 Jul 01;86:90-97. [doi: 10.1016/j.compbiomed.2017.05.003] [Medline: 28527351]

85. Razanskaite-Virbickiene D, Danyte E, Mockeviciene G, Dobrovolskiene R, Verkauskiene R, Zalinkevicius R. Can coefficient
of variation of time-domain analysis be valuable for detecting cardiovascular autonomic neuropathy in young patients with
type 1 diabetes: a case control study. BMC Cardiovasc Disord 2017 Jan 19;17(1):34 [FREE Full text] [doi:
10.1186/s12872-016-0467-0] [Medline: 28103812]

86. Pan Q, Li Q, Deng W, Zhao D, Qi L, Huang W, et al. Prevalence and diagnosis of diabetic cardiovascular autonomic
neuropathy in Beijing, China: a retrospective multicenter clinical study. Front Neurosci 2019;13:1144 [FREE Full text]
[doi: 10.3389/fnins.2019.01144] [Medline: 31708736]

87. Carricarte-Naranjo C, Cornforth D, Sanchez-Rodriguez L, Brown M, Estévez M, Machado A, et al. Rényi and permutation
entropy analysis for assessment of cardiac autonomic neuropathy. In: Proceedings of the European Medical and Biological
Engineering Conference. 2020 Presented at: European Medical and Biological Engineering Conference; November 29 -
December 3, 2020; Portorož, Slovenia p. 755-758 URL: https://doi.org/10.1007/978-981-10-5122-7_189 [doi:
10.1007/978-981-10-5122-7_189]

88. Kane P, Larsen P, Wiltshire E. Early identification of cardiac autonomic neuropathy using complexity analysis in children
with type 1 diabetes. J Paediatr Child Health 2020 May;56(5):786-790. [doi: 10.1111/jpc.14745] [Medline: 31883287]

89. Silva A, Christofaro D, Vanderlei F, Barbosa M, Garner D, Vanderlei L. Association of cardiac autonomic modulation
with physical and clinical features of young people with type 1 diabetes. Cardiol Young 2016 Mar 16;27(1):37-45 [FREE
Full text] [doi: 10.1017/s1047951116000044]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.70https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://doi.org/10.1016/j.isatra.2016.05.008
http://dx.doi.org/10.1016/j.isatra.2016.05.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27311357&dopt=Abstract
https://doi.org/10.1109/embc.2016.7591483
https://doi.org/10.1109/embc.2016.7591483
http://dx.doi.org/10.1109/embc.2016.7591483
https://doi.org/10.1007/s00500-015-1809-z
http://dx.doi.org/10.1007/s00500-015-1809-z
https://doi.org/10.1038/s41598-018-33189-1
http://dx.doi.org/10.1038/s41598-018-33189-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30283093&dopt=Abstract
https://doi.org/10.1088/1361-6579/ab3676
http://dx.doi.org/10.1088/1361-6579/ab3676
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31357185&dopt=Abstract
http://europepmc.org/abstract/MED/30650997
http://dx.doi.org/10.1177/1932296818823792
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30650997&dopt=Abstract
https://doi.org/10.3390/sym11091164
http://dx.doi.org/10.3390/sym11091164
http://europepmc.org/abstract/MED/30654648
http://dx.doi.org/10.1177/1932296818820550
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30654648&dopt=Abstract
https://doi.org/10.1109/embc.2019.8856940
https://doi.org/10.1109/embc.2019.8856940
http://dx.doi.org/10.1109/embc.2019.8856940
https://www.mdpi.com/resolver?pii=s19173757
http://dx.doi.org/10.3390/s19173757
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31480343&dopt=Abstract
https://www.mdpi.com/resolver?pii=s17030532
http://dx.doi.org/10.3390/s17030532
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28272368&dopt=Abstract
https://doi.org/10.1089/dia.2016.0010
http://dx.doi.org/10.1089/dia.2016.0010
http://dx.doi.org/10.1016/j.compbiomed.2017.05.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28527351&dopt=Abstract
https://bmccardiovascdisord.biomedcentral.com/articles/10.1186/s12872-016-0467-0
http://dx.doi.org/10.1186/s12872-016-0467-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28103812&dopt=Abstract
https://doi.org/10.3389/fnins.2019.01144
http://dx.doi.org/10.3389/fnins.2019.01144
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31708736&dopt=Abstract
https://doi.org/10.1007/978-981-10-5122-7_189
http://dx.doi.org/10.1007/978-981-10-5122-7_189
http://dx.doi.org/10.1111/jpc.14745
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31883287&dopt=Abstract
https://doi.org/10.1017/s1047951116000044
https://doi.org/10.1017/s1047951116000044
http://dx.doi.org/10.1017/s1047951116000044
http://www.w3.org/Style/XSL
http://www.renderx.com/


90. Niedzwiecki P, Naskret D, Pilacinski S, Pempera M, Uruska A, Adamska A, et al. The higher the insulin resistance the
lower the cardiac output in men with type 1 diabetes during the maximal exercise test. Metab Syndr Relat Disord 2017
Jun;15(5):252-257. [doi: 10.1089/met.2017.0007] [Medline: 28394194]

91. Ziegler D, Strom A, Bönhof G, Püttgen S, Bódis K, Burkart V, GDS group. Differential associations of lower cardiac vagal
tone with insulin resistance and insulin secretion in recently diagnosed type 1 and type 2 diabetes. Metabolism 2018
Feb;79:1-9 [FREE Full text] [doi: 10.1016/j.metabol.2017.10.013] [Medline: 29113812]

92. Bashir M, Ahluwalia H, Sayeed S, Kapoor R. A comparative study of anxiety levels and its relation with heart rate variability
(HRV) indices in adolescents with type 1 diabetes mellitus. Medeniyet Med J 2018;33 [FREE Full text] [doi:
10.5222/mmj.2018.13334]

93. Kristiansen E, Wanby P, Åkesson K, Blomstrand P, Brudin L, Thegerström J. Assessing heart rate variability in type 1
diabetes mellitus-psychosocial stress a possible confounder. Ann Noninvasive Electrocardiol 2020 Sep;25(5):e12760 [FREE
Full text] [doi: 10.1111/anec.12760] [Medline: 32353221]

94. Faulkner MS, Quinn L, Fritschi C, Tripp N, Hayat MJ. Heart rate variability and cardiorespiratory fitness in non-hispanic
black versus non-hispanic white adolescents with type 1 diabetes. J Cardiovasc Nurs 2019;34(5):372-379 [FREE Full text]
[doi: 10.1097/JCN.0000000000000590] [Medline: 31343621]

95. Ang L, Jaiswal M, Callaghan B, Raffel D, B Brown M, Pop-Busui R. Sudomotor dysfunction as a measure of small fiber
neuropathy in type 1 diabetes. Auton Neurosci 2017 Jul;205:87-92 [FREE Full text] [doi: 10.1016/j.autneu.2017.03.001]
[Medline: 28325598]

96. Riguetto C, Takano C, Admoni S, Parisi M, Giannella M, Pavin E, et al. Identification and performance of multiple clinical
and laboratorial risk factors for diagnosis of cardiac autonomic neuropathy in type 1 diabetes patients. J Diabetes Metab
Disord 2019 Dec;18(2):565-573 [FREE Full text] [doi: 10.1007/s40200-019-00467-2] [Medline: 31890683]

97. Duvnjak L, Tomić M, Blaslov K, Rebrina S. Autonomic nervous system function assessed by conventional and spectral
analysis might be useful in terms of predicting retinal deterioration in persons with type 1 diabetes mellitus. Diabetes Res
Clin Pract 2016 Jun;116:111-116. [doi: 10.1016/j.diabres.2016.04.042] [Medline: 27321325]

98. Pemp B, Palkovits S, Howorka K, Pumprla J, Sacu S, Garhöfer G, et al. Correlation of retinal neurodegeneration with
measures of peripheral autonomic neuropathy in type 1 diabetes. Acta Ophthalmol 2018 Nov;96(7):804-810 [FREE Full
text] [doi: 10.1111/aos.13733] [Medline: 29504257]

99. Mala S, Potockova V, Hoskovcova L, Pithova P, Brabec M, Kulhankova J, et al. Cardiac autonomic neuropathy may play
a role in pathogenesis of atherosclerosis in type 1 diabetes mellitus. Diabetes Res Clin Pract 2017 Dec;134:139-144 [FREE
Full text] [doi: 10.1016/j.diabres.2017.10.002] [Medline: 28993155]

100. Sekercioglu N, Lovblom LE, Bjornstad P, Lovshin JA, Lytvyn Y, Boulet G, et al. Risk factors for diabetic kidney disease
in adults with longstanding type 1 diabetes: results from the Canadian Study of Longevity in Diabetes. Ren Fail 2019
Nov;41(1):427-433 [FREE Full text] [doi: 10.1080/0886022X.2019.1614057] [Medline: 31162987]

101. Hansen CS, Theilade S, Lajer M, Hansen TW, Rossing P. Cardiovascular autonomic neuropathy and bone metabolism in
Type 1 diabetes. Diabet Med 2018 Nov;35(11):1596-1604. [doi: 10.1111/dme.13777] [Medline: 29999549]

102. Bulum T, Hrvoje P, Duvnjak L. Heart rate and blood pressure is associated with renal function in patients with type 1
diabetes in the absence of nephropathy and therapeutical interventions. Arter Hypertens 2019:30-34 [FREE Full text] [doi:
10.5603/ah.a2019.0001]

103. Lu L, Marcovecchio ML, Dalton RN, Dunger D. Cardiovascular autonomic dysfunction predicts increasing albumin
excretion in type 1 diabetes. Pediatr Diabetes 2018 May;19(3):464-469. [doi: 10.1111/pedi.12614] [Medline: 29171134]

104. Hotaling JM, Sarma AV, Patel DP, Braffett BH, Cleary PA, Feldman E, Diabetes Control and Complications
Trial/Epidemiology of Diabetes Interventions and Complications Research Group. Cardiovascular autonomic neuropathy,
sexual dysfunction, and urinary incontinence in women with type 1 diabetes. Diabet Care 2016 Sep;39(9):1587-1593 [FREE
Full text] [doi: 10.2337/dc16-0059] [Medline: 27352953]

105. da Silva AK, Christofaro DG, Vanzella LM, Vanderlei FM, Laurino MJ, Vanderlei LC. Relationship of the aggregation of
cardiovascular risk factors in the parasympathetic modulation of young people with type 1 diabetes. Medicina (Kaunas)
2019 Aug 26;55(9) [FREE Full text] [doi: 10.3390/medicina55090534] [Medline: 31454959]

106. Christensen M, Hommel E, Jørgensen ME, von Scholten BJ, Fleischer J, Hansen C. Prevalence of diabetic neuropathy in
young adults with type 1 diabetes and the association with insulin pump therapy. Diabetes Technol Ther 2018 Nov 21:787-796
[FREE Full text] [doi: 10.1089/dia.2018.0249] [Medline: 30461290]

107. Kim HY, Jung HW, Lee YA, Shin CH, Yang SW. Cardiac autonomic neuropathy in nonobese young adults with type 1
diabetes. Ann Pediatr Endocrinol Metab 2019 Sep;24(3):180-186 [FREE Full text] [doi: 10.6065/apem.2019.24.3.180]
[Medline: 31607111]

108. Jaiswal M, Divers J, Urbina EM, Dabelea D, Bell RA, Pettitt DJ, SEARCH for Diabetes in Youth Study Group. Cardiovascular
autonomic neuropathy in adolescents and young adults with type 1 and type 2 diabetes: the SEARCH for Diabetes in Youth
Cohort study. Pediatr Diabet 2018 Jun;19(4):680-689 [FREE Full text] [doi: 10.1111/pedi.12633] [Medline: 29292558]

109. Guan L, Metzger D, Lavoie P, Collet J. Glucose control and autonomic response during acute stress in youth with type 1
diabetes: a pilot study. Pediatr Diabet 2018 Aug;19(5):1020-1024 [FREE Full text] [doi: 10.1111/pedi.12680] [Medline:
29654713]

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.71https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1089/met.2017.0007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28394194&dopt=Abstract
https://doi.org/10.1016/j.metabol.2017.10.013
http://dx.doi.org/10.1016/j.metabol.2017.10.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29113812&dopt=Abstract
https://doi.org/10.5222/mmj.2018.13334
http://dx.doi.org/10.5222/mmj.2018.13334
http://europepmc.org/abstract/MED/32353221
http://europepmc.org/abstract/MED/32353221
http://dx.doi.org/10.1111/anec.12760
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32353221&dopt=Abstract
http://europepmc.org/abstract/MED/31343621
http://dx.doi.org/10.1097/JCN.0000000000000590
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31343621&dopt=Abstract
http://europepmc.org/abstract/MED/28325598
http://dx.doi.org/10.1016/j.autneu.2017.03.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28325598&dopt=Abstract
https://jdmdonline.biomedcentral.com/articles/10.1007/s40200-019-00467-2
http://dx.doi.org/10.1007/s40200-019-00467-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31890683&dopt=Abstract
http://dx.doi.org/10.1016/j.diabres.2016.04.042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27321325&dopt=Abstract
https://doi.org/10.1111/aos.13733
https://doi.org/10.1111/aos.13733
http://dx.doi.org/10.1111/aos.13733
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29504257&dopt=Abstract
https://doi.org/10.1016/j.diabres.2017.10.002
https://doi.org/10.1016/j.diabres.2017.10.002
http://dx.doi.org/10.1016/j.diabres.2017.10.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28993155&dopt=Abstract
http://europepmc.org/abstract/MED/31162987
http://dx.doi.org/10.1080/0886022X.2019.1614057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31162987&dopt=Abstract
http://dx.doi.org/10.1111/dme.13777
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29999549&dopt=Abstract
https://doi.org/10.5603/ah.a2019.0001
http://dx.doi.org/10.5603/ah.a2019.0001
http://dx.doi.org/10.1111/pedi.12614
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29171134&dopt=Abstract
http://europepmc.org/abstract/MED/27352953
http://europepmc.org/abstract/MED/27352953
http://dx.doi.org/10.2337/dc16-0059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27352953&dopt=Abstract
https://www.mdpi.com/resolver?pii=medicina55090534
http://dx.doi.org/10.3390/medicina55090534
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31454959&dopt=Abstract
https://doi.org/10.1089/dia.2018.0249
http://dx.doi.org/10.1089/dia.2018.0249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30461290&dopt=Abstract
http://e-apem.org/journal/view.php?doi=10.6065/apem.2019.24.3.180
http://dx.doi.org/10.6065/apem.2019.24.3.180
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31607111&dopt=Abstract
http://europepmc.org/abstract/MED/29292558
http://dx.doi.org/10.1111/pedi.12633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29292558&dopt=Abstract
https://doi.org/10.1111/pedi.12680
http://dx.doi.org/10.1111/pedi.12680
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29654713&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


110. Stern K, Cho YH, Benitez-Aguirre P, Jenkins AJ, McGill M, Mitchell P, et al. QT interval, corrected for heart rate, is
associated with HbA1c concentration and autonomic function in diabetes. Diabet Med 2016 Oct;33(10):1415-1421. [doi:
10.1111/dme.13085] [Medline: 26823095]

111. Nyiraty S, Pesei F, Orosz A, Coluzzi S, Vági OE, Lengyel C, et al. Cardiovascular autonomic neuropathy and glucose
variability in patients with type 1 diabetes: is there an association? Front Endocrinol (Lausanne) 2018;9:174 [FREE Full
text] [doi: 10.3389/fendo.2018.00174] [Medline: 29725320]

112. Jaiswal M, Ang L, Mizokami-Stout K, Pop-Busui R. Is there an association between non-dipping blood pressure and
measures of glucose variability in type 1 diabetes? J Diabet Complicat 2018 Oct;32(10):947-950 [FREE Full text] [doi:
10.1016/j.jdiacomp.2018.07.008] [Medline: 30087063]

113. Moser O, Eckstein ML, McCarthy O, Deere R, Bain SC, Haahr HL, et al. Heart rate dynamics during cardio-pulmonary
exercise testing are associated with glycemic control in individuals with type 1 diabetes. PLoS One 2018;13(4):e0194750
[FREE Full text] [doi: 10.1371/journal.pone.0194750] [Medline: 29608593]

114. Moser O, Eckstein ML, McCarthy O, Deere R, Bain SC, Haahr HL, et al. Poor glycaemic control is associated with reduced
exercise performance and oxygen economy during cardio-pulmonary exercise testing in people with type 1 diabetes. Diabetol
Metab Syndr 2017;9:93 [FREE Full text] [doi: 10.1186/s13098-017-0294-1] [Medline: 29201153]

115. Krishna C, Sasikala T. Home based healthcare monitoring system for diabetes patients using IoT. In: Proceedings of the
International Conference on Intelligent Data Communication Technologies and Internet of Things. 2018 Presented at:
International Conference on Intelligent Data Communication Technologies and Internet of Things; August 7-8, 2018;
Coimbatore, India p. 676-686 URL: https://doi.org/10.1007/978-3-030-03146-6_76 [doi: 10.1007/978-3-030-03146-6_76]

116. Dubosson F, Ranvier J, Bromuri S, Calbimonte J, Ruiz J, Schumacher M. The open D1NAMO dataset: a multi-modal
dataset for research on non-invasive type 1 diabetes management. Inform Med Unlocked 2018;13:92-100 [FREE Full text]
[doi: 10.1016/j.imu.2018.09.003]

117. Marling C, Bunescu R. The OhioT1DM dataset for blood glucose level prediction: update 2020. CEUR Workshop Proc
2020 Sep;2675:71-74 [FREE Full text] [Medline: 33584164]

Abbreviations
AP: artificial pancreas
BG: blood glucose
CAN: cardiac autonomic neuropathy
CGM: continuous glucose monitor
ECG: electrocardiogram
ESC: electrochemical skin conductance
GSR: galvanic skin response
HbA1c: hemoglobin A1c

HF: high frequency
HR: heart rate
HRV: heart rate variability
IAH: impaired awareness to hypoglycemia
LF: low frequency
ML: machine learning
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
QTc: QT corrected
SpO2: oxygen saturation
ST: skin temperature
T1D: type 1 diabetes
VO2: peak oxygen uptake

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.72https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1111/dme.13085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26823095&dopt=Abstract
https://doi.org/10.3389/fendo.2018.00174
https://doi.org/10.3389/fendo.2018.00174
http://dx.doi.org/10.3389/fendo.2018.00174
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29725320&dopt=Abstract
http://europepmc.org/abstract/MED/30087063
http://dx.doi.org/10.1016/j.jdiacomp.2018.07.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30087063&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0194750
http://dx.doi.org/10.1371/journal.pone.0194750
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29608593&dopt=Abstract
https://dmsjournal.biomedcentral.com/articles/10.1186/s13098-017-0294-1
http://dx.doi.org/10.1186/s13098-017-0294-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29201153&dopt=Abstract
https://doi.org/10.1007/978-3-030-03146-6_76
http://dx.doi.org/10.1007/978-3-030-03146-6_76
https://doi.org/10.1016/j.imu.2018.09.003
http://dx.doi.org/10.1016/j.imu.2018.09.003
http://europepmc.org/abstract/MED/33584164
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33584164&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by A Mavragani; submitted 05.04.21; peer-reviewed by Y Song, H Mehdizadeh; comments to author 30.07.21; revised version
received 06.12.21; accepted 23.12.21; published 08.04.22.

Please cite as:
Daskalaki E, Parkinson A, Brew-Sam N, Hossain MZ, O'Neal D, Nolan CJ, Suominen H
The Potential of Current Noninvasive Wearable Technology for the Monitoring of Physiological Signals in the Management of Type
1 Diabetes: Literature Survey
J Med Internet Res 2022;24(4):e28901
URL: https://www.jmir.org/2022/4/e28901 
doi:10.2196/28901
PMID:35394448

©Elena Daskalaki, Anne Parkinson, Nicola Brew-Sam, Md Zakir Hossain, David O'Neal, Christopher J Nolan, Hanna Suominen.
Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 08.04.2022. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the
Journal of Medical Internet Research, is properly cited. The complete bibliographic information, a link to the original publication
on https://www.jmir.org/, as well as this copyright and license information must be included.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28901 | p.73https://www.jmir.org/2022/4/e28901
(page number not for citation purposes)

Daskalaki et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2022/4/e28901
http://dx.doi.org/10.2196/28901
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35394448&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Review

Human Support in App-Based Cognitive Behavioral Therapies for
Emotional Disorders: Scoping Review

Emily E Bernstein1,2, PhD; Hilary Weingarden1,2, PhD; Emma C Wolfe1, BA; Margaret D Hall1, BA; Ivar Snorrason1,2,

PhD; Sabine Wilhelm1,2, PhD
1Massachusetts General Hospital, Boston, MA, United States
2Department of Psychiatry, Harvard Medical School, Boston, MA, United States

Corresponding Author:
Emily E Bernstein, PhD
Massachusetts General Hospital
185 Cambridge Street
Suite 2000
Boston, MA, 02114
United States
Phone: 1 6177246032
Email: eebernstein@mgh.harvard.edu

Abstract

Background: Smartphone app–based therapies offer clear promise for reducing the gap in available mental health care for
people at risk for or people with mental illness. To this end, as smartphone ownership has become widespread, app-based therapies
have become increasingly common. However, the research on app-based therapies is lagging behind. In particular, although
experts suggest that human support may be critical for increasing engagement and effectiveness, we have little systematic
knowledge about the role that human support plays in app-based therapy. It is critical to address these open questions to optimally
design and scale these interventions.

Objective: The purpose of this study is to provide a scoping review of the use of human support or coaching in app-based
cognitive behavioral therapy for emotional disorders, identify critical knowledge gaps, and offer recommendations for future
research. Cognitive behavioral therapy is the most well-researched treatment for a wide range of concerns and is understood to
be particularly well suited to digital implementations, given its structured, skill-based approach.

Methods: We conducted systematic searches of 3 databases (PubMed, PsycINFO, and Embase). Broadly, eligible articles
described a cognitive behavioral intervention delivered via smartphone app whose primary target was an emotional disorder or
problem and included some level of human involvement or support (coaching). All records were reviewed by 2 authors. Information
regarding the qualifications and training of coaches, stated purpose and content of the coaching, method and frequency of
communication with users, and relationship between coaching and outcomes was recorded.

Results: Of the 2940 titles returned by the searches, 64 (2.18%) were eligible for inclusion. This review found significant
heterogeneity across all of the dimensions of coaching considered as well as considerable missing information in the published
articles. Moreover, few studies had qualitatively or quantitatively evaluated how the level of coaching impacts treatment engagement
or outcomes. Although users tend to self-report that coaching improves their engagement and outcomes, there is limited and
mixed supporting quantitative evidence at present.

Conclusions: Digital mental health is a young but rapidly expanding field with great potential to improve the reach of
evidence-based care. Researchers across the reviewed articles offered numerous approaches to encouraging and guiding users.
However, with the relative infancy of these treatment approaches, this review found that the field has yet to develop standards
or consensus for implementing coaching protocols, let alone those for measuring and reporting on the impact. We conclude that
coaching remains a significant hole in the growing digital mental health literature and lay out recommendations for future data
collection, reporting, experimentation, and analysis.

(J Med Internet Res 2022;24(4):e33307)   doi:10.2196/33307
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Introduction

Background
Smartphones are presently owned by 85% of the US
population—a larger proportion than people who have access
to computers or broadband subscriptions at home [1]. This high
ownership rate represents substantial growth over the past 20
years, with rates in 2011 at just 35% [2]. Alongside this growth
in smartphone ownership, there has been a corresponding
proliferation in the recent development and deployment of
app-based mental health treatments. In fact, in 2019, there were
over 10,000 mental health apps available for download in the
app market [3] with higher numbers likely available today.

There is good reason for the enthusiasm over app-based mental
health treatments and skills-based approaches such as cognitive
behavioral therapy (CBT) in particular that ostensibly lend
themselves well to structured, standardized, self-paced platforms
[4]. Smartphone-delivered therapies offer clear potential for
addressing some of the most critical barriers to accessing mental
health care, including prohibitive costs of treatment [5,6],
patient-level logistical barriers (eg, need for time off work,
transportation, and childcare) [7], and lack of access to providers
who offer frontline evidence-based interventions such as CBT
[8]. Indeed, in many parts of the United States there are fewer
than 10 licensed psychologists per 100,000 people, with even
fewer presumably offering evidence-based treatments [9]. In
2019—before the COVID-19 pandemic began—an estimated
1 in 5 adults were experiencing mental illness and even more
subthreshold symptoms [10]. Prevalence rates are only
increasing for younger cohorts and age groups [11,12]. This
further underscores the enormous structural gap in available
mental health care. Smartphones offer an opportunity to deliver
impactful therapies that are readily accessible and widely
scalable [13].

Although face-to-face CBT is the best studied psychosocial
intervention for depression, anxiety, and related disorders, there
is encouraging data showing that app-based CBT can be
similarly effective [14]. Importantly, although app-based CBT
offers substantial promise for addressing gaps in access to
evidence-based mental health care, there are also key challenges
compared with face-to-face treatment [13]. Most notably,
app-based treatments often suffer from poor rates of sustained
engagement, and efficacy and effectiveness studies are lagging
behind app development. For example, within the IntelliCare
suite of CBT skills apps, a study showed that the modal number
of uses per app was once per user [15]. In an examination of
engagement with the top 50 publicly available apps for
depression and anxiety, more than half (63% for depression and
56% for anxiety) of the apps had no active monthly users [16].
Moreover, some engagement is likely a minimum requirement
for an app to be effective. Regarding our understanding of
efficacy and effectiveness, the large majority of mental health
apps lack data altogether [17]. For example, in a review of
available apps for anxiety and worry, 96.2% lacked efficacy
data [18]. Thus, more systematic review and testing of app-based
treatments is needed.

A frequent strategy advised and used by experts in digital mental
health is to include human support [19,20]. However, how this
has been implemented varies widely from light-touch reminders
from lay support persons to in-depth, regular clinical attention
and guidance from a specialized clinician. Note that in the
literature, numerous titles are used to describe individuals who
support patients in their use of app-based treatments, such as
coach, therapist, specialist, and mentor. For clarity, the terms
coaches and guided are used herein as umbrella terms to refer
to human involvement in the delivery of app-based treatments.
Coaches may enhance users’ accountability and motivation,
potentially boosting engagement with otherwise impersonal
app-based treatments. In support, a recent review of engagement
in digital mental health interventions found that guided
interventions had higher overall engagement compared with
unguided interventions [21]. Coaches may also enhance the
potency of app-based CBT, by delivering some of the treatment
content, helping to personalize content for individual users,
correcting how users implement skills, or answering questions.
A meta-analysis of app-based mental health treatment efficacy
showed that apps that offered coached guidance had larger effect
sizes across several efficacy outcomes [4]. Altogether, both
expert opinion [22] and initial, early evidence underscore the
potentially critical role that coaches may play in enhancing the
value of app-based CBT.

Despite the proposed benefits of incorporating coaches within
smartphone CBT, we know surprisingly little at a systematic
or empirical level about coaching. For instance, there are vastly
different models of coach support being implemented across
app-based CBT programs. We have little knowledge about
whether professional-level support is necessary or if lay person
or paraprofessional support may be equally beneficial (and more
cost-effective and scalable). We do not know how much support
(ie, dosing) is necessary or what type of support (eg, phone calls
vs messaging and user- vs clinician-initiated communication)
works best. In addition, we do not know how these
recommendations would vary for different age groups (eg,
adolescents and older adults). Ultimately, beyond a small
number of initial studies, we know little about whether coaching
reliably plays a role in enhancing engagement as intended or
positively impacts the effectiveness of smartphone interventions.
In fact, some studies have found that external supports are
associated with worse treatment outcomes, as self-contained
apps may be more comprehensive in their design or users may
feel compelled to be more independently responsible for
working through materials [23].

Objectives
Each of these questions has direct implications for the
scalability, effectiveness, and cost-effectiveness of app-based
CBT. At a time when app-based CBT programs are being
developed and deployed rapidly, we require a systematic,
comprehensive evaluation of how coaching is currently
implemented within interventions to guide the optimal design
of future interventions and their scientific reporting. Given that
the digital health field is increasingly moving toward app-based
tools [24,25], this study centers specifically on app formats
rather than collapse across internet and app-based approaches
or focus on differences between them. To this end, the purpose

J Med Internet Res 2022 | vol. 24 | iss. 4 |e33307 | p.75https://www.jmir.org/2022/4/e33307
(page number not for citation purposes)

Bernstein et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


of this study is to provide a scoping review of available data
regarding the use of coaching in app-based CBT for emotional
disorders, identify critical knowledge gaps, and offer
recommendations for future directions [26].

Methods

Eligibility Criteria
Given the relative novelty of this topic, we opted to survey how
coaching has been defined, implemented, and evaluated to date.
Studies were included in this review if they met the inclusion
criteria (Textbox 1).

Textbox 1. Inclusion criteria.

Inclusion criteria

1. Describe or report on an intervention intended to improve an emotional disorder or concern as the primary aim. Targets include depression,
anxiety, stress, psychological well-being, obsessive compulsive and related disorders, posttraumatic stress disorder or posttraumatic stress
symptoms, and mood. Other targets necessitating meaningfully different interventions and thus potentially more different supports, such as serious
mental illness (eg, substance use, bipolar disorder, and psychosis), a primary medical condition (eg, pain and sleep), and autism spectrum disorders,
were excluded for this review.

2. Describe or report on an intervention based on cognitive behavioral therapy or skills, including cognitive (eg, restructuring and core beliefs) and
behavioral approaches (eg, behavioral activation, exposure, and ritual prevention) Interventions based mostly or entirely on other approaches
were excluded.

3. Describe or report on a treatment delivered entirely or in part via smartphone app outside of an in-person session. Interventions delivered
exclusively in person or via the internet or that used smartphone apps only for scheduling, monitoring, reminders, or ecologic momentary
assessment were excluded.

4. Describe or report on some aspect of human involvement or support (eg, coach or clinician) during app-based treatment.

5. Report was published in English and as a peer-reviewed journal article (eg, dissertations or conference abstracts were excluded). Published
protocols were only included if a corresponding outcomes paper had not been published. Secondary analyses were included only if new analyses
regarding human involvement were reported therein.

6. Report was published before April 1, 2021.

Literature Search
To identify eligible articles, the authors conducted systematic
searches in PubMed, PsycINFO, and Embase web-based
databases using the following search terms in the title or
abstract: smartphone, mobile application, mobile app,
app-based, or app-assisted, in combination with therapy,
treatment, CBT, or iCBT, and in combination with depression,
dysthymia, mood, MDD, anxiety, phobia, GAD, trauma,
post-traumatic stress, posttraumatic stress, PTSD, obsessive
compulsive disorder, obsessive-compulsive disorder, OCD,
affective disorder, emotional disorder, emotional problem,
stress, well-being, or wellness. The database search and
additional manual search (eg, searching reference sections of

articles identified through database searches) occurred through
April 1, 2021. In total, 2 researchers (EEB and ECW) read each
title and abstract independently to screen for eligibility. In the
event of disagreement, the article was included for the
subsequent round of full-text review. In addition, two
researchers (EEB and ECW) read the remaining articles in full,
and exclusion required agreement. Uncertainties regarding
inclusion at this level were discussed until consensus was
reached. A flowchart summarizing this process is included
(Figure 1). This report was informed by the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) checklist [27]
(Table S1 in Multimedia Appendix 1).
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Figure 1. Flowchart of literature search. Reasons for exclusion: (1) primary aim or target is not an emotional disorder or concern, (2) intervention is
not based on cognitive behavioral therapy or skills, (3) treatment is not delivered at least in part via smartphone app outside of an in-person session, (4)
treatment does not include human involvement, and (5) published protocol or preliminary report is excluded given subsequent publication of outcomes
paper.

Data Review
Given the heterogeneity of resultant data and consistent with a
scoping review, we provide a narrative rather than empirical
synthesis of present evidence. Eligible articles were surveyed
to determine how coaching is included in studies of app-based
CBT. We examined the types of personnel serving as coaches
(eg, bachelor’s level staff vs doctoral-level clinicians); the
training, supervision, and standardization included with
coaching; and the nature of the coaching itself. The latter
includes the stated purpose or rationale for including a coach,
the frequency and duration of coach contact, the method of
contact (eg, phone call vs messaging), and the content of
coaching (eg, encouragement vs teaching therapeutic content).
Finally, we looked for evidence of whether coaching impacted
users’ experience of treatment, engagement with the app, or
clinical outcomes. In this effort, we also considered the
consistency and absence of reporting in these domains.

To summarize some of these data, the following new categorical
variables were created. Coach qualifications was operationalized
as the minimum allowable degree or qualification for a coach;
for example, trials including bachelor’s or master’s level coaches
were labeled bachelor’s level or above. Coach training required
of coaches was grouped as follows: (1) app- or study-specific
training (ie, coaches underwent a seminar, workshop, or other
formal training exercise to prepare them for the trial or coaches

received detailed protocols or manuals to follow in their role),
(2) app- or study-specific training plus ongoing supervision, (3)
reliance on previous experience (ie, coaches are individuals
with previous training, experience, or expertise in the therapy
being delivered, such as behavioral activation or CBT for body
dysmorphic disorder; no app- or study-specific training
referenced), (4) previous experience plus ongoing supervision
during the trial, or (5) ongoing supervision during the trial (ie,
no other training or previous experience referenced). The
frequency of coach communications was defined as daily, more
than weekly (ie, 2-6 times per week), weekly, biweekly (ie,
every other week), or less than biweekly (ie, less than twice per
month). We summed across methods of communication; for
example, if a coach made 1 phone call per week and sent 2 SMS
text messages per week, the trial would be categorized as more
than weekly frequency. Method of communication was defined
as in-person (individual or group), phone (individual or group),
or messaging (texting, chat, or email). We also sought to
characterize whether users were able to select the method. If
users had any autonomy in this regard (eg, users could select
whether questions could be addressed via messaging or
telephone), the trial would be labeled yes. We then labeled who
could initiate contact: users only (eg, users reach out if questions
arise or to confirm they have completed a module), coaches
only (eg, communication only occurs during weekly planned
phone calls), or both. We aim to characterize the content of
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coach communications with the following four categories: (1)
encouragement (ie, reminders, motivational messages, technical
support, or other attempts to increase sustained engagement and
adherence), (2) encouragement plus questions (ie, coaches are
available to respond with clinical advice when users reach out
with questions about the treatment), (3) clinical intervention
(ie, coaches initiate contact with all participants with the purpose
guiding treatment, such as giving feedback on skills practice,
recommending or prescribing specific skills or activities, and
teaching or reviewing therapeutic concepts), or (4) a full course
of treatment (ie, coaches administer in-person or
telephone-based treatment as usual, such as behavioral
activation, exposure with ritual prevention, or school
counseling). Finally, trigger for communication was defined as
whether certain conditions would necessarily prompt coaches
to message participants (ie, score on a self-report measure,
indication of suicidal ideation or self-harm risk, and not using
the app for a set period).

In the event of missing data, we contacted corresponding authors
to request clarification. Such inquiries were sent to 66% (42/64)
of corresponding authors. We received responses from 55%
(23/42). In the Results section, we report both the data included
in the published articles and supplementary data provided by
the authors who responded to our inquiries. However, patterns
of missing data in the published literature are noted. Given these
high rates of missing information, we examined patterns by
publication year to explore whether reporting has changed over
time.

Results

Overview
Our scoping review yielded 64 eligible articles (listed in Table
1). Of these 64 articles, 12 (19%) are published protocols
without outcome data available as of the time of the review, 24
(38%) reported on randomized controlled trials, and 19 (30%)
reported on open pilot or feasibility trials. A small number of
articles described case studies (5/64, 8%), quasiexperimental
designs (2/64, 3%), or field trials or real-world tests (2/64, 3%).
Primary treatment targets included anxiety disorder or symptoms
(12/64, 19%), depressive disorder or symptoms (24/64, 38%),
transdiagnostic anxiety and depression symptoms (11/64, 17%),
an obsessive compulsive or related disorder (5/64, 8%),
posttraumatic stress disorder (PTSD) or posttraumatic stress
symptoms (PTSS; 4/64, 6%), suicidality (1/64, 2%), and general
mental health (eg, stress, well-being, and quality of life; 7/54,
11%). Treatment durations ranged from 3 to 24 (mean 8.83, SD
3.88; median and mode 8) weeks. Of the 64 studies, 54 (84%)
were designed for adults, and 10 (16%) included children or
adolescents.

A majority of articles reported on apps that were explicitly
intended to be the primary mode of treatment delivery (52/64,
81%). An additional 13% (8/64) described apps that were
designed to complement in-person treatment in also providing
substantive content and skills implementation. The remaining
projects varied based on provider preference and patient need.
Notably, only 6% (4/64) of studies include experimentally
varying the inclusion of a coach [53,69,79,89], one of which
was a published protocol [89].
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Table 1. Apps and their availability.

Commercially availablecStill activecCitationTrials, nbApp (or suite of apps) namea

YesYesDahne et al, 2019 [28]1¡Aptívate! (Behavioral Activation
Tech, LLC)

NoNoChristoforou et al, 2017 [29]1Agoraphobia Free (Health eLiving
Partnership Ltd)

NoNo (on the web only)Whiteside et al, 2014 [30]; Whiteside et al,
2019 [31]

2Anxiety Coach (Mayo Clinic)

NoNoGoldin et al, 2019 [32]; Economides et al, 2019
[33]; Economides et al, 2020 [34]

3Ascend (Meru Health)

NoNoBerg et al, 2020 [35]1AWAKE

NoYesDahne et al, 2018 [36]1Behavioral Apptivation (Behavioral
Activation Tech, LLC)

NoNoLenhard et al, 2017 [37]1BiP OCD (Stockholms läns landsting)

YesYesStiles-Shield et al, 2019 [38]1Boost Me (Voyage42)

NoNoCallan et al, 2021 [39]1CBT Mobile-Work

NoNoMenezes et al, 2019 [40]1CONEMO (The Latin America
Treatment & Innovation Network in
Mental Health)

NoNoGiosan et al, 2017 [41]1DCombat

YesYesLitvin et al, 2020 [42]1eQuoo (PsycApps Ltd)

YesYesArean et al, 2016 [43]1EVO (Akili Interactive Labs)

NoYesWatts et al, 2013 [44]1Get Happy Program (Developers of
the Sadness Program)

NoNoEbenfeld et al, 2020 [45]; Ebenfeld et al, 2021
[46]

2GET.ON

UnclearUnclearOtero et al, 2020 [47]1Happy (independent programmers;
specific developers not stated in pa-
per)

Yes (as Haru: ASD)YesHam et al, 2019 [48]1HARUToday (Inha Intelligent Mobile
Computing Lab)

Yes (Google Play only)YesMartínez-Miranda et al, 2019 [49]1Helpath (CICESE-UT3)

Yes (Google Play only)YesChow et al, 2020 [50]1iCanThrive (UVA Apps, LLC)

YesYesChen et al, 2019 [51]; Graham et al, 2020 [52];
Mohr et al, 2019 [53]; Mohr et al, 2017 [54];
Orr et al, 2020 [55]

5IntelliCare (suite; Adaptive Health)

NoNoArean et al, 2016 [43]1iPST

YesYesLee et al, 2014 [56]1Journey to the West (The App Happy
Project)

NoNoMantani et al, 2017 [57]; Watanabe et al, 2015
[58]

2Kokoro (Flatt Steering Committee)

NoNoNewman et al, 2021 [59]; Oser et al, 2019 [60]2Lantern (Thrive Network, Inc)

YesYesRaevuori et al, 2021 [61]1Meru Health Program (Meru Health)

Yes (Google Play only)YesNewton et al, 2020 [62]1MindClimb (Optio Publishing Inc)

YesYesRauseo-Ricupero and Torous, 2021 [63]1mindLAMP (Division of Digital Psy-
chiatry)

YesYesTønning et al, 2021 [64]1Monsenso (Monsenso A/S CVR
35517391)

YesYesGershkovich et al, 2021 [65]1nOCD (nOCD Inc)

YesYesBroglia et al, 2019 [66]1Pacifica (now Sanvello; Sanvello
Health)
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Commercially availablecStill activecCitationTrials, nbApp (or suite of apps) namea

NoYesWilhelm et al, 2020 [13]1Perspectives BDD (Koa Health)

NoNoClough et al, 2015 [67]1PsychAssist

YesYesPacella-LaBarbara et al, 2020 [68]; Possemato
et al, 2016 [69]; Tiet et al, 2019 [70]

3PTSD Coach (US Department of
Veterans Affairs)

NoNoHong et al, 2018 [71]1RAW HAND

NoYesGuo et al, 2020 [72]1Run4Love (WeChat-based)

YesYesSilk et al, 2020 [73]; Pramana et al, 2014 [74]2SmartCAT (University of Pittsburgh)

YesYesWerner-Seidler et al, 2020 [75]1SPARX (University of Auckland)

NoUnclearLiem et al, 2020 [76]1Step-by-Step (World Health Organi-
zation)

NoNoChristoforou et al, 2017 [29]1Stress Free (Thrive Therapeutic Soft-
ware)

YesYesBørøsund et al, 2018 [77]1StressProffen (Oslo Universitetssyke-
hus HF)

NoNoHarrer et al, 2018 [78]1StudiCare Stress (Clinical Psychology
and Psychotherapy Work Unit)

YesYesStiles-Shields et al, 2019 [38]1Thought Challenger (part of the Intel-
liCare suite; Adaptive Health, Inc)

YesYesRoy et al, 2017 [79]1VA apps (suite; US Department of
Veterans Affairs)

YesYesVenkatesan et al, 2020 [80]1Vida Health

——dDagöö et al, 2014 [81]; Imamura et al, 2019
[82]; Ly et al, 2012 [83]; Ly et al, 2015 [84];
Ly et al, 2014 [85]; Springgate et al, 2018 [86];
Stolz et al, 2018 [87]; Uwatoko et al, 2018
[88]; Vázquez et al, 2018 [89]; Wilanksy et al,
2016 [90]

10No name provided

aDeveloper included in parentheses where available.
bThe numbers of trials do not add up to 64, as some articles reported on multiple apps.
cData as of March 23, 2022.
dNot available.

Who Is Providing Coaching?
Table 2 presents a summary of personnel details and training.
Coach qualifications were not initially specified in more than
one-third of the trials (24/64, 38%); however, authors of 50%
(12/24) of these articles provided these data by email. Coaches
ranged from upper-level undergraduate students, to bachelor’s
level, graduate students, master’s level, and doctoral level. App-
or study-specific training was initially described in only
one-third of articles, most of which also included ongoing
supervision for coaches. Note that details of these training
materials were generally low; consequently, this group likely
comprises wide variability in the time and resources devoted
to coach preparation and ongoing quality control, including
supervision or review of coaching transcripts or tapes. A number
of studies using coaches with advanced degrees relied on
relevant prior training or experience with the target population

or in the target treatment. More than one-third of trials (23/64,
36%) did not describe whether there was any required training,
supervision, or required previous experience for coaches; authors
of 48% (11/23) of these articles provided data by email. Trials
using bachelor’s level coaches consistently reported that coaches
received explicit training and ongoing supervision. Graduate
student coaches also frequently received this level of support,
although it was not explicitly stated across all studies. About
one-third of studies (23/64, 36%) described using coaching
manuals, detailed protocols, scripts, or message or email
templates to standardize at least some procedures, and authors
of an additional 5% (3/64) of studies described using similar
materials in email correspondence. This practice was not more
or less common given the qualifications or study-specific
training of coaches. Of the 64 studies, only 1 (2%) included
formal fidelity checks for coaching [69].
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Table 2. Coach characteristics (N=64).a

Value, n (%)Characteristics

Coach qualifications

1 (2)Undergraduate student or above

17 (27)Bachelor’s degree or above

7 (11)Graduate student or above

17 (27)Master’s level or above

10 (16)Doctoral level

12 (19)Not specified

Coach training

13 (20)Prior professional experience required (ie, no study-specific training)

2 (3)Prior professional experience required with ongoing supervision (ie, no study-specific training)

18 (28)Study-specific training (ie, coaches received a manual or underwent a seminar, workshop, or other formal instruction)

16 (25)Study-specific training with ongoing supervision

2 (3)Supervision (ie, no study-specific training or prior experience specified)

13 (20)Not specified

aCounts reflect data included in the published articles and provided via email correspondence. Regarding coach qualifications, articles are grouped by
the minimum training required for eligible coaches. For example, a trial using bachelor’s level coaches as well as first-year graduate students would be
classified as bachelor’s degree or above.

What Is the Stated Purpose of Coaching?
Although a number of studies provided no explicit rationale for
including human support, the most common themes were for
bolstering user motivation, engagement, and treatment
adherence. Secondarily, availability for technical and clinical
support or questions was often cited. When references were
included, authors frequently drew on the broad internet-based
CBT literature showing that technology-based interventions
often fare better with some human support, including for user
engagement or clinical outcomes [91-95]. When surveying
articles for the content of coach communications, coaches were
focused only on bolstering motivation and engagement through
reminders and general encouragement in 23% (15/64) of studies.
Coaches provided this encouragement and were available as
needed for answering clinical questions in an additional 19%
(12/64) of studies. It should be noted that encouragement
comprises a wide range of approaches, including a simple
reminder or motivational messages to which users were unable
to respond as well as phone calls in which coaches worked to
more actively engage and motivate participants. In 36% (23/64)
of studies, coaches actively provided clinical intervention,
including initiating review of therapeutic content with
participants, giving feedback, or assigning specific activities or
homework. Again, reports generally provided few details about
the clinical content, such as the types of questions or strategies
users requested, the extent of feedback or recommendations, or
whether coaches would go beyond the content encompassed in
the app (eg, offering non-CBT strategies). Coaches in 16%
(10/64) of studies were tasked with delivering full courses of
treatment to complement the app content (eg, weekly group
therapy, individual CBT, or other therapeutic sessions). The
role of coaches in 5% (3/64) of studies was unclear (eg,

described coaches providing support), varied significantly by
coach, or was not reported.

Few studies reported using triggers for coach communications,
and most descriptions were vague (eg, signs of deterioration
without further definition). A total of 5% (3/64) of studies noted
that coaches would message participants had they not logged
in to the app for a certain number of days. Of the 64 studies, 6
(9%) noted coaches monitoring or receiving alerts for indication
of suicidality or self-harm risk (eg, Patient Health
Questionnaire–9, item 9), and 5 (8%) noted that coaches would
respond to signs of deterioration (eg, increase in score of
depression scale). However, additional studies (33/64, 52%)
did include at least some descriptions of information coaches
had access to beyond their messages, calls, or sessions with
participants to support or guide their communications. For
example, coaches in 23% (15/64) of studies were able to view
what participants had completed within the apps (eg, content
viewed and activities logged); note that the level of detail
available to coaches was frequently unclear (eg, the number of
activities recorded vs what the specific activities were). Coaches
in 3% (2/64) of the projects were able to see metrics of app use
(eg, number of log-ins); of the 64 studies, 1 (2%) was unclear,
describing users’ progress. In 13% (8/64) of studies, coaches
could view results of self-report or other clinical measures.
Finally, of the 64 projects, 3 (5%) allowed for access to both
completed activities and clinical measures, and 3 (5%) allowed
for access to both app use and clinical measures.

How Do Coaches Communicate With Users?
Almost one-third (42/64, 66%) of included studies used
messaging (ie, texting, app-based chat or messages, or email)
as a method of communication between coaches and users, and
22% (14/64) of studies used messaging as the sole method.
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Phone or video calls were included in 50% (32/64) of studies
and used as the sole method of communication in just 11%
(7/64). In-person individual or group meetings were used in
25% (16/64) of studies and used as the sole method of
communication in 11% (7/64). The most common approach
was combining messaging with phone calls (22/64, 34%).
Communication methods were unclear in 8% (5/64) of eligible
studies. Of the 64 studies, only 9 (14%) allowed users to decide
on the method of contact at least some of the time. Whereas
many studies allowed patients to initiate contact (28/64, 44%),
contact points were either preset or initiated only by the coach
in just as many (29/64, 45%). Remaining projects did not
provide sufficient or any information (7/64, 11%). A total of
11% (7/64) of projects reported on the number of messages sent

by and to coaches, consistently finding that coaches typically
initiate contact more than users [32,51,52,54,59,61,78].

Frequency of communication varied widely from only twice
across treatment to daily messages. Given the lack of data and
clarity, we collapse across intended and actual reported
frequencies. Notably, a large number of studies did not report
on the intended or actual frequency (19/64, 30%); however,
authors of 13% (8/64) of studies clarified their procedures via
email. Coaches were most often in contact at least weekly
(41/64, 64%), with more frequent communication largely driven
by use of messaging as the sole or most used modality. The
frequency of contact broken down by method of communication
is visualized (Figure 2).

Figure 2. Coaching communication patterns. Counts reflect data included in the published studies and provided via email correspondence.

Discerning patterns related to coaches’ time was challenging.
Given the lack of data and clarity, we collapsed across intended
and actual durations. Among studies that offered at least some
relevant data, weekly time per participant ranged from <10 to
60 minutes. In-person components tended to be equally
distributed between standard session lengths (50-60 minutes)
and 20- to 30-minute interactions. Phone calls were roughly
evenly distributed among <10, <30, and 30 to 45 minutes.
Longer phone calls were typically introductory contacts, and
shorter calls tended to be for follow-up. Time devoted to
messaging was rarely quantified; the few estimates (6/64, 9%)
ranged from an average of 2.2 minutes per participant per week
to upward of 30 minutes per participant per week.
Unsurprisingly, coaches providing some level of clinical
intervention typically spent more time per participant than
coaches providing only encouragement and reminders. Notably,
these patterns should not be overinterpreted, as more than half
of the studies did not include any information regarding the
amount of time coaches spent in total or per contact (37/64,

58%; in total, 10 authors were able to provide at least partial,
additional estimates when contacted) and many more did not
break down time commitments by method of communication.
In addition, 27% (17/64) of studies offered no information
regarding frequency or duration of coach communications;
however, 11% (7/64) of studies were able to provide more
information regarding one or both in follow-up communications.

What Is the Impact of Coaching?

Overview
Ultimately, only 22% (14/64) of studies considered whether the
presence of a coach or the level of coaching received contributed
to their intervention (Table 3). In addition, of the 64 studies, 6
(9%) included qualitative feedback from users
[32,35,40,46,70,84], 5 (8%) examined the impact of coaching
on engagement [38,51,53,79,80], and 7 (11%) analyzed the
relationship between coaching and outcomes
[35,52,53,59,69,79,80].
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Table 3. Summary of studies analyzing the role of coaching in treatment engagement and outcomes.

CommunicationbCoachaAppTreatmentSampleFindingAnalysisCitation

Weekly messagesBachelor’s levelGET.ONCBTc for panic92 adults, diagnosed
panic disorder, majority

Insufficient
coaching as rea-
son for dropout

QualitativeEbenfeld et
al, 2021 [46]

women, White, mean
age 38 (SD 10.4) years

Messaging or
phone calls 2-3
times per week

Master’s levelAscendMBSRd and

MCBTe exercises
for depression

2 studies, 22 and 95
adults, at least mild de-
pressive symptoms,
majority women,

Positive regard
for coaching

QualitativeGoldin et al,
2019 [32]

White, mean age 23.2
(SD 1.1) and 32 (SD
9.9) years

At least weekly
messaging

Graduate studentsNot reportedBAg for depres-
sion

12 adult, diagnosed

with MDDf, 50% (6/12)
women, mean age 38
(SD 14) years

Positive regard
for coaching

QualitativeLy et al,
2015 [84]

Weekly in-person
meetings or phone
calls

Nurse or nurse
assistant

CONEMOBA for depres-
sion

66 adults, at least mod-
erate depressive symp-
toms and comorbid hy-
pertension or diabetes,

Positive regard
for coaching

QualitativeMenezes et
al, 2019 [40]

majority women, aged
41-60 years

Phone calls every
other week

ParaprofessionalPTSD CoachCBT skills for
PTSD symptoms

29 adults, probable

PTSDh diagnosis, major-

Positive regard
for coaching

QualitativeTiet et al,
2019 [70]

ity men, White, median
age 61 years

Weekly phone
calls; twice-weekly
texts

Master’s levelAWAKECBT for general
mental health

38 adults, cancer sur-
vivors, majority wom-
en, White, mean age 32
(SD 5.5) years

Positive regard
for coaching;
mixed effects
for outcomes

Qualitative
and outcomes

Berg et al,
2020 [35]

Initial call; option-
al midtreatment

Bachelor’s levelIntelliCare
(suite)

CBT skills for
transdiagnostic
depression or
anxiety

301 adults, at least
moderate depressive
symptoms or mild to
moderate general anxi-
ety symptoms, majority

Mixed effects
for engagement;
mixed effects
for outcomes

Engagement
and outcomes

Mohr et al,
2019 [53]

call; 2-3 messages
per week

women, White, mean
age 37 (SD 12) years

Introductory meet-
ing; daily messages

Doctoral levelVA apps
(suite)

CBT skills for
PTSD symptoms

144 adults, subthresh-
old PTSD symptoms,
majority men, White,

Positive effects
for engagement;
slower symp-
tom change

Engagement
and outcomes

Roy et al,
2017 [79]

mean age 33 (SD 11)
years

Weekly phone
calls; messaging as
needed

Master’s levelVida HealthCBT skills for
transdiagnostic
depression or
anxiety

323 adults, mild to
moderate depressive or
general anxiety symp-
toms, majority women,
mean age 36 (SD 9)
years

Positive effects
for engagement;
mixed effects
for outcomes

Engagement
and outcomes

Venkatesan
et al, 2020
[80]

Initial call; 2 mes-
sages per week

Bachelor’s levelIntelliCare
(suite)

CBT skills for
transdiagnostic
depression and
anxiety

98 adultsNo effects for
engagement

EngagementChen et al,
2019 [51]

Weekly phone
calls or emails

Master’s levelBoost Me;
Thought
Challenger

BA or cognitive
restructuring for
depression

30 adults, at least mod-
erate depressive symp-
toms

No effects for
engagement

EngagementStiles-
Shields et al,
2019 [38]
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CommunicationbCoachaAppTreatmentSampleFindingAnalysisCitation

Initial call; option-
al midtreatment
call; 2 messages
per week

Bachelor’s levelIntelliCare
(suite)

CBT skills for
transdiagnostic
depression or
anxiety

146 adults, at least
moderate depressive or

mild to moderate GADi

symptoms, majority
women, White, mean
age 42 (SD 13.8) years

No effects for
outcomes

OutcomesGraham et
al, 2020 [52]

Phone calls or
messaging as need-
ed

Bachelor’s levelLanternCBT for anxiety100 college students,
self-reported GAD, ma-
jority women, White,
mean age 21 years

No effects for
outcomes

OutcomesNewman et
al, 2021 [59]

In-person meetings
or phone calls ev-
ery other week

Master’s levelPTSD CoachCBT skills for
PTSD symptoms

20 veterans, likely
PTSD diagnosis, major-
ity men, mean age 42
(SD 12) years

Positive effects
for outcomes

OutcomesPossemato et
al, 2016 [69]

aCoach: minimum required degree or qualification to be in the supportive human role.
bFrequency and method of coach contact.
cCBT: cognitive behavioral therapy.
dMBSR: mindfulness-based stress reduction.
eMCBT: mindfulness-based cognitive behavioral therapy.
fMDD: major depressive disorder.
gBA: behavioral activation.
hPTSD: posttraumatic stress disorder.
iGAD: generalized anxiety disorder.

Qualitative Feedback
Users largely shared positive impressions about coaching. Berg
et al [35] reported on master’s level coaches who engaged with
users via weekly phone calls and twice-weekly SMS text
messages over the course of 8 weeks. Treatment focused on
promoting hope, positive mood, and behavioral goals among
young adult cancer survivors. Note that emotional well-being,
rather than managing physical health or related processes, was
the primary treatment target. Coaches aimed to review content
from the app, practice skills with users, assign homework, and
offer encouragement. After the treatment, 94% of users
recommended that coaching remain part of the program moving
forward. Similarly, 90% of users in the study by Menezes et al
[40] reported coach support to be an important treatment
component. In this study, coaches were nurses or nursing
assistants offering weekly phone or in-person meetings over 6
weeks to answer questions and offer encouragement for
individuals with depression and comorbid hypertension or
diabetes. Goldin et al [32] asked users (adults with depressive
symptoms) to rate the value of coaching at weeks 1, 3, and 6
and follow-up time points. Coaches were master’s level or above
professionals who engaged with users via messaging or phone
calls 2 to 3 times per week over 8 weeks. Coaches aimed to
check in, answer questions, and facilitate a group chat among
users. Users rated the value of coach interactions on average
4.13 out of 5. Tiet et al [70] used paraprofessionals (graduate
students) as coaches, who offered users with likely PTSD six
5-10–minute phone calls for technical support and
encouragement over 12 weeks. They found that 91% of users
reported that coach support was at least somewhat helpful and
74% reported that coach’s support positively impacted the
frequency and consistency of their app use. In a follow-up,

qualitative analysis of the primary report by Ly et al [85],
researchers asked for feedback from patients with depression
regarding how they perceived having up to 20 minutes of weekly
messaging with a coach related to their treatment engagement
and outcomes. Coaches in this study offered encouragement,
general education, and weekly feedback on patients’ written
reflections [85]. Users shared that coaching was crucial to their
app use and treatment effects, and most indicated that more
frequent and more personalized contact would be preferable
[84]. Both Ly et al [84] and Ebenfeld et al [46] described 1
participant each who withdrew from the trial citing insufficient
direct contact with their coach. In the latter study, coaches were
at least bachelor’s level staff members and offered patients with
panic disorder weekly feedback messages over 6 weeks [46].

Engagement
In total, 3 trials of the IntelliCare suite or its individual apps,
designed to help patients with depressive or anxious symptoms,
described the relationship between coaching and objective
metrics of engagement [38,51,53]. Chen et al [51] examined
how responsive patients were to coaches’ messages. In their
trial, coaches offered an initial call (30-45 minutes) and sent at
least two messages per patient per week over 8 weeks to answer
questions, provide recommendations and encouragement, and
help patients problem solve. Responsiveness (ie, number of
messages patients responded to) was ultimately unrelated to
engagement with the apps, operationalized as the number of
times apps were opened. In the study by Stiles-Shields et al
[38], master’s level coaches offered weekly encouraging phone
calls or emails (<10 minutes per patient per week) over 6 weeks.
Similarly, they found that neither the number nor duration of
these contacts correlated with app use, including number of app
launches and number of activities logged. Mohr et al [53]
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manipulated whether patients had access to a coach at all. Over
8 weeks, coaches offered encouragement and answered patient
questions via an initial call (30-45 minutes), optional
midtreatment call (10 minutes), and 2 to 3 messages per patient
per week. Patients in this coached condition did download more
skills apps but did not engage in more consistent app sessions
than patients who were not given coaches. When testing the
VA suite of apps for patients with PTSS, Roy et al [79] found
that patients who were given access to guidance from a
doctoral-level coach (eg, directing users to particular skills) did
self-report using the apps more frequently compared with the
group that received nondirective contact, particularly for apps
providing psychoeducation and tools for controlled breathing.
Over 6 weeks, coaches conducted introductory in-person
meetings to go over CBT skills followed by daily messages to
guide app use. Finally, Venkatesan et al [80] tested the Vida
Health app among adults with mild to moderate depression or
anxiety. Master’s level therapists provided weekly 30-minute
consultations via video or phone call over 12 weeks and were
available for additional in-app messaging as needed. The number
of lessons or activities users completed in the app was strongly
correlated with the number of consultations they completed and
moderately correlated with the number of messages they sent
to their therapists. Overall, across studies, there was no
consistent pattern regarding the effect of coaching on app
engagement. To build our understanding of the value of
coaching on engagement, more studies that adopt a randomized
(ie, varying presence or quantity of coaching) design are
necessary. In addition, there was no consistent operationalization
of engagement either, further challenging our ability to draw
conclusions.

Outcomes
Outcomes data were similarly limited and mixed. A total of 3
papers reported some positive effects of coaching, 2 (67%) of
which compared groups of users with and without access to a
coach. First, Possemato et al [69] tested the PTSD Coach app
for veterans that screened positive for a likely PTSD diagnosis.
Participants in the coaching condition received biweekly
in-person or phone sessions over 8 weeks in which at least
master’s level clinicians introduced and reviewed content and
assigned homework. Compared with participants in the
self-guided condition, participants with coaches demonstrated
larger gains for PTSD symptoms, depression, and quality of
life. In the aforementioned study of the IntelliCare suite of apps
by Mohr et al [53], users with access to a coach exhibited larger
declines in anxiety (General Anxiety Disorder scale–7 scores)
than peers without coaches but exhibited no differences for
depression (Patient Health Questionnaire–9 scores), the other
primary outcome. Similarly, in the aforementioned study by
Berg et al [35], the number of phone calls users completed with
a coach was associated with greater reductions in days of alcohol
use and improvements in pain-related functioning, but there
were no differences for other primary outcomes including hope,
depressive symptoms, or other domains of quality of life. In
addition, in the aforementioned study by Venkatesan et al [80],
therapist consultations but not messages predicted decline in

depressive symptoms, and there were no reported effects for
anxiety.

In contrast, 2 papers reported no effects for level of coaching;
notably, however, all participants did receive a coach in these
studies. Newman et al [59] offered 12 weeks of app-based CBT
for anxiety to college students. Coaches were at least bachelor’s
level study staff and provided as-needed phone calls and
messaging to support goal setting, provide encouragement and
feedback, and answer questions throughout treatment. The
number of messages between coaches and users was ultimately
not associated with symptom change. Graham et al [52] also
reported that the number of messages exchanged with a coach
was not associated with symptom change. In their study, at least
bachelor’s level coaches provided initial phone calls, optional
midtreatment phone calls, and ≥2 messages per week to users
experiencing depressive or anxious symptoms over 8 weeks.
Coaching focused on goal setting, making recommendations
for skills to practice, and offering encouragement. Finally, the
aforementioned trial by Roy et al [79] of the VA apps for PTSS
found that access to a coach offering treatment guidance actually
correlated with slower symptom change. Authors speculated
that this effect could be due to the control condition
(nondirective messages comprising nonspecific positive
aphorisms) possibly being perceived as encouraging as well or
the fact that the 2 groups engaged similarly with the more active
skills apps (eg, social engagement and relaxation exercises).
Similar to the aforementioned findings, reports yielded mixed
results for coaching’s effect on outcomes, and more research
that is specifically designed to answer questions about the effect
of coaching on outcomes is needed to clarify mixed findings.

It is notable that in research studies, participants may have
contact with study staff outside of these intended supports (eg,
communicating with research assistants about scheduling
assessments). Such contact could be perceived as encouraging
or could increase a participant’s sense of accountability, thus
potentially accounting for differences in observed engagement
and clinical outcomes. Consequently, we also reviewed these
studies for additional touch points. Studies did not report on
this in depth and largely described pretreatment contact, if any.
Studies that had study staff systematically reach out to
participants—including for a pretreatment [35,38,69,79] or
posttreatment [59] phone call or interview or to administer
periodic web-based assessments during treatment [52]—did not
have consistently better engagement or outcomes than those
that did not report such additional contact [51,53,80].

Has Reporting Improved Over Time?
We present the proportion of papers with missing data or
descriptions of various aspects of coaching by year (Table 4).
Overall, time spent communicating with users (duration) was
the most often omitted data point, followed by coach training,
coach qualifications, and frequency of communications. It is
difficult to determine statistically meaningful trends owing to
the increasing number of publications in recent years; however,
it does not appear that reporting has substantially changed over
time.
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Table 4. Proportions of missing data over time.a

Total
(N=64),
n (%)

2021
(n=5),
n (%)

2020
(n=17),
n (%)

2019
(n=16),
n (%)

2018
(n=7),
n (%)

2017
(n=6),
n (%)

2016
(n=3),
n (%)

2015
(n=3),
n (%)

2014
(n=5),
n (%)

2013
(n=1),
n (%)

2012
(n=1),
n (%)

Dimension

20 (31)0 (0)5 (29)4 (25)3 (43)3 (50)1 (33)0 (0)2 (40)1 (100)1 (100)Qualifications

21 (33)1 (20)4 (24)4 (25)2 (29)4 (67)1 (33)1 (33)2 (40)1 (100)1 (100)Type of training

19 (30)1 (20)7 (41)3 (19)2 (29)1 (17)1 (33)0 (0)2 (40)1 (100)1 (100)Frequency

40 (63)4 (80)12 (71)10 (63)5 (71)1 (17)2 (67)2 (67)3 (60)0 (0)1 (100)Duration

6 (9)0 (0)2 (12)1 (6)0 (0)0 (0)0 (0)0 (0)2 (40)0 (0)1 (100)Method

5 (8)0 (0)1 (6)1 (6)0 (0)0 (0)0 (0)0 (0)2 (40)0 (0)1 (100)Selection

7 (11)0 (0)2 (12)1 (6)1 (14)0 (0)0 (0)1 (33)1 (20)0 (0)1 (100)Initiation

8 (13)2 (40)2 (12)1 (6)1 (14)0 (0)0 (0)0 (0)1 (20)0 (0)1 (100)Content

aValues reflect the proportion of studies in a given year that did not report a given facet of their coaching protocol or results. For example, 40% (2/5)
of the published studies from 2014 did not describe the qualifications of their coaches in the text.

What Is the Current Status of Included Apps?
Table 1 includes a summary of all apps reported on in the
eligible studies as well as their current status. As of the time of
review, only 26 of the 44 (59%) named apps were active (22/26,
85% available commercially).

Discussion

Principal Findings
The primary aim of this scoping review is to characterize
patterns of coaching in guided app-based CBT for emotional
disorders or concerns and to identify knowledge gaps. Digital
mental health is a young but rapidly expanding field with
enormous potential to improve the reach of evidence-based care.
Researchers across the reviewed articles offered numerous
approaches to encouraging and guiding users involved in these
treatments (eg, prescheduled weekly phone calls to review
content, daily encouraging messages, and communication as
needed). Such efforts are foundational as researchers continue
to improve the flexibility and accessibility of psychotherapy.
However, with the relative infancy of app-based treatment
approaches, this review found the field has yet to develop
standards or consensus for measuring and reporting on coaching.
For example, nearly half of the trials did not specify the level
of training the coaches received, including their degrees,
instruction, or experience with the treatment or the target
population. A large number of studies also did not define the
role of coaches in the intervention itself. Only a minority of
studies reported on the actual number of phone calls, sessions,
or messages users attended or received and even fewer the actual
time commitments of coaches. In addition, little information
was provided on the nature of supervision or ensuring that
coaches adhered to their specified roles. Most immediately,
these missing data limit our ability to identify meaningful trends
in coaching for app-based treatments. From this review, it
appears that no one type of coach, level of training, stated
purpose of the coaching, method of coaching, frequency of
communication, or duration of communication is currently the
norm. This heterogeneity holds true when examining subsets
of treatments, such as apps designed for specific populations

(eg, children vs adults, and depression vs general mental health)
or specific treatment lengths.

More consistent reporting moving forward will allow for
replication of interventions across sites, a prerequisite for
establishing treatment effectiveness, determining under what
conditions and in what forms coaching adds clinical utility and
thus amassing an evidence base for best practices. In this vein,
few studies have evaluated the effects of coaching in their
analyses. Qualitative data did suggest that users largely
appreciate having access to a coach, describing this human
element as helpful and even critical to their experience. This
aligns with a number of recent reviews and meta-analyses
finding that guided app-based treatments—or those with some
human support—generally have better completion rates and
treatment outcomes than self-guided ones [4,96,97]. However,
when we then examined articles that present direct comparisons
of guided versus unguided versions of the same app-based
treatment or considered level of coaching within a trial, the
quantitative data offered a murkier story. Although a number
of studies found positive results, 1 project reported negative
effects that guided treatment led to slower symptom change
than unguided treatment, and half of studies reported no effects
at all.

Looking again to the internet-based CBT literature, this
inconsistency aligns with other reviews that have found that
supported and unsupported digital interventions may not
systematically differ [98,99] and that more coach time may not
linearly lead to better outcomes [100]. Nevertheless, the
prevailing wisdom is that the provision of human support can
improve user engagement and outcomes in digital mental health
[91-95]. This sentiment has been echoed in the development of
app-based approaches. However, closer inspection shows that
these highly cited reviews of guided versus unguided digital
interventions similarly suffer from a lack of detail. Guidance
is broadly and often unclearly defined [91], and decisions are
often based on intuition or feasibility rather than evidence-based
guidance or coaching protocols [101]. Heterogeneity in these
reviews’ conclusions about the importance of coaching could
be accounted for by the heterogeneity in how authors choose
to define guidance, CBT, and the populations studied [102].
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Taken together, we cannot draw strong conclusions from this
study’s data, not only because of the small number of studies
available but also as there are too many differences across them,
including the target population, symptom severity, precise type
and duration of treatment, method and frequency of coach
communication, and type of coaches and coaching offered. How
authors chose to quantify coaching, engagement, and outcomes
was similarly variable. We conclude that coaching remains a
significant hole in the rapidly growing digital mental health
literature.

Future Directions

Increase Data Collection and Reporting
Thus, the first takeaway from this review is that more consistent,
thorough, and standardized reporting is needed. Recommended
dimensions of coaching are included as a checklist for future
use in Table S2 in Multimedia Appendix 1. At minimum, the
following data should be included in guided digital mental health

trials moving forward (highlighted in Textbox 2): (1) Coach
qualifications (if any). App-based treatments that are
successfully guided by bachelor’s level or paraprofessional
coaches will be less expensive and more scalable than app-based
treatments requiring guidance by doctoral-level coaches,
underscoring the importance of these data. (2) Details regarding
the materials, training, or other support provided to coaches.
(3) Instructions provided to coaches regarding the purpose and
boundaries of their roles and expectations set for participants
in this regard. (4) The modalities and timing of coach
communications—planned and actual. A coach’s time is likely
to be one of the most expensive parts of scaling an app-based
treatment; consequently, studies should more consistently set
expectations around coaches’ time and measure actual time
spent performing this role. (5) Adherence metric. Although
feasibility may limit the thoroughness of adherence measures
(eg, availability of independent raters to evaluate tapes or text),
some effort should be made to assess whether coaching largely
followed the intended parameters.

Textbox 2. Highlighted recommendations: key recommended dimensions to report regarding human support in app-based therapy.

Recommendations

1. Coach qualifications: what criteria were used to select eligible coaches?

2. Coach training: what written, live, or other training opportunities did coaches receive? Were coaches supervised in their work?

3. Coach instructions: what were coaches instructed to do in their role, including the purpose, nature, or boundaries of their communications with
users?

4. Logistics: how, how often, and for how long were coaches in communication with users?

5. Adherence: to what extent did coaches' actual communications with users match the expected content, modalities, frequencies, and durations?

Beyond the aforementioned must haves, additional data, when
feasible, would also be helpful: (1) differentiating
communications initiated by users versus coaches; (2) user
preferences for modality, frequency, timing, and content of
coach communications; (3) whether the coaching that users
received matched these preferences; and (4) audio recordings
or transcripts of coach communications for adherence or quality
ratings as well as more detailed future analysis. Notably, data
from internet-based therapies reveal that coaches often deviate
from guidelines, particularly for more complex interventions
(eg, offering feedback, facilitating understanding, and
reinforcing practice), with less engaged users, and when coaches
have less specialized experience [103]. Such norms in reporting
would allow for more accurate evaluation of treatments,
identification of common challenges, greater comparison across
trials, and dissemination into real-world settings, including
cost-benefit analysis. With more data, guidelines for assessing
the quality of coaching protocols would also be possible [104].

Experimentally Evaluate the Effects of Coaching
The second takeaway is that more explicit testing of coaching
effects is needed. This includes additional randomized controlled
trials comparing guided and unguided versions of the same
treatment, as well as experimentally varying the type or amount
of coaching users receive and exploring moderators of coaching
effects. This should be done in a hypothesis-driven way as
researchers consider the target population (eg, age, diagnosis,
and illness severity) and the content of the app itself (eg, level

of detail, personalization, and structure). Microrandomized trials
could be particularly powerful for these types of questions,
allowing investigators to systematically test multiple small but
potentially impactful and expensive types of communication at
various decision points [105]. Real-world testing will be a
critical contribution to this literature as well. Human support is
most frequently conceptualized as a tool for boosting adherence;
individuals enrolled in clinical trials of unguided app-based
treatments more often than not still receive at least some contact
with study staff, which could be serving an unanticipated but
similar purpose to reminders and encouragement from coaches
[102]. In fact, in some of the reviewed articles, it was
challenging to differentiate such clinical trial implementation
processes from intended reminders or supports that were of
extremely light touch [86]. Without these added contacts,
outcomes could look quite different. Indeed, outside of
controlled research settings, engagement data are less
encouraging; for example, an analysis of the most popular apps
addressing anxiety, depression, or emotional
well-being—defined as the 93 apps with at least 10,000
downloads—revealed a median daily engagement rate of just
4% [106]. Interestingly, the few studies included in this review
that examined the relationship between coaching and
engagement or outcomes did not report significant study staff
contact outside of care delivery (largely before treatment).
However, scientific papers rarely describe this type of extra
study contact, let alone in detail. Better tracking all forms of
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intended and unintended support in the future would help
address this question.

It is likely that some dimensions of coaching needs will also
vary by individual user characteristics or preferences as well as
other dynamic variables, such as time in treatment, status of
treatment response, or how a user is using coaching (eg,
reassurance seeking, problem-solving barriers to skills use, and
accountability checks). For example, coaching may make the
most difference for users with more severe symptoms [94] or
early on in treatment [44], or the frequency or tone of
communications may need to change over time to remain
engaging [107]. Conversely, some dimensions may matter less.
For example, research on internet-based interventions have
shown that the qualifications of coaches are weak predictors of
outcomes [101,108]; this review also did not identify any
patterns in results based on coach qualifications.

In addition, in this review, many studies comprised small or
homogeneous samples of largely White, female, and relatively
young adult participants. Results could therefore be
meaningfully different with larger, more diverse populations.
First, age may be an important factor, although the included
studies did not test this moderator. For example, quantity of
coaching could be more important to older adults than to their
younger counterparts. Studies have found that desire for human
contact and technology literacy barriers can be deterrents for
mental health app use, particularly among older adults; thus,
more coaching may be beneficial for these users [55,109].
Moreover, others have found older adults to be more engaged
with digital coaches than younger ones [110]. In contrast, rather
than necessarily wanting more contact, adolescents may prefer
different approaches; to illustrate, integrating peer support and
strength-based messaging may be preferable [111]. Younger
users may also be more open to virtual avatars providing
guidance and support or mirroring their experience [112]. In
general, more work is needed around age-appropriate messaging,
for both coaches and in-app content [113,114]. Second, there
is some evidence that digital interventions may reduce
longstanding disparities in treatment access, response, and
dropout between White and racial and ethnic minority patients
[115]. Understanding how coaching could strengthen this trend
as well as reach other underrepresented potential users, including
sexual and gender minority individuals or older adults, should
be a priority. For example, researchers may closely examine
patterns of user preferences, use coaches to increase the
credibility of technology-based options, support technological
literacy, or actively work with individuals to adapt skills to their
unique stressors or contexts [116].

Test Hypothesized Targets
Relatedly and third, consistent with broader efforts in
psychotherapy research, more mechanism- or process-oriented
evaluation is needed [117]. There should be testable hypotheses
regarding a coach’s function in app-based treatment, such as
enhancing motivation, reducing a specific barrier, increasing
comprehension, or supporting use of skills. In this way, the
number of minutes or messages with a coach alone may not be
the best metric of coaching quality, nor should end-of-study
symptom severity or diagnoses be the sole outcome variables.

For example, the supportive accountability model [19] and
efficiency model of support [118] offer compelling frameworks
for designing coaching protocols for digital interventions.
Supportive accountability predicts that treatment adherence will
increase if coaches are viewed as trustworthy, knowledgeable,
helpful, and collaborative; in addition, coaches should increase
salience and perceived utility or personal relevance of new
behaviors for individual users to increase their motivation and
thus engagement [19] The efficiency model argues that human
support should directly address specific failure points of digital
treatments (usability, engagement, fit, knowledge, and
implementation) [118]. Multiple studies in this review reported
implementing protocols based on these principles
[38,51,53,54,78]. However, to the best of our knowledge, none
tested the impact beyond the overall treatment effects.
Fortunately, clear, testable targets are outlined in both models.
These can be operationalized and researchers should test, for
example, whether and how coaches effectively mitigate these
failure points (and, perhaps, do so better than less time- and
resource-intensive solutions), and whether doing so directly
leads to better treatment outcomes as intended.

In this effort, researchers can capitalize on digital technologies
to evaluate these variables and their interactions, including
ecological momentary assessment, text analysis, machine
learning, or other dynamic, idiographic approaches [119].
Leveraging these insights could lead to not only more targeted,
streamlined coaching but also more effective automated support,
a less expensive, more scalable alternative. Currently, although
coaching ostensibly outperforms automated messages or
reminders in enhancing engagement with digital therapies, the
latter may still provide clinically meaningful benefits and are
appreciated by users [21] and fully automated chatbots and other
conversational agents are becoming more sophisticated [120].
Process-focused and individualized data of these kinds could
support better algorithms dictating the timing and content of
automated coaching. It remains possible that automated coaching
that is based on high-quality data-driven learning and that is by
nature available continuously could become as or even more
effective than live coaches.

Limitations
Additional limitations of this scoping review merit noting.
Because of the heterogeneity among trials and extent of missing
data, a more systematic review including evaluation of the
quality of studies or meta-analysis of results was not possible.
The aim of this scoping review is to assess current practices
and encourage new norms in reporting of guided app-based
treatments to allow for this much needed next step. Relatedly,
although search terms and eligibility criteria were intentionally
broad and manual searches were conducted, it is also possible
that some projects were missed. Present data were numerically
skewed toward depression-focused treatments, a pattern
consistent with other scoping and systematic reviews of mobile
and app-based mental health treatments in general. It is possible
that with more work on other patient populations, different or
clearer trends could emerge.
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Conclusions
The promise of digital treatments is scalability. Whether an app
requires a bachelor’s level versus doctoral-level coach or a coach
at all, 2 versus 45 minutes of a coach’s time per patient per week
or per month, extensive training and supervision, or messaging
versus face-to-face conversation to be engaging or effective
would all substantially impact how scalable it can be. After
reviewing the literature on guided app-based CBT, it is clear
that guided interventions can be operationalized with startling
diversity. Consequently, it is time to retire the notion that
coaching of any kind will improve outcomes. Not only do data

not consistently support this conclusion, but also the conclusion
itself does not offer sufficient direction for thoughtful design
and implementation of new treatments. What does seem clear
is that users typically respond positively to the availability of a
coach. How much ensuing interactions actually change their
behavior or outcomes remains an open question. Fortunately,
apps open up previously unfeasible, diverse, and creative ways
to reach patients. In parallel, new technologies open up new
possibilities for optimizing their impact. To take advantage of
these opportunities, as a field, we must increase transparency
around coaching and prioritize this treatment component as a
focus in future research.
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Abstract

Background: Alcohol consumption in pregnancy has been associated with serious fetal health risks and maternal complications.
While previous systematic reviews of digital interventions during pregnancy have targeted smoking cessation and flu vaccine
uptake, few studies have sought to evaluate their effectiveness in preventing alcohol consumption during pregnancy.

Objective: This systematic review aims to assess (1) whether digital interventions are effective in preventing alcohol consumption
during the pregnancy/pregnancy-planning period, and (2) the differential effectiveness of alternative digital intervention platforms
(ie, computers, mobiles, and text messaging services).

Methods: PubMed, Embase, CINAHL, and Web of Science were searched for studies with digital interventions aiming to
prevent alcohol consumption among pregnant women or women planning to become pregnant. A random effects primary
meta-analysis was conducted to estimate the combined effect size and extent to which different digital platforms were successful
in preventing alcohol consumption in pregnancy.

Results: Six studies were identified and included in the final review. The primary meta-analysis produced a sample-weighted
odds ratio (OR) of 0.62 (95% CI 0.42-0.91; P=.02) in favor of digital interventions decreasing the risk of alcohol consumption
during pregnancy when compared to controls. Computer/internet-based interventions (OR 0.59, 95% CI 0.38-0.93) were an
effective platform for preventing alcohol consumption. Too few studies of text messaging (OR 0.29, 95% CI 0.29-2.52) were
available to draw a conclusion.

Conclusions: Overall, our review highlights the potential for digital interventions to prevent alcohol consumption among
pregnant women and women planning to become pregnant. Considering the advantages of digital interventions in promoting
healthy behavioral changes, future research is necessary to understand how certain platforms may increase user engagement and
intervention effectiveness to prevent women from consuming alcohol during their pregnancies.

(J Med Internet Res 2022;24(4):e35554)   doi:10.2196/35554
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Introduction

Background
Alcohol consumption during pregnancy is a major public health
concern, and it has explicit links to fetal alcohol spectrum
disorders (FASDs) and adverse birth-related outcomes like
miscarriage and stillbirth [1]. Yet globally, 9.8% of women are
estimated to consume alcohol during pregnancy, resulting in
more than 630,000 babies being born each year with life-long
neurodevelopmental abnormalities and central nervous system
damage, and this makes FASDs the most common preventable
form of developmental disability in the Western world [2]. In
the United States, around 1% (9.1 cases per 1000 live births)
of all babies are born with alcohol-related birth defects [3].
Socioeconomic costs pertaining to health care, special education,
disability-adjusted life years, and premature mortality are
believed to be more than US $24,000 per individual, which
exceed the costs for autism and asthma by 26% and 87%,
respectively [1].

Barriers to alcohol abstinence during pregnancy range from
lack of awareness about health consequences to low
socioeconomic status and/or ability to access necessary health
care services [4]. According to a report by the New Zealand
Ministry of Health, while 91% of mothers-to-be reduce their
alcohol intake upon learning about their pregnancy, more than
half only do so after their pregnancy has commenced [4].
Furthermore, many pregnant women who drink throughout all
3 trimesters may have a history of trauma or violence, physical
health concerns, lack of mental health support, and/or fear of
accessing health care services due to social stigmatization [5].

Social inequalities are also a fundamental risk factor for alcohol
consumption during pregnancy, with women of low
socioeconomic status and racial/ethnic minority backgrounds
at greater risk of bearing children with severe forms of FASDs
like fetal alcohol syndrome [6]. Alarming statistics have reported
that certain indigenous communities in British Columbia (190
cases per 1000 live births) and the Manitoba First Nations
reserve (55-101 cases per 1000 live births), for example, have
a significantly higher proportion of children with FASDs than
the general population [7]. Population-based studies of FASDs
in South Africa have shown that women living in poor rural
farms where living conditions are the poorest and binge drinking
is a regular practice, have the greatest odds of bearing children
with FASDs [8].

With digital technologies having considerable potential to
deliver health care interventions at a low cost and with easy
accessibility [9], innovative approaches in the field of preventive
and personalized medicine are targeting pregnant women.
Lifestyle change interventions empowering women and men to
adopt healthy nutrition behaviors, as well as mobile apps for
self-monitoring gestational diabetes [10], hypertension [11],
and depression [12] have all shown improved health outcomes

upon use. The removal of social pressures derived from
face-to-face interactions with health care providers may also
reduce social desirability bias, as seen in computer-based
interventions for smoking cessation, which can decrease the
odds of smoking during pregnancy by more than three-fold [13].

Prior Work
To our knowledge, no systematic review to date has evaluated
the effectiveness of digital interventions for preventing alcohol
consumption among pregnant women. By contrast, multiple
systematic reviews and meta-analyses have examined the
effectiveness of digital interventions for smoking cessation
[13-15]. Only systematic reviews on the effectiveness of
nondigital interventions for preventing alcohol consumption
during pregnancy, such as cognitive-behavioral therapy and
motivational interviewing [16-19], were found in our analyses.
By contrast, a number of reviews examined the effectiveness
of digital and computer-based alcohol intervention programs
in primary care [20,21] or for patients recovering from substance
use disorders [22,23], but such studies did not target pregnant
women or women planning to become pregnant.

Goal of This Study
This systematic review sought to (1) identify the current studies
describing the above-mentioned digital interventions, (2) assess
whether these digital interventions are effective in preventing
alcohol consumption among the target population, and (3)
examine the extent to which digital interventions on various
platforms, such as computers (web-based, internet, eHealth,
etc), mobiles, and text messaging services, may vary in their
degree of effectiveness in preventing alcohol consumption.

Methods

Search Strategy and Data Sources
Studies that discussed digital interventions to prevent alcohol
consumption among pregnant women or women planning to
become pregnant were identified by searching
MEDLINE/PubMed (National Library of Medicine, NCBI),
Embase (Elsevier), Cumulative Index of Nursing and Allied
Health Literature (CINAHL Plus, EBSCO), and Web of Science
Core Collection (Clarivate). Controlled vocabulary terms
(ie, MeSH, Emtree, and CINAHL subject headings) were used
when available and appropriate. The search strategies were
designed and executed by a librarian (CM). Searches were not
limited to a specific region, language, study design, or time
period. The exact search terms used in each of the databases,
and corresponding result numbers, are provided in Multimedia
Appendix 1. The reference lists of identified studies were
manually reviewed by SSO and DC to prevent relevant studies
from being excluded in our search for relevant articles. Endnote
X9 and Covidence software were used for database
management. 
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Eligibility Criteria
We included studies that (1) targeted pregnant women or women
planning to become pregnant, (2) measured the use of a digital
intervention aiming to prevent alcohol consumption during
pregnancy, (3) involved a digital interaction between the patient
and a health care provider or professionally developed service
(social media where subjects communicated with one another
were excluded), and (4) reported rates of alcohol abstinence.

Data Management, Screening Process, and Data
Extraction
Using these eligibility criteria, 2 independent investigators (SSO
and DC) examined all studies reporting the use of a digital
intervention to prevent alcohol consumption among pregnant
women. All studies were screened at the title and abstract levels
and excluded if the main target population did not consist of
pregnant women or women planning to become pregnant, or if
they did not include a digital intervention or a control
group/preintervention comparison group. Subsequently, full-text
reviews were performed to ensure that all articles measured and
reported alcohol abstinence, and involved a digital interaction
with a health care provider or professionally developed service.
Any discrepancies were resolved by discussion. For the
extraction of data regarding intervention characteristics and
outcome measures (effect size), an online data extraction sheet
was employed so that 2 independent investigators (SSO and
JYM) could extract the necessary information. Regarding
interrater reliability, kappa values (κ) of 0.78 for the title and
abstract screening, and 0.84 for the full-text review were
obtained. As a kappa coefficient exceeding 0.75 indicates strong
agreement according to Fleiss et al [24], no further calibration
was required.

Data Analyses
Rates of alcohol abstinence during pregnancy were extracted
and presented as crude odds ratios (ORs) to maximize similarity
between different studies. To examine the extent to which a

digital intervention was effective, a random effects primary
meta-analysis was conducted to determine the combined effect
size and extent to which each digital intervention affected overall
alcohol abstinence. An exploratory subgroup analysis was
carried out to determine whether different platforms of digital
interventions differed in the extent to which they affected the
effect size. A random effects model was adopted for all
meta-analyses to estimate intervention effects with 95% CIs
that fall on a distribution of effect sizes. The Cohen Q test for

chi-squared distribution and an inconsistency index (I2) were
implemented to test for heterogeneity among studies. Visual
inspection of funnel plot asymmetry and the Egger test were
used to assess the possibility of publication bias. All
meta-analyses were performed using RStudio.

Quality Assessment
We assessed study quality in terms of potential bias using the
Cochrane Collaboration tool for randomized controlled trials
to assess the validity of the included studies [25]. A statistic of
heterogeneity was calculated to quantify the proportion of
variation across studies due to variability in the effect size rather

than sampling variance (I2). Cochran Q was used to formally
test for heterogeneity. Publication bias was assessed through
visual assessments of funnel plot asymmetry and was tested
using the Egger test.

Results

Identification of Studies
The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) flowchart in Figure 1 summarizes
the search results and selection process of all studies included
in our synthesis. Overall, the number of records identified by
our database searches was 954. Of these records, 480 were
removed during the title and abstract screening process, and a
further 48 were screened for the full-text review.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the literature search.

Study Characteristics
Of the 48 articles assessed for eligibility, 42 were excluded for
the following reasons: (1) weak study design in terms of the
absence of a control group (pertaining to usual care or a
preintervention baseline) or no targeting of alcohol consumption
prevention during pregnancy (n=18); (2) no targeting of
currently pregnant women or women with plans to become

pregnant (n=10); (3) no outcome measure for alcohol abstinence
(n=9); (4) no use of a digital intervention (n=4), and (5) no
report of the outcome of interest (n=1). Ultimately, 6 studies
were included in our final review. Table 1 provides a general
summary of the included papers. Trials took place in the United
States (n=5) or the Netherlands (n=1) between 2012 and 2018
[26,27,29-32].
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Table 1. Characteristics of the included studies.

Follow-up as-
sessment

Digital interventionControlPopulation sampleMean age
(years)

Sample
size, n

CountryAuthor

4 weeks (pilot
study)

Text4Baby: Text messaging
service on nutrition, smok-
ing, taking vitamins, alcohol
use, flu shots, health care
appointments, health infor-
mation seeking, and related
risk prevention behaviors

Usual care onlyPregnant military
health care beneficia-
ries aged 18-45 years
presenting for care
(>14 weeks’ gesta-
tion)

26.5459United
States

Evans et al,
2014 [26]

28 weeks of the
baby’s gestation-
al age

Text4Baby Pilot: Text mes-
saging service with immedi-
ate “just-in-time” tips about
prenatal and postpartum
health outcomes

Usual care onlyPregnant women first
presenting for care at
the Fairfax County,
Virginia Health De-
partment

27.686United
States

Evans et al,
2012 [27]

24 weeks post-
treatment

CHOICES intervention:
Automated internet interven-
tion providing 6 web-based
cores of information, videos,
and interactive activities (eg,
diaries) regarding alcohol-
exposed pregnancies

Patient educationPregnant women and
women of childbear-
ing age between the
ages of 18 and 44
years, recruited for
study online

27.871United
States

Ingersoll et al,
2018 [32]

Postpartum, for
the past 90 days
(22-23 weeks)

e-SBI intervention facilitat-
ing self-change and/or treat-
ment-seeking through a 20-
minute interactive session,
using techniques such as ed-
ucation about alcohol-relat-
ed pregnancies and feedback
regarding proactive prob-
lem-solving

Time-matched (20
minutes) and moder-
ately interactive in-
tervention focused
on infant nutrition,
with no mention of
alcohol use during
pregnancy

Pregnant women
seeking services at a
prenatal care clinic af-
filiated with the Henry
Ford Health System in
Detroit, Michigan

—a48United
States

Ondersma et al,
2015 [29]

24 weeks post-
treatment

Both computer tailoring in-
ternet-based feedback and
offline health counseling
based on the I-Change mod-
el (promote awareness, moti-
vation, and action for behav-
ioral change)

Usual care onlyPregnant women
seeking services at
midwifery practices in
the Netherlands

32.6258The Nether-
lands

van der Wulp et
al, 2014 [30]

4 months post-
treatment

Computer-delivered single-
session brief motivational
intervention plus booster
session addressing both
substance use and sexually
transmitted infection risk

Time- and attention-
matched control
group (watched seg-
ments of popular
television shows and
received brochures
about health risks
during pregnancy
postintervention)

Pregnant women visit-
ing a prenatal clinic in
a large inner-city hos-
pital

24.450United
States

Wernette et al,
2018 [31]

aNot reported.

Digital Interventions
Two studies delivered digital content via a text messaging
service called “Text4Baby,” which provides weekly tips about
prenatal care, emotional support, alcohol and drugs, infectious
diseases, and exercise to pregnant women and new mothers
[26,27]. In the prenatal message module, which was used in
both studies in our review, 3 free-text messages were sent to
participants weekly throughout their pregnancies [28]. Each
message was around 150 characters long (eg, “Free msg: Give
your baby a good start by not drinking alcohol, smoking, or
using drugs. For help, call 800-784-8669 (smoking);
800-662-4357 (drugs & alcohol)”) and was designed to be

understandable to low-literacy populations [28]. Messages were
developed in advance for varying stages of gestation by a team
of epidemiologists and experts in obstetrics, pediatrics, family
practice, and health communication [28].

Four studies included computer/internet-based interventions
consisting of interactive counseling sessions, educational videos,
and interactive activities (ie, diary writing, meditation, etc)
[29-31]. Counseling sessions consisted of various interactions
with midwives or health care professionals, such as regular
“feedback letters” from midwives via email (eg, “Drinking
alcohol can be harmful to your unborn baby, even if it’s just a
sip. The type of alcohol you drink (beer, wine or spirits) does
not matter”) [30]. One electronic screening and brief intervention
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(e-SBI) consisted of educational videos featuring mothers who
avoided alcohol use during pregnancy, or health care
professionals informing participants about health care risks and
cost-savings [29].

Control Groups
Three studies used usual care in the form of a standard
physician, obstetrician, or nurse-midwife/midwife providing
advice [26,27,30] as the control group arm. One study used
offline “patient education” as the control group [32], while 2
studies developed a time- and attention-matched intervention
for the control group that did not mention any information about
the harms of prenatal alcohol exposure (eg, viewing of a segment
of a popular television show) [29,31].

Primary Outcome
Alcohol consumption during pregnancy was employed as the
primary outcome. Studies administered self-reported
questionnaires via telephone/email asking participants whether
or not they had consumed any alcohol during the pregnancy
period (eg, “Since you found out about your pregnancy, have
you consumed alcoholic beverages?” [yes/no]). Participants
were mostly questioned at 16 [31] to 24 weeks posttreatment
[30,32], or after 28 weeks of gestation [27]. However, in 1 pilot
study, the short-term effects of a 4-week text messaging
intervention were examined [26], while in another study, alcohol
consumption within the past 90 days was questioned postpartum
via an AUDIO Computer-Assisted Self Interview [29].

Statistical Analyses
A primary meta-analysis including 6 trial arms from 6 studies
was performed. The sample-weighted OR indicated that digital
interventions decreased the odds of alcohol consumption during
pregnancy compared with control groups (OR 0.62, 95% CI
0.42-0.91; P=.02) (Figure 2). In 1 study, there was no difference
in the effect estimate between the intervention and control
groups [26]; however, all other studies showed that alcohol
consumption decreased among women using digital
interventions. Tests of heterogeneity suggested that we failed
to reject the null hypothesis of differences in the effect being a

result of sampling variation (I2=0%; P=.85).

A stratified analysis examining the influence of different
intervention platforms revealed that computer-based
interventions (OR 0.59, 95% CI 0.38-0.93) were effective for
preventing alcohol consumption; however, too few studies of
text messaging (OR 0.85, 95% CI 0.29-2.52) were available to
draw a conclusion regarding the effect of this platform (Figure
3).

When studies were stratified according to each publication’s
quality risk of bias, point estimates (OR 0.62) were identical
across study quality (Figure 4). However, due to the small
number of studies analyzed, estimates were presumed to be
imprecise.

Figure 2. Effectiveness of digital interventions for preventing alcohol consumption in pregnancy [26,27,29-32].
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Figure 3. Effectiveness of digital interventions by platform [26,27,29-32].

Figure 4. Effectiveness of digital interventions by quality risk of bias [26,27,29-32].

Quality Assessment
A summary of the quality assessment can be found in Figure 5.
All studies had a high risk of bias in at least one key domain.
All studies were randomized, and all but 1 [33] used a
randomizing algorithm or software program to maintain research
assistant blinding [26,27,29-32]. Studies had limited information
regarding the extent to which trial participants were blinded
about their allocation; however, most studies had various
mechanisms for blinding clinicians. For example, in 2 studies,
it was reported that clinicians who met with patients were
blinded so that the randomization occurred outside the actual
clinical visit and the trial data were not accessed by clinicians
during the study [26,27]. Another study ensured that follow-up
evaluators at childbirth were blinded so that evaluations would
not be subject to any detection bias [29].

In a high-risk study, the authors reported that the blinding of
both participants and researchers was not possible because they

had to keep track of whether participants received additional
counseling from their midwives or tailored feedback via the
computer [30]. Another study also reported problems regarding
an imbalance in the computerized randomization, and the
presence of an unblinded research assistant who gave
instructions to certain participants and may have contributed to
the intervention effect [31]. All studies were at high risk of
incomplete outcome data, as measures for drinking were all
self-reported and loss to follow-up ranged from approximately
20% [29] to 50% [27]. Selective reporting was of concern in 1
study [32], where prespecified outcomes regarding certain
continuous drinking variables were not reported [32].

Results from the Egger test for funnel plot asymmetry were not
statistically significant (t5=−1.66; P=.16; Figure 6), suggesting
the absence of publication bias; however, such results should
be interpreted with caution as the Egger method has limited
power when used in smaller samples (n<10) [34].
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Figure 5. Risk of bias summary [26,27,29-32].

Figure 6. Funnel plot assessing publication bias.

Discussion

Principal Findings
In this systematic review, we found that digital interventions
for preventing alcohol consumption during pregnancy may be
effective in preventing alcohol consumption, especially on
computer/internet-based platforms. Excluding a pilot Text4Baby
study [27], all studies showed that digital interventions may
decrease the odds of drinking during pregnancy relative to
comparison groups. However, our findings must be interpreted
with caution as it may not hold for interventions with a low risk
of bias. As the first systematic review to assess the effectiveness
of digital interventions targeting pregnant drinkers, our review
is timely as it supports the claim that more technological
interventions, possibly in combination with offline counseling
strategies, should be incorporated into existing prenatal care
services.

Comparison With Prior Work
Regarding text messaging platforms, there were too few studies
in our review to draw a conclusion regarding their effectiveness

as digital platforms for alcohol abstinence. Previous studies on
the use of text messaging services to raise awareness about
smoking cessation and flu vaccinations among pregnant women
have shown mixed results, with some studies reporting promise
compared to nontailored or internet platforms [35,36], and others
claiming that they are less effective than visually engaging
interventions like videos and iBooks [35]. It should be noted
that in the 2 text messaging trials in our review, the entire
evaluation period only lasted for 4 weeks, which was relatively
shorter than the period of the other platforms [37]. Scholars of
technology-based strategies to improve health outcomes among
pregnant women have noted that short-term interventions
(approximately <16 weeks) may not be successful in bringing
about behavioral change [38], which may explain why 4 weeks
was not enough to examine the effect. While the most vulnerable
period for brain volume reduction and FASDs is during the first
trimester [39], FASDs may occur from any alcohol intake during
all 3 trimesters of pregnancy, regardless of the timing or
exposure amount. Thus, more research is warranted to examine
how text messaging services, which are not only cost-effective
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but also flexible and accessible, may be employed to deliver
longer-lasting interventions throughout pregnancy.

As expected, the most effective interventions in our review were
those that incorporated both offline house counseling and
internet or mobile-based feedback (ie, “blended” care) for
individuals [30,31]. In the study by van der Wulp et al
comparing 6 months of computer-tailored programs to usual
care and health counseling, computer-tailored programs were
more effective in reducing prenatal alcohol use than face-to-face
counseling sessions [30]. Such findings show that because digital
tailoring has the potential to decrease social pressure that may
arise from face-to-face interactions with health care providers,
many pregnant women may prefer it to other offline platforms
[30].

Strengths and Limitations
As the first systematic review to question the effectiveness of
digital interventions for preventing alcohol consumption during
pregnancy, the findings of this review are novel. However, there
are some limitations of our review. While our assessment of
funnel plot symmetry did not formally detect publication bias
(by significance testing), the sample of studies was small. It is
possible that underpowered studies with null results are missing
(a “file drawer” problem). Cultural differences between the
United States and the Netherlands may also have affected study
outcomes; while both the United States and the Netherlands
officially recommend that pregnant women completely abstain
from alcohol, the prevalence of alcohol consumption during
pregnancy is higher in the Netherlands (19%-21%) than in the
United States (15%) [40].

Most concerningly, the primary outcome for alcohol abstinence
during pregnancy was self-reported, and follow-up
methods/timing differed among all studies. The absence of
validation by biomarkers to assess abstinence was a fundamental
limitation of the included trials, which is concerning as
self-reports of alcohol consumption may be affected by memory
loss from alcohol abuse and underreporting due to a fear of
negative consequences like being reported to Child Protective
Services [41]. In many states, for example, health care providers
are required by the federal Child Abuse Prevention and

Treatment Act legislation to notify Child Protective Services
when they are involved in the delivery or care of infants with
FASDs [42].

Intervention duration, quality, and intensity could not be
controlled for, with some studies, such as the e-SBI trial,
specifically targeting high-risk individuals via professional
counseling methods (eg, motivational interviewing) [29], and
other studies incorporating alcohol intake monitoring in a larger
more generalized program for pregnant women in general (ie,
Text4Baby) [26,27]. As seen in the quality assessment of various
biases, some studies had large losses to follow-up, lack of
information about the extent to which patients/evaluators were
blinded with regard to the randomization process, and possible
risk of incomplete outcome data [43]. Some studies had trouble
blinding instructors [31] and participants [30]. All studies had
difficulty retaining participants for long-term follow-up, with
1 study having a retention rate of less than 50% [27].

Future Directions
Future studies would benefit from controlling for discrepancies
among varying trials regarding the quality of usual care provided
in the control group, assessment of alcohol abstinence, and
intervention duration/quality. However, in our study, this was
not possible due to the limited descriptions provided by the
included studies regarding these factors. In future studies when
more trials targeting alcohol abstinence during pregnancy are
available for review, a more consistent and thorough subgroup
analysis of intervention techniques, involving video, counseling,
blended care, etc, is warranted.

Conclusions
More studies are required to assess the extent to which digital
interventions targeting pregnant drinkers may be effective for
women from disadvantaged backgrounds and/or a low
socioeconomic status. While few programs and trials are
currently available to review, digital technologies are being
embraced rapidly for personalized health care. Future studies
would benefit from assessing how better allocation of both
online and offline resources may help pregnant women and
women planning to become pregnant avoid consuming alcohol
and other teratogenic substances during their pregnancies.
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e-SBI: electronic screening and brief intervention
FASD: fetal alcohol spectrum disorder
OR: odds ratio
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Abstract

Background: Depression and anxiety are major public health concerns among adolescents. Computerized cognitive behavioral
therapy (cCBT) has emerged as a potential intervention, but its efficacy in adolescents remains unestablished.

Objective: This review aimed to systematically review and meta-analyze findings on the efficacy of cCBT for the treatment of
adolescent depression and anxiety.

Methods: Embase, PsycINFO, and Ovid MEDLINE were systematically searched for randomized controlled trials in English,
which investigated the efficacy of cCBT for reducing self-reported depression or anxiety in adolescents aged 11 to 19 years.
Titles, abstracts, and full texts were screened for eligibility by 2 independent researchers (TB and LC). A random-effects
meta-analysis was conducted to pool the effects of cCBT on depression and anxiety symptom scores compared with the control
groups. Study quality was assessed using the Cochrane Collaboration Risk of Bias tool.

Results: A total of 16 randomized controlled trials were eligible for inclusion in this review, of which 13 (81%) were included
in the meta-analysis. The quality of the studies was mixed, with 5 (31%) studies rated as good overall, 2 (13%) rated as fair, and
9 (56%) rated as poor. Small but statistically significant effects of cCBT were detected, with cCBT conditions showing lower
symptom scores at follow-up compared with control conditions for both anxiety (standardized mean difference −0.21, 95% CI

−0.33 to −0.09; I2=36.2%) and depression (standardized mean difference −0.23, 95% CI −0.39 to −0.07; I2=59.5%). Secondary
analyses suggested that cCBT may be comparable with alternative, active interventions (such as face-to-face therapy or treatment
as usual).

Conclusions: This meta-analysis reinforces the efficacy of cCBT for the treatment of anxiety and depression and is the first to
examine this exclusively in adolescents. Future research could aim to identify the active components of these interventions toward
optimizing their development and increasing the feasibility and acceptability of cCBT in this age group.

Trial Registration: PROSPERO CRD42019141941; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=141941

(J Med Internet Res 2022;24(4):e29842)   doi:10.2196/29842
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Introduction

Background
Depression and anxiety represent significant public health
concerns among adolescents [1]. Depression and anxiety in
adolescence are associated with negative outcomes which can
extend into adulthood, such as suicidal behavior, risk of mental
health disorders, substance abuse, poorer educational attainment,
and poorer social functioning [2-5]. Cognitive behavioral
therapy (CBT), a collaborative model of therapy, is widely
considered the gold standard psychological intervention for the
treatment of adolescent depression and anxiety [6,7]. Several
reviews and meta-analyses have found it to be an effective
treatment method, with improvements maintained during
long-term follow-up [8,9].

However, many young people do not receive the help they need
[10]. There are barriers to accessing treatment at the service
level such as a lack of resources, inadequate staff training,
limited availability of age-specific treatments, and difficulties
in liaising with families [11]. Barriers at the patient level may
include perceived stigma, confidentiality concerns, inability to
access services, and a preference for self-reliance [12].

Computerized CBT (cCBT) programs, which deliver CBT
digitally, may overcome some of these barriers. As heavy users
of technology [13], cCBT programs may present various
advantages over traditional face-to-face therapies for
adolescents, such as reduced costs, accessibility, convenience,
flexibility, and the avoidance of stigma associated with accessing
traditional mental health services [14,15]. These programs vary
widely in design and access. Many combine different types of
media such as text, pictures, videos, activities, and gamification
to engage adolescent audiences; some also include homework
activities, personalization, and chat functionalities with trained
therapists or administrators [14,16].

Previous systematic reviews and meta-analyses of the efficacy
of digitally delivered CBT for anxiety or depression in children
and young people have yielded promising results [14,17-23].
However, these reviews have typically been insensitive to
age-specific effects, making it difficult to determine whether
cCBT is equally effective for children, adolescents, and young
adults. Ebert et al [18] stratified their meta-analysis by age group
and found that studies examining cCBT among adolescents
achieved better outcomes than those targeting children or mixed
age groups. However, they examined studies published over 6
years ago (much has changed in digital health since then), with
few available studies focusing on adolescents. More recently,
Grist et al [19] stratified their meta-analysis by age group but
did not differentiate cCBT from other technological
interventions in doing so. Given that the National Institute for
Health and Care Excellence (NICE) guidelines for depression
in children and young people have recently recommended the
use of digital CBT for mild depression, a strong and
cCBT-specific evidence base for these technologies is crucial
[7].

Objectives
The aim of this systematic review of randomized controlled
trials (RCTs) is to update previous meta-analyses and focus
exclusively on the adolescent age group to investigate the
efficacy of cCBT for treating anxiety and depression.
Adolescence represents a distinct developmental period of
biological and social transition [24] during which the prevalence
of mental health disorders increases [25,26]. Furthermore,
adolescents have distinctive technology and internet use habits
compared with other age groups [13,27]. Therefore, it is
important that adolescence be investigated as a distinct
developmental period to evaluate whether cCBT is an effective
intervention in this age group.

Methods

The study was conducted in accordance with the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines (Table S1 in Multimedia Appendix
1) [28] and was registered on PROSPERO (CRD42019141941).

Ethics Approval
This review makes use of already published data, so ethical
approval was not required or sought.

Eligibility Criteria
Studies were included if (1) participants were aged 11 to 19
years (inclusive); (2) they examined any digital, computerized,
or web-based CBT program; (3) they included depression or
anxiety-related primary outcome measures; (4) they were
completed RCTs; and (5) they were in English and published
in a peer-reviewed journal.

The age criterion ranged from 11 years, matching the typical
starting age for secondary school (United Kingdom) or middle
school (United States), to 19 years, matching the upper threshold
for adolescence used by the World Health Organization [29].
The RCT criterion was assessed based on the NICE definition
of RCT [30]. No specific restrictions were placed on how
depression or anxiety was operationalized; for example, they
could be measured using self- or informant-rated symptom
questionnaires or diagnostic criteria. In addition, any anxiety
subtype was eligible for inclusion. No restrictions were placed
on how cCBT was used as an intervention in the trials, such
that the included programs could be preventive or treatment
focused.

Search Strategy
Reviewer 1 (TB) conducted the database and reference list
searches. PsycINFO, Embase, and Ovid MEDLINE were
searched up to July 1, 2019. Keyword searches were grouped
around three concepts: (1) age group, (2) cCBT interventions,
and (3) depression or anxiety. Database filters were not applied
(Table S2 in Multimedia Appendix 2). The reference lists of
included articles and relevant existing systematic reviews were
also searched for potentially relevant studies. Reviewers 1 (TB)
and 2 (LC) independently conducted title, abstract, and full-text
screening according to the study eligibility criteria.
Disagreements were discussed until consensus was reached.
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Reviewers 1 (TB) and 2 (LC) fully agreed on the final papers
to be included in the review.

Data Extraction
Reviewer 1 (TB) extracted study characteristics from the
included full texts, such as information on the participants
(country, study population, exclusion criteria, sample size, and
participant age and gender), cCBT intervention or interventions,
and control group or groups. Reviewer 3 (AW) extracted data
to be used in the meta-analysis, such as information on the
outcomes (outcome measurement, means, SDs, and SEs) and
study design (randomization type, analysis type, and follow-up
sample sizes). Wherever possible, data were extracted from
intention-to-treat analyses. If studies reported outcomes for
multiple follow-up periods, data were extracted for the longest
follow-up period for which outcomes were reported in all
relevant study arms (Cochrane Handbook section 9.3.4 [31]).
If studies reported data from multiple relevant depression or
anxiety measures, we extracted the study’s primary outcome
measure by default, unless one of the secondary outcome
measures was more similar to those used by the other included
studies or if the outcome measure showed strong evidence of
skew (Cochrane Handbook section 9.4.5.3 [31]). Reviewer 2
(LC) independently extracted the study characteristics and
meta-analysis data of 10% of the included studies. The
extraction agreement was high (81%). Following
recommendations arising from peer reviews, reviewer 3 (AW)
further extracted information on whether each study assessed
treatment versus prevention, the role of parents in each
intervention, and contacted corresponding authors for
information on whether the interventions were available or
delivered outside of the research setting (eg, in schools or in
routine clinical care).

Study Quality
Study quality was assessed using the Cochrane Collaboration
Risk of Bias tool [32]. This tool assessed seven areas for
possible bias (scored as low risk, high risk, or unclear risk):
random sequence generation, allocation concealment, blinding
of participants and personnel, blinding of outcome assessment,
incomplete outcome data, selective reporting, and other biases.
The overall study quality score (good, fair, or poor) was then
calculated using the thresholds for converting the Cochrane
Collaboration tool to the Agency for Healthcare Research and
Quality standards [32,33]. Reviewers 1 (TB) and 2 (LC)
independently assessed the risk of bias. Disagreements were
discussed until consensus was reached.

Statistical Analysis
We conducted meta-analyses to pool differences in follow-up
depression and anxiety scores between the treatment and control
arms. All analyses were conducted using Stata (version 15.0;
StataCorp) [34]. Owing to anticipated heterogeneity in the study
designs and scales used, we specified a random-effects model
to pool standardized mean differences (SMDs) between the

treatment and control arms using the Hedges correction [35,36].
For the main meta-analysis, if studies reported on multiple
relevant study arms, we combined them to ensure that a single
average treatment score was compared with a single average
control score (Cochrane Handbook section 16.5.4 [31]).

Heterogeneity was investigated using Cochran Q and the I2

statistic, and publication bias was investigated using funnel
plots and the Egger test for funnel plot asymmetry [37,38].

We conducted post hoc sensitivity analyses to investigate the
effects of pooling different intervention types (treatment vs
prevention), pooling different randomization techniques
(clustered vs other), and pooling different analysis types
(intention to treat vs other or unclear). We also investigated the
effects of study quality, stratifying analyses by the overall study
quality score (good, fair, or poor). Finally, we conducted a post
hoc sensitivity analysis to investigate whether the pooled effect
size varied according to the type of control group under study:
active treatment (specific interventions or treatment as usual)
versus other (waitlist, attentional, and no intervention controls).
For this analysis, we did not combine multiple control arms into
a single average control score as described above, such that
studies could appear twice if they included 2 control arms (both
active treatment and others).

Results

Study Characteristics
A total of 16 studies were included in this review (Figure 1).
They included 4012 participants, with all participants aged in
the range of 11 to 19 years and with varying gender balances
(Table 1). The studies targeted various populations (Table S3
in Multimedia Appendix 3 [39-54]) and were conducted in a
wide range of countries, including New Zealand, China, Japan,
Australia, the United Kingdom, the Netherlands, Denmark, and
Sweden. Studies had a range of participant exclusion criteria,
most often excluding participants who had severe symptoms,
had other disorders, were at high risk of self-harm or suicide or
were already receiving treatment (Table S3 in Multimedia
Appendix 3 [39-54]).

Interventions were conducted at school, at the participant’s
home, or in a setting of the participant’s choice, such as a local
child and adolescent mental health service, local general
practice, and community center. The extent of clinician or
therapist input varied among interventions but was typically
minimal. In addition, most interventions did not require parents
to take an active role, with the exception of 19% (3/16) of the
studies in which parents received additional guidance to support
their adolescents through the course of treatment [39-41]. Some
of the studies investigated interventions that have been made
publicly available, whereas others have not been implemented
beyond the research setting. A description of each cCBT
program is provided in Multimedia Appendix 4 (Table S4)
[39-54].
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Figure 1. PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) flow diagram for study inclusion. RCT: randomized
controlled trial.
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Table 1. Study characteristics.

Control arm or armsIntervention arm or armsGender, male (%)Age (years),
mean; range

Participants, nCountryStudy

WaitlistMoodGYM4414.34; 12-171477AustraliaCalear et al [42]

WaitlistSPARXa5614.9; 13-1632New ZealandFleming et al [43]

Attention control (anti-
smoking website without
mental health prevention
components)

Grasp the Opportunity
(culturally modified from

CATCH-ITb)

3214.63; 13-17257ChinaIp et al [44]

Treatment as usual (face-
to-face therapy)

SPARX3415.6; 12-19187New ZealandMerry et al [45]

School-based CBTc; moni-

toring controld

SPARX013.35; 11-16208NetherlandsPoppelaars et al
[46]

No interventionGroup iCBTe program10015.75; 1580JapanSekizaki et al
[47]

WaitlistStressbustersNot reportedNot reported;
12-16

112United KingdomSmith et al [48]

Clinic-based CBT; waitlistBRAVE-Online4113.98; 12-18115AustraliaSpence et al [39]

Face-to-face CBT; no inter-
vention

Online Cognitive Bias
Modification

2814.21; 12-15240NetherlandsSportel et al [49]

WaitlistThink, Feel, Do67Not reported;
11-17

20United KingdomStallard et al [50]

Attention control (comput-
erized psychoeducation)

The Journey5915.2; 13-1834New ZealandStasiak et al [51]

WaitlistChilledOut Online79Not reported;
13-17

70DenmarkStjerneklar et al
[40]

Attention control (restrict-
ed access to platform and
therapist chat but not the
CBT component)

Blended approach with
weekly therapist chats

Not reported17.04; 15-1970SwedenTopooco et al
[52]

Usual health classesThisWayUp Schools
(modules: “Overcoming
Anxiety” or “Combating
Depression”)

30Not reported;
14-16

976AustraliaWong et al [53]

Attention control (self-help
website)

Stressbusters3415.34; 12-1891United KingdomWright et al [54]

WaitlistCool Teens CD-ROM3715.7; 14-1743AustraliaWuthrich et al
[41]

aSPARX: Smart, Positive, Active, Realistic, X-factor thoughts.
bCATCH-IT: Competent Adulthood Transition with Cognitive Behavioral Humanistic and Interpersonal Training.
cCBT: cognitive behavioral therapy.
dA fourth arm consisted of both SPARX and school-based CBT but was not analyzed as part of this review, as for our purposes it was a combined
treatment and control group.
eiCBT: internet-based CBT.

Study Quality
Study quality was mixed, with 31% (5/16) of the studies rated
as good overall, 13% (2/16) rated as fair, and 56% (9/16) rated
as poor (Table 2). There was a low risk of bias in 88% (14/16)
of the included studies for the completeness of outcome data

and other biases, 81% (13/16) for random sequence generation,
and 56% (9/16) for allocation concealment and blinding of the
participants and personnel. There was a low risk of bias among
only 50% (8/16) of studies for the blinding of outcome
assessment and 19% (3/16) of studies for selective reporting.
The risk of bias in the remaining studies was typically unclear.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e29842 | p.113https://www.jmir.org/2022/4/e29842
(page number not for citation purposes)

Wickersham et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Results of risk of bias assessment.

Overall
study
quality

Other
bias

Selective
reporting

Incomplete out-
come data

Blinding of out-
come assessment

Blinding of par-
ticipants and
personnel

Allocation
concealment

Random sequence
generation

Study

Poor+?+??b++aCalear et al [42]

Good?++++++Fleming et al [43]

Good+?+++++Ip et al [44]

Fair++−c++++Merry et al [45]

Poor+?+++?+Poppelaars et al [46]

Poor+?+−−?−Sekizaki et al [47]

Poor+?+???+Smith et al [48]

Fair+?+++?+Spence et al [39]

Good+++++++Sportel et al [49]

Poor+?+??+?Stallard et al [50]

Good+?+++++Stasiak et al [51]

Good+?+++++Stjerneklar et al [40]

Poor+?+−+++Topooco et al [52]

Poor+?−????Wong et al [53]

Poor+?+???+Wright et al [54]

Poor−?+???+Wuthrich et al [41]

a+: low risk of bias.
b?: unclear risk of bias.
c−: high risk of bias.

Efficacy of cCBT
In all, 19% (3/16; 2 of poor quality and 1 of good quality) did
not report adequate data to be included in the meta-analyses
[43,47,50]. Here, we briefly summarized the findings of these
studies. Compared with waitlist control groups, Sekizaki et al
[47] found better depression and anxiety symptoms following
cCBT, whereas Fleming et al [43] found this only for depression.
Stallard et al [50] found symptom improvements in both cCBT
and waitlist control groups but did not conduct sufficient
analyses to assess whether either group had better outcomes
than the other group. For the remaining studies, we present the
meta-analysis results separately for anxiety and depression
outcomes. The data used in the meta-analyses can be found in
Multimedia Appendix 5 (Table S5) [39-42,44-46,48,49,51-54].

Anxiety Meta-analysis
A total of 11 studies were included in the anxiety meta-analysis
(3/11, 27% good quality; 2/11, 18% fair quality; and 6/11, 55%
poor quality) [39-42,44,45,48,49,52-54]. The pooled SMD for
the anxiety random-effects meta-analysis demonstrated a small
but statistically significant effect of cCBT, with treatment arms
showing lower anxiety scores at follow-up than the control arms
(SMD −0.21, 95% CI −0.33 to −0.09; Figure 2). There was
evidence of moderate, but not statistically significant,

heterogeneity (I2=36.2%; Q10=15.68; P=.11). Visual inspection
of the funnel plot (Figure 3) and the Egger test for funnel plot
asymmetry (P=.80) did not show strong evidence of publication
bias.
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Figure 2. Forest plot for anxiety meta-analysis. SMD: standardized mean difference.

Figure 3. Funnel plot for anxiety meta-analysis. SMD: standardized mean difference.

Sensitivity analyses yielded similar small effect sizes when the
meta-analysis was limited to different intervention,
randomization, and analysis types (Table 3). However, the
pooled effect size varied according to the risk of bias ratings,
with those rated fair finding the weakest evidence for an effect

of cCBT (Figure S1 in Multimedia Appendix 6
[39-42,44,45,48,49,52-54]). The pooled effect size was
substantially smaller and not significant when the control groups
were limited to those with an active treatment component.
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Table 3. Results of stratified anxiety meta-analyses.

I2 (%)Cochran Q,
P value

Cochran Q (df)Standardized mean differ-
ence (95% CI)

Total
studies, n

Quality of the includ-
ed studies

Stratified analyses

Randomization type

0.0.471.52 (2)−0.22 (−0.32 to −0.12)31 good; 2 poorClustered [42,49,53]

50.6.04814.16 (7)−0.22 (−0.42 to −0.02)82 good; 2 fair; 4
poor

Other [39-41,44,45,48,52,54]

Analysis type

26.9.254.10 (3)−0.14 (−0.34 to 0.05)41 good; 2 fair; 1
poor

Intention to treat [39,44,45,52]

44.7.0910.84 (6)−0.25 (−0.41 to −0.09)72 good; 5 poorOther or unclear [40-42,48,49,53,54]

Intervention type

45.2.0714.60 (8)−0.18 (−0.33 to −0.03)92 good; 2 fair; 5
poor

Treatment [39-42,45,48,49,52,54]

0.0.590.30 (1)−0.30 (−0.48 to −0.11)21 good; 1 poorPrevention [44,53]

Control group type

0.0.680.78 (2)−0.07 (−0.26 to 0.12)33 good; 1 fair; 5
poor

Treatment [39,45,49]

37.1.1114.31 (9)−0.23 (−0.36 to 0.10)101 good; 2 fairOther [39-42,44,48,49,52-54]

Study quality

32.8.232.98 (2)−0.25 (−0.47 to −0.03)33 goodGood [40,44,49]

0.0.830.05 (1)−0.08 (−0.31 to 0.15)22 fairFair [39,45]

54.4.0510.97 (5)−0.22 (−0.43 to −0.02)66 poorPoor [41,42,48,52-54]

Depression Meta-analysis
A total of 10 studies were included in the depression
meta-analysis (3/10, 30% good; 1/10, 10% fair; and 6/10, 60%
poor) [40,42,44-46,48,51-54]. As with the anxiety meta-analysis,
the pooled SMD for the depression random-effects meta-analysis
demonstrated a small but statistically significant effect of cCBT,

with treatment arms showing lower depression scores at
follow-up than the control arms (SMD −0.23; 95% CI −0.39 to
−0.07; Figure 4). There was evidence of moderate and

statistically significant heterogeneity (I2=59.5%; Q9=22.2;
P=.008). Visual inspection of the funnel plot (Figure 5) and the
Egger test for funnel plot asymmetry (P=.53) did not show
strong evidence of publication bias.

Figure 4. Forest plot for depression meta-analysis. SMD: standardized mean difference.
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Figure 5. Funnel plot for depression meta-analysis. SMD: standardized mean difference.

Sensitivity analyses yielded similar small effect sizes when the
meta-analysis was limited to different intervention types,
randomization types, and analysis types (Table 4). The effect
size again varied according to the risk of bias ratings, with those
rated poor finding the strongest evidence for an effect of cCBT
compared with control arms (note that only one study was rated

fair in this meta-analysis; Figure S2 in Multimedia Appendix
7 [40,42,44-46,48,51-54]). Finally, as with anxiety, the effect
size was substantially smaller and not significant when the
control groups were limited to those with an active treatment
component.

Table 4. Results of stratified depression meta-analyses.

I2 (%)Cochran Q,
P value

Cochran Q (df)Standardized mean differ-
ence (95% CI)

Total number
of studies, N

Quality of the in-
cluded studies

Stratified analyses

Randomization type

0.0.591.07 (2)−0.14 (−0.24 to −0.03)33 poorClustered [42,46,53]

67.2.00518.32 (6)−0.26 (−0.53 to 0.01)73 good; 1 fair; 3
poor

Other [40,44,45,48,51,52,54]

Analysis type

63.8.048.29 (3)−0.24 (−0.56 to −0.07)42 good; 1 fair; 1
poor

Intention to treat [44,45,51,52]

62.0.0213.14 (5)−0.22 (−0.43 to −0.01)61 good; 5 poorOther or unclear [40,42,46,48,53,54]

Intervention type

68.7.00419.18 (6)−0.22 (−0.46 to 0.03)72 good; 1 fair; 4
poor

Treatment [40,42,45,48,51,52,54]

5.9.352.12 (2)−0.26 (−0.43 to −0.09)31 good; 2 poorPrevention [44,46,53]

Control group type

32.1.231.47 (1)−0.17 (−0.49 to 0.14)21 fair; 1 poorTreatment [45,46]

61.9.00721.01 (8)−0.25 (−0.43 to −0.07)93 good; 6 poorOther [40,42,44,46,48,51-54]

Study quality

55.7.114.52 (2)−0.10 (−0.49 to 0.29)33 goodGood [40,44,51]

N/AN/AN/Aa−0.06 (−0.34 to 0.23)11 fairFair [45]

70.1.00516.74 (5)−0.32 (−0.56 to −0.08)66 poorPoor [42,46,48,52-54]

aN/A: not applicable. Only 1 study was included in this stratification.
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Discussion

Principal Findings
This review aims to provide an update to previous meta-analyses
and evaluate the efficacy of cCBT in the treatment of anxiety
and depression in adolescents. We found evidence of small but
significant effects of cCBT on adolescent anxiety and
depression. Secondary analyses suggested that the efficacy of
cCBT was comparable with that of alternative, active
interventions (such as face-to-face therapy or treatment as usual)
and resulted in significantly greater symptom reductions than
the control groups not receiving such interventions. However,
it should also be noted that we identified a large number of
poor-quality studies, which could limit the strength of our
overall findings, and it would be important for future RCTs in
this area to adopt rigorous methodologies to ensure their
reliability and validity.

To the best of our knowledge, this is the first meta-analysis of
this kind to focus exclusively on the adolescent age range to
establish the efficacy of cCBT within this distinct developmental
period. This is an important addition to the literature, given the
unique biological and social transitions associated with
adolescence, as well as the associated prevalence rates of mental
health disorders in this age group [24-26]. Limiting the included
studies to RCTs further strengthens the evidence for the efficacy
of cCBT [55]. Our findings, therefore, support the results of a
previous review which found favorable effects of cCBT for the
treatment of anxiety and depression in adolescents [18] and
support a recent move by the NICE guidelines to recommend
the use of digital CBT for children and young people with mild
depression [7]. Our findings are also similar to those seen in
the adult population; for example, a recent meta-analysis found
that internet-based CBT or cCBT was effective for treating
depression and anxiety among adults and showed equivalent
effects to face-to-face therapy [56]. Furthermore, we identified
studies from a wide range of countries, suggesting that cCBT
might be an effective intervention in various cultural settings.
However, we did not identify any studies published in languages
other than English or conducted in low- and middle-income
countries, where a lack of resources and mental health services
might make the availability of cCBT particularly beneficial.

Challenges remain in the development of effective digital
interventions for adolescents; however, our findings suggest
that cCBT may overcome various barriers to treatment in the
adolescent age group [14,15] and provide reasonable grounds
for optimism in promoting adolescent public health. It was found
that cCBT may be a less resource-intensive alternative to
traditional therapies, with many programs included in this
meta-analysis requiring little or no clinician support. However,
receiving professional support alongside computerized therapies
might be beneficial, such that blended approaches could be
optimal [57]. In addition, parental involvement in child CBT
may lead to better outcomes, although evidence on their role in
adolescent CBT is less conclusive [58,59]. Few of the studies
we identified described direct parental involvement in the cCBT
intervention; for those that did, the extent of parental
involvement was minimal and sometimes optional. Therefore,

the potential role of therapists and parents in adolescent cCBT
is an important area for future work to optimize the balance of
effectiveness, resource requirements, and scalability. It should
also be noted that only 6% (1/16) of the included studies
included a health economic analysis; a thorough investigation
of the cost-effectiveness of cCBT interventions would be an
important area for future studies [54].

The feasibility and acceptability of cCBT are not universally
positive, necessitating a thorough understanding of the active
components of these interventions [14]. Indeed, this issue is not
unique to digital interventions targeting anxiety and depression
or to adolescents. Going forward, more studies should
demonstrate an awareness of the importance of co-design,
personalization, and data privacy, and should incorporate
principles from various disciplines such as app design and
machine learning to further improve the feasibility and
acceptability of these interventions [60-62]. Although this
meta-analysis did not explore the quality or usability of
interventions, future authors assessing cCBT should also
consider using process evaluation measures [63], as has been
previously highlighted [64]. This would also help prepare
interventions for adoption in schools or routine clinical care, as
several of the interventions identified in this study are not
currently being implemented outside of a research setting.

Limitations
This study had several limitations. In the meta-analysis, we
were unable to correct for the effects of clustered randomization
because of underreporting in many of the included clustered
RCTs. Therefore, the effects of clustering were explored using
sensitivity analyses, and effect sizes were found to be similar
following the removal of clustered RCTs. In addition, the results
from the longest available follow-up period were used in the
meta-analysis to ensure that prolonged intervention effects could
be captured. However, because the longest follow-up period
varies among studies, this can introduce additional heterogeneity
(Cochrane Handbook section 9.3.4 [31]). Heterogeneity was
generally moderate to high, suggesting that some methodological
variation among the included studies was not accounted for.
Further heterogeneity may have been introduced by combining
prevention and treatment studies and by combining superiority
and noninferiority studies; nonetheless, we conducted sensitivity
analyses to understand the differential effects of these study
designs.

We focused on participants aged 11 to 19 years but acknowledge
that the age of adolescence is widely debated, such that some
of the studies excluded from this review owing to the age of
their participants might have produced findings relevant to
adolescent groups [24]. The authors of included studies were
not contacted to identify further studies for inclusion; however,
our search strategy was otherwise rigorous. Finally, the strength
of our findings is necessarily limited by the quality of the
included studies, which were very mixed, with more than half
(9/16, 56%) receiving overall ratings of poor study quality
according to our quality assessments [32,33]. Indeed, evidence
for the efficacy of cCBT in treating depression was stronger in
studies rated as poor quality.
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Conclusions
This meta-analysis reinforces cCBT as an effective intervention
for anxiety and depression, showing small, but statistically
significant effects. To our knowledge, this is the first study to
establish this relationship in an exclusively adolescent group.
Most studies were of poor quality and highly heterogeneous,
highlighting the need for rigorous and high-quality RCTs in

this area. Given the wide variety of available programs and
technologies, future research could focus on establishing the
active components of cCBT and draw principles from various
disciplines, such as design technology and computer science,
to optimize feasibility and acceptability. Nonetheless, the clinical
potential of cCBT in treating adolescent anxiety and depression
is clear and has the scope to address current unmet needs within
child and adolescent mental health services.
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Abstract

Background: Patient-generated health data are increasingly used to record health and well-being concerns and engage patients
in clinical care. Patient-generated photographs and videos are accessible and meaningful to patients, making them especially
relevant during the current COVID-19 pandemic. However, a systematic review of photos and videos used by patients across
different areas of health and well-being is lacking.

Objective: This review aims to synthesize the existing literature on the health and well-being contexts in which patient-generated
photos and videos are used, the value gained by patients and health professionals, and the challenges experienced.

Methods: Guided by a framework for scoping reviews, we searched eight health databases (CINAHL, Cochrane Library,
Embase, PsycINFO, PubMed, MEDLINE, Scopus, and Web of Science) and one computing database (ACM), returning a total
of 28,567 studies. After removing duplicates and screening based on the predefined inclusion criteria, we identified 110 relevant
articles. Data were charted and articles were analyzed following an iterative thematic approach with the assistance of NVivo
software (version 12; QSR International).

Results: Patient-generated photos and videos are used across a wide range of health care services (39/110, 35.5% articles), for
example, to diagnose skin lesions, assess dietary intake, and reflect on personal experiences during therapy. In addition, patients
use them to self-manage health and well-being concerns (33/110, 30%) and to share personal health experiences via social media
(36/110, 32.7%). Photos and videos create significant value for health care (59/110, 53.6%), where images support diagnosis,
explanation, and treatment (functional value). They also provide value directly to patients through enhanced self-determination
(39/110, 35.4%), social (33/110, 30%), and emotional support (21/110, 19.1%). However, several challenges emerge when patients
create, share, and examine photos and videos, such as limited accessibility (16/110, 14.5%), incomplete image sets (23/110,
20.9%), and misinformation through photos and videos shared on social media (17/110, 15.5%).

Conclusions: This review shows that photos and videos engage patients in meaningful ways across different health care activities
(eg, diagnosis, treatment, and self-care) for various health conditions. Although photos and videos require effort to capture and
involve challenges when patients want to use them in health care, they also engage and empower patients, generating unique
value. This review highlights areas for future research and strategies for addressing these challenges.

(J Med Internet Res 2022;24(4):e28867)   doi:10.2196/28867

KEYWORDS

patient engagement; patient-generated health data; consumer-generated health data; personal health information; patient
empowerment; mobile phone
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Introduction

Background
There has been a growing interest in patient-generated health
data (PGHD) in recent years, where patients create and collect
personal information about some aspects of their own health
outside the health care setting [1]. This interest has been spurred
by technological developments, most notably by sensors
embedded in smartphones and wearable devices that allow
people to automatically generate a wide range of health data,
from physical activity to heart rate to sleep [2-4]. At the same
time, patient perspectives are progressively changing from
passive recipients of health care to active agents, with an
emphasis on proactive well-being, rather than reactive clinical
care [5].

Current evidence suggests that for patients, PGHD support the
self-management of disease, promote partnership with providers,
enable people to gain social support within the peer network,
and facilitate the creation of different types of value [6-9].
Health service providers are also increasingly interested in
assessing patient health outside the health care setting, for
example, through patient-reported outcome measures (PROMs)
[10]. In contrast to PROMs, PGHD can be initiated by patients
rather than by health care providers. Not only are patients
responsible for capturing personal data but they can also direct
the sharing of this information and retain ownership of their
data [1]. Furthermore, PROMs are often survey-based, whereas
PGHD can be diverse, including sensor data, personal diaries,
photos, and histories [1,8,11].

This paper focuses on patient-generated photos and videos
because they are more accessible and meaningful for patients
than other forms of PGHD. First, accessibility stems from the
widespread availability of cameras in smartphones, which allows
patients to capture photos or videos of their bodies, lifestyles,
and experiences relevant for their health and well-being [12].
Photos are also accessible as a medium that patients can readily
use and understand across different languages and cultures,
without requiring in-depth medical or technical expertise. For
example, patients tracking their diet may find it easier to take
a photo of each meal consumed than to keep a diary of the
ingredients and nutritional value of each meal [13]. In writing
that “seeing comes before words,” Berger [14] highlights that
photos and videos are accessible on a more fundamental level,
because we experience the world, and thereby our health,
primarily through our senses, including our visual sense. Second,
photos and videos are meaningful for patients because they can
communicate something that they cannot directly express, as
suggested by Haines et al [15]: “photographs can reveal the gap
between ‘what we see and what we know’, and show aspects
of experience not easily captured through words alone.” Videos
allow patients to discuss and record what they see and
experience. Both photos and videos can aid patients in capturing
and discussing unique information during consultations, and
conversely, they offer prompts to health care professionals to
ask questions that may not be asked otherwise. Furthermore,
social media (eg, YouTube and PatientsLikeMe) allow patients
to share not only data but also personal experiences and

knowledge through photos and videos, which make them
interesting resources for other patients, health care professionals,
and health care organizations [6,16].

During the current COVID-19 global pandemic, the accessibility
and meaningfulness of photos and videos are especially relevant.
With unprecedented stress on health systems and risk of
infection spread, patients and health care providers are looking
for tools that are easy to use and accessible for diagnosis and
ongoing care via telehealth [17]. However, current systematic
reviews on the use of photography and videos for health and
well-being concerns have been limited to specific populations
[18], a single clinical assessment [13], or one type of content
[19]. A comprehensive assessment of the extent of research
evidence and the potential scope of patient-generated photos
and videos in different areas of health and well-being is lacking.

Objectives
The overarching objective of this review is to synthesize the
literature on patient-generated photos and videos across health
and well-being contexts. Specific objectives include (1)
providing an overview of the different contexts in which photos
and videos are used, (2) examining the value gained for patients
and health care professionals, and (3) examining the challenges
experienced by these groups in creating, sharing, and examining
photos and videos. Throughout the review, we examine the
differences between photos and videos. On the basis of these
insights, this study seeks to offer practical implications for
patients and health care professionals, as well as future research
directions for medical informatics researchers.

Methods

Overview
This study was guided by the 5-step framework for scoping
reviews by Arksey and O’Malley [20]. Scoping reviews aim to
comprehensively assess the size and scope of available research
literature to convey the breadth of a nascent field. Similar to
systematic reviews, scoping reviews aim to be systematic,
transparent, and replicable [21]. However, a scoping review
protocol has not yet been published. In contrast to systematic
reviews, scoping reviews do not assess the quality of included
studies because of the paucity of randomized controlled studies
[22], and the review also requires analytical reinterpretation of
the literature [23]. In the following sections, we describe each
of the 5 steps taken to conduct a scoping review of
patient-generated photos and videos for health and well-being.
For a succinct summary via a scoping review checklist, see
Multimedia Appendix 1 [24]. Although the steps are presented
in a linear order, it is important to note that the scoping process
is iterative and requires a back-and-forth within and between
steps as researchers gain a better understanding of the literature
[20,22].

Step 1: Identifying the Research Question
The research questions for this review were as follows: (1) In
which health and well-being contexts are patient-generated
photos and videos used? (2) What value and challenges do
patient-generated photos and videos hold for patients and health
care professionals? These questions were based on our shared
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interest in photos taken by patients for health, also known as
medical selfies [12,25]. We refined the questions over time as
we became acquainted with the literature to focus on
patient-generated photos, rather than selfies, to align with the
widespread use of the term PGHD in the literature [7,26,27].
Videos were also included because they were similarly captured
through smartphones and used in ways similar to photos. Our
primary concern has always been with the experiences of
patients and their caregivers, as well as their photo-mediated
interactions with health care professionals (eg, clinicians, allied
health, and nurses) and peers (eg, via social media), rather than
a health system or pure technology perspective. On the basis of

the literature reviewed, we refined the research question from
experience to the more specific study objectives of (1) contexts,
(2) value, and (3) challenges.

Step 2: Identifying Relevant Studies
We devised a systematic search strategy to identify relevant
studies. The strategy was based on the literature review of the
PhD thesis of the third author (KB) and the support of a
librarian. The search terms described in Textbox 1 were based
on keywords in the research question and were developed in
consultation with a research librarian. Full search strings with
particular terms for each database can be found in Multimedia
Appendix 2.

Textbox 1. Search terms.

Search terms

(image* OR pictur* OR photo* OR video* OR selfie* OR portrait* OR snap* OR shot* OR depict* OR data* OR info*)

AND

(patient* OR consumer* OR care* OR customer* OR veteran* OR client* OR self* OR crowd*)

AND

(generate* OR record* OR creat* OR captur* OR document* OR evidence* OR story OR report* OR track* OR initiat* OR monitor* OR take*)

The search included articles from January 2008 to January 31,
2021, written in the English language. The start date was chosen
because the major brands of smartphones—iPhone (Apple Inc)
and Android (Open Handset Alliance)—were first released in
2007 and 2008, respectively, which provide the platform for
patient-generated photos and videos. Articles written in other
languages were excluded because of the cost and time required
for translation. Only peer-reviewed articles that included primary
research were selected to ensure that the conclusions were
supported by an evidence base.

According to the objectives of this study and the focus on
patients as technology users, we conducted our search strategy
in both health and computing databases. Furthermore, we

considered social science databases such as Embase and
PsycINFO to cover special studies in psychology and behavioral
science. We searched eight health databases (CINAHL,
Cochrane Library, Embase, PsycINFO, Web of Science,
PubMed, MEDLINE, and Scopus) and one computing database
(ACM). To ensure that we did not neglect any relevant articles,
we broadened the search by using Medical Subject Headings
terms and synonyms to collect a comprehensive pool of relevant
articles. As illustrated in Figure 1, the health database search
yielded 28,026 results, and the ACM search yielded 541 results.
In addition, 2 authors (BP and KB) hand searched the reference
lists of related review articles [7,13,18,19,28] and JMIR
archives, which returned 17 additional articles. After removing
duplicates, 10,017 articles remained.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for the selection of studies from the databases.

Step 3: Study Selection
The study selection was performed by 2 authors (BP and KB)
based on inclusion and exclusion criteria to ensure consistency
and replicability. As illustrated in Figure 1, we followed the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) procedure [29] to ensure systematic
selection. On the basis of the literature review and discussion
of the research question, we established several inclusion criteria

(Textbox 2). Articles needed to fulfill all the inclusion criteria
to be included in the review. After screening the titles of articles,
527 remained for review. The 2 authors independently reviewed
the abstracts of each remaining article and, if necessary,
downloaded the entire article to check if it fit the criteria. Papers
that were potentially eligible were discussed during meetings
among the authors. Through these discussions, we also
established exclusion criteria (Textbox 2) to disambiguate
decisions on potentially relevant articles.

Textbox 2. Inclusion and exclusion criteria for study selection.

Inclusion criteria

1. Articles describe patient-generated photography or videos that reflect personal information and experiences to help address a health and well-being
concern

2. Photos or videos are taken by patients, carers, or other participants who are not health care professionals or researchers

3. Findings report on photography or videos as a collection mechanism, intervention, or unit of analysis

Exclusion criteria

1. Publications without primary research, such as editorials, opinions, perspectives, reviews, and research protocols

2. Secondary analysis of photos and videos, for example, from social media, that have been shared by individuals without an explicit health or
well-being intent

3. Automatic video recordings of consultations or teleconsultations as well as images generated by clinician, surveillance, and patient monitoring
systems

On the basis of this process, we selected 110 relevant articles
for inclusion in this review. Owing to the large number of papers
involved, we only kept track of the number of papers at each

stage of the selection process, but we did not record the reason
for excluding each paper.
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Step 4: Charting the Data
NVivo (version 12; QSR International), a qualitative data
analysis software package, was used to store and manage the
charted data. Initially, we charted the data in a predefined form
(Multimedia Appendix 3 [15,30-138]), collecting publication
data to allow numerical coding and extracting qualitative
information relevant to our research questions (eg, author
information, year published, aims, target group, research
methods, results, number of photos or videos, and values).
However, with the large number of articles involved, the
diversity of studies, and particularly the breadth of qualitative
results presented, the spreadsheet became impractical.

To manage the large volume of data generated through charting,
NVivo (version 12) was used to code the content from the PDF
version of each article. This process also enabled the next step
of collating results. Publication data were extracted verbatim
from each article by 2 authors (BP and ARA), whereas coding
and critical analysis for the research questions was completed
by all authors. Extracted information was discussed at regular
meetings of all authors to ensure that the research questions
were still relevant, and the articles could answer the research
questions and to explore any discrepancies to clarify key
concepts and identify major gaps.

Step 5: Collating, Summarizing, and Reporting Results
Following the recommendation of Arksey and O’Malley [20],
we collated and reported the results based on a thematic analysis
approach [139] with an analytic framework [140]. Our thematic
analysis followed the steps described by Braun and Clarke [139].
We started by reading articles to familiarize ourselves with the
data, recorded notes through the memo and annotation features
of NVivo, and discussed ideas for coding. One author (ARA)
manually coded a subset of the 110 articles to generate an initial
list of 102 codes relevant to our research questions of health
and well-being contexts, value generated, and challenges. These
initial codes gave us an overview of the data, but they also
highlighted the diversity of study designs and results, which
made the aggregation of findings impossible. Instead, we needed
a framework to structure and report the results according to our
research questions.

To structure the results around health contexts, we initially
coded articles according to the International Classification of
Diseases, 10th revision [141], a medical classification
established by the World Health Organization consisting of 21
chapters. For example, chapter 1 describes infectious and
parasitic diseases, which relates to photos and videos used to
describe vaccine information and experiences. However, we
found that this framework was limited because it presented a
medical perspective and did not fit well with articles that
reported well-being outcomes or social media contexts. Hence,
we revised the structure around the primary contexts presented
in the articles: (1) health care services, where patients share
images with a health care professional to observe and treat health
and well-being concerns; (2) self-management, where patients
use images to independently track and manage health concerns;
(3) social media, where patients share personal health
information and experiences with peers on the web; (4)
education, where images are used for health education in schools

and waiting rooms; and (5) service improvement, where patients
are invited to take images to reflect on their health service
experience and express their needs.

To analyze the value of photos and videos reported in our article
collection, we used a health consumer engagement framework
[140] that highlights six key values of PGHD: functional,
emotional, social, transactional, efficiency, and
self-determination. For example, the functional value describes
how images are used by health care professionals to support
health outcomes through diagnosis, explanation, treatment,
therapy, and health promotion. The values from this framework
were chosen because they originated from a study of
patient-generated photos and allowed value to be considered
from the perspective of both patients and providers across
different health and well-being domains. We chose this
framework over benefit-risk models of the health care value,
which aim to promote strategic reform [142,143], because
photographs and videos are not routinely used in clinical
practice, and quantification of value was not demonstrated in
the articles retrieved.

To analyze these challenges, we identified several frameworks
that describe data challenges [27,144]. Although none of these
frameworks captured the range of challenges identified in our
initial codes, we selectively applied relevant concepts from
these frameworks for our analysis. For example, accessibility
is a key challenge for patients [144], which includes lack of
access to camera phones, lack of access due to poor app
usability, and difficulty in taking photos of feet or the back.
From existing frameworks [27,144], we also included the
challenges of privacy, interpretability, and relevancy, and we
structured the challenges according to different stages of their
use: collection, sharing, and examination of photos and videos.
In addition, we inductively coded other challenges that emerged
from the articles, such as poor photo quality when photos were
not in focus or when they did not clearly show the relevant
details.

A selection of 15 articles was coded independently by all 3
authors using the chosen frameworks. Regular meetings were
held to discuss the suitability of the frameworks for our
objectives and to explore any discrepancies in how we applied
them in our analysis, especially on how to distinguish between
values that appear interrelated (eg, the social and transactional
values). Once agreement was reached on how to apply the
frameworks and how to structure the challenges, one author
(BP) coded the remaining papers. The naming of themes and
subthemes was further refined by all the authors while writing
the report. The full coding tree is provided in Multimedia
Appendix 4. The results present the overall number of articles
identified in each theme, as well as the number of articles
reporting on photos and videos.

Results

Overview
Of the 110 articles identified in this review, 90 (81.8%) reported
on photos, 23 (20.9%) used videos, and 3 (2.7%) used both
photos and videos. Figure 2 provides an overview of the key
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themes revealed in our review, showing the contexts in which
photos and videos were used, values gained by patients, and
challenges when taking, sharing, and examining photos and

videos. The following sections provide further details of each
theme.

Figure 2. Overview of key themes identified in this review, presenting the contexts in which patients use health photos and videos, the value gained
by patients, and challenges experienced.

Use of Photos and Videos Across Health Contexts
We categorized articles based on the context in which the
patient-generated photos and videos were used. As summarized
in Table 1, images were largely used in health care services,

self-management, and social media contexts. Multimedia
Appendix 3 provides a more detailed table that also lists who
captured the images (patient or carer), the technologies used to
capture and share images, and the audiences receiving them.
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Table 1. The use of patient-generated photos and videos across health contexts (N=110 articles).a

Image informationVideos, n
(%)

Photos, n
(%)

Articles, n (%)DescriptionContext

Skin photos showing potential cancer [30-34],
hernia [35], rash [36-38], and wounds [39-50];
foods and beverages consumed [51-62]; experi-
ences related to mental health (eg, death of a par-
ent) [63], emotions such as hope [64], goals for
the near future [65] for therapy; and health
equipment [66,67] and medication [68]

2 (1.8)39 (35.5)39 (35.5)Patients share images with a
health care service to observe
and treat health and well-being
concerns

Health care service

Foods and beverages consumed [69-92]; nature,
people, and events to reflect on emotions [93,94]
and lifestyle [95-97]; and smoking and quitting
[15,98-100]

1 (0.9)33 (30)33 (30)Patients use images to indepen-
dently track and manage health
concerns

Self-management

Foods and beverages consumed [88-92]; disease
experience (cancer [101-106], cardiovascular
[107], diabetes [104,108], kidney stone [109], and
multiple sclerosis [110]); mental health (depres-
sion [111-113], suicidal thought [114], and other
[93,115,116]); proanorexia images [117-120];
medical procedures [121,122]; smoking and quit-
ting [99]; vaccine information [123-127]; and
various health concerns [97,128]

17 (15.5)19 (17.3)36 (32.7)Patients share personal health
information and experiences
with peers on the web on plat-
forms such as Instagram, Face-
book, Flickr, and YouTube

Social media

Digitally altered selfies showing impact of smok-
ing [129,130] and UV exposure [131,132]; healthy
eating ideas [133]; toothbrushing behavior videos
[134]; and vagina selfies [135]

1 (0.9)6 (5.5)7 (6.4)Images are used for health edu-
cation in schools, waiting
rooms, and community centers
or at home

Education

Children’s experiences and challenges in the
hospital (eg, needing to process new information)
[136,137] and in transitioning to their homes (eg,
manage medications) [138]

2 (1.8)1 (0.9)3 (2.7)Patients are invited to take im-
ages to reflect on their health
service experience and to ex-
press their needs

Service improve-
ment

aSeveral articles reported results on multiple contexts, or they included both photos and videos.

Health care service contexts were described in 35.4% (39/110)
of the articles, where patients created photos to document a
health concern to share them with a health care professional.
The three most common contents in this context were skin
photos, food photos, and photos capturing mental health
experiences. Patient-generated skin photos were used by
dermatologists and general practitioners to review skin lesions
and assess potential melanoma [30-34] or rashes [36-38].
Surgeons have also used patient-generated photos to diagnose
inguinal hernia [35] and to follow up on surgical wounds or
injuries [39-50]. Patient-generated photos showing food and
beverages consumed were commonly used by dietitians to
support patients with diabetes [54,57,58,60,61], patients with
irritable bowel syndrome [53], and pregnant women [51].
Therapists and counselors collaborated with patients to discuss
photos capturing events and experiences that affected the
patient’s mental health (eg, the death of a parent) [63], emotions
such as hope [64], and goals for the near future (eg, to go on a
holiday) [65]. In addition, of the 110 studies, 2 (1.8%) used
wearable cameras that automatically took photos throughout
the day to document dietary intake [55,59], which provided the
dietitian with more comprehensive data and alleviated the effort
required for patients. Only 1.8% (2/110) of the articles in this
context used videos either to document intermittent hand
twitching for diagnosis [42] or to record feelings and thoughts
about mental health issues between therapy sessions [63].

Self-management contexts accounted for almost a third of the
articles (33/110, 30%), where patients used images in their
day-to-day lives to track and control a health concern. These
images had a clinical or therapeutic context; however, the studies
did not report any image sharing with health care services. The
most prevalent concern that people self-manage through photos
is dietary intake. Food photos provide rich information to recall
details of the foods consumed, with whom they were eaten, and
the context [74]. People can use food photos to provide accurate
energy intake estimates, which do not differ significantly from
the gold standard, doubly labeled water, over short periods (6
days) [81]. However, over longer periods (6 months), adherence
to photographic food diaries diminishes [73]. Several studies
have explored the feasibility of photos with children [69,86]
and adolescents [70,71,80,83-85]. In addition to dietary intake,
people also use photos of nature, surroundings, people, objects
(including foods), and past events to reflect on their emotional
state [93,94] or their current lifestyle and well-being [95-97].
Photos are also used by smokers to capture places, events, and
routines associated with smoking or quitting cigarettes
[15,98-100].

Social media contexts featured in a third of all articles (36/110,
32.7%), where patients share videos and photos with an audience
of peers on the web. The summary in Table 1 shows 2 key
differences with social media, compared with other contexts.
First, almost half of the studies in this context report on videos
generated by patients, where they talk about personal health
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experiences on YouTube. A good example is the study by Liu
et al [104], which presents insights from 36 video bloggers who
share their experiences with chronic conditions that require
self-management, such as diabetes and HIV. The findings show
that these videos are often used to teach others about
self-management or to keep a personal journal to share their
physical and emotional updates in their illness journey. Videos
(unlike photos or text alone) allow patients to build rapport with
their audiences by filming themselves talking, showing
emotions, introducing other people, and showing their health
care environments and significant events [104]. A second key
difference in the social media context is that images are used
to present a broad range of health concerns, including cancer
experiences [101-106], mental health [93,111-116], and
vaccinations [123-127]. This is partly a result of the focus on
experience sharing, where people talk about a disease rather
than depict a symptom. It also results from social media,
allowing patients to find and join web-based communities
dedicated to a shared health concern. A poignant example is
proanorexia communities on Flickr, Instagram, and YouTube,
which use images and videos to promote eating disorders as a
desirable lifestyle rather than as a disease [117-120].

Social media contexts overlapped with self-management
contexts (8/110, 7.3% articles), where patients used photos
predominantly to self-manage a health concern; however, they
also shared these photos with peers on the web. Instagram was
used to self-monitor diet [88-92] and emotional well-being [93].
Facebook was used to share photos depicting reasons for quitting
cigarettes [99]. A bespoke platform (Staccato) was used to
capture and share photos of healthy lifestyle choices such as
taking steps instead of an escalator [97].

Educational contexts were described in 6.4% (7/110) of the
articles, in which the aim was to educate patients about a health

concern. In the school context, a face-aging app was used as an
educational intervention to promote smoking cessation [129]
and sun protection [131,132]. The app allowed students to take
a face selfie and to see the potential impact of smoking cigarettes
[129] and UV exposure without sunscreen [131,132] on the way
that their face will age. A similar educational intervention has
been deployed in the context of a physician’s waiting room to
promote smoking cessation [130]. In a home context, vagina
selfies were used to let women explore and learn about their
own intimate anatomy [135], and patient-recorded toothbrushing
videos were used to educate dental residents and to refine their
toothbrushing behaviors [134].

Finally, health service improvements were described in 2.7%
(3/110) of the articles. In this context, health service providers
asked patients and their family members to take photos to better
understand their patients’ health care experiences with the aim
of improving their service delivery. All studies were conducted
in pediatric services. Children and parents were invited to take
videos or photos to describe their experiences inside the hospital
[136,137] and after their transition to their homes [138]. Videos
of hospital experiences showed that patients desire better
information and ways to share experiences and reflect on
feelings [136]. Photos taken at home showed challenges, such
as children having to share responsibility for managing
medication, and fears and uncertainties, as children adjust to
living with a chronic health condition [138].

The Value of Photos and Videos
Patient-generated photos and videos create significant value
when used for health and well-being. On the basis of an
engagement framework [140], our analysis identified six key
values: functional, self-determination, social, emotional,
transactional, and efficiency. Table 2 provides a summary of
each value and the number of relevant articles.

Table 2. The value of patient-generated photos and videos (N=110 articles).a

Videos, n (%)Photos, n (%)Articles, n (%)DescriptionValue

7 (6.4)54 (49.1)59 (53.6)Support health outcomes through diagnosis, explanation, treatment, therapy,
and health promotion

Functional

12 (10.9)28 (25.5)39 (35.5)Empower patient through knowledge, form a personal narrative, and share
experiences

Self-determination

12 (10.9)22 (20)33 (30)Share experience and support with peers, family members, and web-based
community members

Social

5 (4.5)18 (16.4)21 (19.1)Express, understand, and regulate emotions; capture significant moments for
therapy

Emotional

1 (0.9)19 (17.3)19 (17.3)Eliminate unnecessary appointments; replace paper diaries and forms with
photographic records

Efficiency

6 (5.5)14 (12.7)18 (16.4)Enrich transactions through increased patient engagement and by providing
health professionals with a more holistic view of their patients

Transactional

aSeveral articles reported results on multiple values or on photos and videos.

The most prominent value reported is the functional value
(59/110, 53.6%), where photos and videos are used as an aid to
support health outcomes through diagnosis, explanation,
treatment, therapy, and health promotion. In terms of diagnosis,
photos provide important data for health care professionals to
diagnose hernias [35], rashes [36], injuries [38], lesions [30,47],

and cysts and angioedema [49]. Patients also use photos to
self-diagnose skin lesions [32,34] and monitor lesions over time
[31]. Photos and videos can provide valuable explanations that
lead to new insights for patients about the functioning of their
own body [135] and to come to terms with new diagnoses, for
example, to cope with cancer [103] and kidney stone disease
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[109]. For patients with diabetes, photos and videos provide
new knowledge about the impact of lifestyle factors such as
diet, alcohol consumption, and exercise on their diabetes
management [57,58,60,61,104]. Photos can enhance treatment
by showing biopsy sites to decrease wrong-site surgery in
dermatology [33], medication monitoring [68], and
documentation of the healing of postoperative wounds
[41,43,45], ulcers [50], and soft-tissue injuries [44]. The
therapeutic value of photos and videos was illustrated in
reminiscence therapy in patients with Alzheimer disease, where
photos were used to support remembering and reminiscing on
personal memories [95], as well as in mental health therapy to
reflect on past experiences [113]. Finally, photos and videos
support health promotion. This is most common with food
photos, which help health professionals and patients create an
awareness of patterns of eating, food choices, and portion sizes
[55,59,62,73,78,82,84-86]; decide on diet changes to promote
healthier food choices [37,51,72,76,87]; and aid in weight loss
[52,77].

Functional value often went hand in hand with efficiency value
(19/110, 17.3%), where the data provided through photos saved
time, money, and effort [140]. Commonly reported with photos
of skin conditions, time and money are saved when health
professionals assess photos instead of assessing patients in
person [41,42,44,45] or when patients can self-diagnose skin
lesions and rashes [31,32,34,36,40]. Similarly, patients save
time and effort when they are allowed to capture their dietary
intake through photos, rather than through pen and paper diaries
[56,69,71,76,77,79,80,92].

Several values—self-determination, social, and
emotional—come from patients using photos and videos to
reflect upon, capture, and share personal health experiences,
rather than specific data. Self-determination value (39/110,
35.5% articles) arises when patients “confirm and integrate their
beliefs (cognitive, spiritual, or other) into health care services,
asserting a degree of control over a health care situation
congruent with psychological empowerment” [6]. We identified
self-determination value from photos and videos through
enhanced knowledge, for example, by examining the personal
meanings of smoking and related social influences when quitting
smoking [15,98,100]. Health professionals sometimes encourage
patients to take on more responsibility by monitoring their
condition through photos to shift the power in consultations so
that patients become more informed and assertive [33,38,39].
Self-determination also arises when patients use videos to form
a personal narrative to make sense of a new diagnosis, such as
diabetes [58] or cancer [42,101,102], and what is occurring with
their bodies, emotions, and social identity before and after
medical interventions. Finally, several studies showed
self-determination value from sharing personal health
experiences, achievements, resources, and advice with other
patients through social media [104,133,136]. This was common
for mental health conditions, where negative self-perception is
a challenge for many patients. In this context, photos can help
empower patients through the expression of emotions and
negative self-perception as well as through seeing oneself as
part of a (web-based) group with same condition
[93,112,113,116,117].

Social value (33/110, 30%) comes from sharing health photos
and videos with other patients, family members, and friends.
Videos are commonly used to share personal experiences and
help with others who manage the same illness, for example,
diabetes, HIV, cancer, and multiple sclerosis
[58,61,101,103,104,106,107,110,121,136]. Patients report that
they were motivated to share personal videos because they could
not find the web-based information and guidance they wanted
[108] and because they gained additional motivation by being
able to help other patients [42]. Photo sharing on social media
is also common for general healthy living, for example, to share
insights about how to eat healthier meals [88-90,133], stay
physically active [97], and give up smoking [98,99]. People
with mental health conditions also gain value from posting
photos on the web to ask questions, call for help, show empathy,
and offer support to others [111-114,118,120]. Many patients
reported a sense of community with other social media users
who are experiencing similar health challenges
[67,104,111,112,115,116,119,133].

Emotional value (21/110, 19.1%) can arise from capturing
personal experiences with an illness to better understand and
regulate emotions [74,93,94,96]. Emotions reported in the
studies include a wide range of emotions: sympathy [97], humor
[135], hopefulness [64,101,112], fear [101], hopelessness [112],
pain [116], suicidal feelings [114], and ambivalent feelings such
as simultaneously feeling joyful and worried [98]. Images also
allow patients to express emotions and garner support from
family members [138], health care providers [136], and
web-based audiences [42,102,108,113,114,116]. Patients report
that they feel better when they see other social media users who
share similar emotions and that photos are more visually
stimulating than written text [88]. Therapies involve
patient-generated photos to help clients reflect on coping
strategies [64,65] and reminisce about past events and emotions
[95].

Finally, photos and videos can enrich transactions between
patients and health care professionals (18/110, 16.4%). On the
one hand, photos can increase patient engagement. Capturing
photos together with personal notes helps patients prepare for
consultations and take on a more active role in their interactions
with health care professionals, for example, by recalling
information about their diet [53], skin lesions [46], and
experiences with mental illness [65]. People with aphasia can
use photos to support expressive communication with health
care professionals [66]. On the other hand, patient-generated
photos and videos can empower health care professionals.
Reviewing photos during consultation can prompt health care
professionals to ask questions about health experiences [42,138],
triggers for adverse reactions [53], and adherence to treatment
plans [42,138]. Photos used in consultations are not always
limited to clinical data, as shown in a study with general
practitioners who reported that they also see social images (new
babies and holidays) that provide them with insights into the
broader lives of their patients that impact their health [38].
Photos and videos help health care professionals gain a more
holistic view of their patients and empathize better with their
patients, for example, in general practice [38], dementia care
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[95], children’s hospital [136-138], and cancer prevention and
treatment [15,102].

Challenges With Photos and Videos

Overview
The final part of our analysis describes the barriers and
challenges faced by patients with health-related photographs

and videos. Here, our analysis is structured based on the process
of working with photos and videos, starting with challenges
that patients face when they take photos, when they share them
with peers and health professionals, and when they are
examined. These challenges are interrelated, meaning that
challenges in taking photos and sharing them, in turn, can also
affect examination. Table 3 provides a summary of these
challenges.

Table 3. The challenges faced by patients in taking, sharing, and examining images (N=110 articles).

Videos, n (%)Photos, n (%)Articles, n (%)DescriptionChallenge

Image-taking challenges

0 (0)16 (14.5)16 (14.5)Lack of access to camera phone; poor app usability; difficulty in
taking photos of feet or back

Accessibility

1 (0.9)22 (20)23 (20.9)Lapses in food photos over long periods or when people (fail to)
reach goal; camera error

Incomplete image sets

1 (0.9)15 (13.6)16 (14.5)Image not in focus or not well lit; image not showing relevant
details (body part or food)

Image quality

Sharing challenges

1 (0.9)4 (3.6)4 (3.6)Time and effort required; increased sense of responsibility; lim-
ited technical support

Adoption by health profes-
sionals

3 (2.7)8 (7.3)10 (9.1)Potential risk to patients and health care professionals captured;
lack of safe image transfer; invisible social media audiences

Privacy

10 (9.1)7 (6.4)17 (15.5)Inaccurate or misleading social media images (vaccination); un-
healthy behaviors (anorexia)

Misinformation

3 (2.7)4 (3.6)7 (6.4)Web-based feedback harming people who quit smoking or who
share stories of depression

Harmful feedback

Examination challenges

1 (0.9)10 (9.1)10 (9.1)Not enough information in images to assess dietary intake or to
diagnose skin lesions

Interpretability

0 (0)6 (5.5)6 (5.5)Clinicians do not examine images; patients stop when food photos
show no new information

Relevancy

2 (1.8)6 (5.5)7 (6.4)Anxiety about potential infection or cancer diagnosis; stress from
revisiting past struggles with surgery or mental illness

Emotional labor

Image-Taking Challenges
Image-taking challenges were largely reported with photos.
Challenges with capturing videos rarely surfaced in our review,
despite the potentially large burden for video (and audio)
capture, storage, and editing.

A major challenge in taking images is accessibility (16/110,
14.5%). For example, patients reported difficulty in accessing
body parts such as their feet or their backs with a camera phone
[30,31] or felt it inappropriate to access their cameras to capture
photos of the groin area [31,43,135] and in social situations (to
take food photos in public settings such as a restaurant)
[54,55,62,74]. Not all patients have access to a camera phone,
or they do not know how to use them, particularly children [69]
and older patients [33,66]. Usability issues of bespoke apps also
limited the accessibility of photos and videos, especially when
instructions for taking photos were unclear [33,70,78,135].

In total, 20.9% (23/110) of the articles reported incomplete sets
of images as a challenge. This was particularly a concern when
patients took photos of their food over long periods [73,74] or

when food photos needed to be taken both before and after
having a meal to show what has been consumed
[55,56,60,69,71,78,79,81,84,85]. Participants reported that the
time, effort, and training required to take good images were
causes of incomplete sets of data [57,78,82] or simply that they
forgot [54,56,57,60,69,71,74,78,82]. People stop taking images
when they reach a health goal or when they fail to do so [48,88]
or because of life disruptions such as moving to a new home
[61].

Patients had difficulties with taking high-quality images (16/110,
14.5%). Photos were not in focus [30,31,33], or photos were
too dark to show the relevant body part [31] or food
[55,59,82,87]. Often, images did not present all relevant details.
For example, photos did not show all ingredients of a meal
[60,78,91,133], and videos lacked details on how to complete
preparation for a medical procedure [122]. Poor-quality photos
of wounds [41,44] and cancer biopsy sites [33] led authors to
conclude that patients require further guidance to take
high-quality images.
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Sharing Challenges
Several challenges arise when patients share photos and videos
with health professionals and peers. A first barrier is the lack
of adoption by health professionals (4/110, 3.6%). Attending
to photos and videos takes time and effort [82], with health
professionals indicating that they need support from medical
assistants to review and identify relevant photos [53]. Adoption
is also limited by an increased sense of responsibility for health
professionals, for example, when patients assume that health
professionals are available all the time and that they take
responsibility as soon as photos or videos have been shared
[42]. The institutional environment also prohibits adoption, for
example, when electronic medical records do not support images
taken by patients [45].

Sharing health concerns through photos and videos introduces
various privacy risks to patients and their carers (10/110, 9.1%).
There is a risk that people may gain access to images on the
patient’s phone, for example, patients may accidentally show
health photos when showing other images to family and friends
[31]. In the context of health services, privacy is at risk when
secure and encrypted options for transferring patient photos are
not available or when there is a lack of information on who has
access to patient photos stored in electronic medical records
[45]. Therefore, some clinicians advise their patients to bring
photos on their phones instead of sending them, which leaves
patients in control and allows them to retain ownership [38].
The privacy of health professionals is also at risk, for example,
when patients take images during consultations [38]. Finally,
the context of social media introduces privacy risks because the
audience is large and unknown, and information can be taken
out of context and misinterpreted. For example, videos
describing personal experiences with diabetes [108] or memories
for people with Alzheimer disease [95] can be seen by not only
strangers but also friends and relatives, which can be painful
and make them worry.

Misinformation on social media is a common challenge (17/110,
15.5%). This is the only area where videos are more prevalent
than photos (10/110, 9.1%, vs 7/110, 6.4% articles). YouTube
videos detailing patient experiences can act as a useful source
of health information; however, from a medical perspective,
these videos can often be inaccurate. For example, patient videos
of bowel preparation for colonoscopy often miss important
information, such as types of preparation purgatives, disgust,
and embarrassment [122]. Videos reporting on breast
reconstruction can provide unrealistic expectations [105]. Some
videos present unreliable and potentially misleading information
about treatments that have no evidence for being effective, such
as home remedies for skin cancer [106] and herbal medicines
used to treat kidney stone disease [109]. Patient photos and
videos posted on social media commonly present vaccinations
in a negative light [126], and they receive a higher number of
likes than images with positive views toward vaccination
[123,124]. Social media are also used to promote harmful
behaviors through images of self-injury [116], suicide [114],
and eating disorders [117-120].

Patients often share photos and videos on social media to create
social value, but such sharing also carries the risk of receiving

harmful feedback (7/110, 6.3%). For example, people who quit
smoking can gain valuable social support from Facebook groups,
but photos posted by current smokers can be counterproductive
to quitting attempts [99]. Similarly, people who shared personal
experiences with depression [112], rape [115], and thoughts of
suicide [114] on social media reported harmful feedback that
blamed the victim or even encouraged suicide.

Examination Challenges
When patients and health professionals examine photos and
videos, a first challenge is interpretability (10/110, 9.1%). The
risk of misinterpretation is related to food photos, where photos
and accompanying self-reports did not provide sufficient
information to accurately assess intake, that is, items of a meal,
portion size, and nutritional value, often remained unclear
[52,78,80,82,91]. Health professionals expressed concerns about
potential misdiagnosis when they rely solely on photos or videos
from patients [38,42], and patients also recognize that this is a
possibility [31]. Potential misdiagnosis was raised, particularly
in the context of skin lesions. Overestimating the significance
of a particular lesion may lead to anxiety, but, more importantly,
underestimating its significance carries the risk of missed
melanoma [30].

A second examination challenge lies in the relevancy of photos
and videos (6/110, 5.4%). Consultation times are limited, and
health providers do not always see patient photos as relevant
enough to examine them [53]. Patients stop taking food photos
and sharing food photos on the web when they think they
provide no new information and become irrelevant [61,88]. A
lack of gender and racial diversity can diminish the relevance
of photos and videos on social media for a particular person or
target group; for example, they may fail to encourage human
papillomavirus vaccination among African American individuals
when they do not see themselves represented on the web [127].
Time delays between capturing and examining images can also
diminish the relevancy of photos for patients, for example, when
reflecting on diet or mental health [87,94].

Finally, the papers also highlighted the challenge of emotional
labor, where examining photos triggers emotions that patients
and caregivers find difficult to manage (7/110, 6.3%). Photos
can add stress to patients, particularly when they already feel
stressed from having to manage a chronic illness [137]. Patients
also report anxiety about possible health issues raised by photos,
such as infection [42] or a cancer diagnosis [34]. Emotional
labor can also result from photos that bring back stressful
memories from the past, such as an unpleasant surgery or
struggles with mental illness [31,65,96]. Revisiting photos from
the past was a challenge for people with dementia, as photos
used for reminiscing triggered positive emotions of happiness
as well as negative emotions of sadness and distress [95].

Discussion

Principal Findings
This is the first review to better understand how
patient-generated photographs and videos are used across
different health and well-being contexts, and what value and
challenges they hold for patients and health professionals. In
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many ways, photos and videos reflect the characteristics of other
PGHD; that is, they capture data related to medical conditions
or general wellness, are generated by patients or their caregivers,
and are often shared with health care professionals, peers, and
other stakeholders [1,26]. However, our results highlight several
key messages that show that photos and videos are not merely
a subset of PGHD but are a powerful medium to engage patients
as active partners in their health care, which generates unique
value and challenges.

First, photos and videos not only are used in health care services,
in education, and for self-management at home but also play
an important role in social media contexts. According to the
traditional notion of PGHD [1], images offer valuable health
data to aid with health decisions in health care services,
self-management, and health education. The most common
areas in our review were skin photos that assist with the
diagnosis of melanoma, food photos to help assess dietary
intake, and information related to mental health for discussion
with therapists. We also observed images used in unique and
unexpected ways. For example, under education, we found that
women were invited to take vagina selfies to explore their own
intimate anatomy, which can be awkward but helps break
associated taboos [135]. Very few studies reported on videos
to aid with health decisions, but videos are needed for decisions
relating to body movement, such as diagnosing twitching [42]
and assessing toothbrushing skills [134]. By contrast, in social
media contexts, videos were more common. Instead of
presenting data, patient-generated videos (and, to some extent,
photos) were used as a medium to communicate personal health
knowledge, experiences, and stories to social media audiences.
This has also been characterized as health video blogging [104]
or visual narrative [116]. Both concepts describe when patients
use images simultaneously for personal purposes, particularly
to keep a journal and to reminisce, and for communicative
purposes, particularly to document their health journey and
teach others. Such experience videos are not limited to health
concerns that can be easily captured using a camera. Hence, we
found a broad range of health and well-being topics discussed
on social media, including cancer [104], eating disorders
[118,119], and vaccination [123,124].

Second, photos and videos do not only offer functional value
to aid with diagnosis and treatment but also provide value to
engage and empower patients. On the one hand, the functional
value was the most mentioned (59/110, 53.6% articles), where
photos (rather than videos) primarily aid with diagnosis,
explanation, or treatment. This result aligns with traditional
notions of photos as data that offer insights to health providers
and patients to address a health concern [1] or even for health
providers to monitor patients remotely [144]. On the other hand,
our results highlighted several different types of
value—self-determination, social, emotional, and transactional
—that directly benefit the patient. These types of value arise
from active engagement with photos and videos, both through
personal reflection (self-determination and emotional values)
and when patients interact with health professionals
(transactional value) and peers (social value). In particular,
self-determination value can lead to patients feeling a higher
degree of control in their health care, congruent with

psychological empowerment [145]. Overall, our review shows
that the different types of value described in the framework of
Burns et al [140] are applicable across different health and
well-being domains.

Third, although reviews of PGHD emphasize that patients
benefit from technologies that reduce the effort required by
automatically collecting data such as physical activity, heart
rate, and sleep [7,8], our review highlights the opposite: active
engagement to record and interpret images is important to
generate self-determination value (39/110, 35.5% articles),
where patients gain a sense of control over their disease and
feel empowered in their health care. Only very few studies
explored wearable cameras that automatically take images
[55,59,95], but even these studies emphasized the importance
of active engagement in reviewing images with caregivers and
health professionals. Here, we see a parallel between the papers
in our review and visual research methods used in public health,
such as photovoice [146,147] and photo-elicitation interviews
[148], which show that the effort of representing one’s health
through photos pays off because it gives a voice to people that
can be empowering [147]. Moreover, visual research methods
[146-149] highlight that images can encourage a critical dialogue
between different stakeholders to interpret the meaning of an
image in a particular social context (eg, a consultation or an
online community) and to achieve mutual understanding, which
can result in social (33/110, 30%), emotional (21/110, 19.1%),
and transactional values (18/110, 16.4%).

Fourth, challenges with photos and videos largely reflect PGHD
challenges; however, there are several unique aspects. On the
one hand, our results highlight challenges that are reflective of
PGHD as discussed in previous work, such as the time and effort
required for patients and clinicians [27], incomplete data [27],
privacy concerns [7], and limited interpretability and relevancy
for clinicians [8,144]. On the other hand, our review highlighted
several unique challenges specific to photos and videos. Photos
and videos pose unique challenges for data quality, for example,
their quality can be diminished by low lighting, lack of focus,
and lack of details [30,31,33]. The privacy risks associated with
images are potentially higher than those associated with other
PGHD because photographic images are more likely to identify
the patient than numerical data of physical activity, sleep, and
so on. Furthermore, photos and videos are often posted on
mainstream social media where privacy is a particular concern,
because unlike that in a face-to-face consultation, information
on social media is permanent, searchable, copyable, and
accessible to invisible audiences [150]. We also found that
photos and videos on social media can lead to problematic
discourse either through misinformation presented in these
images or through harmful feedback from other social media
users. These challenges could also affect nonvisual social media
data; however, videos allow patients to create a narrative that
connects with audiences in ways that are arguably different
from numerical or textual health data. For example, video
narratives can be persuasive because they personalize
information, create dramatic tension, and foster emotional
engagement [102], which explains why misinformation was
more commonly reported with videos than with photos, despite
the smaller number of video articles overall.
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Finally, throughout the results, we identified several advantages
and disadvantages of photos compared with videos. Photos were
more commonly used than videos (90/110, 81.8%, vs 23/110,
20.9% articles) because photos capture the information required
to aid decisions in health care service, self-management, and
education contexts. Furthermore, photos generally require less
effort for capture and examination than videos. However, videos
offer a unique advantage through their richness. As explained
in media richness theory [151,152], additional details in videos
help reduce uncertainty and equivocality for the task at hand.
Videos can address uncertainty by providing additional temporal
information, which is required to capture and aid with decisions
on body movements [42,134] and to provide education on the
different steps in a health care procedure [122]. By contrast,
equivocality refers to confusion that cannot be clarified by more
information but only through a higher quality or richness of
information [151,152]. Our review highlighted that such richness
in videos was important when patients captured moments of
significance, for example, for personal reflection on well-being
[96] and for storytelling in therapy sessions [63]. Likewise, such
richness was important when patients shared health experiences
on social media, which included not only information but also
their emotions when dealing with the challenges of cancer
[102,104] and mental health disorders [115]. This is not to say
that patients cannot use a series of photos and captions to express
rich narratives of health experiences on social media, for
example, as illustrated by patients using photos to discuss mental
health conditions on the web [112]. However, videos provide
more opportunities for rich self-expression, for example, through
nonverbal cues such as eye contact, facial expressions, and
pausing; by involving other actors with their experiences; or by
incorporating the physical and temporal contexts of their health
experience [104,153].

Limitations
Our review is subject to several limitations. First, our inclusion
criteria limited our review results to only English-language
articles and published peer-reviewed literature from 2008 to
January 2021.

Second, the articles included in this review comprise diverse
study designs, target cohorts, and outcomes. A formal
assessment of study quality was not undertaken because this
was a scoping review [22], in which most published studies
have been pilot or feasibility studies. The review did not find
any randomized control trials, which is not surprising because
photos and videos are often patient driven.

Third, synthesizing outcomes from a large collection of diverse
studies across different contexts was challenging. Only a subset
of papers reported health outcomes (reported under the
functional value). Many papers presented formative research
on the feasibility of introducing photos and videos into a
particular context or on the experiences and value gained by
patients and health care professionals. Hence, instead of
outcomes, we framed the Results section more broadly around
the various contexts, the value generated for patients and health
care professionals, and their challenges. The value for patients
and health care professionals was analyzed and collated based
on an established framework on the value of PGHD [140]. The

analysis of contexts and challenges was largely inductive
because existing frameworks for PGHD (eg, the studies by West
et al [27] and Abdolkhani et al [144]) did not cover the specifics
of photos and videos such as challenges with the photo quality
or emotional labor. To ensure consistency, the analysis was
conducted independently by 3 members of the research team.

Finally, the broad scope of this review and the large number of
articles did not allow for a comparison of effects. On the basis
of this scoping review, future work is needed that focuses on
specific health domains to critically assess and compare patient
outcomes.

Practical Implications
This review shows that photos and videos provide a powerful
way for patients to be actively engaged in their health care. For
patients interested in their health, photos taken on smartphones
are an accessible means of documenting, sharing, and reflecting
on their health, particularly in areas that are easy to photograph,
such as diet, skin, and everyday life experiences related to
mental health. Patients can also use their phone to film
themselves talking and reflecting upon personal experiences
relevant to their health and well-being, which is often used to
share knowledge on managing chronic conditions [104] or to
reflect on experiences affecting their mental health [63,96,115].
Both photos and videos are powerful because they allow patients
to share aspects of their health and lived experience, which they
cannot easily describe through words alone [15]. Although
photos require effort to take and examine, our review shows
that such an effort can generate self-determination values where
patients feel empowered [140] and that sharing photos can create
emotional and social values.

Health care professionals interested in participatory health care
[154] can empower patients by encouraging them to take
relevant photos and discuss them during consultations. Photos
and videos often document important details that a health care
professional may not consider asking about [38,42,138]. We
have seen that such dialogue about photos and videos can
provide transactional value as well as functional value to better
diagnose and treat conditions. On the basis of our review, such
engagement can be effective when health care professionals are
genuinely interested in the data and experiences of their patients
to make shared decisions about treatments [155].

Health care professionals and patients must be aware of ethical
challenges and professional standards to maintain privacy,
confidentiality, and trust [156]. On the one hand, our review
shows that health care professionals can build trust by taking
the images provided by their patients seriously [38]. On the
other hand, image sharing introduces privacy and confidentiality
risks through a lack of secure transfer and storage [45],
accidental access to other images on a patient’s phone or social
media account [31], and potential recordings of the health
professional during a consultation [38]. Hence, health care
professionals need to be sensitive to and respectful of any patient
images to maintain professional relationships and confidentiality
[156]. It is recommended that secure platforms be used, for
example, by advising patients to bring images on their own
phone instead of sharing them via social media [38]. Finally,
clear communication is required to inform patients about privacy
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protection in place and to establish expectations of how images
are used [157].

There are two practical implications for health care services.
First, health care provider support is crucial for harnessing the
power of health data generated through patient photos and
videos. Technology infrastructure, training, and policies are
needed to safely transfer, store, access, and integrate
patient-generated photos and videos with medical records [11].
In addition, health services need to create an environment where
their staff has the time and support needed to review and analyze
patient data [27,144]. Second, health care services that engage
with patients to share photos and videos can gain crucial insights
into the patient experience to help them improve their service
delivery [136,137].

Future Research
Scoping reviews are often conducted to determine the value of
undertaking a full systematic review [22]. On the basis of the
prominent health areas identified in this review, we see value
in conducting a narrower review to focus on photos related to
skin diseases and to update existing reviews on photos used for
dietary assessment [13] and melanoma detection [158]. For
dietary assessment, our review identified a large number of
recent feasibility studies of food photos with children [69,86]
and adolescents [70,71,80,83-85], something that the original
systematic review [13] had called for. In addition, our review
highlighted that social media play an important role in sharing
food photos with peers and gaining social support [88-92].
Similar to an expert review on melanoma detection [158], our
results highlighted the importance of patient-generated photos
for self-examination and education. In addition, our review also
highlighted that patients share melanoma photos and experience
videos on social media [101,106]. Finally, our review confirms
observations from a professional review on surgical sites [159]
that it is feasible for patients to take photos to keep track of
wound healing [41,43,45] and that adoption by health
professionals remains a challenge due to a lack of time [45].

The breadth of the health areas identified in this review suggests
research opportunities to explore patient-generated photos and
videos in new health areas. First, in social media contexts,
photos and videos are widely used to communicate experiences
with diseases that cannot be immediately photographed, such
as infectious diseases [123-125,127], Alzheimer disease [95],
and myocardial infarction [107]. This breadth suggests that
photos and videos can also offer value with other health and
well-being contexts that may be invisible to the camera but can
be discussed, such as back pain, arthritis, and other
musculoskeletal conditions. Second, in the context of education
and health promotion, the study of vagina selfies, which allows
women to explore their own intimate anatomy [135], as well as
the use of videos to share experiences with mammography [121],
suggests a broader potential of photos and videos to reflect on
women’s health, for example, with pregnancy and childbirth,
osteoporosis, or breast cancer. Third, in the contexts of health
care services, we see potential for using videos more widely to
capture body movements for clinical purposes, similar to the
presented studies on capturing toothbrushing skills [134] and
an intermittently twitching hand [42]. For example, consultations

with physiotherapists could benefit from patient-generated
videos that capture rehabilitation exercises and activities of
daily living at the patient’s home.

The challenges faced by patients identified in this review
highlight the need for further research on technological design.
More work is needed to better understand accessibility needs,
particularly when capturing videos in a health context.
Collaboration between patients and caregivers is needed to
ensure that technologies are usable and accessible. To encourage
patients to take images, research into protocols and technology
designs that train patients to take high-quality photos as well
as provide relevant medical knowledge is needed [57,78,160].
To ensure high-quality images, newer smartphone cameras that
offer higher sensitivity in low-light settings need to be harnessed
together with research into designing visual aids and voice
feedback to guide users in taking photos that capture the required
content [28,161]. Finally, to retain engagement, patients benefit
from technology designs that assist them in examining their
images more effectively. This involves highlighting relevant
information in photos, as well as integrating photos with other
data that might be scattered across other devices, such as vital
signs and lifestyle data from mobile and wearable devices, to
explore connections and trends across different data sources
[8].

The identified interpretability challenges highlight the need for
further research to enhance the relevancy of photos and videos
for clinicians. On the one hand, empirical research is needed to
better understand the goals and priorities of clinicians [8]. On
the other hand, sociotechnical studies are needed to explore how
emerging technologies such as machine learning techniques can
be harnessed to better manage the large number of photographic
images. Our review included only 1 study that examined
machine learning techniques to aid in melanoma detection in
patient-generated photos [34], whereas in medical imaging,
machine learning techniques are already used in clinical practice
to aid in the diagnosis and prognosis of various health concerns
[162,163]. However, even with sophisticated machine learning
algorithms, effective integration into clinical practice remains
an open question [164,165].

Finally, more research is needed to investigate privacy and
misinformation on social media [166]. The privacy of PGHD
is a complex issue across many forms of PGHD [1,7,11], which
cannot be addressed simply through a more secure technology
infrastructure or privacy policies. Inspired by Palen and Dourish
[167], we see privacy as a dynamic practice in which patients
negotiate access to personal information according to
circumstances. More research is needed to investigate how
patients manage their privacy under different circumstances:
when they capture photos, manage them on their phones, share
them in consultations, or post them on social media.
Furthermore, our review identified that patient photos and videos
shared on social media provide inaccurate and sometimes
misleading information on vaccinations [123,124,126]. In light
of current efforts to provide COVID-19 vaccines throughout
the world, further research is needed to understand the dangers
of misinformation on social media and their impact on public
health advice on the COVID-19 pandemic and vaccinations, as
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well as research to harness social media to improve the health
literacy of patients [168].

Conclusions
This review showed that patient-generated photos and videos
are used across a wide range of health care activities. Similar
to other forms of PGHD, photos and videos provide critical
information to aid in the diagnosis and treatment of various
health conditions. However, going beyond textual and numerical
PGHD, photos and videos are powerful media that facilitate
rich and meaningful interactions, both in person and on social
media. They connect fellow patients and facilitate the exchange
of social and emotional support. Photos and videos are also

powerful media for enriching transactions with health care
professionals. Ultimately, they engage patients with their own
health and well-being and empower them in their own care.

On the basis of this review, we present agenda for future
research. On the one hand, this review highlighted opportunities
to expand the use of photos and videos to other health and
well-being areas and to better implement them in clinical
practice. On the other hand, this review raised the need for more
research to address key challenges such as accessibility for
patients, relevancy and interpretability for clinicians, and privacy
and misinformation on social media, to fully realize the potential
of patient-generated photos and videos for health and well-being.
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Abstract

Background: Telemedicine is increasingly being leveraged, as the need for remote access to health care has been driven by the
rising chronic disease incidence and the COVID-19 pandemic. It is also important to understand patients’ willingness to pay
(WTP) for telemedicine and the factors contributing toward it, as this knowledge may inform health policy planning processes,
such as resource allocation or the development of a pricing strategy for telemedicine services. Currently, most of the published
literature is focused on cost-effectiveness analysis findings, which guide health care financing from the health system’s perspective.
However, there is limited exploration of the WTP from a patient’s perspective, despite it being pertinent to the sustainability of
telemedicine interventions.

Objective: To address this gap in research, this study aims to conduct a systematic review to describe the WTP for telemedicine
interventions and to identify the factors influencing WTP among patients with chronic diseases in high-income settings.

Methods: We systematically searched 4 databases (PubMed, PsycINFO, Embase, and EconLit). A total of 2 authors were
involved in the appraisal. Studies were included if they reported the WTP amounts or identified the factors associated with
patients’ WTP, involved patients aged ≥18 years who were diagnosed with chronic diseases, and were from high-income settings.

Results: A total of 11 studies from 7 countries met this study’s inclusion criteria. The proportion of people willing to pay for
telemedicine ranged from 19% to 70% across the studies, whereas the values for WTP amounts ranged from US $0.89 to US
$821.25. We found a statistically significant correlation of age and distance to a preferred health facility with the WTP for
telemedicine. Higher age was associated with a lower WTP, whereas longer travel distance was associated with a higher WTP.

Conclusions: On the basis of our findings, the following are recommendations that may enhance the WTP: exposure to the
telemedicine intervention before assessing the WTP, the lowering of telemedicine costs, and the provision of patient education
to raise awareness on telemedicine’s benefits and address patients’ concerns. In addition, we recommend that future research be
directed at standardizing the reporting of WTP studies with the adoption of a common metric for WTP amounts, which may
facilitate the generalization of findings and effect estimates.

(J Med Internet Res 2022;24(4):e33372)   doi:10.2196/33372
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Introduction

Background
Telemedicine is described by the World Health Organization
as “healthcare service delivery by healthcare professionals who

use information and communication technologies to exchange
valid information for disease prevention, diagnosis, treatment,
research and evaluation, as well as for the education of
healthcare providers.” This is of interest, considering the need
to advance individual- and community-level health [1]. It can
be said that the 21st century, despite its challenges, represented
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a bulk of opportunities for the transformation of health care as
well as opportunities for leveraging telemedicine’s potential in
enhancing access to care, reducing travel and waiting times of
patients, unnecessary emergency department visits, and the
misuse of medication [2]. This is made possible by telemedicine
as a platform for patient-practitioner contact with a
multidisciplinary team, monitoring of vitals, and symptom
assessment [3].

The advancement of telemedicine may be attributed to the rising
rates of chronic diseases and increasing disease burdens, with
chronic diseases such as chronic obstructive pulmonary disease,
asthma, and diabetes representing 11.1 million
disability-adjusted life years in high-income countries or 7%
of the total disability-adjusted life years [4]. Telemedicine has
since increasingly been adopted for supporting and integrating
care processes in chronic disease management. This
encompasses areas such as educating patients to enhance their
self-management, enabling the transfer of information from
home-based to clinical settings (ie, telemonitoring), and
facilitating contact with health care professionals [5]. On March
11, 2020, the World Health Organization declared the
COVID-19 pandemic, suggesting the need for prolonged social
distancing [6]. The pandemic’s onset has also greatly contributed
to the growth of telemedicine use, which enabled distant health
care visitations that helped mitigate potential transmissions [7].

While revolutionizing the health care landscape as a new model
of care, telemedicine has also been lauded in view of the way
it promotes and facilitates self-management [8].
Self-management is defined by the Institute of Medicine as
“systematically providing education and supportive interventions
by healthcare staff to patients in order to enhance patients’ skills
and confidence when it comes to managing their health
conditions” [9]. Equipping patients for self-management also
includes assessing patient progress and issues, partnering
patients for goal setting, and offering problem-solving support
[10]. Self-management in itself is deemed crucial because it
primarily leads to changes in self-efficacy or the individual’s
confidence in managing their conditions. This potentially has
positive and direct influences on health status and use [11].
Practical ways in which telemedicine may facilitate
self-management are through areas such as enhancing
patient-practitioner contact with a multidisciplinary team [3],
educating patients, enabling monitoring and feedback provision,
allowing for remote clinical reviews, supporting treatment
adherence and lifestyle interventions, and intensive interventions
[12].

Self-management has also increasingly been integrated into
telemedicine-facilitated chronic disease management because
patients who have more than one chronic illness require
collaborative care and education in the self-management of
chronic disease to ensure the best outcomes for patients [13].
The benefits of telemedicine-aided self-management are also
apparent from a systematic review conducted by Hanlon et al
[14], where telehealth interventions were found to be appropriate
and effective in supporting chronic disease self-management.
For example, diabetes and heart failure have the greatest
evidence base for positive outcomes following
telehealth-supported self-management for disease control and

health care use. Although evidence on the impact of
telemedicine-based self-management for other types of chronic
diseases, especially cancers, is limited, overall, there were no
adverse effects reported for any other chronic condition assessed
in the study [14].

In addition to telemedicine’s efficacy, it is important to also
collect information on patients’ willingness to pay (WTP) for
telemedicine services, as WTP also serves as a surrogate for the
demand and acceptability of such services. WTP is defined as
the maximum quantity of resources that buyers are willing to
forgo during a transaction in exchange for an object. In
considering one’s WTP, the buyer would evaluate if the trade
is beneficial for themselves and would subsequently make the
purchase when their WTP is greater than the cost of the object
sold [15]. As a concept, WTP is increasingly being used to
inform health care policy development [16] whereby developing
an understanding of WTP is pertinent to aid decision-making.
This occurs as knowing the demand for telemedicine services
will inform processes such as planning for sustainable financing,
resource allocation, or developing a pricing strategy for
telemedicine services. It is also important to study the factors
influencing patients’WTP, as this information would be helpful
for designing interventions to further enhance WTP. Broadly,
WTP may be assessed through the revealed WTP approach and
stated preference approach [17]. Specifically for the stated
preference approach, the main methods used are

the contingent valuation method (CVM) and discrete choice
experiments (DCEs) [18]. CVM involves directly reporting
one’s WTP for a particular good through methods such as
questionnaires and bidding games. It is the most commonly
used method of assessing nonmeasurable economic benefits or
costs for goods not present in the market at the point of
assessment, thus allowing for the estimation of hypothetical
goods’ monetary value [19]. DCEs elicit preferences and are
often used to understand the WTP of various attributes or
characteristics of the product. This occurs when people are made
to select between alternatives featuring the attributes [20].

Objectives
From our preliminary research, most studies evaluating
telemedicine interventions focus on cost-effectiveness analysis
[21-24] with limited to no focus on WTP for such interventions.
Although cost-effectiveness analysis is important for a health
system or policy makers to decide whether to provide financial
support for cost-effectiveness interventions, it lacks the patients’
perspective (ie, whether patients will adopt this intervention
and would be willing to pay partially or fully if such intervention
were to be made available). To address this gap, we aim to
conduct a systematic review to describe the WTP for
telemedicine interventions, and to identify the factors
influencing WTP among patients with chronic diseases in
high-income settings.

Methods

Information Sources
A systematic literature search was conducted from May to July
2021, abiding by the PRISMA (Preferred Reporting Items for
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Systematic Reviews and Meta-Analyses) guidelines as presented
in Multimedia Appendix 1 [25]. The databases reviewed were
PubMed, PsycINFO, Embase, and EconLit.

Search Strategy
The search strategy was developed on PubMed before translating
it to other databases by 1 author (VC) in consultation with the
senior author (ST) and university librarian. The main concepts
used in this study were willingness to pay, telemedicine, and
chronic diseases. For chronic diseases, we included both indexed
terms and free-text terms for chronic diseases, as well as the
20 chronic conditions included in the Singapore Ministry of
Health’s Chronic Disease Management Programme [26].
Although synonyms and variations in spelling for the keywords
under each of the main concepts were combined in the search
strategy using OR, each of the concepts were combined using
AND. For the search, there were no limits with respect to the
publication date, although only studies published in English
were included in the systematic review. The detailed search
strategy for PubMed is included in Multimedia Appendix 2.

Eligibility Criteria
Studies were included if they (1) reported the WTP values for
telemedicine or identified factors associated with patients’ WTP
for telemedicine, (2) included patients aged ≥18 years with
chronic diseases, and (3) were based in high-income settings.
For our study, high-income settings refer to the countries
included under the World Bank list of high-income countries
[27]. Only observational studies (cohort, cross-sectional, and
case-control studies) and interventional studies were included
in the review. Studies were excluded if they were
cost-effectiveness analysis studies, protocols, questionnaire
validation studies, commentaries, qualitative studies, debates,
editorials, newsletters, conference proceedings, letters, and
policy reviews.

Study Selection
A preliminary screening of titles and abstracts to exclude articles
that were clearly irrelevant to the eligibility criteria was
conducted by 1 author (VC). Abstracts of the remaining articles
were screened by 1 author (VC) and verified by a second author
(ST) to identify potentially relevant articles. Subsequently, full
text was retrieved for selected articles and independently
assessed for eligibility by 2 authors (VC and ST). After
agreement on the list of articles, the reference list of included
articles were screened for additional relevant references.

Data Extraction and Synthesis for Study
Characteristics, WTP for Telemedicine, and Factors
Associated With WTP
Data were extracted from the finalized articles into a data
extraction sheet. The extracted data included the aim of the
study, the study design, the setting, recruitment, eligibility, the
total sample size, the telemedicine intervention or service, the
type of intervention, the independent variable, the measure of
the independent variable, prior experience with the intervention,
the outcome, how WTP was measured, the measure of the

outcome, whether the data collected were qualitative or
quantitative, the data collection method, the analysis, findings,
effect estimates, population descriptions, strengths, and
limitations.

This paper uses narrative synthesis as its analytical approach.
Narrative synthesis descriptively analyzes and draws
comparisons across the studies. This approach is appropriate
for our systematic review, as the included studies were
heterogeneous, limiting the possibility of statistically pooling
effect estimates.

Quality Assessment
The quality assessment for the finalized articles was conducted
by 2 authors (VC and JHK) with the help of the Centre for
Evidence-based Management guidelines, which may be used
to assess the value, relevance, and trustworthiness of
cross-sectional studies [28]. Each publication was graded twice
independently by VC and JHK. The results in the table were
agreed upon by both the authors. There were few disagreements
between gradings, and they were resolved in consultation
between the authors and a senior coauthor.

Results

Study Selection
Our database search yielded 195 results, of which 184 (94.4%)
records were excluded after the title and abstract screening, as
well as in consideration of our study’s eligibility criteria. A total
of 11 articles were included in the final analysis. The study by
Losiouk et al [29] was included in our review despite the
inclusion criteria stating only to consider patients >18 years
with chronic diseases, as the intervention of telemonitoring
children with diabetes was meant for parental use.

Data Extraction and Synthesis for Study
Characteristics, WTP for Telemedicine, and Factors
Associated With WTP

Study Characteristics
The characteristics of the studies included in our systematic
review are summarized in Table 1. Of the 11 articles, 3 (27%)
were from the United States [30-32], 2 (18%) were from Italy
[29,33], 2 (18%) were from Australia [34,35], 1 (9%) was from
the United Kingdom [36], 1 (9%) was from South Korea [37],
1 (9%) was from Norway [38], and 1 (9%) was from Belgium
[39]. The sample size of the included studies ranged from 23
to 350. The studies’ telemedicine interventions can be largely
classified into the diagnosis and management of chronic diseases
such as cardiovascular diseases [30,32,33,36], diabetes
[29,31,37], and skin cancer [34,35]. For the study by Bergmo
and Wangberg [38], it was not specified which chronic disease
the telemedicine intervention targeted. To estimate WTP, of the
11 studies, 2 (18%) used the CVM, 4 (36%) used a DCE, 1 (9%)
used conjoint analysis, 2 (18%) used surveys, and 2 (18%) used
questionnaires.
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Table 1. Summary of included studies (N=11).

Standardized
WTP (US $
in 2021)

WTPPatients
willing to
pay

Measure-
ment method

for WTPa

InterventionSample size,
n

EligibilityYearCountryStudy

US $29.96
per visit

The dollar
amount
when ran-

At US
$29.96,
32% of the

CVMeTelemedicine for
HTN: peripherals
send information

34Patients
were recruit-
ed from a

HTNb clini-
cal study
(1999-

United
States

Bradford et
al [30]

domly variedpopulationon blood pres-HTN and2000),
among pa-with HTNsure, temperature,CHF study;

CHFc clini- tients had awould payweight, hearteligibility
cal study normal distri-out offunction, and socriteria was

not stated(2000-
2001)

bution with a
US $20

pocket to
access

on. Telemedicine
under CHF:

mean (per
visit)

telemedicine.
At US
$29.96,

weight scale,
blood pressure
monitor, pulse

>45% ofoximeter, stetho-
the popula-scope, handheld
tion withECGd, and a base

PC platform CHF
would be
willing to
pay out of
pocket for
telemedicine
access

N/AN/AN/ASurveyMobile health
technologies that

350Healthy pa-
tients with-
out HTN

N/Af,g (pa-
per’s year
of publica-

ItalyBettiga et
al [33]

are connected to
the internet andtion will be
made accessible
via smartphones

used as a
reference
for curren-
cy standard-
ization)

US $456.99,
US $486. 55,

A total of
€374.74 (US

N/ADCEhTelemedicine for
HTN manage-
ment

212Patients with
self-reported
HTN who
were aged
≥18 years

June 3-20,
2016

United King-
dom

Fletcher et
al [36]

and US
$821.25 for
a 10%, 15%,
and 25% re-

$414.76),
€398.98 (US
$441.59),
and €673.45

duction in 5-(US
year cardio-$745.37) for
vascular dis-a 10%, 15%,
ease risk, re-
spectively

and 25% re-
duction in 5-
year cardio-
vascular dis-
ease risk, re-
spectively

Median of
US $246.40
annually

Median
WTP of
€200 (US
$265.68) an-
nually

N/AQuestion-
naire

Web-based tele-
monitoring ser-
vice that allowed
parents to over-
see their child

167Participants
in the base-
line and
poststudy
question-
naire were

A clinical
trial con-
ducted in
2015

ItalyLosiouk et
al [29]

parents of
children with
diabetes
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Standardized
WTP (US $
in 2021)

WTPPatients
willing to
pay

Measure-
ment method

for WTPa

InterventionSample size,
n

EligibilityYearCountryStudy

US $18.43
monthly for
service com-
prehensive-
ness. US
$17.27
monthly for
mobile
phone over
internet-
based ser-
vices. US
$16.46
monthly for
general hos-
pital over
physician-
based ser-
vices

Marginal
WTP for
comprehen-
siveness of
service is
₩16,957
(US $15.26)
monthly.
WTP for mo-
bile phone
over inter-
net-based
medical ser-
vices is
₩15,899
(US $14.31)
monthly.
WTP for
general hos-
pital over
physician-
based ser-
vices is
₩15,143
(US $13.63)
monthly

N/AConjoint
analysis

Telemedicine for
diabetes manage-
ment

41Patients sur-
veyed visited
outpatient
clinics at 2
tertiary care
hospitals for
diabetes

Patients
were sur-
veyed from
October to
November
2009.
Physicians
were sur-
veyed in
January
2010.

South KoreaPark et al
[37]

Marginal
WTP of US
$0.89 to
switch from
a GP visita-
tion to mo-
bile teleder-
moscopy;
WTP of US
$32.25 to
switch from
a GP to a
dermatolo-
gist; WTP of
US $87.75 to
switch to an
increased
chance of
melanoma
detection

Marginal
WTP of Aus
$1.18 (US
$0.88) to
switch from

a GPl visita-
tion to mo-
bile teleder-
moscopy;
WTP of Aus
$43 (US
$32.14) to
switch from
a GP to a
dermatolo-
gist; WTP of
Aus $117
(US $87.46)
to switch to
an increased
chance of
melanoma
detection

N/ADCEDirect-to-con-
sumer teleder-
moscopy, which
allows patients to
interact directly
with their derma-
tologists

118Voluntary
participants
from the

SKINj Re-
search
Project

RCTk were
included if
they owned
or could ac-
cess an
iPhone com-
patible with
the study’s
dermoscopic
attachments.
Participants
were exclud-
ed if in the
last 5 years,
they were di-
agnosed with
melanoma

N/AiAustraliaSnoswell et
al [34]
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Standardized
WTP (US $
in 2021)

WTPPatients
willing to
pay

Measure-
ment method

for WTPa

InterventionSample size,
n

EligibilityYearCountryStudy

The interven-
tion group
has a mean
WTP of US
$7.36, and
the control
group has a
mean WTP
of US
$11.04

The mean
WTP for the
intervention
group is
€4.52 (US
$5.11),
whereas that
of the con-
trol group is
€6.78 (US
$7.66). WTP
are ex-
pressed per
web-based
consultation
session

Of partici-
pants, 51%
expressed a
positive
WTP, 21%
expressed a
WTP of 0,
and 28%
declined to
answer

Question-
naire

Intervention
groups were giv-
en access to an
electronic commu-
nication system
for communica-
tion with their GP

151The study’s
participants
were aged
≥18 years
who had in-
ternet access
and were
keen on
communicat-
ing with
their GP
electronical-
ly

The RCT
was con-
ducted
from 2002
to 2003

NorwayBergmo
and Wang-
berg [38]

N/AN/AOf patients,
70% were
willing to
pay as
much for
telerehabili-
tation as
center-

based CRm

DCERemote cardiac
rehabilitation ex-
posure via tele-
phone, video con-
sultations. or live
exercise

93Patients
From Jessa
Hospital

July to Au-
gust 2020

BelgiumScherren-
berg et al
[39]

Of patients,
>50% indi-
cated their
WTP to be
US $32.38
or US
$43.18

WTP was
the amount
patients usu-
ally copay
(not stated)

Of patients,
>50% indi-
cated their
WTP to be
US $32.38
or US
$43.18

SurveyTeleophthalmolo-
gy, which utilizes
a camera-based
retinopathy exam
in noneye care
settings for re-
mote image as-
sessment

23Participants
had diabetes,
had to be
cognitively
and medical-
ly fit to be
interviewed
or participate
in the focus
group held
in English.
Participants
had to have
a dilated eye
examination,
be assessed
through
teleophthal-
mology, or
did not visit
an eye physi-
cian in the
past 2 years

2017United
States

Ramchan-
dran et al
[31]
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Standardized
WTP (US $
in 2021)

WTPPatients
willing to
pay

Measure-
ment method

for WTPa

InterventionSample size,
n

EligibilityYearCountryStudy

Participants
had a WTP
of US
$89.70 to
move from
choosing be-
tween SSE,
skin cancer,
clinic and
GP screen-
ing to a sce-
nario where
teleder-
moscopy and
dermatolo-
gists are of-
fered

Participants
had a WTP
of Aus $110
(US
$101.20) to
move from
choosing be-

tween SSEo,
skin cancer
clinic, and
GP screen-
ing to a sce-
nario where
teleder-
moscopy and
dermatolo-
gists are of-
fered

N/ADCETeledermoscopy
images for re-
view by teleder-
matologists

35To be includ-
ed, partici-
pants had to
be aged 50-
64 years, re-
side in
Queensland,
and have
moderate or
high
melanoma
risk

N/AnAustraliaSpinks et al
[35]

WTP of US
$29.96 and
US $59.91
per visit

WTP of US
$20 and US
$40 per visit

Of patients,
55% had a
WTP of
US $29.96
for
telemedicine
rather than
in-person
care at the
physician’s
office. Of
patients,
19% had a
WTP of
US $59.91
for
telemedicine
rather than
in-person
care at the
physician’s
office

DBDCp

CVM

A PC-dependent
system that col-
lected clinical da-
ta for care and
monitoring of pa-
tients with CHF

126Patients with
CHF dis-
charged
from CHF-
relevant inpa-
tient stays

Clinical tri-
al conduct-
ed from
2000 to
2001.

United
States

Bradford et
al [32]

aWTP: willingness to pay.
bHTN: hypertension.
cCHF: chronic heart failure.
dECG: electrocardiogram.
eCVM: contingent valuation method.
fN/A: not applicable.
gThe paper’s year of publication in 2020 will be cited as the year in which the study is conducted, as the time frame for when the intervention was
conducted was not provided.
hDCE: discrete choice experiment.
iThe paper’s year of publication in 2018 will be cited as the year in which the study was conducted, as the year of study was not reported in the paper.
jSKIN: Skin Innovation.
kRCT: randomized control trial.
lGP: general practitioner.
mCR: cardiac rehabilitation.
nThe paper’s year of publication in 2016 will be cited as the year in which the study was conducted, as the year of study was not reported in the paper.
oSSE: skin self-examination.
pDBDC: double-bounded dichotomous choice.
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WTP for Telemedicine
The results for the WTP for telemedicine were expressed in
terms of the proportion of patients who were willing to pay for
the intervention, as well as the specific WTP amounts
highlighted across the 11 studies (Table 1). Regarding the
proportion of patients willing to pay for telemedicine, WTP
percentages across the 11 studies ranged from 19% to 70%. The
study by Bradford et al [32] reported 19% of patients were
willing to pay for telemedicine rather than in-person care in the
physician’s office when the price was raised from US $20 to
US $40. In contrast, the study by Scherrenberg et al [39]
expressed that 70% of patients were willing to pay as much for
telerehabilitation as center-based cardiac rehabilitation.

Regarding the WTP amount, the monetary values highlighted
from all the studies were standardized to a baseline currency of
US $ in 2021 for comparison between studies. This was done
by converting the WTP values into US $ for the same year that
the study was conducted. The converted WTP values in US $
were then converted into US $ in 2021 by considering inflation.
The WTP values provided by the studies ranged from US $0.89
to US $821.25. The WTP of US $0.89 was the marginal WTP
arising from switching from a general practitioner (GP)
visitation to mobile teledermoscopy, whereas the US $821.25

was the annual WTP for a 25% reduction in 5-year
cardiovascular disease risk. Different metrics for the WTP values
were provided across the studies, for example, WTP per month,
WTP per year, and WTP per session.

Factors Associated With the WTP
Across the studies, the association between different
sociodemographic, socioeconomic, and health service variables
with WTP was reported. For the purpose of this review, we
have summarized variables that were reported by at least two
included studies, namely, age, income, gender, travel time,
marital status, and ethnicity (Table 2) The correlations between
age and distance from health facilities with the WTP for
telemedicine were negative (ie, the higher the age, the lower
the WTP for telemedicine) and positive (ie, the longer the
traveling distance, the higher the WTP for telemedicine),
respectively. Both correlations were statistically significant.
Whereas being female and having higher income were
associated with higher WTP, being married was associated with
a lower WTP for telemedicine. However, these correlations are
not statistically significant. For ethnicity, although there was
conflicting evidence from 2 separate studies, both of these
estimates were not statistically significant.

Table 2. Factors associated with WTPa in the included studies.

Health service distance to preferred
health facility

Socioeconomic incomeDemographicsStudy

EthnicityMarriedAgeGender (female)

++e+−−d−−c+bBradford et al [30]

N/AN/AN/AN/AN/AN/AfBettiga et al [33]

N/AN/AN/AN/AN/AN/AFletcher et al [36]

N/AN/AN/AN/AN/AN/ALosiouk et al [29]

N/AN/AN/AN/A−−N/APark et al [37]

N/AN/AN/AN/AN/AN/ASnoswell et al [34]

N/A+N/AN/A++N/ABergmo and Wangberg [38]

N/AN/AN/AN/AN/AN/AScherrenberg et al [39]

N/AN/AN/AN/AN/AN/ARamchandran et al [31]

N/AN/AN/AN/AN/AN/ASpinks et al [35]

++++−−−+Bradford et al [32]

aWTP: willingness to pay.
bThe effect of the variable is positive and nonsignificant.
cThe effect of the variable is negative and significant.
dThe effect of the variable is negative and nonsignificant.
eThe effect of the variable is positive and significant.
fN/A: not applicable; the effect of the variable is not applicable to this study.

Quality Appraisal
The details of the quality assessment conducted for the 11
included studies are presented in Table 3. While the total number
of Yes responses under each study’s quality assessment ranged
from 4 to 10 (range 0-12), the total number of No responses
ranged from 2 to 6 (range 0-12). The total number of Can’t tell

responses yielded by each study’s quality assessment ranged
from 0 to 3 (range 0-12). Across the 11 studies, 3 (27%) studies
[34,35,37] received the highest rating of 10 Yes responses,
whereas 2 (18%) studies [30,39] received the lowest rating of
5 Yes responses. All the studies except 1 [33] received a Yes
response to the question on whether the study has a clearly
focused question that helps provide relevant context to the reader
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in understanding the study. All the studies except 1 [35] received
a No response to the question on whether there were prestudy
considerations of statistical power. Across the board, this may
not be strictly followed or widely adopted, potentially owing
to the difficulty in sampling sufficient patients who met the
studies’ selection criteria. All studies except 1 [39] received a
Yes response for whether statistical significance was assessed.

All studies received a Yes response for the applicability of results
to the reviewer’s organization as findings were found to be
relevant to the Singapore context. This is in consideration of
the chronic disease prevalence which accounted for 29.3% of
deaths in 2019, highlighting the importance of exploring the
WTP for telemedicine interventions in the context of chronic
diseases [40].

Table 3. Quality appraisal of the included studies.

Brad-
ford et
al [32]

Spinks
et al
[35]

Ram-
chan-
dran et
al [31]

Scher-
renberg
et al
[39]

Bergmo
and
Wang-
berg
[38]

Snoswell
et al
[34]

Park et
al [37]

Losiouk
et al
[29]

Fletcher
et al
[36]

Bettiga
et al
[33]

Brad-
ford et
al [30]

Question

YesYesYesYesYesYesYesYesYesNoYes1. Did the study address a clearly
focused question or issue?

YesYesCannot
tell

YesCannot
tell

YesYesYesYesYesYes2. Is the research method (study
design) appropriate for answer-
ing the research question?

YesYesYesYesYesYesYesCannot
tell

YesCannot
tell

Cannot
tell

3. Is the method for the selection
of the participants (employees,
teams, divisions, and organiza-
tions) clearly described?

YesYesYesYesYesYesYesYesYesCannot
tell

Cannot
tell

4. Could the way the sample was
obtained introduce (selection)
bias

YesYesYesCannot
tell

YesYesYesNoCannot
tell

Cannot
tell

Cannot
tell

5. Was the sample of participants
representative with regard to the
population to which the findings
will be referred?

NoYesNoNoNoNoNoNoNoNoNo6. Was the sample size based on
prestudy considerations of statis-
tical power?

NoNoNoNoYesYesYesYesYesYesCannot
tell

7. Was a satisfactory response
rate achieved?

YesNoYesNoNoYesYesNoYesYesYes8. Are the measurements (ques-
tionnaires) likely to be valid and
reliable?

YesYesYesNoYesYesYesYesYesYesYes9. Was the statistical significance
assessed?

NoYesNoNoYesYesNoNoYesNoNo10. Are CIs given for the main
results?

YesYesYesNoCannot
tell

NoYesYesNoYesNo11. Could there be confounding
factors that have not been ac-
counted for?

YesYesYesYesYesYesYesYesYesYesYes12. Can the results be applied to
your organization?

Discussion

Principal Findings
To our knowledge, this study is the first systematic review
summarizing the WTP in patients with chronic diseases for
telemedicine in high-income settings, and the first systematic
review summarizing the factors associated with WTP. We
reported the proportion willing to pay for a telemedicine
intervention to vary between 19% and 70%, with the WTP
amount ranging from US $0.89 to US $821.25. In addition, we

found age and distance to preferred health facility as the only
reported factors to be significantly associated with the WTP for
telemedicine interventions. Although gender, marital status,
ethnicity, and income were reported to be associated with the
WTP for telemedicine intervention, this association was not
statistically significant.

For age, whereas 3 studies [30,37,38] reported a statistically
significant negative correlation with the WTP for telemedicine
intervention, 1 [38] reported a statistically significant positive
correlation. The former is consistent with the literature, as adults
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aged >65 years are reported to be less inclined to use
technology-based interventions than their younger counterparts
[41]. This may be attributed to how pensioners tend to fear
incurring high costs that come with purchasing electronics or
investing in home-based health monitoring systems required
by some telemedicine interventions [42]. This may also be
attributed to the resistance of older patients toward new
technologies, which may explain lower rates of acceptance for
such technology-enabled interventions. Older patients also tend
to prefer personal contact with health care providers, perceiving
distance-based services such as telemedicine to be insufficient
to meet this need [43], thus potentially lowering their WTP for
telemedicine. On the contrary, Bergmo and Wangberg [38]
reported older age to be significantly associated with a higher
WTP for telemedicine services. However, on further reviewing
their sample, we found that most included participants were
high daily internet users, which may not be representative of
the general population, including the older subgroup.
Furthermore, more than half of the sample was college educated,
which is reported in the literature to increase the acceptance of
technology [44]. Hence, for reporting the association of age
with the WTP for telemedicine, this study was identified as a
potential outlier, and our study concludes a negative and
statistically significant correlation following the consistency in
results reported by other included studies [30,32,37]. For the
variable distance to preferred health facility, 2 studies [30,32]
reported a statistically significant positive correlation where
further distance is associated with a higher WTP for
telemedicine intervention. This WTP may be explained by the
convenience afforded by telemedicine services, which may be
conducted remotely in patients’ homes. Convenience was also
reported as the main determinant for WTP for people aged ≥18
years looking to have consultations with their physicians over
video conferencing [45]. This WTP may also be explained by
how telemedicine was found to reduce associated financial
burdens by reducing traveling costs, as telemedicine is
conducted remotely [46], thus reducing costs to productivity
[47], which patients are likely to be willing to pay to mitigate.

Moving forward with recommendations on how to enhance the
WTP for telemedicine, there are also several other trends in
patients’ WTP for telemedicine we could identify as we drew
comparisons across the 11 studies. These pertain to the influence
of prior telemedicine exposure, the impact of telemedicine costs,
and the importance of patient education in contributing to WTP.

Across 3 studies [29,38,39], participants were exposed to the
telemedicine intervention before being asked about their WTP
for telemedicine. With the availability of this information, we
can review the implications of having prior exposure on WTP.
Losiouk et al [29] reported a median WTP of US $246.40
annually by parents of children with diabetes who were enrolled
into a clinical trial for telemonitoring. In the second study [38],
the control group communicated with their GPs as per usual
(office visitations, and telephones), whereas the intervention
group had access to a messaging system for a period of 1 year.
Approximately 51% (77/151) had expressed a WTP with a
positive value for the telemedicine intervention. In the third
study [39], out of all the patients who underwent cardiac
telerehabilitation sessions, approximately 70% (highest

proportion across all 11 reviewed studies) were willing to pay
as much for telerehabilitation as compared with a center-based
session for cardiac rehabilitation. Considering that the proportion
of patients willing to pay for telemedicine in this review ranged
from 19% to 70%, the proportion of people who were willing
to pay provided by studies with prior exposure to telemedicine
intervention were relatively on the higher side. A similar trend
was observed for the WTP values, which ranged from US $0.89
to US $821.25 in this review. The values provided by the study
with prior exposure to telemedicine intervention were on the
higher side as well. The findings from our systematic review
therefore suggest that experience with the telemedicine
technology in question may contribute to a greater WTP by
patients. Further research may therefore explore the extent to
which exposure to a telemedicine intervention may influence
the WTP for telemedicine, as well as the differential impact on
patients of different demographics (age, gender, etc).

Telemedicine costs were cited as a major barrier to access by
36% (4/11) of the studies. According to 1 study [37], the
attribute ranked most highly in importance was cost, which had
a relative importance estimated at 29%. According to another
study [34], the preference weight for the telemedicine cost
attribute was extremely significant at P=.001. According to
Ramchandran et al [31], almost all participants shared that their
limited insurance coverage for medical care, having fixed
income and limited budget were barriers for obtaining dilated
eye examinations. Many patients expressed their wish to know
the cost of the examination before deciding and would be more
keen on participating if they knew that insurance would pay for
the service. A few stated that they would pay for eye exams
because they knew the value of it if they were able to afford it.
In view of the overwhelming evidence in favor of lowering
telemedicine costs and prices, this spotlights the need to supply
provisions that promote telemedicine access and mitigate the
risks of falling into income poverty, which is no exception even
for high-income countries [48]. In particular, the effect of
reimbursement as a provision had been demonstrated in how a
notable barrier in telehealth adoption in the United States is the
shortage of significant Medicare, Medicaid, and commercial
insurance reimbursements. Cost reductions in general have also
been found to contribute to higher telehealth implementation
[7]. In view of equity concerns, interventions that allow for cost
alleviation should also be more directed to groups of people
whose WTP for health services is more greatly influenced by
their financial ability to pay. These groups of people who are
more cost-sensitive are the low-income earners, those without
university education, those who are older, and those with poor
health status [49].

Patient education also plays a crucial role in eliciting patient
demand, acceptance, and thus the WTP for telemedicine
services. It is important to raise awareness about the efficacy
of telemedicine services while simultaneously addressing patient
concerns, especially because telemedicine is a relatively new
model of care for many, even within high-income settings. The
commonalities in findings consolidated from across the 11
articles were able to provide directions for educating patients.
First, it is important to highlight the potential risk reductions
brought about by the ease and regularity of telemedicine-based
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services (ie, telemonitoring and teledermoscopy) as compared
with inpatient clinical visits, which may be more infrequent or
less accessible. The WTP for risk reductions had been reported
by one of the studies [36], in which participants were willing
to pay for larger reductions in heart disease risk, with a WTP
of US $456.99, US $486.55, and US $821.25 for a 10%, 15%,
and 25% reduction in 5-year cardiovascular disease risk,
respectively. Another study [34] also highlighted how consumers
demonstrated the largest WTP within the study of US $87.75
to switch to telemedicine alternatives when there was an
increased chance of melanoma detection. Second, it is important
to address the concerns that patients may have toward
telemedicine that potentially limit their use. This was evidenced
by Bergmo and Wangberg [38], where 48% of patients surveyed
were unwilling to pay for electronic contact with GP potentially
because of there being fewer than expected benefits, a
hypothetical bias, or a simple preference for face-to-face
consultations. Ramchandran et al [31] also found that older
participants had a strong preference for seeing an eye physician
personally because of the value they place on the relationship
with the health care provider, as well as the perceived
thoroughness and expertise of the examination. When educating
patients, emphasis should therefore be placed on the reliability
and quality of teleophthalmology because web-based care, which
is frequently paired with remote patient monitoring, can improve
physical assessments even without the physical presence of the
practitioner [50]. Furthermore, there are also studies that show
a trend of higher satisfaction for physician interpersonal skills
and patient-centered communications during telemedicine [51],
which may be meaningful to consider. Third, the additional
benefits of telemedicine that patients themselves may not
immediately foresee or intuitively consider may be brought to
their awareness. An example of such additional benefits that
can be highlighted to patients during patient education
interventions would be the reduction in parental fatigue, which
is deemed the worst effect of diabetes management yet the most
improvable item in daily telemonitoring when measured during
the postintervention survey.

Strengths
The following are the strengths of our review. First, to our
knowledge, we are the first to conduct a systematic review on
the WTP for telemedicine among patients with chronic diseases
in high-income settings, thus providing a precedence for which
this topic may be further explored. Second, our study used
multiple databases, namely, PubMed, PsycINFO, Embase, and
EconLit. This allowed for the comprehensive capture of
resources. Third, as our review was conducted in accordance
with the PRISMA guidelines, it is systematic and transparent.
Fourth, the risk of bias was conducted for the 11 included studies
following the Centre for Evidence-based Management guidelines
[28]. Having 2 authors review the quality of included studies
further helped to strengthen the reliability of the risk of bias
assessment conducted. Finally, we did not place limits on the
date of publication when it came to the selection of studies for
inclusion in our review.

Limitations
The following are our study limitations. The main limitation
was the heterogeneity across the studies included in this review,
which made it hard to draw conclusions beyond descriptive
comparisons. First, there was no consistency in reporting the
outcomes of interest, as some studies did not report the
proportion of patients willing to pay for telemedicine [29,33-37],
whereas some studies did not report the WTP values [33,39].
Because of this missing information, the general conclusions
on WTP values or proportion of patients willing to pay for
telemedicine may not necessarily be applicable to all the studies
included in our systematic review. Second, with reference to
Table 2, only 36% (4/11) of the studies [30,32,37,38] provided
information on how specific variables correlated with the WTP
for telemedicine. This limited the amount of information
available to draw conclusions on factors associated with WTP.
Third, the diseases represented in the selected studies may be
broadly classified into diabetes, cardiovascular diseases, and
skin cancer, thus only accounting for a limited number of
diseases. Fourth, different methods were used in eliciting WTP
across the studies, each with their own limitations as well with
potential implications on the validity of the WTP values
collected. Another limitation was the inclusion of articles
published only in English and the exclusion of gray literature,
which may have implications on the comprehensiveness of the
reviewed evidence. There are also inherent differences in health
care systems, financing of health care, and socioeconomic
context across included studies from different countries. Overall,
we acknowledge the large heterogeneity in patient populations,
interventions, health care settings, interventions, and outcome
measures across the 11 studies, which may potentially limit the
generalizability of our findings. However, as the literature on
the WTP for telemedicine is sparse at the moment, we were
unable to focus on selecting papers with specific interventions,
patient populations, settings, and outcome measures in this
systematic review.

We also agree and acknowledge that it would be meaningful to
delve more into the diverse and emerging forms of telehealth.
Telemedicine technologies have developed to include a range
of services such as synchronous and asynchronous consultations
[52], which are of interest as they represent the latest advances
in telecommunication technology, and networks in health care
and promise in service delivery [53]. Artificial intelligence
chatbots have also been found to provide a personalized medical
consultation experience, provide immediate access to medical
information, provide diagnosis recommendations, and connect
patients to health care providers beyond their immediate
communities [54]. However, WTP studies involving novel
telemedicine technologies such as synchronous and
asynchronous consultations and artificial intelligence chatbots
are not yet well established, resulting in a limited range of
telemedicine services represented in our paper despite the
emergence of such forms of telemedicine over the years. Hence,
we would recommend that further WTP research for
telemedicine can compile their findings for the more novel
telemedicine forms such as the ones we have identified. This
would be a good starting point before empirical evidence may
be synthesized in subsequent systematic reviews.
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Conclusions
On the basis of the findings of this systematic review on the
WTP for telemedicine among patients with chronic health
conditions, we conclude that the WTP for telemedicine varied
considerably across the literature, ranging from 19% to 70%.
In addition, we found age and distance to preferred health
facility as the only reported factors to be significantly associated
with the WTP for telemedicine interventions. The following
are the practical recommendations based on our findings, which
may be used to guide future interventions to boost the WTP for

telemedicine. Prior exposure to the telemedicine intervention,
as well as mitigating telemedicine costs, where possible, may
enhance the acceptability and WTP for such interventions.
Patient education was also found to be important for raising
awareness on telemedicine’s benefits and addressing patients’
concerns. In view of the heterogeneity in the existing literature
on WTP, future research efforts should focus on standardizing
the conduct and reporting of such WTP studies so as to facilitate
generalization of findings, pooling of effect estimates and
generating of actionable insights to enhance the outreach of
telemedicine interventions to patients with chronic diseases.
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Abstract

Background: There are a range of wearable transdermal alcohol sensors that are available and are being developed. These
devices have the potential to monitor alcohol consumption continuously over extended periods in an objective manner, overcoming
some of the limitations of other alcohol measurement methods (blood, breath, and urine).

Objective: The objective of our systematic review was to assess wearable transdermal alcohol sensor accuracy.

Methods: A systematic search of the CINAHL, Embase, Google Scholar, MEDLINE, PsycINFO, PubMed, and Scopus
bibliographic databases was conducted in February 2021. In total, 2 team members (EB and SH) independently screened studies
for inclusion, extracted data, and assessed the risk of bias. The methodological quality of each study was appraised using the
Mixed Methods Appraisal Tool. The primary outcome was transdermal alcohol sensor accuracy. The data were presented as a
narrative synthesis.

Results: We identified and analyzed 32 studies. Study designs included laboratory, ambulatory, and mixed designs, as well as
randomized controlled trials; the length of time for which the device was worn ranged from days to weeks; and the analyzed
sample sizes ranged from 1 to 250. The results for transdermal alcohol concentration data from various transdermal alcohol
sensors were generally found to positively correlate with breath alcohol concentration, blood alcohol concentration, and self-report
(moderate to large correlations). However, there were some discrepancies between study reports; for example, WrisTAS sensitivity
ranged from 24% to 85.6%, and specificity ranged from 67.5% to 92.94%. Higher malfunctions were reported with the BACtrack
prototype (16%-38%) and WrisTAS (8%) than with SCRAM (2%); however, the former devices also reported a reduced time
lag for peak transdermal alcohol concentration values when compared with SCRAM. It was also found that many companies
were developing new models of wearable transdermal alcohol sensors.

Conclusions: As shown, there is a lack of consistency in the studies on wearable transdermal alcohol sensor accuracy regarding
study procedures and analyses of findings, thus making it difficult to draw direct comparisons between them. This needs to be
considered in future research, and there needs to be an increase in studies directly comparing different transdermal alcohol sensors.
There is also a lack of research investigating the accuracy of transdermal alcohol sensors as a tool for monitoring alcohol
consumption in clinical populations and use over extended periods. Although there is some preliminary evidence suggesting the
accuracy of these devices, this needs to be further investigated in clinical populations.

Trial Registration: PROSPERO CRD42021231027; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=231027

(J Med Internet Res 2022;24(4):e35178)   doi:10.2196/35178

KEYWORDS

alcohol consumption; alcohol detection; alcohol monitoring; alcohol treatment; digital technology; ecologic momentary assessment;
transdermal alcohol sensors; wearables; mobile phone
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Introduction

Background
Current alcohol treatment largely relies on self-report data,
which can be convenient and low-cost; however, there are
limitations [1-3]. Reporting alcohol consumption over long
periods may lead to recall bias [4]. Self-report can be made even
more challenging when working with an alcohol-dependent
population [5]. The current gold standard of alcohol assessments
and alcohol research are self-report instruments, such as the
Timeline Follow-Back [6] and the Alcohol Use Disorders
Identification Test [7]. In recent years, various wearable
transdermal alcohol sensor (TAS) devices have been developed.
These devices measure alcohol consumption from alcohol vapors
excreted through the skin via sweat, known as transdermal
alcohol concentration (TAC), and can be worn on the wrist or
ankle. Wearing a device all day for long periods allows for
regular, repeated measurements and data capture in real time
[8,9]. Thus, the TAS device is less likely to miss episodes of
alcohol consumption than breath alcohol measurement. It is
noninvasive, objective, and low-maintenance and allows
behavior to be captured in real-world contexts [10]. These
advantages address some of the limitations of other methods
currently used, such as breathalyzers and blood and urine tests.
Another advantage is that this technology has the potential to
communicate with a smartphone [10-12]. Data captured can be
uploaded over a mobile network and delivered to the patient,
clinician, and researcher in near real time. This means reduced
time and resources required by staff in addition to potentially
more comprehensive and accurate data collected.

There is a range of TAS brands in various stages of development
and validation, some available directly to the public. The 2
devices that have been most widely validated and reported on
are SCRAM and WrisTAS [10,13-18]. More recently, Skyn
from BACtrack, ION Wearable (rebranded as Proof) from Milo
Sensors, and BARE and ORBIS from Smart Start have been
developed. BACtrack uses a fuel cell alcohol sensor, whereas
ION uses an enzymatic electrochemical biosensor cartridge
[10,11]. BACtrack can be used as a stand-alone wearable or
integrated into the band of a smartwatch [10,12] and, although
it uses the same technology as WrisTAS, BACtrack uses a newer
generation with improvements in performance and size [10].
At the beginning of 2021, Smart Start announced the
development of ORBIS, a TAS with GPS monitoring technology
designed to look like a smartwatch. Instead of fuel cell
technology, this device uses a transdermal sensor that allows
for continuous monitoring and has cellular communication
embedded, removing the need to pair with a smartphone. This
device is currently being tested through independent research
and clinical and pilot trials [19]. These changes in TAS design
and use—for example, linking to a smartphone app to display
real-time data—address some of the limitations of the older
devices. However, these new generations are in earlier stages
of development, and researchers have only just begun exploring
their validity, reliability, and usability [10-12].

The accuracy of these devices is evaluated by comparing TAC
output with self-reported alcohol consumption via Timeline

Follow-Back or drinking diaries, blood tests (blood alcohol
concentration [BAC]), or breath alcohol concentration (BrAC).
When comparing with self-report, the participant typically wears
the device and notes how much alcohol they consume and when.
This can allow for drinking in the participant’s own environment
and for typically greater, self-dosing drinking to be recorded.
However, there can be limits to self-report data, including
accuracy of recall, adherence to recording, and social
acceptability reporting bias, particularly in clinical populations
[1-5]. Sensitivity, also known as true positive rate, measures
the number of positive drinking events as indicated by TAC
that are true positive drinking events when compared with
self-report, BAC, or BrAC. Specificity, also known as true
negative rate, measures the number of events where alcohol
consumption was not detected and there was no alcohol
consumed when compared with self-report, BAC, or BrAC
[20,21]. Most studies report correlation or sensitivity and
specificity data of the TAS device.

The data collected and calculated from TAC (peaks of use, time
to peak, and area under the curve [AUC]) can be compared with
the measurements collected via breathalyzer or blood tests
(BrAC or BAC). Although TAS devices can automatically take
readings at predefined time points, owing to the need for
frequent administration of breathalyzer readings or the need for
blood tests, studies using these comparisons typically require
laboratory settings. This means that there are typically
fixed-dose amounts of alcohol given by a research team, and
the data are taken during a limited period (a few hours). TAC,
BrAC, and BAC data are then statistically analyzed to determine
the correlation. It would be optimal for TAS devices to perform
with high accuracy in both laboratory and natural, real-world
drinking situations.

van Egmond et al [15] conducted a systematic review in 2020
exploring the validity of wearable TAS devices. However, their
review only included papers published since 2013 that used
TAS devices and validation measures obtained from the devices
and provided correlation or detection rate measures. This meant
that papers identified by van Egmond that included Milo ION,
MOX sensors, and a study on BACtrack were not included in
their review [15] because of lack of validation measures. For
our review, we decided to include all papers that met our
inclusion criteria for investigating the use of wearable TAS
devices, with no time constraints. We aimed to explore a broad
overview of TAS technology within the field and demonstrate
the growth in the range and development of devices.

Objective
This systematic review aims to investigate the current
knowledge by systematically identifying and evaluating the
existing literature on the use of TAS devices in clinical and
nonclinical populations, alone or in conjunction with a
psychosocial intervention. The primary objective is to assess
the level of accuracy of TAS devices. There is a linked review
paper investigating the acceptability and feasibility of the
devices (Brobbin et al, unpublished data, 2022).
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Methods

Overview
This systematic review was conducted according to the
PRISMA-P (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses Protocols) guidelines [22]. This protocol
has been registered in PROSPERO (CRD42021231027). On
review of the results, it was decided that the findings of the
systematic review should be reported in 2 papers: one focusing
on the accuracy outcomes and a second one focusing on the
acceptability and feasibility outcomes.

Inclusion Criteria
Studies meeting all criteria were included: full-text original
studies published in peer-reviewed journals, written in English,
and using a wearable transdermal sensor device reporting
accuracy outcomes. For the purpose of this review, a wearable
TAS is defined as a wearable device that can measure alcohol
consumption from alcohol vapors excreted via the skin. There
were no restrictions on publication year or participant clinical
and demographic characteristics. Data based on conference
abstracts, dissertations, and gray literature were not included.

Information Sources
Bibliographic databases included CINAHL, Embase, Google
Scholar, MEDLINE, PsycINFO, PubMed, and Scopus. Searches
were carried out between February 1, 2021, and February 8,
2021 (Multimedia Appendix 1 [10,11,13,23-51] and Multimedia
Appendix 2). The searches were supplemented by
cross-checking the reference lists of key publications, related
systematic reviews, and included papers.

All identified titles and abstracts were screened in Covidence
(Veritas Innovation Ltd) to identify studies that potentially met
the inclusion criteria. From this list, the full text was retrieved
and assessed by a reviewer (EB); any doubts were discussed
with a second reviewer (SH). Any disagreement was discussed
with a third reviewer (PD). A data extraction form was created
and pilot-tested with the first 5 included studies and refined as
necessary (Multimedia Appendix 3). EB extracted the data
independently, and the second reviewer (SH) completed the
entry check for accuracy. Any discrepancies were resolved
through discussion with the third reviewer (PD).

Outcomes
All outcome measures reported, both objective and self-reported,
were extracted. The primary outcome was the accuracy of
wearable TAS devices for measuring alcohol consumption
compared with other methods (self-report, BAC, and BrAC;
definitions of these measures are reported in Multimedia
Appendix 4 [14,23,25-28,32,37,52]). This included data on
correlations, sensitivity and specificity, percentage or amount
of unsuccessful data points collected, and any time lag
differences for the sensor to reach peak TAC compared with
peak BrAC and delay in peak time from drink consumption.

Quality Assessment
We used the Mixed Methods Appraisal Tool (MMAT) as it is
designed for appraisal in reviews that include a range of designs
(qualitative, quantitative, and mixed methods) [53]. EB
completed this independently, and any queries were discussed
with a second reviewer (SH). Any disagreements were resolved
through discussion (PD).

Data Synthesis and Analyses
To draw conclusions about the included studies, we developed
a synthesis of study characteristics. The data are summarized
using a structured narrative description for accuracy measures,
and we report the available data reported for correlations,
sensitivity and specificity, failure rates, and time lag on
SCRAM, WrisTAS, and BACtrack, with a separate section for
other TAS model studies (with only 1 study on each of these).
Not all studies reported accuracy data on all these measures. A
meta-analysis was not possible because of the methodological
heterogeneity.

Results

Overview
After removing duplicates, a total of 125 papers were screened;
31 (24.8%) were excluded at the title and abstract screening,
and 94 (75.2%) full-text papers were assessed. Of those 94
papers, a total of 64 (68%) were then excluded (the reasons are
provided in Multimedia Appendix 1). There were 7 additional
papers identified through citation searching, of which 2 (29%)
were included (Multimedia Appendix 1). The final sample
included 32 publications (Figure 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Study Characteristics
Of the 32 studies, 19 (59%) used a SCRAM device [13,23-40],
7 (22%) used a WrisTAS device [34,41-46], 5 (16%) used
BACtrack Skyn [10,29,30,40,47], 1 (3%) used an ION Milo
sensor [11], 1 (3%) used Quantac Tally [10], 1 (3%) used a
wearable Internet of Things (IoT) sensor [48], 1 (3%) used an
MOX sensor [49], 1 (3%) used a proton-exchange membrane
(PEM) fuel cell sensor [50], and 1 (3%) did not name the TAS
used [51]. Some studies (4/32, 13%) used more than one version
of the device (eg, SCRAMx and SCRAM-II), and 16% (5/32)
used more than one brand of device (Table 1).

A large proportion of studies (29/32, 91%) were conducted with
adults in good health. Only 9% (3/32) of the studies included
participants who were diagnosed alcohol-dependent clinical
populations. Most of this research was conducted in the United
States, with 94% (30/32) of the studies located there. The earliest

paper included was from 1992, but most studies (21/32, 66%)
were published as of 2015 (Table 1).

There were 1228 participants enrolled in total in the included
studies, with 1147 included in the procedure or analysis.
Therefore, 81 participants who were enrolled were not included
in the results (for reasons such as withdrawing or missing data).
In total, 1 paper (1/32, 3%) was still in the early stages of data
collection for one of their studies and so these participant
numbers were unknown [10]. Not all studies included detailed
information on the participants’ age, sex, and ethnicity. From
the information provided, it could be seen that the participants’
ages ranged from 18 to 58 years, most studies included women
and men (27/32, 84%; 2/32, 6% included men only; 1/32, 3%
included women only; and 2/32, 6% were unknown) and, for
most studies (19/32, 59%), White participants represented a
high proportion of the sample (11/32, 34% were unknown;
Table 1).
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Table 1. Characteristics of the included studies (N=32).

MMATb scoreDevicePopulationParticipants enrolled
(N=1228) vs partici-
pants included

(n=1147), na)

AimDesignStudy and year

40%SCRAMxClinical: alcohol
outpatient

66 (63)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryAlessi et al, 2019
[23]

80%SCRAM-IINonclinical: good
health

15 (15)Assessing nonalco-
holic energy drinks

with TAMc

LaboratoryAyala et al, 2009
[24]

80%SCRAM-II and
SCRAMx

Nonclinical: heavy
drinkers

30 (30)Effectiveness of
TAM in implement-

ing CMe for alco-

RCTd, ambulatoryBarnett et al, 2017
[25]

hol reduction treat-
ment in various
population groups
and evaluating the
efficacy of CM re-
duction in alcohol
use

100%SCRAM-II and
SCRAMx

Nonclinical: heavy
drinkers

66 (66)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryBarnett et al, 2014
[26]

80%SCRAMNonclinical: heavy
drinkers

20 (13)Effectiveness of
TAM in implement-
ing CM for alcohol

AmbulatoryBarnett et al, 2011
[27]

reduction treatment
in various popula-
tion groups and
evaluating the effi-
cacy of CM reduc-
tion in alcohol use

60%WrisTAS (5, 6,
and 7)

Nonclinical: good
health

250 (250)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryBond et al, 2014
[41]

80%WrisTAS-7Nonclinical: good
health

59 (57)Assess acceptabili-
ty, adherence, and
feasibility with this
technology

AmbulatoryCroff et al, 2020
[42]

80%Not namedNonclinical: social
drinkers

15 (12)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryDavidson et al,
1997 [51]

100%SCRAM-IINonclinical: good
health

22 (21)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryDougherty et al,
2012 [28]

60%BACtrack proto-
type and
SCRAM

Nonclinical: social
drinkers

50 (30)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryFairbairn and
Kang, 2019 [29]

60%BACtrack proto-
type and
SCRAM

Nonclinical: good
health

110 (73)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryFairbairn et al,
2020 [30]
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MMATb scoreDevicePopulationParticipants enrolled
(N=1228) vs partici-
pants included

(n=1147), na)

AimDesignStudy and year

100%SCRAMNonclinical: social
drinkers

48 (48)Estimating BrACf

from TACg

Mixed designFairbairn et al,
2019 [13]

80%SCRAM-IINonclinical: good
health

22 (19)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryHill-Kapturczak et
al, 2014 [31]

60%PEMh fuel cell
sensor

Nonclinical: good
health

8 (8)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryJalal et al, 2020
[50]

80%SCRAM-CAMNonclinical: good
health

32 (30)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryKarns-Wright et al,
2018 [32]

80%SCRAMNonclinical: good
health

61 (61)Estimating BrAC
from TAC

LaboratoryKarns-Wright et al,
2017 [33]

60%Milo sensorNonclinical: good
health

1 (1)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryLansdorp et al,
2019 [11]

60%MOX sensorNonclinical: good
health

6 (6)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryLawson et al, 2019
[49]

80%Wearable IoTi

alcohol sensor

Nonclinical: good
health

2 (2)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryLi et al, 2020 [48]

80%WrisTAS-7Nonclinical: good
health

32 (32)Assess how we can
measure alcohol
consumption with
this technology

Mixed designLuczak et al, 2015
[43]

60%SCRAM and
WrisTAS-5

Nonclinical: good
health

22 (22)Assess how we can
measure alcohol
consumption with
this technology

Ambulatory and labo-
ratory

Marques and
McKnight, 2009
[34]

60%SCRAMNonclinical: good
health

14 (14)Assess acceptabili-
ty, adherence, and
feasibility with this
technology and
how we can mea-
sure alcohol con-
sumption with this
technology

AmbulatoryNorman et al, 2020
[35]

100%SCRAMxNonclinical: heavy
drinking

22 (19)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryRash et al, 2019
[36]

80%SCRAM-II
(study 1) and
SCRAMx (stud-
ies 2 and 3)

Nonclinical: good
health

61 (61)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryRoache et al, 2015
[37]

80%SCRAM-CAMNonclinical: good
health

30 (30)Assess how we can
measure alcohol
consumption with
this technology

AmbulatoryRoache et al, 2019
[38]
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MMATb scoreDevicePopulationParticipants enrolled
(N=1228) vs partici-
pants included

(n=1147), na)

AimDesignStudy and year

80%BACtrackNonclinical: good
health

5 (5)Assess acceptabili-
ty, adherence, and
feasibility with this
technology

AmbulatoryRosenberg et al,
2021 [47]

100%SCRAMAlcohol-dependent
and non–alcohol-
dependent

44 (44)Assess how we can
measure alcohol
consumption with
this technology

Ambulatory and labo-
ratory

Sakai et al, 2006
[39]

80%WrisTAS-7Nonclinical: good
health

60 (60)Assess how we can
measure alcohol
consumption with
this technology

AmbulatorySimons et al, 2015
[44]

80%WrisTASNonclinical: good
health and alcohol-
dependent

15 (15)Assess how we can
measure alcohol
consumption with
this technology

LaboratorySwift et al, 1992
[45]

20%Quantac Tally
and BACtrack

Nonclinical: good
health

Still recruitingAssess how we can
measure alcohol
consumption with
this technology

Ambulatory and labo-
ratory

Wang et al, 2019
[10]

80%BACtrack and
SCRAM-CAM

Nonclinical: good
health

25 (25)Assess how we can
measure alcohol
consumption with
this technology

Ambulatory and labo-
ratory

Wang et al, 2021
[40]

80%WrisTASNonclinical: good
health

15 (15)Assess how we can
measure alcohol
consumption with
this technology

LaboratoryWebster and
Gabler, 2008 [46]

aThe numbers in parentheses in this column are the number of participants that were included in each study after drop outs/withdrawals.
bMMAT: Mixed Methods Appraisal Tool.
cTAM: transdermal alcohol monitoring.
dRCT: randomized controlled trial.
eCM: contingency management.
fBrAC: breath alcohol concentration.
gTAC: transdermal alcohol concentration.
hPEM: proton-exchange membrane.
iIoT: Internet of Things.

Quality Assessment
All studies apart from 2 (30/32, 94%) met a minimum of 3 out
of 5 criteria [10,23] (Table 1). This is due to Alessi et al [23]
not providing details about randomization and participant
information, and the study by Wang et al [10] was difficult to
score owing to incomplete data collection as their study was
still ongoing at the time of publication. With the MMAT,
exclusion of low–methodological-quality studies is discouraged
[53]. The MMAT scores for each study are provided in
Multimedia Appendix 5 [10,11,13,23-51]. All the records
selected for data extraction were considered to be at low risk
of bias. Owing to the nature of many of the studies included,
blinding of participants and personnel was not possible; in some
studies (3/32, 9%), there were clear differences in demographics
or amount of alcohol provided between groups [30,41,44] or
incentives provided within contingency management studies

[25] where personnel were required to know participant
allocation. Similarly, in many studies (17/32, 53%), there was
only 1 group of participants all completing the same task, so
randomization or blinding was not required or possible
[10,13,24,28,31-34,40,42,43,45,46,48-51], or there was only 1
participant [11]. Some studies (16/32, 50%) did not provide
clear information on participant data, randomization, incomplete
outcome data, and selective reporting, resulting in potential bias
because of limited information in the paper
[10,11,24,25,29,30,34,40,41,43-46,48-50].

Accuracy Measures

Overview
Of the 32 studies, 19 (59%) explored the accuracy of SCRAM
in laboratory or ambulatory settings [13,23-40], 7 (22%)
explored the accuracy of WrisTAS in laboratory or ambulatory
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settings [34,41-46], and 5 (16%) explored the accuracy of a
BACtrack device or prototype in laboratory or ambulatory
settings [10,29,30,40,47]. Finally, there were six (6/32, 19%)
other TAS devices within the included papers: a PEM fuel
cell–based wearable alcohol sensor [50], Milo [11], MOX [49],
Quantac Tally [10], a wearable IoT sensor [48], and 1 study
(1/32, 3%) that did not name the device but simply described
it as a TAS throughout [51].

Correlations

Overview

Approximately 6% (2/32) of the studies reported discrepancies
between SCRAM TAC and self-report [23,39], whereas another
study (4/32, 3%) reported moderate to high correlations (r=0.79
and P<.001 [25]; r=0.79-0.94 and P<.01 [27]; r=0.68 and
P<.001 [36]). Karns-Wright et al [32] found that, when the
concordance with any self-reported drinking was examined as
a whole, the concordance rate was significantly higher for
moderate and heavy TAC (mean 75.91%, SD 15.06%) than for
only heavy TAC (mean 73.69%, SD 15.23%; t29=2.05; P=.04).
Most studies that reported on the correlation between TAC and
BAC or BrAC data found moderate to strong correlations
(weighted correlations between TAC and estimated BAC
(eBAC) [26]: r=0.54 and P<.001; Pearson correlation coefficient
range for peak TAC and BrAC [28]: 0.700-0.997; peak TAC
and peak estimated BrAC: r=0.56 and P=.001; TAC and BrAC
[29]: r=0.60 and P<.001; correlation between peak TAC and
peak BrAC [31]: F1,73=160.03 and P<.001). However, Sakai et
al [39] found varying disagreements between peak TAC and
peak BrAC, and Bland-Altman analyses for laboratory and
community participants showed varying disagreement between
peak and AUC BrAC and TAC data.

WrisTAS

Bond et al [41] found that the correlation between the AUC and
the unadjusted number of drinks was 0.62, whereas the
correlation between the AUC and the adjusted number of drinks
was 0.73 (P=.04 for the difference between correlation
coefficient estimates). A low correlation was reported between
WrisTAS TAC and BAC (0.20-0.24; correlation between TAC
and eBAC in adolescents only: 0.083-0.10; correlation between
TAC and eBAC in young adults only: 0.37-0.39; significantly
different by age group: P<.001) [42]. However, Swift et al [45]
found that the TAS signal was similar in amplitude and time
course to the BAC curve (curve peak amplitude: r=0.61 and
P<.02; AUCs of BAC and TAS: r=0.91 and P<.001) [45],
whereas another study (1/32, 3%) found that TAC overestimated
BAC levels in the self-dose situation by 86%. By contrast, in
the laboratory situation, WrisTAS logged TAC peaks just 0.019
g/dL lower than the mean peak BAC [34].

BACtrack

An overall high correlation between self-report and TAC was
found (correlation for drinking start time: r=0.90 and P<.001;
AUC for drinking event: r=0.7 and P=.008) [47]. BACtrack
was able to distinguish low and high alcohol doses. There was
a high correlation between TAC and BrAC data (r=0.77;
P<.001) [29]. For the study by Wang et al [40], data collection
was ongoing at the time of publication, but initial data suggested

consistency between TAC and BrAC. Fairbairn et al [30] used
SCRAM and BACtrack and found that models for estimating
real-time BrAC measurements built with data from the Skyn
sensor outperformed similar models built with data from
SCRAM. Differences between estimated BrAC and BrAC were
60% higher for models based on data from SCRAM versus
BACtrack.

Sensitivity and Specificity

SCRAM

Studies found that the ability of SCRAM to predict or
distinguish levels of alcohol consumption had a significant
positive relationship with the amount consumed
[23,31,33,37,39]. Dougherty et al [28] plotted receiver operating
characteristic curves using the peak TAC to predict the number
of drinks consumed. A peak TAC value cutoff of ≥0.011 g/dL
classified participants as having drank at least one beer with
97.9% accuracy (AUC=0.99, sensitivity 98.6%, and specificity
95%). A peak TAC value cutoff of ≥0.024 g/dL classified
participants as having drank 1-2 beers or >2 beers with 85.1%
accuracy (AUC=0.93, sensitivity 92.3%, and specificity 76.2%).

WrisTAS

Bond et al [41] found that the sensitivity for WrisTAS compared
with self-report was 85.6% and the specificity compared with
self-report was 67.5% (percentage of days during which diaries
and devices indicated no drinking event). Croff et al [42] found
that the sensitivity was 40% and the specificity was 87.9%.
Marques and McKnight [34] found that the sensitivity was 24%.
This low rate was explained because of erratic output and
unreliable data recording during 67% of episodes recorded.
WrisTAS more accurately estimated laboratory dosing levels
than self-dosing. Simons et al [44] found that WrisTAS correctly
identified 85.74% of self-reported drinking (sensitivity 72.35%
and specificity 92.94%).

Failure Rates
The failure rate for SCRAM was reported to be low at 2% [29]
and, in the study by Fairbairn et al [30], 6 files were found to
be missing because of procedural issues associated with SCRAM
assignment, and 1 was missing because of device malfunction.

Croff et al [42] found that, of the 471,625 data points collected
via the WrisTAS, 35,803 data points were missing or corrupted,
which equated to 186 whole or partial days of missing data.
This was more common for adolescent (11.78% of daily data

collected) than for young adult participants (8.59%; χ2=−18.4;
P<.001). WrisTAS data files were often found to have spikes
despite the participants not reporting a drinking event. For some
of these, it was most likely an environmental alcohol (perfume
or hand sanitizer). However, other spikes may have been due
to unreported alcohol consumption based on the data
interpretation [43].

Marques and McKnight [34] found a low sensitivity, the reason
being erratic output and not recording or missing data during
drinking episodes (this was reported as a chipset rather than a
sensor problem). It was also reported that it was harder to
interpret the data because of noisy patterns. However, Swift et
al [45] reported occasional noise, usually because of defects in
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the interface cable, but transient noise was easily distinguished
from a drinking event.

The BACtrack prototype was found to have a higher failure rate
between 16% and 38% [29,30]. Missing data were due to device
malfunction and device and user issues (described as being lost
by the researchers as they learned how to use the prototypes).
It was found that BACtrack Skyn data showed a lot of noise
thought to be due to the rapid increase or decrease of the TAC
signal [40].

Time Lag
The peak TAC measured by SCRAM was 120 minutes after
the peak BrAC [29]. Across all measured portions of the BrAC
curve, SCRAM lagged by 69 minutes (P<.001). Approximately
9% (3/32) of the studies found a delay in SCRAM data behind
alcohol consumption and BrAC data of approximately 2-3 hours
[13,35,39] or even longer and mean TAC peak delays of 4.5
(SD 2.9) hours relative to BAC peaks [34].

The mean time to peak for WrisTAS was 71 (SE 7) minutes,
and the mean time for the BAC curve was 107 (SE 12) minutes;
for the TAS curve, the mean difference in onset times was
significantly different (P<.02). In the controlled consumption
experiment, the peak values of the TAS concentration-time
curves lagged by approximately 30 minutes behind the
breathalyzer time curves. In intoxicated participants, the peak
TAS signal lagged up to 120 minutes behind the BAC.

BACtrack measurements lagged the peak BrAC by 24 minutes
(P<.001) [29]. Rosenberg et al [47] found a time lag of 2 and
3 hours for peak TAC compared with peak BrAC in low- and
high-dose groups, respectively. Initial results found a time lag
for Skyn of approximately 135 minutes after drinking for peak
TAC compared with 60 minutes for peak BrAC [10].

Other TAS Devices
A PEM fuel cell–based wearable alcohol-sensing device was
used in a human volunteer pilot study [50]. The measurements
from the device showed a significant correlation with the
calculated theoretical values. The device provided continuous
BAC data, which were processed and fitted into a principal
component regression model to determine the accurate
transcutaneous alcohol content. Breathalyzer measurements
showed greater variation than sensor data.

Lansdorp et al [11] used the Milo sensor to measure data
continuously over 2 days. After a state of baseline data was
recorded, a solution of 0.05 mol/L ethanol in 1x
phosphate-buffered saline was flowed over the diffusion-limiting
membrane. The mean sensor response time (time to reach the
current 50% of the maximal plateau after the addition of a
known concentration of ethanol) under laboratory conditions
was 36 (SD 6) minutes with 12 sensors. A linear sensor range
between 0 and 0.05 mol/L of ethanol was found.

Investigation of a MOX sensor found that the TAC curve was
right-shifted from the BAC and BrAC curves and there was a
time delay for the peak of approximately 80 minutes. The 2
different concentrations of ethanol (0.5 g/L and 0.8 g/L)
absorbed by the participants could be discriminated [49].

The Quantac Tally was explored before Quantac Co. ceased its
business operations. TAC measurements peaked on average
115 minutes after drinking onset, with a gradual increase to
peak concentration [40].

The use of a wearable IoT sensor [48] found that the mean
values could be distinguished between different alcohol doses.
They also compared wearing the sensor on different body parts
(left upper arm and left ankle); these results found that the
different body parts found different TAC gas (TACg) data. To
further explore how perspiration affects the data, the same
participant wore the device as normal versus wearing 3 jumpers
or jackets to induce sweating. The comparison between BAC
and TACg for AUC ratio was 0.98 for BAC and 0.52 for TACg.
Spikes in TACg data from the jumper experiment were
correlated with spikes in humidity [48].

Davidson et al [51] explored whether a TAS could accurately
measure low BAC. The results showed that the device was able
to detect TAC at the lowest dose (10 mg/dL), which was not
measured by BrAC or BAC. For doses 2 (20 mg/dL) and 3 (40
mg/dL), TAC, BrAC, and BAC were in general agreement.
However, BrAC and BAC were in stronger agreement (dose 2:
r=0.092 and P<.001; dose 3: r=0.88 and P<.001) than TAC
compared with BrAC (dose 2: r=0.52 and P>.05; dose 3: r=0.7
and P>.05) and BAC (dose 2: r=0.60 and P<.05; dose 3: r=0.52
and P>.05). There was also a time lag for TAC output, which
was affected by noise.

Discussion

Principal Findings
The aim of this review was to assess the current knowledge on
the accuracy of TAS devices. We identified 32 papers, few of
which reported the use of this technology in clinical populations.
Of the 32 papers, we identified only 3 (9%) studies that used
alcohol-dependent participants. Most studies used either
SCRAM (19/32, 59%) or WrisTAS (7/32, 22%). However, there
were some studies that investigated BACtrack Skyn (5/32, 16%)
and others (6/32, 19%). This is a growing field, and the
production and investigation of additional TAS devices supports
this. This review found that wearable TAS devices could detect
alcohol consumption with moderate to strong accuracy over
various periods. However, factors such as the amount of alcohol
consumed, the environment (laboratory and self-dose real-world
setting), age, and where the device is worn must be considered.
The findings differed across the TAS brands included, and
studies on each brand reported different limitations; for example,
time lag compared with BrAC or BAC, data file errors, or device
failure.

The SCRAM, WrisTAS, and BACtrack studies showed
reasonably high data capture rates but demonstrate that this is
<100% [26,27,32,34,41,42,44]. There were also reports of
device failure, malfunctions, noise, and tampering, all of which
reduced the amount of successful data capture [29,30,43]. It
was noted over time that SCRAM lost accuracy, most likely
because of water accumulation [34]. The main feature of using
these devices compared with other tests, such as breathalyzers
or urine tests, is the capacity for continuous measurements, so
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this is an important benefit of TAS devices. There has been
some investigation into factors such as sex and BMI on episode
detection, with no conclusive relationship determined [26,28].

SCRAM devices had the lowest amount of recorded failure
rates of the included devices [29,30,34,42], but the time lag to
peak alcohol concentration was considerably longer than that
of the other brands of TAS devices [10,13,29,34,40,45,47].
Although SCRAM, WrisTAS, and BACtrack showed positive
correlations with self-report, BAC, and BrAC, the accuracy of
determining the amount of alcohol appeared to be stronger in
BACtrack than in SCRAM in some studies [29] but not in others
[40]. WrisTAS showed the weakest support for accuracy [34,42].
There were fewer studies on BACtrack compared with SCRAM
and WrisTAS, and the studies included that used BACtrack
mostly used a device prototype. However, the preliminary results
appear promising. Similar to WrisTAS, there seems to be a high
failure rate and noise in the data files, but there is support for a
shorter time lag compared with SCRAM as well as a strong
positive correlation with BAC or BrAC, and it maintains the
ability to distinguish between high and low doses [29,40,47].

Approximately 3% (1/32) of the studies compared SCRAM and
WrisTAS in laboratory and ambulatory settings. When the
participants self-dosed, the true positive rates for both devices
increased and, the higher the peak BAC level, the higher the
rate of true positive TAC [34]. Although SCRAM more
accurately estimated self-dosing and WrisTAS more accurately
estimated laboratory dosing, neither was accurately estimated
in both settings. This difference between devices is something
that should be investigated further and could affect preference
for brand of device for different uses in different settings [34].

Our findings relating to SCRAM, WrisTAS, and BACtrack
were largely in line with the review findings of van Egmond
[15]. Data from these TAS devices were found to moderately
to highly positively correlate with self-report and BrAC, with
WrisTAS and BACtrack devices showing higher malfunction,
failure rates, and noise within data files compared with SCRAM.
Van Egmond [15] did not include papers exploring other TAS
devices.

There was 1 individual paper (1/32, 3%) on each of the other 6
wearable TAS devices [10,11,48-51]. The development of other
devices suggests that this is a rapidly evolving technology. The
unnamed device in the study by Davidson et al [51]
demonstrates the ability of this technology to accurately measure
low BAC and the general agreement between TAC, BAC, and
BrAC data. Li et al [48] is the only study that compares data
taken from the same device but worn on different body parts.
The data found suggest that the location of the device on the

user does affect the measurements captured, which is important
to consider.

Limitations
This review highlights the small but growing number of studies
investigating the accuracy of wearable TAS devices. With only
a small number of studies testing more than one brand or even
the same setting, intervention, or population, it is difficult to
draw direct comparisons. Most studies (29/32, 91%) included
healthy adults, and the length of time studied ranged from a day
to a few months. If the ultimate objective is for these devices
to be used within the clinical population or the criminal justice
system for extended periods, this manner of use needs to be
explored further. No included study was conducted in a criminal
justice setting with offenders. However, there is a growing
appeal for this technology to be used in this environment; for
example, the use of SCRAM in the UK criminal justice system
for alcohol-related offenses [54].

A mix of study designs was included in both the ambulatory
and laboratory settings. Although it is useful to conduct studies
in controlled laboratory environments to investigate validity,
reliability, and accuracy, the target use is not necessarily a
laboratory environment. Hence, how the devices perform in
vivo with populations other than those studied must be
investigated. This would then be able to inform the devices’
long-term effectiveness in future treatment, interventions,
research, and policy.

Conclusions
There are currently a small number of studies in this area, but
research on the use of this technology is growing and, owing
to technological advancements, the accuracy and ability of these
devices is improving considerably. What is needed is for
research to expand into other populations, such as clinical
populations and offenders within the criminal justice system,
to examine their accuracy and reliability in the intended target
populations and contexts. Although the accuracy outcomes for
this technology are promising, there is a limit to this research
because of the mostly laboratory and short-duration study
design.

The use of wearable TAS devices is becoming more accepted
and appealing to society, as evidenced by their increasing
implementation in the criminal justice system and increasing
research. The implications of this review are that we need to
investigate the engagement in real-world settings, where
transdermal sensors are intended to be implemented, with the
target populations. This can then inform clinical interventions,
treatment, research, and use.
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BAC: blood alcohol concentration
BrAC: breath alcohol concentration
eBAC: estimated blood alcohol concentration
IoT: Internet of Things
MMAT: Mixed Methods Appraisal Tool
NHS: National Health Service
NIHR: National Institute for Health Research
PEM: proton-exchange membrane
PRISMA-P: Preferred Reporting Items for Systematic Reviews and Meta-Analyses Protocols
TAC: transdermal alcohol concentration
TACg: transdermal alcohol concentration gas
TAS: transdermal alcohol sensor
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Abstract

Background: Despite the wealth of evidence regarding effective health behavior change techniques using digital interventions
to focus on residents of high-income countries, there is limited information of a similar nature for low- and middle-income
countries.

Objective: The aim of this review is to identify and describe the available literature on effective social media–based behavior
change interventions within low- and middle-income countries.

Methods: This systematic review was conducted in accordance with the 2009 PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines. We searched PubMed, Embase, Elsevier, CINAHL, PsycInfo, and Global Index Medicus,
and the final search was conducted on April 6, 2021. We excluded studies published before 2000 because of the subject matter.
We included studies that evaluated interventions conducted at least partly on a social media platform.

Results: We identified 1832 studies, of which 108 (5.89%) passed title-abstract review and were evaluated by full-text review.
In all, 30.6% (33/108) were included in the final analysis. Although 22 studies concluded that the social media intervention was
effective, only 13 quantified the level of social media engagement, of which, few used theory (n=8) or a conceptual model (n=5)
of behavior change.

Conclusions: We identified gaps in the settings of interventions, types and sectors of interventions, length of follow-up, evaluation
techniques, use of theoretical and conceptual models, and discussions of the privacy implications of social media use.

Trial Registration: PROSPERO CRD42020223572; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=223572

(J Med Internet Res 2022;24(4):e31889)   doi:10.2196/31889

KEYWORDS

social media; behavior change; low- and middle-income countries; mobile phone

Introduction

Background
Social media platforms are ubiquitous in modern world. Social
media has become a widely used platform for advertisers, news
media, and government agencies to reach billions of users as a
form of connection and a means of communication with

relatives, friends, businesses, colleagues, media figures, and
acquaintances. For example, Meta (formerly known as
Facebook) is a major conglomerate of social media networks,
and it is estimated that 2.7 billion active users engaged with
their flagship Facebook social media service in mid-2020 [1].
With such a wide reach and worldwide omnipresence, social
media platforms—including Instagram, Twitter, Reddit,
WeChat, and others—have been of increasing interest in the
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implementation of behavior change interventions and public
health campaigns.

In a 2018 systematic review, Elaheebocus et al [2] determined
that among peer-based social media interventions focused on
tobacco smoking, nutrition, physical activity, or alcohol
consumption, those with a sharing-enabled feature were most
likely to elicit positive intervention outcomes. Results from
multiple systematic reviews suggest that among adolescents
and children, social media interventions—in comparison with
in-person interventions—are underused; however, they may be
effective tools for health promotion and behavior change [3-6].

Despite their potential utility, social media platforms have a
checkered history of privacy and data theft. Of note is the
mismatch in the intention versus actualization of privacy
behavior and data sharing on social media platforms [7,8].
Although many people cite the desire to protect their privacy
and limit the amount of information gathered by said platforms,
average social media users do not exercise caution when
granting access to third-party software or websites to use their
data [7]. Given the diminished barrier to data collection as well
as the high financial value and ease of access of said data,
researchers have called for increased protection against
malicious data exploits (eg, theft) and the development of ethical
frameworks that encourage cautious behavior in both data
collection and social media use [9-11].

Behavior change strategies implemented using digital
technology include training, coaching, and text messages, all
of which are potentially more effective with increased frequency,
intensity, and follow-up [12]. Overall, the most effective health
behavior change interventions use a combination of both digital
and face-to-face components, lending credence to the importance
of classical social behavior change modalities, including human
interaction and in-person accountability [5,13-15]. The most
commonly cited research gaps include multiple, noncomparable
measures (eg, engagement and reach) to evaluate digital
media–related behavior change campaigns [5,16,17]. Other
areas highlighted for improvement include clarification of dose,
intensity of intervention delivery, and measurement of long-term
outcomes [17,18].

The preponderance of evidence characterizing effective behavior
change techniques using digital interventions has been collected
by focusing on residents of high-income countries. There are
limited data of a similar nature for low- and middle-income
countries (LMICs). A recent Pew Research study explored
internet and smartphone use in LMICs and found a median of
67% of respondents reported having access to and using the
internet, with 42% reporting access to smartphones in 2017
[19]. In the context of technology-based interventions for HIV
prevention and care delivery, Maloney et al [20] found that,
compared with high-income countries, the distinguishing
characteristic of a successful intervention in LMICs appeared
to be related to how well the intervention was tailored to serve
the unique needs of a given community, village, or region, which
was highly dependent on the culture within that group. Given
the demonstrated need for these interventions to be crafted
specifically for the setting of interest and the growing

availability of technology in LMICs, a focus on behavior change
interventions delivered over social media in LMICs is justified.

Objectives
The goal of this review is to identify and describe the available
literature regarding effective social media–based health behavior
change interventions within LMICs.

Methods

Overview
We conducted a systematic review in concordance with the
2009 PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines to understand what
behavioral interventions have been implemented using social
media in LMICs and to characterize the evidence of their
effectiveness [21]. One of our goals was to gather data on where
and how these interventions are being implemented, including
what subject areas have used social media interventions and for
which outcomes. We also aimed to assess evaluation patterns,
both in terms of the type of evaluations being carried out and
whether social media interventions were deemed effective.
Finally, we intended to collect information on funding sources,
cost-effectiveness, and the use of theoretical and conceptual
models. The review was registered with PROSPERO, where
the review protocol can be viewed (registration number
CRD42020223572).

Search Strategy and Selection Criteria
We searched PubMed, Embase, Elsevier, CINAHL, PsycInfo,
and Global Index Medicus for studies that detailed behavior
change interventions with some component conducted on a
social media platform. Our search terms, which were developed
with the help of both subject matter experts and a librarian with
expertise in conducting systematic reviews, encompassed both
social media and health behavior change concepts and included
terms to describe LMICs, as well as the names of all countries
categorized as LMICs by the World Bank (Multimedia
Appendix 1 provides full search threads). The final search for
publications included in this review was conducted on April 6,
2021.

In recognition of the fact that social media is a relatively new
format, we used search string limitations to exclude studies
published before the year 2000. We also excluded studies for
which we could not find a full-text version in English, including
conference abstracts.

Studies were selected for review if they presented original
evaluation data (formative, process or implementation, outcome
or effectiveness, or impact related) for a behavior change
intervention that was at least partly conducted over a social
media platform and used the social components of the medium
[22]. We included studies that examined changes in both
behavior and health knowledge.

We excluded studies that did not describe a purposeful, planned
intervention; accidental changes in service delivery that resulted
in natural experiments were not of interest. We also excluded
studies that included only 1-way communication, such as
reminder text messages, as opposed to a multidirectional
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exchange of information, ideas, or opinions. For example,
studies that described interventions that involved automated
daily reminders for a certain behavior were excluded, as were
studies that involved promulgating advertisements on a social
media platform without evaluating engagement.

For our purposes, we defined social media relatively broadly
and included search terms that would identify studies that used
specific platforms that connect a network of individuals together
for behavior change purposes, including both those tailor-made
for the purposes of the intervention as well as the more
established social networks that exist for commercial purposes
(ie, Twitter, Facebook, and WhatsApp). However, we excluded
studies that used social media to implement one-to-one
conversations, such as conversations between health care
providers and patients, as these conversations did not use the
networking component of the apps.

In all, 2 independent reviewers used Covidence (Covidence
systematic review software, Veritas Health Innovation) to screen
each title and abstract to identify potentially eligible records
(JS, TEL, or EJ). During screening, disagreements among the
reviewers were settled through team consensus. If the
disagreement could not be settled with information available in
the title and abstract, the study was passed on to a full-text
review. Full-text versions of potentially eligible records were
reviewed and data were independently extracted by 2 reviewers,
with discrepancies resolved through discussion and consensus
(JS, TEL, or EJ).

Data Extraction
We extracted information on each identified program, including
its setting, intended audience, and intended behavior change;
the method of measuring both exposure and outcome; the
strength of the descriptions of the intervention and its social
media components; the social media platform used and its role;
observed outcomes; how they were evaluated; cost information;
and whether their design and implementation were guided by
the use of a theoretical framework or conceptual model. We
also looked for information on how social media’s role in each
intervention was described and evaluated. Data extraction was
conducted by a single reviewer for each study, with 10% of the

manuscripts and extracted data selected randomly for quality
control checking by a second reviewer (JS, TEL, or EJ).

The evaluation-specific information extracted for each study
varied depending on the stage of evaluation assessed in the
publication. For the process or implementation evaluations, we
looked for information on the focus of the interventions and
barriers to and facilitators of implementation. For outcome
evaluations, we looked for the same indicators as we did for
process or implementation evaluations along with data on
changed behaviors. For impact evaluations, we collected all the
indicators already mentioned as well as data on changes in health
outcomes among participants.

For all studies, we searched for information on funding and
cost-effectiveness associated with the program. We also
extracted information on whether and how each intervention
used a theoretical framework in its design and implementation.

Risk of Bias Assessment
For each study, we conducted a qualitative assessment of the
potential for bias based on the available descriptions of methods
for inclusion in the intervention and analysis of the results, when
available. We also noted the potential for bias, as recorded in
the Limitations section.

Results

General Characteristics of Included Studies
A total of 1832 studies were identified based on the search
strategy, of which 108 (5.89%) passed title-abstract review and
were evaluated by full-text review (Figure 1). At full-text
review, 75 studies were excluded: 22 (29%) for using a social
media platform without using the networking capabilities of
these platforms (ie, for using only one-to-one communications),
19 (25%) because no version of the full text of the study could
be found in English, 16 (21%) because no intervention was
described, 12 (16%) because the intervention did not take place
in an LMIC, and 6 (8%) because the intervention did not use a
social media platform at all. Finally, 33 studies were included
in this review [23-55]. The key study characteristics are
summarized in Tables 1 and 2.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram. LMIC: low- and middle-income country.
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Table 1. Characteristics of the included studies.

Length of follow-upSocial media plat-
form used

Desired behavior changeTarget audience of behaviorSettingStudy

1 yearFacebookHIV testingMSMa adults at high risk of
HIV

Lima metro area, PeruGarett et al [23]

1 yearFacebookHIV testingMSM adults at high risk of
HIV

Lima metro area, PeruYoung et al [24]

No information
available

Facebook and
Twitter

Breastfeeding and sup-
porting breastfeeding

People who breastfeed or
might be in a position to
support or promote breast-
feeding

GhanaHarding et al [25]

3 monthsWhatsAppHIV testingMSM aged >16 yearsGuangdong and Shan-
dong provinces, China

Cao et al [26]

2 monthsNot specifiedDiabetes knowledge and
glycemic control

Adolescents and young
adults living with diabetes

CameroonSap et al [27]

No information
available

RedditNipah virus knowledgePeople living in the area of
a Nipah virus outbreak

Kerala, IndiaCole et al [28]

1 yearFacebook, Twitter,
Instagram,

Increased knowledge and
changed behaviors

Adolescents and young
adults

KenyaHutchinson et al [29]

YouTube, and
WhatsApp

around family planning
and income generation

90 daysCreated for the in-
tervention

Tobacco cessationSmokers aged between 26
and 65 years

Buenos Aires, Argenti-
na

Goldenhersch et al
[30]

No information
available

Facebook, Twitter,
and Instagram

Emergency response to
typhoon

General populationThe PhilippinesCool et al [31]

1 monthFacebookBuild awareness and
support for an upcoming
smoking ban

General populationAlexandria, EgyptHamill et al [32]

Length of pregnancyWeChatIncrease number of prena-
tal care visits

Pregnant womenTibetJiebing et al [33]

7 weeksWeChatIncreased physical activi-
ty

Undergraduate studentsShanghai, ChinaMo et al [34]

No information
available

Created for the in-
tervention

Increase STIb testing and
other health-seeking activ-
ities

MSMGuangzhou and Shen-
zhen, China

Wu et al [35]

6 monthsWhatsApp and
Facebook

Physical activity, healthy
diet, and reduced screen
time

Parents and their primary
school-going children (aged
8-11 years) who were over-
weight or obese

Selangor, MalaysiaAhmad et al [36]

6 monthsFacebookBreastfeedingMothers who recently gave
birth

João Pessoa city, BrazilCavalcanti et al [37]

6 weeksWeChatSmoking cessationChinese men aged 25-44
years who smoke tobacco

ChinaChen et al [38]

1 monthFacebookPhysical activityFirst and fifth-year medical
students

Belgrade, SerbiaTodorovic et al [39]

1 monthWeChatSmoking cessationEmployees of labor-inten-
sive manufacturing factories
aged >16 years

Zhongshan City,
Guangdong Province,
China

Chai et al [40]

No information
available

Created for the in-
tervention

Dengue knowledge and
prevention strategies

General populationSri LankaLwin et al [41]

No information
available

FacebookUptake of HPVc vaccineGeneral populationBrazilPereira et al [42]

No information
available

FacebookZika prevention behav-
iors

Youth aged 14-18 years in
communities at high risk for
arboviruses

La Vega, San Francis-
co, and Puerto Plata;
Dominican Republic

Gamboa et al [43]
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Length of follow-upSocial media plat-
form used

Desired behavior changeTarget audience of behaviorSettingStudy

No information
available

Facebook, Insta-
gram, YouTube,
and another app
created for the in-
tervention

Healthy dietUrban, unmarried adolescent
girls aged 16-19 years

IndonesiaJanuraga et al [44]

No information
available

Not specifiedPhysical activity and
healthy diet

Senior-primary school stu-
dents

Nakhon Ratchasima
Province, Thailand

Thammasarn and
Banchonhattakit [45]

No information
available

WeChatWeight lossGeneral populationChinaHe et al [46]

No information
available

WhatsAppCivic engagement in
general public health
work

Community leadersBrazilSouza et al [47]

No information
available

FacebookHIV prevention and test-
ing

MSMPeruChiu et al [48]

No information
available

FacebookHIV prevention and test-
ing

MSMPeruChiu et al [49]

No information
available

FacebookCondom useGeneral populationTurkeyPurdy [50]

6 monthsNot specifiedVaginal healthGeneral populationKermanshah, IranParsapure et al [51]

5 monthsWeChatBreastfeedingBreastfeeding mothers aged
>17 years

Huzhu County, Qinghai
Province, China

Wu et al [52]

No information
available

Facebook, Insta-
gram, and
YouTube

Refusal to smoke tobaccoAdolescent girlsGhanaHutchinson et al [53]

5 monthsFacebookAnemia-related knowl-
edge

Women aged between 18
and 49 years

IndiaDiamond-Smith [54]

No information
available

WeChatPhysical activity and
healthy diet

General populationZhejiang Province,
China

Chang et al [55]

aMSM: men who have sex with men.
bSTI: sexually transmitted infection.
cHPV: human papillomavirus.
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Table 2. Methodologic quality, cost, and funding of included studies.

Sources of bias reportedFunding
source re-
ported

Cost of in-
tervention
reported

Conceptual
model appli-
cation

Theoretical mod-
el application

Social me-
dia de-
scribed as
effective

This role

quantifieda
Social media’s
role in this in-
tervention or
outcome clear-
ly reported

Study

RecallYesNoNoNoYesNoYesGarett et al [23]

Self-reportedYesNoNoNoYesYesYesYoung et al [24]

Nonrepresentative of
general population ow-

YesNoNoNoYesYesYesHarding et al [25]

ing to internet or social
media access

NoneNoNoNoNoYesNoYesCao et al [26]

Nonrepresentative of
general population ow-

NoNoNoNoYesNoYesSap et al [27]

ing to internet or social
media access; self-re-
ported

NoneYesNoNoNoYesYesYesCole et al [28]

Nonrepresentative of
general population ow-

YesNoNoTranstheoretical
model

YesNoNoHutchinson et al
[29]

ing to internet or social
media access

Short follow-up; self-
reported

YesNoNoContemplation
ladder

YesYesYesGoldenhersch et al
[30]

NoneYesNoNoNoYesYesYesCool et al, 2015
[31]

NoneYesYesNoNoYesYesYesHamill et al, 2015
[32]

NoneYesNoNoNoYesNoYesJiebing et al [33]

Self-reportedYesNoNoTheory of
planned behavior

YesNoYesMo et al [34]

Nonrepresentative of
general population ow-

YesNoNoNoNoNoNoWu et al [35]

ing to internet or social
media access

Nonrepresentative of
general population ow-

YesNoYesSocial cognitive
theory

YesYesYesAhmad et al [36]

ing to internet or social
media access; other se-
lection bias

Research team was not
blinded to randomiza-
tion

NoNoNoNoYesYesYesCavalcanti et al
[37]

Participants and re-
searchers were not
blinded

YesNoYesCOM-Bb and Be-
havior Change
Wheel frame-
work

NoNoNoChen et al [38]

No randomizationYesNoNoNoYesNoYesTodorovic et al
[39]

Lost to follow-upYesNoYesNoNoNoNoChai et al [40]

Nonrepresentative of
general population ow-

YesNoYesProtection motiva-
tion theory

NoNoNoLwin et al [41]

ing to internet or social
media access
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Sources of bias reportedFunding
source re-
ported

Cost of in-
tervention
reported

Conceptual
model appli-
cation

Theoretical mod-
el application

Social me-
dia de-
scribed as
effective

This role

quantifieda
Social media’s
role in this in-
tervention or
outcome clear-
ly reported

Study

Nonrepresentative of
general population ow-
ing to internet or social
media access

NoNoNoNoNoYesYesPereira et al [42]

Self-reportedYesNoNoSocial cognitive
theory

YesYesYesGamboa et al [43]

Nonrepresentative of
general population ow-
ing to internet or social
media access

YesNoNoTechnology ac-
ceptance model

NoNoYesJanuraga et al [44]

NoneYesNoNoNoNoNoNoThammasarn and
Banchonhattakit
[45]

NoneYesNoNoNoYesNoYesHe et al [46]

NoneNoNoNoNoNoNoNoSouza et al [47]

Self-reported; lost to
follow-up; nonrepresen-
tative of general popula-
tion owing to internet
or social media access

NoNoNoNoYesNoYesChiu et al [48]

Self-reported; lost to
follow-up; nonrepresen-
tative of general popula-
tion owing to internet
or social media access

NoNoNoNoNoNoYesChiu et al [49]

NoneYesNoNoNoYesYesYesPurdy [50]

NoneYesNoNoNoYesNoNoParsapure et al [51]

Lost to follow-upYesNoNoNoYesNoYesWu et al [52]

Self-reported; interview-
er bias

YesNoYesNoNoYesNoHutchinson et al
[53]

Selection biasYesNoNoNoYesYesYesDiamond-Smith
[54]

NoneNoNoNoNoNoYesYesChang et al [55]

aQuantified through clicks, shares, comments, or other method of engagement.
bCOM-B: Capability Opportunity Motivation Behavior.

Geographic and Methodological Characteristics of
Included Studies
The studies included for review were conducted in
geographically diverse LMICs, with China (8/33, 24%), Peru
(4/33, 12%, all from the same program), and Brazil (3/33, 9%)
being the sites with the most social media–based interventions
(Table 3). Other countries included Argentina, Cameroon, the
Dominican Republic, Egypt, Ghana, India, Indonesia, Iran,
Kenya, Malaysia, Serbia, Sri Lanka, Thailand, the Philippines,
and Turkey (Table 1). Of these, 33% (11/33) are
upper-middle–income countries and 21% (7/33) are
lower-middle–income countries.

Of the 33 studies included in the review, 23 (70%) were limited
to a particular subnational locality, typically either a large city

or a particular region, and 10 (30%) were designed to be national
in scope.

Common study designs included randomized trials (12/23, 52%)
and observational studies (11/23, 48%). Only 13% (3/23) of
studies were qualitative, and none used mixed methods.

Common focus populations included a particular age group of
interest (11/23, 49%), the general population (8/23, 35%), and
men who have sex with men (6/23, 26%). The desired behavior
change component varied widely, but studies most frequently
aimed to change HIV testing and knowledge (5/23, 22%),
increase physical activity and weight loss (5/23, 22%), and
smoking cessation (5/23, 22%).

Studies have frequently combined types of evaluations, with
6% (2/33) of studies including components related to formative
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evaluations, 52% (17/33) with process evaluation components,
76% (25/33) with outcome indicators, and 18% (6/33) with
impact measurements. In all, 9% (3/33) of studies were
described with insufficient detail to clarify the specific type of
evaluation conducted.

Although most studies described the overall interventions
thoroughly enough that they could be understood (24/33, 73%),
few reported social media use with sufficient clarity (19/33,
58%). In 42% (14/33) of studies, the role of social media in

greater intervention was quantified using some measure of
engagement, including clicks, likes, comments, shares, and
retweets. However, the authors concluded that the use of social
media was effective (22/33, 67%). Studies, especially those
with data on outcomes or impacts, frequently paired data on
social media use with a measurement of effectiveness captured
outside of social media use, such as changes in anthropometric
measurements, knowledge of a specific health topic, or smoking
status (22/33, 67%).

Table 3. Characteristics of included studies (N=33).

Studies, n (%)Study characteristics

Country

8 (24)China

4 (12)Peru

3 (9)Brazil

19 (58)Othera

Social media platformb

17 (52)Facebook

8 (24)WeChat

4 (12)Instagram

4 (12)Platform created for intervention

3 (9)YouTube

3 (9)WhatsApp

3 (9)Twitter

1 (3)Reddit

6 (18)Multiple platforms

Methodologic quality

24 (73)The role of social media in this intervention or outcome was clearly reported

14 (42)This role was quantified through clicks, shares, comments, or other method of engagement

22 (67)Social media was described as effective

10 (30)A theoretical or conceptual model was used

aArgentina, Cameroon, the Dominican Republic, Egypt, Ghana, India, Indonesia, Iran, Kenya, Malaysia, Serbia, Sri Lanka, Thailand, the Philippines,
and Turkey.
bCategories are not mutually exclusive.

Facebook was the most common social media platform used in
the studies (17/33, 52%), followed by WeChat (8/33, 24%),
Instagram (4/33, 12%), and WhatsApp (3/33, 9%; Table 3). A
few studies (4/33, 12%) designed their own apps for use on
mobile phones with built-in social media components and 18%
(6/33) of studies spread their efforts across several platforms
(eg, Facebook, Twitter, and Instagram).

Few studies included a description of either a theoretical model
(8/33, 24%) or developed a conceptual model (5/33, 15%) that
guided researchers’ efforts in the design or evaluation stages.
Although clear information on the cost of the interventions was
rare (1/33, 3%), most (24/33, 73%) studies included information
on sources of funding.

Although every study focused on an intervention that, by its
nature, required access to technology and the internet, relatively
few highlighted this as a potential source of selection bias that
might lessen an intervention’s external validity (11/33, 33%).
This suggests that researchers do not perceive technology access
as an obstacle to the effective implementation of such
interventions in LMICs.

The length of observation after the intervention ended for most
of the studies was relatively short, with no studies following up
with their participants for more than a year, and half of the
studies (17/33, 52%) did not report any follow-up data.

Finally, none of the studies included in this systematic review
reported on the methods used to diminish the possibility of
interference or data theft on behalf of the participants from
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internet service providers, software developers, social media
services (where applicable), or other interactive users, despite
the sharing of data with a third-party service being a requisite
of participation eligibility.

Discussion

Principal Findings
In this systematic review of studies on interventions that use
social media to encourage health behavior change in LMICs,
we evaluated 33 studies across a range of interventions, settings,
and techniques. We identified important gaps in the types and
sectors of interventions, length of follow-up, evaluation
techniques, use of theoretical and conceptual models, and
discussions of the privacy implications of social media use. In
addition, we found that although social media interventions
have been conducted in a number of LMICs worldwide, few
have been conducted in the poorest countries and few have been
done in sub-Saharan Africa.

The range of interventions described in the studies included in
this review was limited. We found that the body of literature
on behavior change in LMICs is not able to address the question
of whether social media is generally useful in these settings or
even appropriate for certain types of behavior change work
specifically. These determinations will likely need to be
extremely context-specific, given the variation in social media
access and willingness to use it for this type of work.

A conspicuous limitation of most of the studies included in this
review was the lack of data on long-term outcomes and impact.
Behavior change can take time, and the potential for regression
to earlier states is well known. Future research should include
a longitudinal follow-up to assess the long-term effects of social
media behavioral interventions. In addition, there was a lack of
evidence on the effectiveness of theories of change in social
media interventions, and future research should focus on testing
processes of change.

Given the relative novelty of behavior change interventions
conducted via social media, the lack of formative research
evaluating the feasibility, appropriateness, and acceptability of
specific types of projects is troubling. The earliest study to use
formative research was published in 2015, many years after
social media became widespread. Formative research helps
ensure that a specific intervention is likely to be needed,
understood, and accepted by the population of interest. Without
this critical step, it is possible to miss important modifications
that would have helped shape extant interventions into
successful social media–based projects [56]. There are examples
of such formative studies in high-income countries, but we
found no such formative research in this review. A more
rigorous application of the principles of program evaluation
will help develop targeted, effective social media–based
interventions.

One of the strengths of social media interventions is the
availability of objective dosage and exposure data from
analytics. However, our review found that some studies reported

that their social media efforts were effective without clearly
reporting quantitative data (eg, clicks, shares, and views) on
social media use. Future research should examine the
characteristics of engagement exposure to evaluate
dose–response effects, that is, to determine whether more
exposure or exposure of a specific type is associated with
successful behavior change. It is important to objectively
attribute intervention effects to observed behavior changes and
build an evidence base in the field.

Our review identified important gaps in the application of
theoretical and conceptual models to explain why a particular
intervention was needed, how it might have been expected to
work, and how it could have been evaluated. The relatively low
number of studies embracing this method is concerning,
especially given the novelty of social media–based interventions.
The use of evidence-based behavioral theory and a
program-specific model are hallmarks of well-designed
interventions, and these methods need to be explicitly included
to support evaluations of future social media interventions in
LMICs [57].

Finally, this review raises the question of the ethical implications
of using a third-party social media service as a medium for
conducting public health experiments. Of notable concern are
the various ways in which a study participant’s privacy could
be violated. When a user interacts with a wide-reaching social
media platform (eg, Facebook or Twitter), there are multiple
stakeholders who may have a vested interest in harvesting any
data or communication provided by the participant: internet
service providers, social media platforms, other interactive users,
or even a governmental entity with a backdoor encryption
policy. Ensuring participant security and protection of privacy
are among the most critical components of ethical research;
explicit explanation of these risks to personal data loss is
necessary to incorporate in every public health social media
study.

Limitations
Although this study was conducted following the PRISMA
guidelines, there are some important limitations to this
systematic review. We did not conduct any quantitative review
of the studies or meta-analysis; therefore, we were unable to
provide a quantitative assessment of the effectiveness of the
interventions of interest. We also limited our search by not
availing ourselves of unpublished literature or literature
published in a language other than English, where it is possible
that we would have found additional intervention descriptions.

Conclusions
In conclusion, as social media becomes a more powerful and
omnipresent factor in people’s lives, its potential as a platform
for public health work has grown rapidly. This systematic review
of social media–based behavior change interventions conducted
in LMICs highlights the need for diversity and methodological
rigor at every step in the planning, implementation, and
evaluation stages of programming.
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Abstract

Background: Suboptimal adherence to data collection procedures or a study intervention is often the cause of a failed clinical
trial. Data from connected sensors, including wearables, referred to here as biometric monitoring technologies (BioMeTs), are
capable of capturing adherence to both digital therapeutics and digital data collection procedures, thereby providing the opportunity
to identify the determinants of adherence and thereafter, methods to maximize adherence.

Objective: We aim to describe the methods and definitions by which adherence has been captured and reported using BioMeTs
in recent years. Identifying key gaps allowed us to make recommendations regarding minimum reporting requirements and
consistency of definitions for BioMeT-based adherence data.
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Methods: We conducted a systematic review of studies published between 2014 and 2019, which deployed a BioMeT outside
the clinical or laboratory setting for which a quantitative, nonsurrogate, sensor-based measurement of adherence was reported.
After systematically screening the manuscripts for eligibility, we extracted details regarding study design, participants, the BioMeT
or BioMeTs used, and the definition and units of adherence. The primary definitions of adherence were categorized as a continuous
variable based on duration (highest resolution), a continuous variable based on the number of measurements completed, or a
categorical variable (lowest resolution).

Results: Our PubMed search terms identified 940 manuscripts; 100 (10.6%) met our eligibility criteria and contained descriptions
of 110 BioMeTs. During literature screening, we found that 30% (53/177) of the studies that used a BioMeT outside of the clinical
or laboratory setting failed to report a sensor-based, nonsurrogate, quantitative measurement of adherence. We identified 37
unique definitions of adherence reported for the 110 BioMeTs and observed that uniformity of adherence definitions was associated
with the resolution of the data reported. When adherence was reported as a continuous time-based variable, the same definition
of adherence was adopted for 92% (46/50) of the tools. However, when adherence data were simplified to a categorical variable,
we observed 25 unique definitions of adherence reported for 37 tools.

Conclusions: We recommend that quantitative, nonsurrogate, sensor-based adherence data be reported for all BioMeTs when
feasible; a clear description of the sensor or sensors used to capture adherence data, the algorithm or algorithms that convert
sample-level measurements to a metric of adherence, and the analytic validation data demonstrating that BioMeT-generated
adherence is an accurate and reliable measurement of actual use be provided when available; and primary adherence data be
reported as a continuous variable followed by categorical definitions if needed, and that the categories adopted are supported by
clinical validation data and/or consistent with previous reports.

(J Med Internet Res 2022;24(4):e33537)   doi:10.2196/33537
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Introduction

Background
Suboptimal adherence to clinical study procedures and/or a
study intervention is often the root cause of a failed clinical
trial, as it contributes to missing data; dilutes the effect of the
intervention, thereby reducing statistical power; and may
contribute to selection bias [1-3]. Compounding this issue is
the fact that adherence is challenging to measure and account
for during the analysis [4]. For example, self-reported
medication adherence is straightforward to capture but is
generally not a reliable measure of actual use; pill counts and
pharmacy refill rates are imperfect surrogate measurements,
and physical tests such as blood or urine biomarkers are
expensive and difficult to administer throughout a trial [5-7].
Connected sensor technologies, such as mobile health and
wearables, represent a potential solution for measuring
adherence to a therapeutic intervention accurately, given that
they are capable of collecting continuous, sensor-based data in
real-world settings. Such technology has been increasingly used
to capture trial end points [8,9]; therefore, in addition to
monitoring adherence to an intervention, there exists an
opportunity to monitor adherence to data collection procedures.

When conducting a clinical trial, the goal is to maximize
adherence to both study procedures and interventions. However,
efforts focused on increasing adherence cannot be developed
until the determinants of adherence are understood. In turn, the
reasons for suboptimal adherence cannot be identified unless
adherence is adequately measured and reported in studies that
use biometric monitoring technologies (BioMeTs), defined
previously as connected digital tools that process data captured
by mobile sensors using algorithms to generate measures of
behavioral or physiological function [10]. A growing body of

literature has offered standards and guidance to improve digital
medicine study design and reporting quality [8-15]; however,
best practices regarding measurement and reporting of BioMeT
adherence—the extent to which the tool itself or an associated
intervention is used as designed—are not as clearly
conceptualized [4,16].

Objectives
A research working group from the Digital Medicine Society
was formed to conduct a systematic literature review of
published studies reporting adherence captured by BioMeTs to
(1) identify studies that have used these tools to capture
adherence to data collection procedures and/or study
interventions, (2) describe the various methods used to measure
adherence, and (3) compare the definitions of adherence reported
in the literature. We view this description of the current state
of the art as a critical first step toward identifying the
determinants of adherence, in order to develop adjunct
interventions to maximize adherence, ultimately contributing
to improving the efficiency of clinical trials using novel
technology.

Methods

Literature Search
The PubMed search terms were designed in five layers as
follows: (1) used a BioMeT (layer A), (2) reported adherence
or compliance (layer B), (3) were clinical studies (layer C), (4)
reported original data (layer D), and (5) were published between
January 1, 2014, and November 19, 2019 (layer E). Layers B,
C, D, and E were based on indexing data available in PubMed,
such as Medical Subject Headings terms and publication types.
Layer A was designed to identify studies using a BioMeT and
comprised 3 Medical Subject Headings terms as well as 34
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keywords including tracker, implantable, watch, mobile, and
sensor (see Multimedia Appendix 1 for complete search terms).
When developing Layer A, our goal was to be sensitive rather
than specific, as we anticipated variability in how BioMeTs are
described in the literature.

We have adopted the term adherence rather than compliance
or concordance throughout this manuscript, although we
recognize that these terms cover a range of inconsistent
definitions including patient-driven decisions and behaviors,
passively conforming to medical advice, and the extent to which
a research participant follows a study protocol [17]. Specifically,
we included BioMeTs that measured the use of the tool itself,

such as a wrist-worn device containing a skin capacitance sensor
to monitor the duration of use, in addition to BioMeTs that
measured the use of a diagnostic or therapeutic tool, such as a
temperature sensor to measure the use of a dental appliance.

Systematic Review
We developed a Population, Intervention, Comparison,
Outcomes, and Study design (PICOS) framework [18] to
formulate the eligibility criteria for prospective studies of human
participants (Textbox 1). Each study deployed at least one
BioMeT outside the clinical setting or a testing facility, for
which a quantitative, nonsurrogate, and sensor-based
measurement of adherence was reported.

Textbox 1. Eligibility criteria adopted for literature screening in Population, Intervention, Comparison, Outcomes, and Study design order.

Eligibility criteria

Population

• Identify human studies

• Identify studies capturing in vivo data

Intervention

• Identify studies that used at least one biometric monitoring technology (BioMeT):

• The tool must be used for purposes of measurement, diagnosis, and/or treatment of a behavioral or physiological function related to a disease
state or physiological condition.

• The tool must be mobile, meaning that it is capable of collecting data in real-world settings without oversight from trained personnel or
staff.

• The tool must be connected, meaning that there is a method to move data from the tool to the clinical or laboratory for analysis.

• The tool must capture data via sensors of a physical property.

• Identify studies that captured BioMeT data outside of the clinical or laboratory setting.

Comparison

• Not applicable

Outcomes

• Identify studies that reported adherence:

• The tool must measure adherence directly, rather than surrogate data associated with adherence.

• The adherence data must be quantitative.

• The adherence data must be sensor-based rather than based on self-report, observation, and/or based on manual adjustment or scoring.

Study design

• Identify studies reporting primary analyses of prospective data collection

Within the aforementioned definition of a BioMeT [10], the
term connected was interpreted to include any wired or wireless
transfer of data; thus, products that used a physical connection
for data transfer were included, but devices that only displayed
data on a user interface were excluded. Similarly, we interpreted
the term mobile broadly and included wearables, proximal
sensors, ingestibles, implantables, and tools that require a brief
interaction such as a smartphone. When considering sensors,
we included only those that measured physical properties such
as temperature, pressure, sound, or acceleration. Therefore, we
excluded tools that contained a chronometer that relied on being

turned on or off or analyses based on self-report or other
subjective assessments.

We stipulated that the measurement of adherence must be
quantitative, nonsurrogate, and sensor-based. We defined
nonsurrogate as an unequivocal reflection of product use. For
example, technologies such as smart pill bottles, in which a
sensor records the time at which the lid is removed, were
considered a surrogate measure of adherence because they do
not measure the ingestion of the pills. In contrast, smart pills
that combine a pharmaceutical agent with a digital
radio-frequency emitter activated by chloride ions in the
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digestive system were considered as nonsurrogate adherence
measurements, and therefore in scope. Finally, BioMeTs were
excluded if the adherence data were based on self-report or
observation or if any component of the adherence data required
manual adjustment or scoring.

In total, 5 independent investigators (JPB, AC, DM, WM, and
IMO) applied the PICOS criteria to a subset of 42 manuscripts
for training purposes. The screening results were compared,
discrepancies were discussed as a group, and the PICOS criteria
were refined and clarified to optimize standardization during
the remaining literature screening process. The remaining 898
manuscripts were then divided across 5 trained investigators
for screening (LB, AC, WM, IMO, and BV), whereas a sixth
investigator (JPB) independently screened a subset of 20%
(180/898) of the manuscripts for quality assessment, as described
below.

Data Extraction and Analysis
Data extraction fields included the study aim, study design
(observational or interventional), therapeutic area, country of
data collection, participant demographics (age, sex or gender,
and race or ethnicity), information related to the BioMeT
(concept of interest as described previously [19], technology
type, sensor or sensors, device make and model, software name
and version), and adherence data (end point definition and units).
End point definitions were identified as the primary metric by
which the sample-level data were analyzed to describe BioMeT
adherence; for example, the duration of use, the percentage of
tasks completed, or the percentage of study participants
achieving a specified use goal. Therapeutic areas were
categorized according to the Clinical Data Interchange Standards
Consortium list [20], with additional categories for healthy and
overweight or obesity. The sample size extracted from each

manuscript was either the number of participants contributing
to the adherence data or, if not reported, the total sample size
for the study.

We categorized the primary definition of adherence for each
BioMeT according to decreasing levels of data resolution as
follows: (1) duration of use, either as a unit of time or percentage
(continuous variable); (2) the number of measurements
completed or number of days containing a measurement
(continuous variable); or (3) the percentage of study participants
who achieved a use goal (binary variable). Each BioMeT was
categorized as passive (tools designed for continuous use) or
active (tools that require user engagement at defined time
points). Active BioMeTs were further categorized as
session-based tools, such as connected exercise equipment, or
task-based tools, such as a smart scale. This distinction was
made because duration-based adherence data cannot be extracted
from tools that measure one-off tasks; therefore, the
highest-resolution adherence data available from these tools are
the number of tasks or measurements completed.

All data were presented with descriptive statistics.

Results

Literature Screening Results
The PubMed search identified 940 manuscripts, of which 100
(10.6%) were deemed eligible for inclusion in the systematic
review after meeting the PICOS criteria (Figure 1; see
Multimedia Appendix 2 for all 100 papers listed). Data were
extracted from these 100 manuscripts as described earlier.

After removing the date constraints from the PubMed search
terms, we repeated the search by year to assess the number of
publications captured from 1975 to 2020 (Figure 2).
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Figure 1. Literature screening results per PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. Note that all
papers were assessed for eligibility based on information contained in the abstract or full text. Papers were not screened based on the title only, as it
was anticipated that many studies would include biometric monitoring technology (BioMeT) data as an exploratory end point and therefore, they would
be not captured in the title.
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Figure 2. Number of publications captured by our literature search terms over time. The solid bars indicate the publications screened for inclusion in
our systematic review.

Literature Screening Quality Assessment
The large number of manuscripts identified during the PubMed
search (N=940) precluded the ability of more than one
independent investigator to review each against our PICOS
criteria. As described earlier, of the 898 manuscripts remaining
after assessment of the subset of 42 manuscripts identified for
training, we randomly identified 180 (20%) manuscripts to be
rescreened by an independent investigator (JPB) for quality
assessment. During this process, of the 180 manuscripts, there
were 13 (7%) instances in which there was disagreement
regarding the classification of the manuscripts. Most of these
disagreements resulted from ambiguity of reporting with respect
to whether the tool in question met the definition of a BioMeT
(8/13, 62% of the manuscripts), whether the device measured
adherence via a sensor (1/13, 8% of the manuscripts), or the
setting of data collection (1/13, 8% of the manuscripts). Finally,
23% (3/13) of the disagreements were errors in which the
manuscript was inadvertently marked as not including human
participants or based on in vitro analyses. An additional 8
(1.11%) manuscripts that were not part of the audit subset were
marked by the reviewer as ambiguous; all of these were
cross-checked by another investigator to determine eligibility.

Descriptive Data
Table 1 summarizes the study design, sample size, and
participant demographics of the 100 eligible studies. The sample
size ranged from 10 to 128,037 participants, with an overall
median of 60 participants (IQR 35-137). Most studies (92/100,
92%) used a single BioMeT; however, a second and third
BioMeT was used in 6 (6%) and 2 (2%) manuscripts,
respectively. Thus, 100 studies contributed data on 110
BioMeTs.

The manufacturer and/or model were reported for 90.0%
(99/110) of the BioMeTs; however, only 30.9% (34/110)
reported the software name and/or version. BioMeTs were
categorized according to their concept of interest, with exercise
or sleep (47/110, 42.7%) and sleep-disordered breathing (25/110,
22.7%) being the most common. These 2 categories also
contained the highest number of BioMeT tool types; for
example, exercise or sleep was captured by wearables, chest
straps, smart clothing or footwear, and smartphones, whereas
the sleep-disordered breathing category included positive airway
pressure devices, chest straps for the treatment of positional
obstructive sleep apnea, oral appliances, and implantable nerve
stimulator devices. Notably, proximal sensors were considered
in the scope, but none were captured in our systematic review.
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Table 1. Study details, demographic data, and biometric monitoring technologies (BioMeTs) by therapeutic area.

Therapeutic area of focus

Othera

(n=9)

Pain treat-
ments (n=5)

Respiratory
(n=29)

Over-
weight or
obesity
(n=6)

Neural
(n=10)

Endocrine
(n=13)

Cardiovas-
cular
(n=17)

Healthy
(n=11)

All
(N=100)

Study design, n (%)

4 (44)1 (20)9 (31)1 (17)3 (30)4 (31)1 (6)3 (27)26 (26)Observational studies

5 (56)4 (80)20 (69)5 (83)7 (70)9 (69)16 (94)8 (73)74 (74)Interventional studies

56; 20-
281

35; 10-6870; 10-
128,037

86; 11-17422; 10-78046; 10-23484; 40-
1732

179; 42-
1381

60; 10-
128,037

Sample size (participants),
median; range

Participant characteristics, n (%)

Sex or gender

2 (22)0 (0)0 (0)3 (50)0 (0)0 (0)1 (6)3 (27)9 (9)Females or women

onlyb

7 (78)5 (100)26 (90)3 (50)8 (80)12 (92)16 (94)7 (64)84 (84)Both sexes or gen-
ders

0 (0)0 (0)3 (10)0 (0)2 (20)1 (8)0 (0)1 (9)7 (7)Not reported

Age (years), n (%)

3 (33)1 (20)5 (17)0 (0)2 (20)5 (38)4 (24)4 (36)24 (24)≥60

6 (67)3 (60)22 (76)c3 (50)5 (50)4 (31)9 (53)5 (45)57 (57)>21 to <60

0 (0)1 (20)2 (7)3 (50)3 (30)4 (31)c4 (24)2 (18)19 (19)≤21

Race or ethnicity, n (%)

4 (44)2 (40)3 (10)4 (67)2 (20)6(46)11 (65)7 (64)39 (39)Reported

5 (56)3 (60)26 (90)2 (33)8 (80)7 (54)6 (35)4 (36)61 (61)Not reported

BioMeT tool type, n, (%)

5 (50)5 (83)2 (7)5 (83)6 (60)4 (27)9 (41)10 (91)46 (42)Wearable

——18 (60)—————d18 (16)Positive airway pressure
device

1 (10)———1 (10)3 (20)3 (14)—8 (7)Smart clothing

—————1 (7)5 (23)—6 (5)Blood pressure monitor

——3 (10)———2 (9)—5 (5)Chest strap

1 (10)——1 (17)2 (20)—1 (5)—5 (5)Smartphone

3 (30)—2; 7%—————5 (5)Oral appliance

—————3 (20)——3 (3)Glucometer; continuous

—————3 (20)——3 (3)Glucometer; noncontinu-
ous

—1 (17)————1 (5)—2 (2)Ingestible

——2 (7)—————2 (2)Implantable

—————1 (7)1 (5)—2 (2)Smart scale

———————1 (9)1 (1)Adhesive patch

——1 (3)—————1 (1)Exercise equipment

——1 (3)—————1 (1)Muscle trainer

————1 (10)———1 (1)Hearing aid

——1 (3)—————1 (1)Home oxygen

10630610152211110Total
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aOther category included oncology, gastrointestinal, bone structure, anatomy, or orthodontics, pregnancy, and vocal cord dysfunction.
bNo studies included only males or men.
cEach of these categories contained 1 study that reported age only qualitatively or by providing a range; all other studies reported an average age.
dNo studies falling into that category.

Adherence Data
Overall, we identified 37 unique definitions for the 110
BioMeTs. The most commonly reported definition (duration of
use) was reported for 41.8% (46/110) of the tools; however, the
next most common definitions (number or percentage of tasks
completed and number or percentage of days with data) were
reported for only 8.2% (9/110) and 6.4% (7/110) of the
BioMeTs, respectively.

As shown in Table 2, each BioMeT was categorized as passive
(69/110, 62.7%), session-based (24/110, 21.8%), or task-based
(17/110, 15.5%). The duration of use was reported for 46%
(32/69) of the passive BioMeTs and 75% (18/24) of the
session-based BioMeTs. Of the task-based BioMeTs for which
the duration of use could not be meaningfully reported, the
highest resolution of adherence data (the number of
measurements or days) was reported for 41% (7/17) of the
BioMeTs. The lowest resolution of adherence data (achievement
of a goal as a binary or categorical variable) was reported for
33.6% (37/110) of all BioMeTs.

Table 2. Adherence data resolution and definition captured by passive and active biometric monitoring technologies (BioMeTs).

Lowest resolution adherence dataHighest resolution adherence dataParameters

Achievement of a goal (based on a bi-
nary variable)

Number of measurements or days used
(based on a continuous variable)

Duration of use (based on a continuous
variable)

Number of unique
adherence defini-
tions

Number of
BioMeTs, n (%)

Number of unique
adherence defini-
tions

Number of
BioMeTs, n (%)

Number of unique
adherence defini-
tions

Number of
BioMeTs, n (%)

Monitoring type

1921 (57)716 (70)432 (64)Passive

26 (16)00 (0)118 (36)Active; session-based

510 (27)47 (30)N/AN/AaActive; task-based

25b37 (100)8b23 (100)4b50 (100)All BioMeTs

2432 (86)823 (100)430 (60)All BioMeTs apart from
sleep-disordered breathing

aN/A: not applicable.
bThese data are not simply the sum of the rows above, as there were instances where the same adherence definition was adopted for different tool types.

As shown in Figure 3, the number of unique definitions of
adherence increased as the resolution of the reported data
decreased. For example, adherence was reported as the duration
of use (highest resolution) for 50 BioMeTs, 46 (92%) of which
reported an actual unit of time, along with 3 other unique
definitions of adherence, such as the duration of use in which
a heart rate goal was achieved. In contrast, among the 37

BioMeTs for which adherence was reported as a categorical
variable (lowest resolution), 25 unique definitions of adherence
were identified. Sleep-disordered breathing was the BioMeT
category with the most consistent definitions of adherence (2
definitions reported for 25 BioMeTs); however, the pattern of
decreasing uniformity score alongside decreasing data resolution
persisted after removal of these BioMeTs (Table 2).
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Figure 3. Uniformity of adherence definitions according to whether the biometric monitoring technology (BioMeT) was a passive, session-based, or
task-based tool. Passive BioMeTs are those designed for continuous use. Active BioMeTs are those that require user engagement at defined time points,
further categorized as session-based (for which duration of use is meaningful) versus task-based (for which the duration of use is not meaningful). The
colored bands represent unique definitions of adherence within each bar. The colors are comparable across the bars within each category of adherence
definition (duration of use, number of measurements, and categorical variables).

Discussion

Principal Findings
The purpose of this review was to describe the various
approaches taken to evaluate adherence to study procedures
and/or interventions using BioMeTs in recent clinical studies
and discuss best practices that can improve the reliability and
comparability of adherence measurements to support further
BioMeT evaluation and decision-making in both research and
clinical care settings. Notably, we found that 29.9% (53/177)
of the studies that used a BioMeT outside the clinical or
laboratory setting failed to report a sensor-based, nonsurrogate,
quantitative measurement of adherence, thus impeding a
complete understanding of the study data. Among the 100
studies that reported sensor-based adherence data, we found
substantial variability in terms of the definitions of adherence
adopted, and that the degree of variability was associated with
the resolution of the data reported. For example, when adherence
was reported as a continuous time variable, the same definition
of adherence was adopted for 92% (46/50) of the tools.
However, when the adherence data were simplified to a
categorical variable, we observed 25 unique definitions of
adherence reported for 37 tools, and the most common definition
was adopted for only 19% (7/37) of the BioMeTs. Examples of
adherence definitions that were reported only once each within
our data set include the percentage of participants with use
<85% of the total time (passive BioMeT), the percentage of
participants with use of ≥4 hours on ≥70 days (active,
session-based BioMeT), and the percentage of participants
completing readings on 100% of days (active, task-based
BioMeT). All 3 of these adherence definitions were relevant
and useful for the study in question; however, by adopting a
specific threshold and reporting adherence as the percentage of
the sample that achieved the goal, the adherence data were not
readily interpretable against other studies. If adherence data
were provided as higher-resolution variables, such as duration
of use or number of readings, readers would be better positioned

to make comparisons. Considering that adherence to any given
procedure or intervention is a critical driver of desired behavior
change and improved health outcomes in research and real-world
settings [21], greater consistency in defining adherence may
help more clearly associate BioMeT adherence to study
outcomes and may offer a critical lens in the design and
implementation of customized BioMeTs that are fit-for-purpose
within their context of use.

In addition to consistent reporting of adherence, it is critical to
understand exactly what digital medicine tools are used in a
given study, consistent with the 2021 EVIDENCE (Evaluating
Connected Sensor Technologies) Publication Checklist [11]. A
complete description of the tool used ensures reproducibility,
allows for meaningful comparisons across studies, and opens
up the possibility of merging data across cohorts. Although the
manufacturer or model (or both) were reported for 90.0%
(99/110) of the tools captured in our review, this still leaves
10.0% (11/110) for which the tools were described in generic
terms. Moreover, we found that the software name or version
(or both) used for data processing was reported for only 30.9%
(34/110) of the BioMeTs, indicating that the data cannot be
reproduced even if the hardware details are known. We also
noted key gaps in the descriptive data; most notably, only 41%
(41/100) reported the ethnicity or race of participants, which is
a persistent problem in clinical research [22,23]. Even among
the 46 studies performed in the United States, for which there
are clear guidelines for collecting and reporting race and
ethnicity [24], 30% (14/46) of the studies did not provide these
data. Age, sex or gender, and race or ethnicity are essential for
understanding the representativeness of study samples and
generalizability of findings and reflect only a subset of a broader
set of characteristics such as socioeconomic information that
must be captured and reported to understand how BioMeT
adherence relates to issues of access, uptake, equity, and equality
[25,26].
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Differences across studies using BioMeTs are inevitable;
however, ideally, there should be standardization and
harmonization of collecting and reporting adherence to allow
for the evaluation, interpretation, and statistical comparison of
outcomes. Thus, although this study was not designed to develop
standards, the aforementioned gaps and shortcomings have led
us to recommend minimum reporting requirements and that
consistent definitions or units for adherence should be adopted.
Specifically, we recommend that (1) quantitative, nonsurrogate,
sensor-based adherence data be reported for all BioMeTs when
feasible; (2) a clear description of the sensor or sensors used to
capture adherence data, the algorithm or algorithms that convert
sample-level measurements to a metric of adherence, and the
analytic validation data demonstrating that BioMeT-generated
adherence is an accurate and reliable measurement of actual use
be provided when available; and (3) primary adherence data be
reported as a continuous variable followed by categorical
definitions if needed, and that the categories adopted are
supported by clinical validation data or consistent with previous
reports (or both). These recommendations are in addition to the
minimum requirements recommended elsewhere, such as
providing a description of verification, validation, and usability
data explaining the fit-for-purpose characteristics of the BioMeT

technology used within a specific context as well as detailed
demographic and descriptive data for the study sample
[10,11,15]. More detailed descriptions of our recommendations
for reporting BioMeT adherence are provided in Table 3, which
includes a case study that we identified as an exemplar that
followed all included recommendations [27].

On a positive note, it is clear that BioMeTs have been
increasingly deployed in clinical research studies. Repeating
our PubMed search over successive years revealed that the
number of publications captured in our search terms increased
steadily between 1975 and 2005 and became increasingly
prevalent until 2015. The reduced number of papers captured
in 2020 may reflect a delay in PubMed indexing and possibly
a reduced submission and/or acceptance rate during the initial
stages of the COVID-19 pandemic. It is encouraging to observe
adherence data reported from a wide range of monitoring,
diagnostic, and therapeutic tools from studies conducted in 22
different countries. Furthermore, although accelerometry-based
tools for estimating sleep and activity have been in use for
several decades [28], our literature search captured adherence
data for more recently developed tools, such as automated
speech assessments [29] and upper-limb training systems for
motor disorders [30].
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Table 3. Recommendations for capturing and reporting adherence measured by biometric monitoring technologies (BioMeTs).

Case study [27]Identified gaps and recommendations

Gap 1: Quantitative, nonsurrogate, sensor-based adherence data were not reported in 29.9% of screened manuscripts that captured BioMeT
data outside the clinical or laboratory setting.

This study aimed to evaluate adherence to a physical activity among
students recruited from 20 schools. Quantitative adherence data were
derived from wrist-worn accelerometers, considered a direct reflection
of wear-time.

Recommendation 1: Investigators are encouraged to develop and/or use
BioMeT sensors to capture sensor-based adherence data in addition to
their primary purpose.

N/AaRecommendation 2: Where feasible, we encourage investigators to collect
and report adherence data that are a direct reflection of actual use, rather
than a surrogate.

Gap 2: BioMeT manufacturer or model and software information was missing for 10% and 68% of included tools, respectively.

BioMeT model: GENEActiv wrist-worn device (ActivInsights Ltd).
Sensor description: 3-axis accelerometer. Software: GENEActiv PC
software (version 2.9), with subsequent signal processing performed
in R-package (GGIR; version 1.2-2).

Recommendation 3: In addition to reporting the BioMeT manufacturer
or model and software used for generating adherence data (where appli-
cable), we recommend that investigators provide a clear description of
the sensor or sensors capturing adherence data.

The paper included the data sampling frequency (100 Hz); a description
of the signal processing steps including calibration; the epoch length
(5 seconds) over which the sample-level data were averaged; and the
units (milligravitational units; m g). A description of the nonwear de-
tection algorithm was summarized as, “Non-wear is estimated on the
basis of the SD and value range of each axis, calculated for 60-min
windows with 15-min sliding window. The window is classified as
non-wear if, for at least two of the three axes, the SD is less than 13
mg or the value range is less than 50 mg.”

Recommendation 4: We recommend that investigators describe the algo-
rithm or algorithms that convert sample-level measurements into a
measurement of adherence. If a description is not available from the
manufacturer, this should be stated.

A reference to previous verification and analytic validation work was
included.

Recommendation 5: We recommend that investigators describe the ana-
lytic validation data supporting the adherence algorithm; that is, the data
indicating that adherence per the BioMeT is an accurate estimate of ac-
tual use. If analytic validation data is not available, this should be stated.

Gap 3: Heterogeneity of adherence definitions increased alongside decreasing resolution of adherence data reported.

The BioMeT was categorized as passive, as the wrist-worn accelerom-
eter was designed to capture data continuously over 3 separate periods
of 7 days. Adherence was reported as the total hours of wear-time, and
hours per day of wear-time.

Recommendation 6: We recommend that investigators using BioMeTs
that are either passive (designed to capture data passively over long pe-
riods) or session-based (designed for user engagement at certain time
points, for which the duration of use is meaningful) report primary adher-
ence as a continuous variable of time; that is, total minutes or hours or
days, or average hours per day, days per week, and so on. Example of a
passive BioMeT: smart clothing. Example of a session-based BioMeT:
connected exercise equipment.

N/A, as the BioMeT was categorized as passive rather than task based.Recommendation 7: We recommend that investigators using BioMeTs
that are task based (designed for user engagement at certain time points,
for which the duration of use is not meaningful) report primary adherence
as a continuous variable; that is, the number of tasks or days completed.
Example of a task-based BioMeT: connected scale.

Categorical adherence data included the number of participants with
≥16 hours of wear-time per day.

Recommendation 8: We recommend that categorical adherence data are
reported only in addition to continuous adherence data; for example, the
percentage of participants with use >x hours per day or percentage of
participants completing >y tasks.

The investigators include a reference to previous work that adopted the
threshold of ≥16 hours of wear-time per day and describe another study
that compared thresholds of 8 hours, 16 hours, and 24 hours of wear-
time.

Recommendation 9: We recommend that categorical definitions of ad-
herence be based on clinical validation data indicating the level of adher-
ence associated with a clinically meaningful change in the outcome of
interest, when available. If clinical validation data are not available, this
should be stated.

aN/A: not applicable.

Strengths and Limitations
To our knowledge, this is the first systematic review to focus
specifically on BioMeT adherence. Further strengths of our
study include the large number of manuscripts screened for
potential inclusion, and the quality control processes that we

implemented, which resulted in few disagreements among the
reviewers. The sensitive, rather than specific, search terms we
adopted increased our confidence that we were able to capture
the relevant set of literature, given our initial concern that many
BioMeTs were used for exploratory analyses and therefore not
referred to in study titles, abstracts, or keywords. The quality
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control process was particularly important, given that 76.4%
(718/940) of the manuscripts were screened by a single
investigator. Alongside these strengths, this review has several
limitations that should be noted. Owing to the inconsistencies
in the study outcome measures and variability in the definition
of adherence adopted across studies, we did not undertake a
methodological assessment and could not determine statistical
inference. We also did not extract every element of the study
design, such as the duration of the study itself or the length of
time the BioMeTs were used per protocol. We included only
peer reviewed publications indexed in PubMed; therefore, our
findings may not be representative of all studies capturing
BioMeT data in related fields, such as engineering. Finally, due
to the vast number of manuscripts captured in our PubMed
search terms, we limited the time frame to a 5-year period, and
we limited our review to studies reporting nonsurrogate
measurements of adherence, thereby excluding technology such
as smart pill bottles which may offer valuable adherence data
where a nonsurrogate measurement is not feasible.

Conclusions
This review provides a description of the numerous methods
that have been used in recent years to measure BioMeT
adherence, allowing us to identify gaps and make specific
reporting recommendations. Several important questions remain,
which we hope will be addressed in future studies. For example,
it will be interesting to compare our findings to a similar review

covering the subsequent 5-year period (2020-2025), as the abrupt
acceleration of digital monitoring and interventions including
telemedicine during the current COVID-19 era [31,32] will
likely, in hindsight, be considered a paradigm shift in both
research and health care delivery. We hope that with increased
consistency and reporting of data elements, it will become
possible to meta-analyze adherence data to identify the possible
determinants of BioMeT use patterns. Only when adherence
data are adequately reported will the field of digital medicine
be able to advance our understanding of the reasons underlying
acceptance and adherence, which will ultimately allow
investigators to optimize the design of tools, studies,
implementation methods, and user engagement strategies to
realize the full potential of BioMeTs as digital monitoring,
diagnostic, and therapeutic tools. To support these actions, we
recommend that (1) quantitative, nonsurrogate, sensor-based
adherence data be reported for all BioMeTs when feasible; (2)
a clear description of the sensor or sensors used to capture
adherence data, the algorithm or algorithms that convert
sample-level measurements to a metric of adherence, and the
analytic validation data demonstrating that BioMeT-generated
adherence is an accurate and reliable measurement of actual use
be provided when available; and (3) primary adherence data be
reported as a continuous variable followed by categorical
definitions if needed, and that the categories adopted are
supported by clinical validation data and/or consistent with
previous reports.
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Abstract

Background: The applications of artificial intelligence (AI) processes have grown significantly in all medical disciplines during
the last decades. Two main types of AI have been applied in medicine: symbolic AI (eg, knowledge base and ontologies) and
nonsymbolic AI (eg, machine learning and artificial neural networks). Consequently, AI has also been applied across most
obstetrics and gynecology (OB/GYN) domains, including general obstetrics, gynecology surgery, fetal ultrasound, and assisted
reproductive medicine, among others.

Objective: The aim of this study was to provide a systematic review to establish the actual contributions of AI reported in
OB/GYN discipline journals.

Methods: The PubMed database was searched for citations indexed with “artificial intelligence” and at least one of the following
medical subject heading (MeSH) terms between January 1, 2000, and April 30, 2020: “obstetrics”; “gynecology”; “reproductive
techniques, assisted”; or “pregnancy.” All publications in OB/GYN core disciplines journals were considered. The selection of
journals was based on disciplines defined in Web of Science. The publications were excluded if no AI process was used in the
study. Review, editorial, and commentary articles were also excluded. The study analysis comprised (1) classification of publications
into OB/GYN domains, (2) description of AI methods, (3) description of AI algorithms, (4) description of data sets, (5) description
of AI contributions, and (6) description of the validation of the AI process.

Results: The PubMed search retrieved 579 citations and 66 publications met the selection criteria. All OB/GYN subdomains
were covered: obstetrics (41%, 27/66), gynecology (3%, 2/66), assisted reproductive medicine (33%, 22/66), early pregnancy
(2%, 1/66), and fetal medicine (21%, 14/66). Both machine learning methods (39/66) and knowledge base methods (25/66) were
represented. Machine learning used imaging, numerical, and clinical data sets. Knowledge base methods used mostly omics data
sets. The actual contributions of AI were method/algorithm development (53%, 35/66), hypothesis generation (42%, 28/66), or
software development (3%, 2/66). Validation was performed on one data set (86%, 57/66) and no external validation was reported.
We observed a general rising trend in publications related to AI in OB/GYN over the last two decades. Most of these publications
(82%, 54/66) remain out of the scope of the usual OB/GYN journals.

Conclusions: In OB/GYN discipline journals, mostly preliminary work (eg, proof-of-concept algorithm or method) in AI applied
to this discipline is reported and clinical validation remains an unmet prerequisite. Improvement driven by new AI research
guidelines is expected. However, these guidelines are covering only a part of AI approaches (nonsymbolic) reported in this review;
hence, updates need to be considered.
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Introduction

The foundations of artificial intelligence (AI) as a discipline
were established in the 1950s, under the hypothesis formulated
by John McCarthy as “Every aspect of learning or any other
feature of intelligence can in principle be so precisely described
that a machine can be made to simulate it” [1]. Developing AI
was a 3-fold challenge: collect an unprecedented amount of data
for training and validation of algorithms, build computers with
sufficient computational power, and create algorithms to
simulate human intelligence functions (eg, reasoning, learning,
adaptation, vision, interaction).

At the dawn of the 21st century, all 3 challenges have been
taken up in many fields, leveraging different types of AI
approaches. Two general directions in AI research approaches
have been pursued: symbolic approaches and nonsymbolic
approaches. The symbolic AI approach, also known as “Good
Old-Fashioned AI” (GOFAI) [2], encompasses formal logic,
knowledge representation, and rule-based and semantic
reasoning. These approaches are generally explainable and
human-readable, need human curation and design, and do not
rely on a large amount of data to develop. The first
GOFAI-related publications in the field of medicine emerged
60 years ago [3], and these approaches provided the first
significant results with expert systems [4,5] and are now widely
used in knowledge-based systems [6,7], mostly through the
application of ontologies and semantic web technologies [8-10].
Nonsymbolic AI, defined as intelligence without specific
knowledge representations, encompasses various approaches
to simulate other human intelligence processes such as learning,

perception, and pattern recognition. Machine learning (ML) has
become the main approach in this area [11], mostly through
algorithms such as artificial neural networks (ANNs), and relies
on a large amount of high-quality data to learn, train, and
validate, along with significant computational resources. This
AI is generally “nonexplainable,” with the process occurring
inside ANNs (architecture, layers, and connections) remaining
in the form of a “black box” to the users.

Publications in AI in medicine have grown rapidly during the
last two decades: 119,325 citations are referenced in PubMed,
93% of which have been published since 2000 (Figure 1). The
obstetrics and gynecology (OB/GYN) domain represents a wide
range of medical activities (obstetrics, fetal medicine, open and
endoscopic surgery, ultrasound and other imaging modalities,
reproductive biology, and assisted reproductive technologies).
These activities are leveraging various types of data (eg, textual
data; 2D, 3D, and 4D imaging data; genomic and proteomic
data; fetal monitoring data). However, it is only recently that
AI concepts (ML principles) were described in an OB/GYN
ultrasound imaging journal [12]. Interestingly, the general
emergence of AI in the OB/GYN domain, and more specifically
in OB/GYN journals, has not been investigated.

Our aim was to establish the actual contributions of AI reported
in OB/GYN journals with a systematic review to investigate,
within all OB/GYN subdomains, the AI methods, sources of
data, and the contribution and validation of the AI processes.
Most of the recent publications about AI usually focus on ML,
ANNs, and deep learning. In this review, we considered all AI
contributions, including both symbolic and nonsymbolic AI.
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Figure 1. Trend of the 119,325 citations in PubMed indexed with the MeSH (Medical Subject Heading) term “artificial intelligence” between 1951
and 2020.

Methods

Design
This systematic review was performed in accordance with the
recommended PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines [13]. The
PRISMA Checklist for this study is presented in Multimedia
Appendix 1.

Ethics Approval
As no patients were involved in the study, this study was
exempted from institutional review board approval.

Literature Search Strategy
The PubMed database was searched for citations published
between January 1, 2000, and April 30, 2020. We used the
National Library of Medicine Medical Subject Headings (MeSH)
terms to search for citations indexed with “artificial intelligence”
and at least one other MeSH term from the OB/GYN domain:
“obstetrics”; “gynecology”; “reproductive techniques, assisted”;
or “pregnancy.” This search was restricted to English-language
publications with an abstract, using the following query:
“artificial intelligence” [MeSH Terms] AND (“obstetrics”
[MeSH Terms] OR “gynecology” [MeSH Terms] OR
“reproductive techniques, assisted” [MeSH Terms] OR
“pregnancy” [MeSH Terms]) AND 2000/1/1:2020/4/30 [Date
Publication].

The results of the query were considered final on November
30, 2020, to cover all publications with potential delayed
indexation in PubMed.

All retrieved citations were classified according to disciplines
defined in Web of Science (WoS) for the Journal Citation
Reports (JCR) and grouped in the following 9 discipline
categories: OB/GYN core disciplines journals, other medical
clinical disciplines journals, medical nonclinical disciplines
journals, medical genetics/biology disciplines journals, medical
imaging journals, medical informatics journals, computer
science disciplines journals, engineering disciplines journals,
and other science disciplines journals. The detailed disciplines
and discipline categories are presented in Table S1 of
Multimedia Appendix 2 for all journals.

We included all publications from journals or conference
proceedings of the core OB/GYN WoS disciplines, namely
Obstetrics & Gynecology, Surgery, Oncology, Developmental
Biology, Reproductive Biology, Andrology, or Urology &
Nephrology. The publications were excluded if no AI process
was used in the study. Review, editorial, and commentary
articles were also excluded.

The publication selection was independently performed by two
researchers (FD, JB) by full-text review to assess the actual use
of any AI process in the study. Discrepancies on AI process
assessments between reviewers were resolved during meetings
with KB and JMJ.

Data Collection and Analysis
The data collection and the qualitative analysis of the citations
comprised six different tasks: (1) classification of publications
into 5 OB/GYN domains (obstetrics, gynecology, assisted
reproductive medicine, early pregnancy, and fetal medicine),
(2) description of the AI method used in the study (eg, ML,
knowledge base), (3) description of the AI algorithm used in
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the study (eg, ANN, support vector machine, bioinformatics
knowledge bases), (4) description of the type of data used in
the AI process (eg, image data set, omics data set), (5)
contribution of the AI process (eg, new algorithm, hypothesis
generation, fully functional software), and (6) description of
the validation of the AI process (eg, validation on one data set,
validation on more than one data set, clinical validation). The
statistical synthesis of this systematic review was performed by
computing the proportion of publications by groups defined in
the qualitative analysis.

The evolution over time of the scientific production related to
AI in OB/GYN was assessed by a trend analysis of publications
per year during the entire review period for OB/GYN core
journals and other science journals. The respective contributions
of all scientific disciplines in the retrieved citations were
assessed by the analysis of their distribution across all WoS

disciplines and the proportion of citations in each of the 9
science discipline categories.

Results

Study Selection
The PubMed search retrieved 579 citations. The 161 publications
from OB/GYN core disciplines journals were reviewed for
eligibility assessment. A total of 66 publications met the
selection criteria [14-79]. The flow chart of the publications
reviewed is presented in Figure 2.

All OB/GYN domains were represented in these selected
publications (N=66): obstetrics (n=27, 41%), gynecology (n=2,
3%), assisted reproductive medicine (n=22, 33%), early
pregnancy (n=1, 2%), and fetal medicine (n=14, 21%). The
detailed distribution of the publications in these domains is
presented in Figure 3.

Figure 2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flow diagram for the selection process of the studies
included in this review.
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Figure 3. Distribution of the 66 artificial intelligence publications in obstetrics and gynecology journals, across subdomains.

Description of AI Methods
The two main AI methods in the 66 selected papers were
represented by ML methods [14-47,66-70] (59%, n=39) and by
knowledge base methods [50-65,71-79] (38%, n=25). In
obstetrics and in fetal medicine, ML was more common than
other AI methods in 70% (19/27) and 71% (10/14) of the
publications, respectively. ML methods and knowledge bases
were used in 45% (10/22) and 55% (12/22) of the publications
in in the assisted reproductive medicine domain, respectively.

The ML methods comprised mainly ANNs (25/39, 64%)
[14-25,27-30,33-35,41,43-45,47,68]. Diverse other ML
approaches are used, ranging from classical ML tools such as
support vector machine [26] and genetic algorithms [31] to more
recent methods such as random forest [38,46] or gradient
boosted trees [37,42,67]. Very recently, more evolved and
combined neural networks are used in deep learning to process
complex data for image segmentation (eg, [41,44]) or
classification (eg, [39,43]). The knowledge base methods
comprised bioinformatic processes involving mainly Gene
Ontology (88%, 22/25) but also other omics knowledge bases,
text-mining processes leveraging ontologies, and semantic
reasoning processes based on domain ontologies.

The data sets used with all AI methods in the selected studies
are detailed in Table 1. ML methods dealt primarily with
ultrasound imaging (2D, 3D, video), numerical, and clinical
data sets, whereas knowledge base methods dealt mostly with
omics data sets.

The contribution of using AI methods were for algorithm
development (53%), hypothesis generation (42%), or software
development (3%).

When using knowledge base methods, the main AI contribution
was to generate hypotheses in physiology or physiopathology
(reproduction and implantation, preeclampsia, fetal growth, or
breast cancer). When using ML methods, the AI contribution
was to build prediction algorithms (implantation success,
neonatal outcome, preterm delivery, fetal weight, aneuploidy
risk, or postpartum complications). The detailed contributions
for all AI methods are presented in Table 2.

Most ML methods were applied to one data set (87%, 34/39)
and the use of two or more data sets was less common (13%,
5/39). No external clinical validation of ML methods was
identified in the selected articles. Knowledge base methods
were applied on one data set in all cases and validated in one
clinical study.
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Table 1. Type of data and artificial intelligence methods used in the 66 selected articles.

Articles, nType of data

Knowledge base method data sets

16cDNAa/RNA-sequencing

3Mixed (clinical and transcriptomic data)

2Proteomic/spectrometry

4Other: text (publications), imaging (2D ultrasound), mixed (clinical and proteomic data), genomic data repository

Machine learning method data sets

16Clinical (numeric/categorical variables)

4Numeric (fetal biometry)

4Numeric (fetal heart monitoring/FSpO2b data)

3Image (microscopy)

3Video (fetoscopy)

2Image (2D ultrasound)

7Other: administrative (numerical/categorical variables), registry (numerical/categorical variables), numeric (elec-

tromyography), numeric (maternal EKGc), mixed (clinical and genomic data), DNA methylation, proteomic/spec-
trometry

1Fuzzy logic data sets: numeric (fetal heart monitoring/FSpO2 data)

1Other data sets, artificial intelligence method not specified (image dataset: 3D ultrasound)

acDNA: complementary DNA.
bFSpO2: fetal oxygen saturation.
cEKG: electrocardiogram.
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Table 2. Contributions of artificial intelligence methods used in the 66 selected articles.

Articles, nContribution of artificial intelligence methods

Knowledge base method contributions

7Hypothesis generation: ARTa techniques/implantation physiology

3Hypothesis generation: preeclampsia physiopathology

3Hypothesis generation: reproduction physiology

2Hypothesis generation: breast cancer physiopathology

2Hypothesis generation: fetal growth/development physiology

1Method: variant characterization

1Method: guided ultrasound image analysis

6Other hypothesis generation: pregnancy physiology, diabetes physiopathology, preterm labor physiopathology,
recurrent pregnancy loss physiopathology, stem cell profiling, candidate gene/variant

Machine learning method contributions

6Algorithm: implantation/ART method success prediction

4Algorithm: neonatal outcome prediction

3Algorithm: preterm delivery prediction

3Algorithm: delivery route prediction

3Algorithm: fetal weight/growth abnormalities prediction

2Algorithm: aneuploidy prediction/aneuploidy risk assessment

2Algorithm: postpartum complications prediction

5Other algorithms: gestational age prediction, preeclampsia prediction, blastocyst grading, classification of lung
disorders, muscle image segmentation

2Method: fetoscopic images annotation

3Other methods: placental blood vessels detection, preterm outcome risk assessment, fertility phenotyping

5Hypothesis generation: diabetes physiopathology, fetal alcohol disorder spectrum physiopathology, gastroschisis
physiopathology, coagulation physiopathology, uterus physiology

1Prototype software: ART success prediction

1Fuzzy logic method contributions: functional software (3D fetal heart analysis)

1Other contributions, artificial intelligence method not specified: algorithm (neonatal outcome prediction)

aART: assisted reproductive technology.

General Trend in AI Publications
We observed a significant rising trend in the scientific
production over the last two decades, mainly outside the
OB/GYN core journals (Figure 4). A total of 67 science

disciplines covered this scientific production (579 PubMed
indexed citations), 18% of which were in OB/GYN core
disciplines journals. The distribution of citations in the other
discipline categories is shown in Table 3. The science discipline
was not defined in WoS/JCR for 6% of the citations.
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Figure 4. Trends in PubMed artificial intelligence citations between 2000 and 2020 in obstetrics and gynecology (OB/GYN) journals and in other
scientific disciplines journals.

Table 3. Distribution of the 579 PubMed artificial intelligence citations between 2000 and 2020 among the 67 science disciplines.

Articles (N=874)a, n (%)Science disciplines

161 (18.4)OB/GYNb core disciplines

50 (5.7)Medical imaging discipline

47 (5.4)Other medical clinical discipline

115 (13.2)Medical nonclinical discipline

60 (6.9)Medical informatics discipline

58 (6.6)Medical genetics/biology disciplines

79 (9.0)Engineering disciplines

66 (7.6)Computer science disciplines

181 (2.1)Other science disciplines

57 (6.5)Absence of discipline in Web of Science

aSince some citations are multidisciplinary, the total is higher.
bOB/GYN: obstetrics and gynecology.

Discussion

Main Findings
In this review, we have demonstrated that AI contributions are
emerging in OB/GYN journals and that a wide range of AI
approaches (symbolic and nonsymbolic) are applied across all
OB/GYN subdomains. ML is the most common nonsymbolic
AI approach (59%) and articles are based mainly on ANNs

(64%). Knowledge bases are the most common symbolic AI
approach (38%) and are based on ontologies in most articles
(88%).

However, most of the AI publications related to AI in OB/GYN
(82%) remain out of the scope of the usual OB/GYN journals.
Additionally, formally validated AI contributions reported to
date suffer from an overall poor level of validation (one data
set in most cases and no external validation in all cases) and

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35465 | p.211https://www.jmir.org/2022/4/e35465
(page number not for citation purposes)

Dhombres et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


actual AI contributions remain at the level of “proof of concept”
or “proof of feasibility.”

Publications in OB/GYN Discipline Journals
The reported AI contribution to OB/GYN in the core discipline
journals was 18% in comparison with 82% in journals of other
disciplines. This can be explained by the early stage of research
in AI or by the absence of clinical validation, meaning that the
results are more relevant for the AI and computer science
community. When novel algorithms are developed, computer
science journals are naturally preferred [80-84]; for example,
one of the first convolutional neural networks able to perform
automated plane recognition during a fetal ultrasound scan was
reported in a computer science journal [85]. In addition a
clinically validated ML-based fetal biometric system was
reported in a general medical imaging journal, not in a core
OB/GYN discipline journal [86]. Another contribution based
on logic and semantic reasoning for early pregnancy diagnosis
was reported in a medical informatics journal [87]. These
examples illustrate that core OB/GYN discipline journals await
clinical value demonstration of AI-based research rather than
reporting on novel systems. This pattern might also suggest that
the time has come for the OB/GYN community to take over
some valuable early-stage AI contributions within its core
discipline journals.

Additionally, we have observed more advanced AI techniques
and architectures applied to OB/GYN in computer science
journals than in OB/GYN discipline journals. Moreover, the
well-established and most robust ANN architectures (eg, U-net,
ResNet) are no longer published in computer science journals
and are largely published in OB/GYN discipline journals to
present another application context [39,41,44]. As a result, a
strong representation of experts in AI methods in editorial boards
could improve editorial choices, which would help to fill in the
delay of translation of advanced AI to the OB/GYN readership.

Interestingly, reported AI methods are applied in unconnected
data silos in the field of OB/GYN (images, omics data, clinical
data, other data modalities) and mixed AI methods in the field
of OB/GYN are in early stages. Thus, approaches involving
both ML and knowledge bases is a new direction that we expect
to emerge. For example, the Smart Ultrasound in Obstetrics and
Gynecology (SUOG) initiative (EIT-Health Innovation program)
[88] combines knowledge bases for differential diagnosis and
ML for image analysis to develop an AI-based ultrasound
diagnosis assistant.

Quality of AI Research Reporting in the OB/GYN Field
The low level of validation of AI processes in medicine has
been previously reported [89]. We also observed significant
heterogeneity in the description of AI processes in this review,
with an overall limited level of description in most publications
and with a poor level of clinical validation. This can be
explained because, until recently, there were no AI-specific
guidelines for medical publications. Indeed, most AI notions
are new to the medical readership, medical editorial boards, and
medical literature indexing. Some medical publications have
proposed glossaries and definitions of basic AI notions, and the
first reference guidelines for reporting medical studies involving

AI were published in 2020 [90-95]. Although these initiatives
should improve the reporting of AI-related publications, these
guidelines only cover ML approaches. For example, the
extension of SPIRIT (Standard Protocol Items:
Recommendations for Interventional Trials) guidelines for
clinical trial protocols using interventions involving AI
(SPIRIT-AI) [92] lists the items of interest for AI publications
but does not cover knowledge representations, ontologies,
semantic reasoning, nor knowledge bases. In addition, we found
that 38% of the articles in this review leverage these AI
approaches. Consequently, a further extension of these
recommendations could advantageously provide guidelines for
symbolic AI approaches.

Albeit not covered in the guidelines for AI-related research,
some “routine” methods in statistics (eg, logistic regression,
multivariate logistic regression) and in data visualization (eg,
K-means clustering) are also considered as ML approaches [96].
In this review, we excluded studies based on these methods
[97-99]. However, from a perspective of consistency, some
statistical methods involving ML techniques could also be
covered by AI-related research guidelines.

There are recurrent debates on ethical and legal considerations
in AI methods in the news and social media; therefore, we were
surprised that most publications do not elaborate on these
aspects. The majority use nonexplainable approaches such as
ANNs; while using such nonexplainable methods is acceptable,
some limitations need disclosure, and their reproducibility needs
proper assessment. The most straightforward assessment method
of reproducibility relies on external validation, which remains
critical prior to application of all methods, but even more so if
nonexplainable. Human responsibility in using AI-based
processes also depends on the level of autonomy of the process
[100] and on recommendations to use such processes [101].

Limitations of MeSH Indexation in PubMed
This is the first systematic review on AI contributions reported
in OB/GYN core journals. This study was performed by a
pluridisciplinary group of experts from both the OB/GYN and
computer science communities [102]. We have limited our paper
selection to citations in PubMed and used the science disciplines
as defined by WoS/JCR, thus controlling potential bias in the
definition of journal domains. Although our method is
reproducible and complies with systematic review guidelines,
it is by essence subject to bias in publication indexation. For
example, articles with ML methods mentioned only in one
paragraph (eg, [103]) are not covered in this study. In addition,
for papers with a scope in decision support (eg, [104,105]), the
indexation will not fall under the MeSH term “artificial
intelligence” in PubMed but rather under the MeSH term
“diagnosis, computer-assisted” that is a distinct notion.
However, unlike systematic reviews of clinical therapies, this
limitation is less of a problem as we were still able to ascertain
general trends in this relatively novel field of study.

All reviewed papers on robotic surgery were indexed in PubMed
with the MeSH term “robotics” and under the MeSH term
“artificial intelligence.” Currently, in MeSH, “robotics” is a
subcategory of “artificial intelligence.” As a result, all robotic
surgery papers are considered to be AI papers, which is not
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always the case. A revision of MeSH terms and/or indexation
policies could be a solution for disambiguation. Additionally,
the use of appropriate AI-oriented keywords provided by authors
at the time of submission could improve the characterization of
AI-based research.

Conclusions
Until mid-2020, mostly preliminary work in AI applied in
OB/GYN has been reported and published outside the usual
OB/GYN journals. When published in OB/GYN journals,
multiple data set validation and clinical validation of AI

processes remain unmet prerequisites. Clarification in AI
methods could be achieved by improving the MeSH indexing
of publications in PubMed. Additionally, the reporting of AI
applications should be improved by the new 2020 guidelines
and recommendations in medical research involving AI. These
are promising for future clinically relevant and methodologically
valid clinical trials publications. However, these guidelines are
covering only a part of AI approaches involved in the articles
reviewed in this study, and updates need to be considered,
especially to cover symbolic AI approaches.
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Abstract

Background: There is an increasing number of interactive web-based advance care planning (ACP) support tools, which are
web-based aids in any format encouraging reflection, communication, and processing of publicly available information, most of
which cannot be found in the peer-reviewed literature.

Objective: This study aims to conduct a systematic review of web-based ACP support tools to describe the characteristics,
readability, and quality of content and investigate whether and how they are evaluated.

Methods: We systematically searched the web-based gray literature databases OpenGrey, ClinicalTrials.gov, ProQuest, British
Library, Grey Literature in the Netherlands, and Health Services Research Projects in Progress, as well as Google and app stores,
and consulted experts using the following eligibility criteria: web-based, designed for the general population, accessible to
everyone, interactive (encouraging reflection, communication, and processing of information), and in English or Dutch. The
quality of content was evaluated using the Quality Evaluation Scoring Tool (score 0-28—a higher score indicates better quality).
To synthesize the characteristics of the ACP tools, readability and quality of content, and whether and how they were evaluated,
we used 4 data extraction tables.

Results: A total of 30 tools met the eligibility criteria, including 15 (50%) websites, 10 (33%) web-based portals, 3 (10%) apps,
and 2 (7%) with a combination of formats. Of the 30 tools, 24 (80%) mentioned a clear aim, including 7 (23%) that supported
reflection or communication, 8 (27%) that supported people in making decisions, 7 (23%) that provided support to document
decisions, and 2 (7%) that aimed to achieve all these aims. Of the 30 tools, 7 (23%) provided information on the development,
all of which were developed in collaboration with health care professionals, and 3 (10%) with end users. Quality scores ranged
between 11 and 28, with most of the lower-scoring tools not referring to information sources.

Conclusions: A variety of ACP support tools are available on the web, varying in the quality of content. In the future, users
should be involved in the development process of ACP support tools, and the content should be substantiated by scientific
evidence.

Trial Registration: PROSPERO CRD42020184112; https://tinyurl.com/mruf8b43

(J Med Internet Res 2022;24(4):e33320)   doi:10.2196/33320
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Introduction

Via a European consensus process, advance care planning (ACP)
has been defined as a process that enables individuals to define
goals and preferences for future medical care, discuss these
preferences with family and health care providers, and record
these preferences and choices [1,2]. In recent decades, the
concept of ACP has changed considerably, shifting from a
clinician-led and documentation-focused process that
emphasizes the need for advance directives to a broader concept
of ongoing communication regarding various aspects of future
care and treatment planning [3,4]. In the recent public health
literature, the concept has been broadened further by
emphasizing the opportunities that ACP conversations offer for
normalizing and reshaping how we think, talk, and make
decisions about the last chapters of our lives [5,6].

To support people in having such conversations, a wide variety
of ACP support tools have been developed in several formats
such as print or websites. They exist in different kinds of
modalities (guides, card games, and videos) and for different
target groups: people with specific diseases and their families,
family caregivers, or the general public [7,8]. With the growing
use of the internet and international efforts to promote ACP [9],
more web-based ACP support tools are becoming publicly
available [10]. An advantage of these web-based tools is that
they are easily accessible to a large audience, are often
interactive, and can thus be tailored to the needs of the user.
Interactive elements include, for example, questions or exercises
to encourage reflection and communication and process the
information provided [10-12].

A recent review of the published peer-reviewed studies assessed
the feasibility and effectiveness of interactive web-based ACP
support tools for adult patients, relatives, and healthy individuals
and found that users considered the tools easy to use and not
burdensome. It also demonstrated that they could improve a
user’s knowledge of ACP, ACP communication with relatives
and health care professionals, and ACP documentation [8].
However, this review was not able to include all ACP support
tools available to the general public, as many exist only on the
web and have not been published in academic journals [7,8].
Reviewing these web-based tools is important as the quality of
web-based content can vary widely or be based on personal
opinions and experiences rather than on scientific evidence
[13-16]. This can be particularly problematic with regard to
ACP, as the content may be biased in favor of or against certain
medical interventions [15], whereas the primary purpose of
ACP should be to promote choices based on individual values
and preferences [1,2].

Currently, there is no comprehensive overview of interactive
ACP tools available on the internet. Therefore, this systematic
review aims to answer the following research questions:

1. What are the characteristics and functionalities of interactive
web-based ACP support tools?

2. How is ACP addressed in these tools?
3. What is the readability and quality of their content, and

have they been evaluated in a study, and if so, what is their
level of evidence?

Methods

Review Design and Protocol Registration
We conducted a systematic review of web-based interactive
ACP support tools (hereafter called tools) following the 4 search
strategies for web-based gray literature by Godin et al [17].
Search, selection, and data synthesis were performed between
September 2020 and January 2021. The protocol for this
systematic review was registered with PROSPERO
(International Prospective Register of Systematic Reviews;
CRD42020184112).

Eligibility Criteria
We searched for tools that met the following inclusion criteria:

1. Designed to support the general population; that is, people
with or without serious illnesses and their families

2. Available on the internet
3. Accessible to whoever visits the tool and can be used by

anyone
4. Interactive; that is, encourage the user to reflect,

communicate, formulate decisions, or document wishes
[10-12]

5. In English or Dutch

Tools that exclusively aimed to support health care professionals
in the ACP process were excluded.

Search Strategies
We systematically searched for tools using the four search
strategies recommended by Godin et al [17]: (1) web-based gray
literature databases, (2) search engines, (3) app stores, and (4)
expert consultation. The first three search strategies were
conducted separately by 2 researchers (CD and FM), who both
used the same search combinations (Multimedia Appendices
1-3) on different computers with clean (deleted cookies and
history) browsers without being logged into a Google account.
Because, as with peer-reviewed databases, every search database
(gray literature databases, search engines, and app stores) has
its own search functionalities and filters, we adapted the search
terms to fit into the search fields of each database.

Furthermore, as search engines have their own algorithms for
showing relevant results, we used several different search
combinations (ie, combining the search terms, their
permutations, and trending keywords) in search strategy 2 to
minimize the risk of omitting relevant sources (Multimedia
Appendix 2). As a search engine can give an overwhelming
amount of hits, we screened the first 15 pages (first 150 hits)
of each search combination.

We screened the available content of the results, such as
executive summaries, the webpage about, or the explanation of
the tool—when available—until we could answer the following
question: is this tool potentially a web-based ACP support tool
for the general population?. If the answer was yes, we included
the tool for full screening and transferred the results to a
Microsoft Excel file (with the name of the tool or website if
there was no specific name for the tool).
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For the first search strategy (gray literature databases), we used
the following databases: OpenGrey, ClinicalTrials.gov,
ProQuest, British Library, Grey Literature in the Netherlands,
and Health Services Research Projects in Progress. For the
second search strategy, we used the Google search engine, and
for the search in app stores, we used Google Play Store and
Apple App Store.

The fourth search strategy entailed consultation with experts
on ACP. We identified experts via frequently listed and cited
authors of the relevant literature, known stakeholders, and
suggestions from other key informants. We consulted these
experts by email and, to achieve saturation, asked them whether
they knew any other tools that we had not found using the first
three search strategies. The responses were added to the
Microsoft Excel file and saved for the final selection.

Selection of Web-Based ACP Support Tools
For the final selection, the 2 researchers (CD and FM) separately
screened all available content of each potentially relevant tool
against the eligibility criteria. In cases of disagreement about
whether to include a tool, a third reviewer (TS) screened it and
made the final decision on including it. We used Archive.is to
archive the home page or the first page of the tools.

Evaluation of the Readability and Quality of the
Content of the Included Tools
Readability was evaluated using web-based readability analysis
tools. These readability tools calculate several readability scores
based on the characteristics of the text, such as the number of
syllables per word and number of words per sentence. As the
web-based readability analysis tools were exclusively for one
language, we used two tools: one for the English tools [18] and
one for the Dutch tools [19]. To determine readability, we used
the Common European Framework of Reference for Languages
(CEFR) levels [20,21]. The CEFR levels can be used to
determine both English and Dutch readability and are calculated
by the algorithm of web-based readability analysis tools and
look at the number of words per sentence, number of pronouns
and prepositions in a sentence, and number of simple words
[22]. CEFR comprises six reading levels (A1, A2, B1, B2, C1,
and C2), with A1 as the easiest level and C2 as the most
difficult. The recommended readability standard for CEFR is
B1 [22].

To evaluate the quality of the content of the tools, we used the
validated Quality Evaluation Scoring Tool (QUEST) [23]. This
quality assessment tool can be used to assess web-based health
content by evaluating 7 items, each assigned with a weighted
score. Six items have a possible score between 0 to 1 or 0 to 2
and weight between 1 and 3: authorship (score 0-2×1), conflicts
of interest (score 0-2×3), complementarity (whether they support
the patient-physician relationship; score 0-1×1), currency (if
the content is frequently updated; score 0-2×1) and the tone of
the content (whether the content was fully supported using strong
vocabulary such as cure, guarantee, and easy; mainly supported
where the authors mainly support their claims but with more
cautious vocabulary; or balanced/cautious support with
statements of limitations or contrasting findings; score 0-2×3).
The seventh item is attribution (whether and what kind of

sources are used to create the content) and is measured in two
steps: first, identifying the presence of references to scientific
studies (score 0-3×3) and, second, when scoring >1, identifying
the type of studies referred to in vitro, observational studies, or
meta-analyses or clinical trials (score 0-2×1) [23,24]. Each tool
was evaluated for each of the 7 items. The scores for each item
were summed to create a total quality score ranging between 0
and 28, with higher scores indicating a better quality of the
content in the tool.

Readability was evaluated by 2 researchers (CD and FM) who
copy-pasted the text of a full webpage into the text fields of the
web-based readability score calculator tools. The same 2
researchers assessed the content of the tools to determine the
QUEST score for each tool. Any disagreements on readability
and QUEST scores were discussed to reach a consensus. If no
consensus was found, a third researcher (TS) made the final
decision.

Evaluation of the Level of Evidence of the Included
Tools
To assess whether the included tools had been evaluated as part
of a research study, we (1) screened each one for any
information on evaluation; (2) we searched the gray literature
databases OpenGrey, ClinicalTrials.gov, ProQuest, British
Library, Grey Literature in the Netherlands, and Health Services
Research Projects in Progress; and (3) we searched for
publications of primary peer-reviewed studies in PubMed, Web
of Science, PsycINFO, and CINAHL. Search terms in the
database included the names of the tools, websites, or persons
or organizations involved in the development of the tool.

We screened the available content (for scientific article abstracts
or, when needed, full texts) to check whether the result was a
primary study on one of the included tools. If it was, where
possible, we determined the level of evidence using the
Hierarchy of Evidence from the National Health and Medical
Research Council [25,26] to determine how the tools were
evaluated.

Two researchers (CD and FM) independently assessed the full
texts of the peer-reviewed studies to determine the level of
evidence and assess what was evaluated (usability and
effectiveness). Any disagreements were discussed to reach a
consensus. If no consensus was reached, a third researcher (TS)
made the final decision.

Data Synthesis and Outcomes of Interest
To answer the research questions, we developed 4 data
extraction tables. For the first 3 extraction tables, the 2
researchers (CD and FM) independently assessed the content
of the tools to summarize the addressed characteristics,
functionalities, and key elements of ACP. Any disagreements
were discussed to reach a consensus. If no consensus was
reached, a third researcher (TS) made the final decision.

The first extraction table was used to assess the aim; target
group; available languages; format; and where, by whom, and
how the tools were developed. We evaluated the used
functionalities by developing a second extraction table based
on a review of peer-reviewed studies by van der Smissen et al
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[8]. We slightly changed the 12 assessed functionalities by
removing can be used without assistance, as in our review, we
only included tools that were designed to be used by the general
population, and we added the functionalities predetermined
path and possibility to save input and return as these allow the
user to conduct the ACP process at their own pace and input
can be printed as this functionality can increase the accessibility
of websites [27]. Therefore, in this review, we extracted the
following data with regard to the functionalities of ACP tools:

1. The tool is free of charge.
2. Registration is needed.
3. There is a save and return option.
4. It is possible for the user to give input.
5. The tool is tailored to the user.
6. The tools provide feedback based on the input of the user.
7. The input from the user can be printed.
8. The tool suggests a predetermined ACP path.
9. The tool gives an indication of the progress of the user.
10. Videos are used, as well as hyperlinks to other web pages.
11. There is a text-to-speech option.
12. A privacy policy is mentioned.
13. Data log analysis is mentioned.

The manner in which ACP is addressed in the tools was
extracted using 14 ACP key elements (the third extraction table)
as an analytic framework. The 14 key elements were
self-developed and based on the recommendations of Rietjens
et al [1], the consensus definition of ACP of Sudore et al [2],
and the review by van der Smissen et al [8]. From these
definitions, we aimed to extract all relevant elements that can
be part of the ACP; that is, the following elements:

1. Providing information on ACP
2. Providing information on legal frameworks
3. Address readiness and timing for ACP
4. Stimulates to explore personal values and goals

5. Stimulates to explore preferences regarding future care
6. Stimulates to explore uncertainties and consequences
7. Stimulates to explore preferences regarding the last days

of life
8. Stimulates to explore preferences for a possible proxy

decision-maker
9. Encourages to appoint a proxy decision-maker
10. Encourages to discuss ACP with family
11. Encourages to discuss ACP with health care professionals
12. Encourages to document ACP
13. Encourages to generate that document (in the tool)
14. Encourages to share that document.

The readability, quality of the content, information about the
evaluation of the tools, and their level of evidence were
summarized in the fourth extraction table.

Results

Selection and Inclusion of the Tools
We found 436 tools using the first 3 search strategies. After
removing duplicates (the tools retrieved and the removed
duplicates per search strategy can be found in Multimedia
Appendix 4), a list of 96 potential interactive web-based ACP
support tools for the general population was sent to 15 experts
on ACP. Of the 15 experts, 14 (93%) replied, and together they
identified 35 additional tools. Two researchers (CD and FM)
subsequently screened the 131 tools against the eligibility
criteria. Approximately 69.5% (91/131) were excluded (Figure
1), and there were no conflicts to resolve regarding exclusion.
The remaining 30.5% (40/131) of tools were fully screened (ie,
all text available in the tool for data extraction), and we ended
up excluding 10 more in an agreement between both researchers.
Thus, the total number of included tools was 30. An overview
of screening, selection, and reasons for exclusion and inclusion
is shown in Figure 1.
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Figure 1. PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) flowchart of the selection process.

Characteristics of the Tools
Approximately 80% (24/30) of tools targeted the general
population, although 20% (6/30) also aimed to target health
care professionals (Multimedia Appendix 5 [28-57]). For
instance, the app ACDCare could be used by patients to make
an advance care directive that can be uploaded to their health
record and to which the health care professional has access [28].
The tools Mydirectives, Be My Voice, My Living Will, Speak
Up, and Considering your own future health care not only
supported the general population in ACP but also provided
information on ACP for health care professionals [29-33]. Of
the 30 tools, 24 (80%) did mention a clear aim; 7 (23%)
supported reflection or communication, 8 (27%) supported
people in making decisions, 7 (23%) provided support to
document decisions, and 2 (7%) aimed to achieve all these
objectives.

Of the 30 tools, 15 (50%) were websites, 10 (33%) were
web-based portals with the possibility of logging in and

returning to personal information, 3 (10%) were apps, and 2
(7%) had a combination of formats. For example, PREPARE
for Your Care (PREPARE) can be used via the website or by
logging in to a web-based portal [34].

Of the 30 tools, 12 (40%) were developed in the United States,
6 (20%) in Canada, 4 (13%) in Australia, 3 (10%) in the
Netherlands, 3 (10%) in the United Kingdom, 1 (3%) in New
Zealand, and 1 (3%) in Belgium. Approximately 83% (25/30)
were owned by nonprofit organizations. Approximately 23%
(7/30) provided information on their development; all were
developed in collaboration with health care professionals, and
10% (3/30) were also developed with end users.

Functionalities of the Tools
Of the 30 tools, 27 (90%) were free of charge, and 17 (57%)
were available without registration (Multimedia Appendix 6
[28-57]). Approximately 97% (29/30) of tools offered users the
option of providing input by responding to a question or
statement, for example, by asking them to write in an empty
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box. With regard to the flow of the tool (the steps or path a user
must take to go through it), 97% (29/30) used a predetermined
path [28-44,46-57]. For example, if there are x number of steps
in a tool, the user needs to go through these steps to finish the
ACP process provided in the tool. One of the tools (the Go Wish
card game) does not have a set path but uses a mechanism in
which users can sort cards on particular wishes and preferences
to stimulate reflection and communication [45]. Approximately
17% (5/30) used the input of the user to tailor information,
redirect them to a specific webpage with more information, or
ask for clarification on the input. For example, in My Values,
when identifying not wanting to be a burden as important, a
screen pops up asking them to explain briefly (by typing) what
becoming a burden means to them [49]. One also uses input to
give feedback (Multimedia Appendix 6 [28-57])—PREPARE
not only provides information based on input but also provides
tips when, for example, the user indicates not ready to choose
a proxy decision-maker [34].

ACP Elements Addressed in the Tools
All tools contained at least seven of the 14 ACP key elements
identified in our analytical framework, and 20% (6/30) of tools
comprised all (Multimedia Appendix 7 [28-57]). With regard
to the information available, 40% (12/30) provided both
information on ACP and on the legal frameworks of ACP. Of
the 30 tools, readiness and timing of ACP were addressed in 15

(50%), encouraging people to explore personal values and goals
in 28 (93%), and preferences regarding future care in 29 (97%)
tools; uncertainties and consequences of hypothetical serious
illness scenarios were addressed in 25 (83%), preferences
regarding the last days of life in 27 (90%), and the possibility
of appointing a proxy decision-maker in 21 (70%) tools. Of the
30 tools, 20 (67%) encouraged appointing a proxy
decision-maker, and 27 (90%) encouraged discussing ACP with
family or a health care professional and documenting ACP
outcomes (for example, using an advance directive); in 27 (90%)
tools, it was possible to document one’s wishes and preferences
within the tool itself and share this document with others (by
printing, via email, or via a direct link; Multimedia Appendix
7 [28-57]).

Readability and Quality of the Content
The readability of the ACP tools varied (Table 1); however,
83% (25/30) of ACP tools had a B1 or lower CEFR level. The
QUEST scores of the tools varied between 11 and 28 (theoretical
scale scores between 0 and 28; Table 2). Most of the
lower-scoring tools did not refer to any sources to support the
information they contained, were not current (ie, not updated
in the past 5 years), or did not provide any information on
authorship. The tools that scored ≥21 used at least one reference
to a scientific study to support the information in the tool.
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Table 1. Readability scores of the interactive, web-based ACPa support tools.b

CEFRc scaleTools

A1My decisions

A1My living voice

A1Speak up

A2PREPAREd

A2Go Wish card game

A2MyDirectives

A2Plan Your Life Span

A2Lets Think Ahead—My ACP

B1Advance Care Planning: Should I Stop Treatment That Prolongs My Life?

B1The Letter project Advance Directive

B1Advance Care Planning: Should I Receive CPRe and Life Support?

B1MyWishes

B1My Living Will

B1Everplans

B1Considering your own future health care

B1Tijdig nadenken over het levenseinde

B1Oog in Oog

B1Verken uw wensen voor zorg en behandeling

B1Dying to Talk

B1Be my voice

B1ACDCare

B1Five Wishes

B1MyValues

B1Dementia Values and Priorities Tool

B2Advance Care Planning: Should I Have Artificial Hydration and Nutrition?

B2Planning for Your Future

B2Beslishulp—Vroegtijdige zorgplanning

B2Cake

B2NVLivingWill

C1Advance Care Planning: Should I Stop Kidney Dialysis?

aACP: advance care planning.
bRanked from lowest (A1) to highest score (C2) possible.
cCEFR: Common European Framework of Reference for Languages.
dPREPARE: PREPARE for Your Care.
eCPR: cardiopulmonary resuscitation.
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Table 2. QUESTa scores of the interactive, web-based ACPb support tools.c

QUEST scoreTools

28PREPAREd

23Go Wish card game

20Considering your own future health care

20Everplans

20Oog in Oog

19Dementia Values and Priorities Tool

19Dying to Talk

19My Living Will

19MyDirectives

19NVLivingWill

19Plan your Life Span

17Cake

17Five Wishes

17Lets Think Ahead–My ACP

17Planning for Your Future

16Be my voice

16Beslishulp-Vroegtijdige zorgplanning

16MyValues

16MyWishes

14My decisions

13Advance Care Planning: Should I Have Artificial Hydration and Nutrition?

13Advance Care Planning: Should I Receive CPRe and Life Support?

13Advance Care Planning: Should I Stop Kidney Dialysis?

13Advance Care Planning: Should I Stop Treatment That Prolongs My Life?

12My living voice

11ACDCare

aQUEST: Quality Evaluation Scoring Tool.
bACP: advance care planning.
cRanked from lowest (0) to highest score (28) possible.
dPREPARE: PREPARE for Your Care.
eCPR: cardiopulmonary resuscitation.

Evaluated Tools and Their Level of Evidence
Of the 30 included tools, 5 (16%) tools had been evaluated in
a study, all of which were published in the peer-reviewed
literature (Table 3). Verken uw wensen voor zorg en behandeling
[57] is under evaluation; however, the results have not yet been
published. MyDirectives and NVLivingWill were studied using
a posttest design [58-60], and PREPARE, Plan Your Life Span,

and The Letter project Advance Directive were studied in at
least one properly designed randomized controlled trial [61-71].
The study on NVLivingWill evaluated the ease of use of the tool
[58]; the studies on PREPARE evaluated ease of use,
effectiveness, acceptability, and understandability (information
in the tool was easy to read) [63-71]; Plan Your Life Span
evaluated effectiveness [61]; and the study on The Letter project
Advance Directive evaluated understandability [72].
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Table 3. Level of evidence of the interactive, web-based advance care planning support tools.

The hierarchy of evidenceaTool, authors, and title of the study

Evidence obtained from a posttestMyDirectives [29]

Nurse-led patient-centered advance care planning in primary careHolland et al [59]

Early experience with digital advance care planning and directives, a novel
consumer-driven program

Fine et al [60]

Evidence obtained from a posttestNVLivingWill [51]

An evaluation of 2 online advance directive programsKlugman and Usatine [58]

Evidence obtained from at least one
properly designed randomized con-
trolled trial

Plan Your Life Span [53]

Longitudinal follow-up of long-term care planning using PlanYourLifespan.orgRamirez-Zohfeld et al [62]

PlanYourLifeSpan.org—an intervention to help seniors make choices for their
fourth quarter of life: results from the randomized clinical trial

Lindquist et al [61]

Evidence obtained from at least one
properly designed randomized con-
trolled trial

PREPAREb [34]

Effect of an interactive website to engage patients in advance care planning in
outpatient settings

Howard et al [71]

Empowering older adults to discuss advance care planning during clinical
visits: the PREPARE randomized trial

Freytag et al [70]

Improving a full range of advance care planning behavior change and action
domains: the PREPARE randomized trial

Lum et al [69]

Feasibility of a video-based advance care planning website to facilitate group
visits among diverse adults from a safety-net health system

Zapata et al [68]

Engaging diverse English- and Spanish-speaking older adults in advance care
planning: the PREPARE randomized clinical trial

Sudore et al [67]

Effect of the PREPARE website vs an easy-to-read advance directive on ad-
vance care planning documentation and engagement among veterans

Sudore et al [2,66]

Evaluation of an advance care planning web-based resource: applicability for
cancer treatment patients

Cresswell et al [65]

Preparing older adults with serious illness to formulate their goals for medical
care in the emergency department

Ouchi et al [64]

A novel website to prepare diverse older adults for decision-making and advance
care planning: a pilot study

Sudore et al [63]

Evidence obtained from at least one
properly designed randomized con-
trolled trial

The Letter project Advance Directive [55]

A randomized controlled trial comparing the letter project advance directive
to traditional advance directive

Periyakoil et al [72]

aHierarchy of evidence from the National Health and Medical Research Council was assessed per tool. Level I: evidence obtained from a systematic
review of all relevant randomized controlled trials; level II: evidence obtained from at least one properly designed randomized controlled trial; level
III-1: evidence obtained from well-designed pseudorandomized controlled trials (alternate allocation or some other method); level III-2: evidence
obtained from comparative studies with concurrent controls and allocation not randomized (cohort studies), case control studies, or interrupted time
series with a control group; level III-3: evidence obtained from comparative studies with historical control, ≥2 single-arm studies, or interrupted time
series without a parallel control group; level IV: evidence obtained from case series, either posttest or pretest, and posttest [25,26].
bPREPARE: PREPARE for Your Care.

Discussion

Principal Findings
This review included 30 ACP tools developed in North America,
Europe, and Oceania. Most tools mention a clear aim (ie, to
support reflection and communication, support people in making

decisions, or support documenting decisions); however, only
7% (2/30) aimed to achieve all 3 aims. Of the 30 tools, 7 (23%)
were developed in collaboration with health care professionals,
but only 3 (10%) also involved end users. All tools, except 1,
encouraged users to follow steps in a predetermined order to
go through the ACP process. With regard to the ACP elements,
almost all tools stimulated the user to explore personal values,
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goals, and preferences regarding future care; 40% (12/30)
provided both information on ACP and its legal frameworks.
Of the 3 tools, 2 (67%) also encouraged the user to appoint a
proxy decision-maker. Most of the ACP tools had a good
readability score; however, the quality of the content varied
between 11 and 28 on the QUEST scale. Most of the included
ACP tools had not been evaluated in a study.

We found great variety among the tools available on the web
in terms of their aims, functionalities, approaches to addressing
ACP, and quality. However, the included tools also shared
important commonalities.

First, we found that many tools did not provide information
about their development process. If they did, they involved
health care professionals such as physicians, experts on
end-of-life care, ethicists, or lawyers. End users were only
involved in the development process of 10% (3/30) of tools,
although this is highly recommended in the literature on
developing web-based technologies [73-75]. Research on
developing new technologies shows that the involvement of
end users inevitably yields improvements in usability and quality
and ensures that the tool is tailored to the needs of prospective
end users [73-75].

Second, most tools stimulated the user to explore personal
values, goals, and preferences regarding future care and the last
days of life, which is the primary purpose of ACP [1,2], and
most also encouraged the appointment of a proxy
decision-maker and discussion with family and health care
professionals. However, all but 1 tool in this review used an
approach in which all users are encouraged to follow a
predetermined path or step to go through the ACP process. ACP
is a process of exploration; discussion; and recording of
preferences, wishes, and decisions. How and when to best
perform these aspects of ACP depends, among other things, on
personal barriers, needs, preferences, and readiness [76,77].
Using steps in a predetermined order suggests that ACP is linear
instead of an iterative process [1]. Moreover, using
predetermined steps may not be appropriate for all users, as
some may just want to explore possibilities without making
decisions, whereas others, for instance, because of their illness,
may prefer to focus on anticipatory decision-making [76,78].

Third, with regards to the quality of the content of the included
tools, as rated by the QUEST score, we found that 20% (6/30)
scored ≥20, of which 17% (1/6; PREPARE) scored a maximum
of 28 points. All other tools had a medium to low quality score
as they did not refer to any information sources and were not
up to date; that is, they had not been updated in at least 5 years.
Especially with regard to ACP, having evidence-based
information that can be verified by the user is important as
people use this information to plan and make health-related care
decisions [79,80]. We also found that most of the included tools
had not been evaluated in a study. Only the PREPARE tool had
been evaluated for its ease of use, effectiveness, acceptability,
and understandability. When people look for support in ACP,
they may use tools that have a low or even nonexistent level of
evidence regarding their usability and effectiveness [13-16,81].

Strengths, Limitations, and Future Research
This is the first systematic review to provide an overview of
interactive web-based ACP support tools available on the
internet for the general population. Previous reviews have
provided an overview of web-based ACP support tools that
could be found in the peer-reviewed literature and emphasized
the absence of an overview of those available in the gray
literature [7,8]. Furthermore, our review is the first to assess
the quality of the content of web-based ACP support tools [7,8].
This study had some limitations. First, as we limited our third
search strategy (ie, search engine) to 150 hits per search
combination, there is a possibility that some existing tools were
not included in our review. However, we consider this unlikely,
as our search was conducted systematically by 2 researchers
using a broad range of search terms, and we searched more hits
than recommended (recommended 100) by Godin et al [17].
We also consulted experts and asked them whether they knew
of any other tools that we had not yet found. Furthermore,
although we archived the tools when performing data synthesis
using Archive.is, there is a possibility that new content or
functionalities have been added to the tools included in our
review or that new tools have been released since the search
was conducted.

For future developments, users should be involved in aligning
their preferences and needs with the content and functionalities
of the tools. Involving users early in the development process
can improve the usability of tools and increase their uptake [82].
In addition, we would recommend following a thorough design
process using existing road maps when developing new ACP
tools, rigorously evaluating through usability and effectiveness
testing before deployment, and transparently reporting on
development and evaluation. Second, the ACP content provided
to users should be regularly updated and supported by sources;
hence, we recommend that the content in ACP tools should be
substantiated with the most recent scientific literature. Moreover,
future research should focus on how ACP tools are used by the
general population and how they can support ACP in the medical
context; that is, between patients and health care professionals.
Finally, it would be interesting to know how the general
population would assess these tools.

Conclusions
There are numerous interactive web-based ACP support tools
that are publicly available, varying in terms of their
characteristics, functionalities, readability, quality of content,
and level of evidence. Most tools were not codeveloped with
end users; were of low or medium quality; and, with a few
exceptions, had not been evaluated in research. In the future,
users should be involved in the development of ACP support
tools, and their content should be substantiated by scientific
evidence. In addition, we recommend that developers should
follow a rigorous design process and evaluate the usability and
effectiveness of tools before their deployment. Future research
should focus on how tools are used by the general population
and how they can support ACP in the medical context; that is,
between patients and health care professionals.
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Abstract

Background: Computer-assisted treatment may reduce therapist contact and costs and promote client participation. This
meta-analysis examined the efficacy and acceptability of an unguided computer-assisted therapy in patients with
obsessive-compulsive disorder (OCD) compared with a waiting list or attention placebo.

Objective: This study aimed to evaluate the effectiveness and adherence of computer-assisted self-help treatment without human
contact in patients with OCD using a systematic review and meta-analysis approach.

Methods: Randomized controlled trials with participants primarily diagnosed with OCD by health professionals with clinically
significant OCD symptoms as measured with validated scales were included. The interventions included self-help treatment
through the internet, computers, and smartphones. We excluded interventions that used human contact. We conducted a search
on PubMed, Cochrane Central Register of Controlled Trials, EMBASE, World Health Organization International Clinical Trials
Registry Platform, and ClinicalTrials.gov, as well as the reference lists of the included studies. The risk of bias was evaluated
using version 2 of the Cochrane risk-of-bias tool for randomized trials. We calculated the standardized mean differences for
continuous outcomes and risk ratios for dichotomous outcomes. The primary outcomes were short-term improvement of OCD
symptoms measured by validated scales and dropout for any reason.

Results: We included 11 randomized controlled trials with a total of 983 participants. The results indicated that unguided
computer-assisted self-help therapy was significantly more effective than a waiting list or psychological placebo (standard mean
difference −0.47, 95% CI −0.73 to −0.22). Unguided computer-assisted self-help therapy had more dropouts for any reason than
waiting list or psychological placebo (risk ratio 1.98, 95% CI 1.21 to 3.23). However, the quality of evidence was very low
because of the risk of bias and inconsistent results among the included studies. The subgroup analysis showed that exposure
response and prevention and an intervention duration of more than 4 weeks strengthen the efficacy without worsening acceptability.
Only a few studies have examined the interaction between participants and systems, and no study has used gamification. Most
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researchers only used text-based interventions, and no study has used a mobile device. The overall risk of bias of the included
studies was high and the heterogeneity of results was moderate to considerable.

Conclusions: Unguided computer-assisted self-help therapy for OCD is effective compared with waiting lists or psychological
placebo. An exposure response and prevention component and intervention duration of more than 4 weeks may strengthen the
efficacy without worsening the acceptability of the therapy.

Trial Registration: PROSPERO (International Prospective Register of Systematic Reviews) CRD42021264644;
https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=264644

(J Med Internet Res 2022;24(4):e35940)   doi:10.2196/35940

KEYWORDS

randomized controlled trial; RCT; information technology; psychotherapy; treatment adherence; anxiety disorder; anxiety; OCD;
obsessive-compulsive disorder; systematic review; meta-analysis; mental health; computer-assisted; therapy; efficacy; acceptability;
eHealth; mental illness

Introduction

Obsessive-compulsive disorder (OCD) is characterized by
intrusive and unwanted thoughts, urges, or images and repetitive
behavior or mental acts [1]. Affected patients try to ignore or
suppress OCD symptoms; however, it impairs their ability to
carry out daily life activities and deteriorates their quality of
life (QOL). The median prevalence of OCD in 1 year was 1.0%
(IQR 0.6% to 2.0%), and the cost associated with OCD was
estimated as $10.6 billion per year in the United States alone
[2].

The treatment of OCD involves psychotherapy and
pharmacotherapy; however, psychotherapy may be a better
treatment for OCD than pharmacotherapy [3]. Patients with
psychiatric disorders prefer psychotherapy over
pharmacotherapy [4]. Therefore, guidelines such as the National
Institute for Health and Care Excellence recommend cognitive
behavioral therapy (CBT) as the initial treatment for OCD [5].

Despite the presence of guidelines for the treatment of OCD,
there are hindrances to therapy such as poor help-seeking
behavior and inaccessible treatment. A study showed that more
than half of patients with OCD have not received treatment [6].
Barriers to seeking treatment include shame about the symptoms
or about asking for treatment, lack of knowledge regarding
resources, and treatment-related inconveniences [7].

Computer and internet-based treatment is a promising way to
overcome these barriers. It can reduce therapist contact and
costs and promote client participation in therapies conducted
in a nonclinical setting [8]. Successful internet-based
interventions include engagement by the user for weeks to
months. Examples are interactive elements such as prompted
personalized feedback, self-monitoring, and assignment [9]. All
the interventions contain educational materials and frequently
use cognitive behavioral elements [9]. More specifically,
computerized therapy for OCD often includes psychoeducation,
cognitive elements, and exposure and response prevention (ERP)
[10].

Systematic reviews were conducted on studies including
computer-assisted treatment for OCD, but there were limitations;
Pearcy et al [11] examined self-help intervention against OCD,
but they included quasi-randomized controlled trials (RCTs);

Firth et al [12] examined smartphone interventions, but the
focus was on anxiety disorder as a whole; and Tumur et al [10]
examined computer-assisted CBT for OCD, but it included only
one substantial program. These studies need to be updated since
the research was conducted in 2015, 2016, and 2004,
respectively, and particularly because the rate of publication on
digital health has been increasing rapidly since 2015 [13].

Excluding therapist contact and therapy using information
technology will improve access to treatment. However, the
effectiveness and adherence of computer-assisted interventions
without human contact has not been examined through
systematic review and meta-analysis. Additionally, the influence
of several variables should be examined. For example, ERP is
an effective and widely used component for OCD treatment,
but therapist assistance is suggested to increase its effectiveness
[14,15], the duration or number of sessions attended may be
influential factors in psychotherapy [16,17], and the effect of
device characteristics and their contents, such as gamification
and interaction, have not yet been established [18,19].

Therefore, this study aimed to evaluate the effectiveness and
adherence of computer-assisted self-help treatment without
human contact in patients with OCD using a systematic review
and meta-analysis approach.

Methods

Selection Criteria
RCTs with participants primarily diagnosed with OCD according
to the Diagnostic and Statistical Manual of Mental Disorders,
Fourth Edition, Text Revision (DSM-IV-TR), and Fifth Edition
(DSM-5) and International Classification of Diseases, Tenth
Revision, and those who were diagnosed by health professionals
and had clinically significant OCD symptoms as measured with
validated scales were included. Patients of any age and
comorbidities were included. The interventions included
self-help treatment through the internet, computers, and
smartphones. Sending a digital treatment manual by email was
also included because it uses the computer and internet. We
excluded interventions that used human contact (except for
technical support). We defined human contact as interventions
with face-to-face support or interaction with humans on the
internet or telephone; self-help means that participants conduct
treatment without human contact. Comparisons were made with
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respect to a placebo condition, including a psychological placebo
and a waiting list. Any cotreatment was allowed if it was
provided equally to both groups.

Ethics Approval
We followed the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines [20;
Multimedia Appendix 1]. The protocol for this systematic review
was registered at PROSPERO (International Prospective
Register of Systematic Reviews) [CRD42021264644].

Outcomes
The primary outcomes were short-term subjective improvement
of OCD symptoms as measured by validated scales such as the
Yale-Brown Obsessive-Compulsive Scale (Y-BOCS) and the
Obsessive-Compulsive Inventory–Revised (OCI-R) and dropout
for any reason at posttreatment. We defined short term as a
period of 6 months.

Secondary outcomes were short-term response rate defined by
validated scales and anxiety, depression, and QOL measured
by validated scales. These outcomes measured at long term were
also included in the secondary outcomes. We defined long term
as a period greater than 6 months and gave priority to the longest
end point.

Search Methods
We conducted a search on July 28, 2021, in PubMed, Cochrane
Central Register of Controlled Trials, EMBASE, World Health
Organization International Clinical Trials Registry Platform,
and ClinicalTrials.gov, as well as the reference lists of the
included studies (Multimedia Appendix 2). We conducted a
grey literature search in devices@FDA, a catalog of cleared

and approved medical device information. We applied no search
restrictions on date, language, or publication status.

Selection of Studies and Data Extraction
Two authors independently examined the titles and abstracts of
the references identified in the search and included them in the
second screening if at least 1 author judged them to be included.
We then obtained and examined the full text of the included
studies using the first screening process. Finally, we included
the studies that both reviewers felt should be included. If the 2
authors disagreed after a discussion, a third author was consulted
to make a decision. We conducted data extraction in the same
way as in the second screening process. We contacted the
authors of the studies to obtain additional data or further
clarification if needed.

Measurement of Outcomes
We calculated the standardized mean differences (SMDs) and
their 95% confidence intervals for continuous outcomes and
risk ratios and their 95% confidence intervals for dichotomous
outcomes. We used a random effects model.

Assessment of Risk of Bias
The risk of bias was evaluated using version 2 of the Cochrane
risk-of-bias tool for randomized trials (Figure 1) [21]. The
risk-of-bias tool assesses the following domains: bias arising
from the randomization process, bias due to deviations from
intended interventions, bias due to missing outcome data, bias
in the measurement of the outcome, and bias in the selection of
the reported results. Each bias was assigned 1 of 3 levels: low
risk of bias, some concerns, or high risk of bias. The risk of bias
of each studies was presented in traffic light plots.

Figure 1. Risk of bias in included studies.
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Analysis

We assessed heterogeneity using the I2 statistic. We interpreted

the I2 value as in the Cochrane Handbook for Systematic Review
of Interventions (0%-40% might not be important, 30%-60%
may represent moderate heterogeneity, 50%-90% may represent
substantial heterogeneity, and 75%-100% may represent
considerable heterogeneity). The source was investigated if
significant heterogeneity was observed. Publication bias was
evaluated by visual inspection of the funnel plot if at least 10
studies were included in the analysis. We calculated a pooled
standard deviation for studies where standard deviations were
not reported [22]. The results were compared using a sensitivity
analysis with or without studies of imputed standard deviations
and study targeted to children and adolescent. All analyses were
conducted with Review Manager (version 5.4, The Cochrane
Collaboration) software.

We performed the following subgroup analyses:

• By type of psychotherapy included in the intervention (with
or without ERP), as a systematic review showed the efficacy
of ERP against OCD [14]

• By intervention devices, as we hypothesized that device
characteristics would influence the results. We planned to
include portability with mobile phone, interaction with
computer, and gamification. Portability may make it easy
for participants to conduct ERP. Interaction and
gamification may motivate participants to continue the
intervention. However, no study included in this review
used a mobile phone or gamification. As a result, we
conducted a subgroup analysis with and without interaction
with the system and intervention using a treatment manual

via email or computer display. Interaction with the system
means that participants can automatically get responses
from a computer system without human contact

• By study duration or number of sessions to examine the
influence of duration. We conducted an analysis on studies
with a duration equal to or less than 4 weeks and studies
over 4 weeks, as the median and mode of the included study
duration was 4 weeks. We could not conduct subgroup
analysis by session because no studies reported the number
of sessions conducted

• By type of control arm, conducted as post hoc analysis, as
a recent study showed that effect size may differ according
to the control condition [23]. The subgroup differences
were interpreted as suggestive when P<.10, in consideration
of the small number of included studies and difficulty
finding subgroup interactions.

The quality of evidence for primary outcomes was evaluated
according to the GRADE (Grading of Recommendations,
Assessment, Development, and Evaluations) rating [24].

Results

Search Results
We identified 3130 references and excluded 2574 studies after
assessing the title and abstracts. We retrieved 128 full-text
papers, excluded 117 studies, and included 11 studies. We
inspected the citations of the 11 studies and found 1 study to
include. Finally, a total of 12 studies were included in the
review, but we could not obtain additional data from the author
of 1 study [25]. As a result, 11 studies with a total of 983
participants were included in the meta-analysis (Figure 2).

Figure 2. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow chart. CENTRAL: Cochrane Central Register of Controlled
Trials; ICTRP: International Clinical Trials Registry Platform.
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Characteristics of Included Studies
As seen in Table 1, all included studies were parallel group,
individually RCTs. One was a 3-armed study [26], while others
were 2-armed. The mean sample size per arm was 45 (range
9-100).

Participants were recruited in European countries in 3 studies
[27-29], in North America in 2 studies [26,30], and
cross-continental in 1 study [31], but recruitment method was
unclear in the other studies because it was done through the
internet [32-36]. Diagnosis was based on DSM-IV-TR in 2
studies [27,28], DSM-IV in 1 study [26], health professional
diagnosis using unclear diagnostic criteria in 5 studies
[32-34,36,37], and the OCD symptom scale in 3 studies
[29,30,38]. The proportion of women ranged from 42% to 83%.
The mean age in a study targeting adolescents was 15 years
[27], while others ranged from 28 to 41 years.

Interventions included computer-assisted cognitive training
[30], behavioral therapy [26], metacognitive training [28,33,36],
association splitting [39], inference-based therapy [37],
competitive memory training [32], and CBT [29,38]. Of the
included studies, Moritz et al [36] conducted 7 of them;
however, only 3 used the same or a revised version of the
intervention among them [28,33]. As for the component of
therapy, 6 studies included exposure therapy
[26,27,29,32,36,38]. ERP was used in 5 studies [26,27,29,36,38],
and interoceptive exposure was used in 1 study [32]. Two studies
explicitly examined the interaction between the system and the
participants [26,29]. Three studies used a computer display that
presented text-based online slides [38], text, video, audio
elements, photos, illustrations [29], and a scenario with missing
words that patients filled in [27]. These studies did not use
gamification and did not include mobile devices. No studies
used combination therapy; all but 1 study [30] allowed
adjunctive medication.
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Table 1. Characteristics of included studies.

OutcomesInterventionsParticipantsAuthor; year; cita-
tion; country; study
design

Age (years), mean (SD); base-
line severity, mean (SD)

Diagnosis; sex; medica-
tions

OCI-R; BDI-IIf;

PANASg; PSWQh

CCT n=24; duration 2 weeks; exposure: no;
cognitive modification: no; device: comput-
er; interaction: no; gamification: no but a
kind of task; PVT n=24; duration 2 weeks

Age: CCT arm 27.9 (SD 14.1);
PVT arm 30 (SD 13.8); Severi-
ty: OCI-R CCT arm 28.9 (SD
11.1); PVT arm 30.8 (SD 0.9)

Dx: OCI-Rb>15; Sex:

CCTc arm: 54.2% wom-

en; PVTd arm 62.5%;

medse: unclear

Calkins et al [30];
North America;

RCTa

Y-BOCS; PGI-Im;

CGI scalen; WSASo;

BT STEPS n=74; duration 10 weeks; expo-

sure: yes (ERPl); cognitive modification:
unclear; device: computer-driven interactive

Age: 39 (SD 12); Severity (Y-

BOCSj): BT STEPSk arm 24.6
(SD 4.3); systematic relaxation
arm 25.8 (SD 5.1)

Dx: DSM-IVi; Sex: 42%
women; meds: yes

Greist et al [26];
North America;
RCT

HAM-Dp; SRIq medi-
cation status; treat-

voice response system and workbook; inter-
action: yes; gamification: no; Systematic

ment expectations;
treatment satisfaction

relaxation n=75; duration 10 weeks; Clini-
cian-guided behavior therapy

Y-BOCS, BDIr, OBQsmyMCT n=64; duration 4 weeks; Device:
pdf file through email; exposure: no; cogni-

Age: myMCT arm 38.41 (SD
11.61); psychoeducation arm

Dx: DSM-IV; Sex:
myMCT arm: 67.2%

Haushildt et al
2016 [28]; Europe;
RCT tive modification: yes (metacognitive train-

ing, association splitting); interaction: no;
39.64 (SD 9.88); Severity (Y-
BOCS): myMCT arm 22.56

women; psychoeducation
arm: 67.2%; Meds: yes

gamification: no; Psychoeducation n=64;
duration 4 weeks

(SD 6.58); psychoeducation
arm 21.45 (SD 6.42)

Y-BOCS, OCI-R,

BDI-SFu
myMCT n=43; duration 4 weeks; device:
pdf file through email; exposure: no; cogni-
tive modification: yes (metacognitive train-
ing); Waiting list n=43; duration 4 weeks.

Age: myMCT arm 34.95 (SD
11.87); waiting list arm 34.09
(SD 9.41); Severity (Y-BOCS):
myMCT arm 18.6 (SD 6.86);
waiting list arm 19.98 (SD 5.9)

Dx: OCDt diagnosis
made by health care pro-
fessionals; Sex: myMCT
arm: 62.8% women;
waiting list arm: 72.1%;
Meds: yes

Moritz et al 2010
[33]; recruited
from internet fo-
rums; RCT

Y-BOCS, OCI-R,
BDI

AS n=43; duration 4 weeks; exposure: no;
cognitive modification: yes (association
splitting); device: treatment manual through

Age: AS arm 36.0 (SD 9.81);
waiting list arm 36.3 (SD 9.66);
Severity (Y-BOCS): AS arm

Dx: OCD diagnosis made
by health care profession-

als; Sex: ASv arm: 56.5%

Moritz & Jelinek
2011 [34]; recruit-
ed from internet
forums; RCT email; interaction: no; gamification: no;

Waiting list n=43; duration 4 weeks
21.96 (SD 8.17); waiting list
arm 22.83 (SD 6.66)

women; waiting list arm:
78.3%; Meds: yes

Y-BOCS, OCI-R,

ICQx, WHOQOL-

BREFy

IBT n=25; duration 4 weeks; exposure: no;
cognitive modification: yes (association
splitting); device: treatment manual through
email; interaction: no; gamification: no;
Waiting list n=25; duration 4 weeks

Age: IBT arm 36.88 (SD
13.14); waiting list arm 34.32
(SD 10.79); Severity (Y-
BOCS): IBT arm 22.64 (SD
7.56); waiting list arm 21.48
(SD 7.38)

Dx: externally verified
diagnosis of OCD; Sex:

IBTw arm: 64% women;
waiting list arm: 60%;
Meds: yes

Moritz et al 2015
[37]; English-
speaking self-help
groups and institu-
tions devoted to re-
search and treat-
ment of OCD;
RCT

Y-BOCS, OCI-R,

PHQ-9z, Maladaptive

myMCT n=36; duration 6 weeks; exposure:
yes (ERP); cognitive modification: yes;
other: mindfulness; device: treatment man-

Age: myMCT arm 38.17 (SD
11.96); waiting list arm 39.34
(SD 14.52); Severity (Y-

Dx: diagnosis by a men-
tal health specialist; Sex:
myMCT arm: 71.4%

Moritz et al 2018
[36]; online forum
on OCD, Facebook and Adaptive Coping

Scale, PSQ*aaual through email; interaction: no; gamifica-
tion: no; Waiting list n=36; duration 6
weeks

BOCS): myMCT arm 23.09
(SD 5.93); waiting list arm
21.74 (SD 6.23)

women; waiting list arm:
82.9%; Meds: yes

OCD group, Ya-
hoo newsgroups
devoted to OCD;
RCT

Y-BOCS, OBQ-CVdd,

RCADSee, CDIff

CBM-I n=12; duration 1.6 weeks; exposure:
yes (interoceptive exposure); cognitive
modification: yes (cognitive bias modifica-

Age: CBM-I arm 15.6 (SD 2.4);
psychological placebo arm 9
(SD 15.1); Severity (Children’s

Dx: DSM-IV-TR bb; Sex:

CBM-Icc arm: 55.6%
women; psychological

Salemink et al
2015 [27]; Europe;
RCT

tion training); device: computer; interaction:Y-BOCS): CBM-I arm 23.9
placebo arm: 71.4%;
Meds: yes

yes; gamification: no; Waiting list n=9; du-
ration 1.6 weeks

(SD 7.6); psychological place-
bo arm, 20.4 (SD 4.3)

Y-BOCS, OCI-R,

BDI-SF, RSEShh
COMET n=34; duration 4 weeks; exposure:
yes (interoceptive exposure); cognitive
modification: yes (competitive memory

Age: COMET arm 37.47 (SD
10); psychological placebo arm
37.06 (SD 10.3); Severity (Y-

Dx: diagnosis by a health
care professional; Sex:

COMETgg arm: 55.9%

Schneider et al
2015 [32]; recruit-
ed from self-help
forum through in-
ternet; RCT

training); device: pdf manual through email;
interaction: no; gamification: no; Waiting
list n=34; duration 4 weeks

BOCS): COMET arm 18.5 (SD
5.95); waiting list arm 19.84
(SD 5.99)

women; waiting list arm:
61.3%; Meds: yes
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OutcomesInterventionsParticipantsAuthor; year; cita-
tion; country; study
design

Age (years), mean (SD); base-
line severity, mean (SD)

Diagnosis; sex; medica-
tions

Y-BOCS, OCI-R,

OBQ-44kk, WHO-
QOL-BREF

iCBT n=64; duration 8 weeks; exposure:
yes (ERP); cognitive modification: yes
(metacognitive training); other, mindful-
ness; device: computer (text, video, audio,
photo, illustration); interaction: yes; gamifi-
cation: no; CAU n=64; duration 8 weeks

Age: iCBT arm 41.45 (SD
12.15); CAU arm 38.98 (SD
11.55); Severity (Y-BOCS):
iCBT arm 20.2 (SD 6.29); CAU
arm 20.17 (SD 5.73)

Dx: Y-BOCS >7; Sex:

iCBTii arm: 75% women;

CAUjj arm: 78.13%;
Meds: yes

Schröder et al 2020
[29]; Europe; RCT

Y-BOCS, DOCSll,
PHQ-9

ICBT n=90; duration 8 weeks; exposure:
yes (ERP); cognitive modification: no; de-
vice: text-based online slides; interaction:
no; gamification: no; Waiting list n=100;
duration 8 weeks

Age: ICBT arm 34.03 (SD
10.8); waiting list arm 33.39
(SD 10.25); Severity (Y-
BOCS): ICBT arm 22.52 (SD
4.91); waiting list arm 22.44
(SD 5.55)

Dx: Y-BOCS ≥14; Sex:

ICBTkk arm: 81.5%
women; waiting list arm:
81.3%; Meds: yes

Wootton et al 2019
[38]; cross-conti-
nental; RCT

aRCT: randomized controlled trial.
bOCI-R: Obsessive-Compulsive Inventory–Revised.
cCCT: computerized cognitive control.
dPVT: peripheral vision training.
emeds: adjunctive medications.
fBDI-II: Beck Depression Inventory–Second Edition.
gPANAS: Positive and Negative Affectivity Scale.
hPSWQ: Penn State Worry Questionnaire.
iDSM-IV: Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition.
jY-BOCS: Yale-Brown Obsessive-Compulsive Scale.
kBT STEPS: Behavior Therapy Self-Help System.
lERP: exposure and response prevention.
mPGI-I: Patient Global Impression of Improvement.
nCGI scale: Clinical Global Impression scale.
oWSAS: Work and Social Adjustment Scale.
pHAM-D: Hamilton Depression Rating Scale.
qSRI: serotonin reuptake inhibitor.
rBDI: Beck Depression Inventory.
sOBQ: Obsessive Belief Questionnaire.
tOCD: obsessive-compulsive disorder.
uBDI-SF: Beck Depression Inventory–Short Form.
vAS: association splitting.
wIBT: inference-based therapy.
xICQ: Inferential Confusion Questionnaire.
yWHOQOL-BREF: Brief Quality of Life Questionnaire of the World Health Organization.
zPHQ-9: Patient Health Questionnaire.
aaPSQ: Patient Satisfaction Questionnaire.
DSM-IV-TR: Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition, Text Revision
ccCBM-I: Cognitive Bias Modification of Interpretation training.
ddOBQ-CV: Obsessive Belief Questionnaire–Child Version.
eeRCADS: Revised Child Anxiety and Depression Scale.
ffCDI: Children’s Depression Inventory.
ggCOMET: Competitive Memory Training.
hhRSES: Rosenberg Self-Esteem Scale.
iiiCBT: internet-based cognitive-behavioral therapy.
jjCAU: care-as-usual.
kkOBQ-44: Obsessive Belief Questionnaire–44 item.
llDOCS: Dimensional Obsessive-Compulsive Scale.
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Bias Arising From Randomization Process
Most of the studies did not provide information on allocation
sequence concealment. Of those who provided details, Schneider
et al [32] used an online randomization and allocation system,
Salemink et al [27] suspected baseline imbalance, and Wootton
et al [38] did not blind allocation to the clinician assessing
participants.

Bias Due to Deviations From Intended Interventions
Six studies used waiting lists [25-27,29-31], and the other 5
used psychological placebo or treatment as control arms [19-23].
The percentage of dropouts was unbalanced between the arms
and probably affected the results except for 2 studies, where the
authors conducted analyses to confirm the deviations did not
affect the outcome [33,38].

Bias Due to Missing Outcome Data
Most of the studies were missing more than 5% of the data,
were unbalanced, and neglected to provide reasons for dropouts
[19-22,25-27,29,30]. One study, however, had no missing data
[30], and another conducted an analysis to prove that
missingness did not affect the true value [38].

Bias in Measurement of Outcome
Primary efficacy outcome was measured by the self-rated
Y-BOCS. It was unclear if knowledge of the intervention
influenced the results.

Bias in Selection of Reported Results
We found the protocol for the RCT by Schröder et al [29] but
no others; therefore, selection of the reported results was unclear.

Primary Outcomes

Short-term Subjective Improvement of OCD Symptoms
Unguided computer-assisted self-help therapy was more
effective than the waiting list and psychological placebo in
terms of short-term subjective improvement of OCD symptoms
(SMD −0.47, 95% CI −0.73 to −0.22; 9 studies; 659

participants). There was moderate heterogeneity (I2=59%;

Tau2=0.09; Figure 3). The quality of evidence was very low
due to the risk of bias of the included studies and inconsistency
of the results.

Figure 3. Forest plot of short-term improvement of obsessive-compulsive disorder symptoms. ERP: exposure and response prevention.

Heterogeneity decreased to 24% after we excluded a study that
reported a large number of dropouts before the intervention
began [38]. This may have caused participants with high
motivation to start the intervention, exaggerating the therapeutic
effect. The improvement in OCD symptoms in the intervention
arms remained larger than that in the control arms after
exclusion of the study (SMD −0.38, 95% CI −0.58 to −0.18; 8
studies; 554 participants).

We imputed standard deviations in 2 studies [33,34]. The
exclusion of these studies did not substantially change the result
(SMD −0.44, 95% CI −0.76 to −0.12; 7 studies; 560
participants). The sensitivity analysis without studies targeted
to child and adolescent [27] did not substantially change the
result (SMD –0.51; 95% CI, –0.56 to –0.04; 8 studies; 643

participants; I2=61%).

The subgroup analysis limited to those with ERP tended to
strengthen the efficacy of unguided computer-assisted self-help
therapy (SMD −0.64, 95% CI −1.02 to −0.27; 4 studies; 378

participants; I2=69%) [26,29,36,38,40] compared with those
without ERP (SMD −0.26, 95% CI −0.51 to −0.02; 5 studies;

281 participants; I2=3%) [27,28,33,34,37]. The test for subgroup
difference suggested a subgroup difference (P=.10).

The majority of the studies only sent the treatment manual via
email. The subgroup analysis limited to those studies with
treatment manual showed that the intervention was more
effective than the control arm (SMD −0.44, 95% CI −0.68 to

−0.20; 6 studies; 442 participants; I2=66%) [26,28,33,34,36,37].
In comparison, the analysis limited to those using computer
display showed no significant difference between the
intervention and control groups (SMD −0.46, 95% CI −1.21 to
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0.29; 3 studies; 217 participants; I2=83%; Multimedia Appendix
3) [27,29,38]. The test for subgroup difference showed no
significant subgroup difference (P=.96). This tendency became
more evident after excluding a study where dropouts were
relatively large before the interventions started (SMD −0.17,

95% CI −0.54 to 0.20; 2 studies; 112 participants; I2=0%)
[27,29]. However, the test for subgroup difference still showed
no significant subgroup difference (P=.24).

The subgroup analysis limited to studies with some kind of
interaction with systems showed no significant difference
between the intervention and control groups (SMD −0.38, 95%

CI –0.84 to 0.09; 3 studies; 233 participants; I2=60%) [26,27,29],
whereas an analysis limited to studies without interaction
showed the intervention was more effective than the control
arm treatment (SMD −0.52, 95% CI −0.87 to −0.17; 6 studies;

426 participants; I2=55%). The test for subgroup difference
showed no significant subgroup difference (P=.63; Multimedia
Appendix 4).

In terms of duration of the intervention, studies with 4 weeks
or less of intervention showed no significant difference between
the intervention and control groups (SMD −0.20, 95% CI −0.45

to 0.06; 4 studies; 247 participants; I2=0%) [27,28,33,37],
whereas those with a duration of over 4 weeks showed that
interventions were more effective than control (SMD −0.64,

95% CI −1.02 to −0.27; 4 studies; 378 participants; I2=69%;
Multimedia Appendix 5) [26,29,36,38]. The test for subgroup
difference suggested a subgroup difference (P=.05). The number
of sessions conducted was unclear, as they were self-help
interventions.

The subgroup analysis limited to studies with waiting list as
control arm showed that the intervention was significantly more
effective than the waiting list (SMD −0.56, 95% CI −0.91 to

−0.22; 6 studies; 314 participants; I2=51%) [27,33,34,36,38],
whereas studies with psychological placebo as control arm
showed no significant difference between the intervention and
control groups (SMD −0.35, 95% CI −0.74 to 0.03; 3 studies;

345 participants; I2=69%). The test for subgroup difference
showed no significant subgroup difference (P=.43; Multimedia
Appendix 6).

Dropout for Any Reason at Posttreatment
Unguided computer-assisted self-help therapy had more
dropouts for any reason than waiting list or psychological
placebo (risk ratio [RR] 1.98, 95% CI 1.21 to 3.23; 11 studies,
983 participants; Figure 4). The visual inspection of the funnel
plot suggested publication bias (Figure 5). In fact, there was

considerable heterogeneity (I2=79%, Tau2=0.41). The quality
of evidence was very low due to the risk of bias, inconsistency
of results, and suspected publication bias.

Heterogeneity decreased to 29% after excluding a study that
had also been excluded from the sensitivity analysis of the
short-term improvement of OCD symptoms [38]. The dropouts
for any reason in the intervention arm were still larger than those
in the control arms after exclusion of the study (RR 2.19, 95%
CI 1.56 to 3.07; 11 studies; 793 participants).

The sensitivity analysis without studies targeted to child and
adolescent [27] did not substantially change the result (RR 2.06,

95% CI 1.23 to 3.45; 10 studies; 962 participants; I2=82%).

Figure 4. Forest plot of dropout for any reason at posttreatment.
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Figure 5. Funnel plot to assess for publication bias of dropout for any reason.

The subgroup analysis limited to those with ERP showed no
significant difference between the intervention and control arms
in dropout for any reason (RR 1.51, 95% CI 0.76 to 3.00; 4

studies; 539 participants; I2=89%) [26,29,36,38]. Among these
4 studies, the 2 with manual-based treatment had significantly
more dropouts in the intervention arm than in the control arm

(RR 2.47, 95% CI 1.76 to 3.47; 221 participants; I2=0%) [26,36],
and the 2 with online slide or video, audio, photo, and
illustration were not significantly different from the control arm
in dropout for any reason (RR 0.86, 95% CI 0.65 to 1.13; 4

studies; 318 participants; I2=10%) [29,38]. The studies with
manual-based treatment [26,36] had intervention durations of
10 weeks and 6 weeks, respectively; the online interventions
[29,38] were both 8 weeks in duration. The analysis limited to
those without ERP showed that the intervention arm had
significantly more dropout for any reason than the control arm
(RR 2.54, 95% CI 1.53 to 4.19; 7 studies; 444 participants;

I2=15%) [27,28,30,32-34,37].

The subgroup analysis limited to those using computer display
showed no significant difference between the intervention and
control group with respect to dropout for any reason (RR 0.85,

95% CI 0.67 to 1.08; 3 studies; 339 participants; I2=0%)
[27,29,38]. The analysis of studies using a treatment manual
showed that the intervention had significantly more dropout for
any reason than the control arm (RR 2.55, 95% CI 1.93 to 3.36;

8 studies; 644 participants; I2=0%; Multimedia Appendix 7)
[26,28,30,32-34,36,37]. The test for subgroup difference
suggested a subgroup difference (P=.05).

The subgroup analysis limited to studies with some kind of
interaction with systems showed that the intervention arm had
a significantly higher dropout for any reason than the control
(RR 1.65, 95% CI 0.89 to 3.06; 3 studies; 233 participants;

I2=60%) [26,27,29]. This trend was the same as the analysis of
those without interaction (RR 2.33, 95% CI 1.11 to 4.88; 8

studies; 685 participants; I2=82%; Multimedia Appendix 8).
The test for subgroup difference showed no significant subgroup
difference (P=.48). There was substantial heterogeneity in both
analyses.

In terms of duration of the intervention, studies with
interventions of 4 weeks or less had significantly more dropouts
than the control arm (RR 2.54, 95% CI 1.53 to 4.19; 7 studies;

444 participants; I2=15%), whereas those with more than 4
weeks of intervention showed no significant difference in
dropout for any reason between the intervention and control
arms (RR 1.51, 95% CI 0.76 to 3.00; 4 studies; 539 participants;

I2=89%; Multimedia Appendix 9). The test for subgroup
difference showed no significant subgroup difference (P=.23),
The latter analysis included the same studies as the analysis of
studies with ERP.

The subgroup analysis by control arm showed that the
intervention group had significantly more dropouts for any
reason than control groups (waiting list control RR 1.79, 95%

CI 1.24 to 2.58; 7 studies; 530 participants; I2=78%; others RR

2.76, 95% CI 1.73 to 4.38; 4 studies; 453 participants; I2=81%;
Multimedia Appendix 10).

Secondary Outcomes

Short-term Response Rate
The unguided computer-assisted self-help therapy had a more
short-term response than the waiting list/psychological placebo
(RR 1.93, 95% CI 1.16 to 3.21; 2 studies; 249 participants).

Heterogeneity was negligible (I2=18%, Tau2=0.02).

Short-term Improvement of Anxiety
One study evaluated short-term improvements in anxiety [27].
There was no significant difference between the unguided
computer-assisted self-help therapy and waiting
list/psychological placebo in the improvement of anxiety (mean
difference [MD] −6.20, 95% CI −20.38 to 7.98; 1 study; 16
participants).

Short-term Improvement of Depression
The improvement in depression was significantly greater in
unguided computer-assisted self-help therapy than in the waiting
list/psychological placebo (SMD −0.19, 95% CI −0.35 to −0.02;
7 studies; 560 participants). Heterogeneity was negligible

(I2=0%, Tau2=0). The sensitivity analysis without studies
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targeted to child and adolescent [27] did not substantially change
the result (SMD –0.18, 95% CI –0.35 to –0.01; 6 studies; 544

participants; I2=0%).

Quality of Life
There was no significant difference in short-term improvement
of QOL between the unguided computer-assisted self-help
therapy and waiting list/psychological placebo (MD 0.48, 95%
CI −4.06 to 5.03; 2 studies; 134 participants). Heterogeneity

was negligible (I2=0%, Tau2=0).

Other Outcomes
No study has evaluated outcomes longer than 6 months. One
study evaluated the Y-BOCS and Beck Depression
Inventory–Second Edition (BDI-II) at 6 months [28]. There was
no difference in the improvement of Y-BOCS (MD 0.46, 95%
CI −2.02 to 2.94; 128 participants) and BDI-II (MD 0.47, 95%
CI −2.65 to 3.59; 128 participants) at 6 months between
unguided computer-assisted self-help therapy and waiting
list/psychological placebo.

Discussion

Summary of Main Outcomes
We included 11 studies with a total of 983 participants. The
results indicated that unguided computer-assisted self-help
therapy was moderately more effective than waiting lists or a
attention placebo, which was confirmed by sensitivity analyses.
In addition, there were no significant differences in acceptability
as measured by dropout for any reason between the 2 arms.

Subgroup analysis limited to studies with ERP or interventions
of 4 weeks or less tended to strengthen the efficacy of unguided
computer-assisted self-help therapy, although the number of
included studies in these analyses was small. Moreover, there
was no significant difference in efficacy between the 2 groups
when the analysis was limited to studies using computer display
or studies with the interaction between participants and systems.

For the acceptability measured by dropout for any reason,
subgroup analysis limited to studies with ERP did not change
the result, but the intervention arm had more dropouts when the
analysis was limited to studies using treatment manual via email.
In terms of intervention duration, analysis limited to studies of
4 weeks or less showed that the intervention arm had a greater
number of dropouts than the control arm.

Short-term responses for secondary outcomes supported the
efficacy of unguided computer-assisted self-help therapy;
however, only 2 studies were included in the analysis. The
short-term improvement of depression was greater with
unguided computer-assisted therapy, but 2 studies reported no
significant difference in the improvement of QOL and 1 study
reported no difference in level of anxiety. There are no studies
with long-term outcomes.

Comparison With Other Systematic Reviews and
Strengths of This Review
There were 3 systematic reviews and meta-analyses related with
this study. All results favored the interventions. Firth et al [12]

indicated a small-to-moderate effect (Hedges g=0.325) of a
smartphone intervention on the total symptoms of anxiety in
comparison with control conditions, which did not exclude
face-to-face support. Tumur et al [10] showed that the effect
size of Y-BOCS in a computer-assisted CBT intervention named
BT Step was 0.84, which was the only intervention included in
the analysis. The study conducted by Peacy et al [11], which
was most similar to this study, showed that the effect size of
self-administered self-help intervention was small (Hedges
g=0.33).

In accordance with previous reviews, our review favored
unguided computer-assisted self-help therapy against control
arms, and the effect size was moderate (SMD −0.47). Although
Pearcy et al [11] showed a small effect size of the intervention,
they included quasi-experimental studies, and the RCT
conducted by Greist et al [26] was misclassified to
predominantly self-help; the study author confirmed was a
self-administered therapy upon our inquiry.

This review reveals the acceptability of self-guided
computer-assisted therapy for OCD measured by dropout for
any reason. Future systematic reviews on self-guided OCD
therapy should include the analysis of acceptability as one of
the problems of self-guided therapy [41,42].

Importance of ERP and Comparison to Intervention
With Human Contact
This study reconfirmed the importance of ERP in the treatment
of OCD. The results of the meta-analysis showed that
interventions with ERP were significantly more effective than
those without ERP. However, human contact may strengthen
the effect of ERP. The past meta-analyses on intervention with
ERP compared with control condition showed that the SMDs
of obsessive-compulsive symptoms were 1.16 and 0.74,
respectively [14,15]. The former did not include
computer-assisted interventions and the latter did. Our results
showed that the effect of unguided computer-assisted self-help
interventions without human contact expressed as SMD was
0.64. These facts suggest the importance of human contact in
ERP. In fact, one of the meta-analyses listed above showed that
the SMD of therapist-controlled ERP (SMD 1.58) was greater
than that of self-controlled ERP (SMD 0.81) [15]. Unguided
computer-assisted self-help interventions without human contact
should include ERP, and future studies should examine what
factors of human contact strengthen the effect of ERP.

Duration of Intervention and Its Influence on Effect
and Dropouts
Our results showed that interventions with a duration over 4
weeks were more effective and tended to have fewer dropouts
than interventions of 4 weeks or less. Avoiding interventions
shorter than 4 weeks is recommended, considering the negligible
heterogeneity of the results. However, it is unclear how long
the intervention should be.

Several studies indicated that increment of treatment effect
would decrease as the number of sessions increases [16,43],
and a study suggested that patients tend to end therapy when
they are satisfied with their improvement [17]. An intervention

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35940 | p.245https://www.jmir.org/2022/4/e35940
(page number not for citation purposes)

Imai et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


with a flexible number of sessions may be one option to
determine the optimal number of sessions.

Comparison With Other Apps
One systematic review showed that highly rated anxiety apps
contain gamification (32%) and social elements including chat
and communication with others (46%) [44]. The studies included
in our systematic review did not use gamification or mobile
devices, and only 2 studies used interaction. Future studies of
self-guided computer-assisted therapy for OCD should include
these elements to increase efficacy and acceptability.

Limitations
This study has several limitations. First, this study did not
include active interventions as a comparison. While this would
increase the number of included studies and precision, such an
analysis may lead to an underestimation of the target
intervention’s efficacy. Second, the overall risk of bias of the
included studies was high, which led to downgrading the quality
of evidence. However, this was unavoidable since a waiting list
was the comparison arm, and the primary efficacy outcome was
measured using a self-administered questionnaire. Future studies
should use a psychological placebo to keep participants blinded
to the intervention and the objective outcomes. Third, we did
not consider sponsorship bias, which may favor the results of
the intervention. However, as it seems that all authors developed

the intervention, the results of this review may have
overestimated the effect. The test of sponsorship bias should
be initiated at the study design level. Fourth, the heterogeneity
of results was moderate to considerable. This suggests that
various factors are related to the effect of the computer-assisted
self-help interventions in patients with OCD, such as the module,
duration, modality of presenting intervention, gamification, and
intervention. The number of studies on the computer-assisted
self-help interventions in patients with OCD is still small, as
shown in this study. More studies to explore and optimize the
effect of the intervention should be conducted.

Conclusions
Our study suggests that unguided computer-assisted self-help
therapy for OCD is effective compared to waiting lists or
psychological placebo. An ERP component and intervention
duration of more than 4 weeks may strengthen the efficacy
without worsening the acceptability of the therapy.

However, the included studies did not effectively use the merits
of computerization. Few studies have examined the interaction
between participants and systems, and none of the studies used
gamification. Furthermore, most studies only used text-based
interventions. No study used a mobile device. Portability seems
to be useful for intervention components, such as self-monitoring
and in vivo exposure; therefore, future studies should examine
these factors.
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RR: risk ratio
SMD: standardized mean difference
Y-BOCS: Yale-Brown Obsessive-Compulsive Scale
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Abstract

Background: The poor coverage of essential maternal services, such as antenatal care (ANC) and skilled delivery care utilization,
accounts for higher maternal and infant mortality in low- and middle-income countries (LMICs). Although mobile health (mHealth)
interventions could potentially improve the service utilization in resource-limited settings, their effectiveness remains unclear.

Objective: This review aimed to summarize the effect of mHealth interventions on improving the uptake of ANC visits, skilled
birth attendance at the time of delivery, and facility delivery among pregnant women in LMICs.

Methods: We conducted a comprehensive search on 9 electronic databases and other resources from inception to October 2020.
We included individual randomized controlled trials and cluster randomized controlled trials that assessed the effectiveness of
mHealth interventions for improving perinatal health care utilization among healthy pregnant women in LMICs. We performed
a random-effects meta-analysis and estimated the pooled effect size by using risk ratios (RRs) with 95% CIs. In addition, 2
reviewers independently assessed the risk of bias of the included studies by using the Cochrane risk of bias tool and the certainty
of the evidence by using the Grading of Recommendation, Assessment, Development and Evaluation approach.

Results: A total of 9 studies (10 articles) that randomized 10,348 pregnant women (n=6254, 60.44% in the intervention group;
n=4094, 39.56% in the control group) were included in this synthesis. The pooled estimates showed a positive effect of mHealth
interventions on improving 4 or more ANC visit utilizations among pregnant women in LMICs, irrespective of the direction of

interventions (1-way communications: RR 2.14, 95% CI 1.76-2.60, I2=36%, 2 studies, moderate certainty; 2-way communications:

RR 1.17, 95% CI 1.08-1.27, I2=59%, 3 studies, low certainty). Only 2-way mHealth interventions were effective in improving

the use of skilled birth attendance during delivery (RR 1.23, 95% CI 1.14-1.33, I2=0%, 2 studies, moderate certainty), but the

effects were unclear for 1-way mHealth interventions (RR 1.04, 95% CI 0.97-1.10, I2=73%, 3 studies, very low certainty) when
compared with standard care. For facility delivery, the interventions were effective in settings where fewer pregnant women used

facility delivery (RR 1.68, 95% CI 1.30-2.19, I2=36%, 2 studies, moderate certainty); however, the effects were unclear in settings

where most pregnant women already used facility delivery (RR 1.01, 95% CI 0.97-1.04, I2=0%, 1 study, low certainty).

Conclusions: mHealth interventions may contribute to improving ANC and skilled delivery care utilization among pregnant
women in LMICs. However, more studies are required to improve their reproducibility and efficiency or strengthen the evidence
of different forms of mHealth interventions because of the considerable heterogeneity observed in the meta-analyses.

Trial Registration: PROSPERO CRD42020210813; https://tinyurl.com/2n7ny9a7
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Introduction

Background
Despite progress in improving global maternal mortality, it
remains unacceptably high, particularly in low- and
middle-income countries (LMICs) [1]. Reducing complications
during and following pregnancy and childbirth, when most
complications occur, can reduce or prevent maternal mortality.
Skilled care during and following pregnancy and childbirth
could reduce complications and may result in preventing
maternal deaths. Studies conducted in Tanzania and Ethiopia
have confirmed the ability of antenatal care (ANC) and skilled
birth attendance (SBA) during labor and delivery to reduce
maternal mortality [2-4].

Globally, most pregnant women have access to ANC with a
skilled health professional (eg, physician, nurse, or midwife) at
least once, but only 65% receive the World Health
Organization–recommended number of at least four ANC visits,
and 81% of births occur with the assistance of skilled health
personnel [5]. Although there has been a significant
improvement in the coverage for SBA and facility delivery in
the last decade, millions of births still occur annually without
any assistance from a skilled health professional [6]. Several
factors prevent pregnant women from receiving the care
provided by skilled health personnel during pregnancy and
childbirth, such as lack of information, limited preventive health
education, limited access to maternal health services owing to
poverty or distance factors, poor administration, shortage of
health care professionals, and inadequate or poor-quality
services [7,8].

In LMICs, only approximately half of pregnant women receive
4 or more ANC visits, and the rate of skilled delivery care
including SBA and facility delivery is relatively poor [5].
Moreover, the lowest levels of ANC and skilled delivery
coverage are observed in regions where maternal mortality
remains excessively high. For instance, the coverage for 4 or
more ANC visits was 49% in South Asia and 52% in
sub-Saharan Africa [5]. In terms of SBA at the time of delivery,
the coverage was 60% in sub-Saharan Africa and 77% in
Southern Asia, whereas other World Health Organization
regions have achieved universal coverage [5]. The poor coverage
of ANC and SBA accounted for the higher maternal mortality
in these regions. Hence, a faster pace of progress is required to
improve the coverage of ANC and skilled delivery in these
high-burden regions.

In the last decade, mobile phone coverage has rapidly increased
worldwide. The International Telecommunication Union
reported that global mobile phone subscriptions crossed >7
billion in 2015, and mobile phone penetration reached over 90%
in LMICs [9]. Thus, mobile phone penetration has the potential
to strengthen existing health care service utilization, particularly
ANC, SBA, and facility delivery services, in resource-limited

settings in a cost-effective manner. Mobile health (mHealth)
interventions are becoming more widespread in LMICs because
the technology involved is more rapid and accessible than
internet access. Labrique et al [10] reported on 12 mHealth
applications that could respond to various health issues. Most
mHealth interventions are designed to promote behavior change
in patients or health personnel by providing health care
reminders, health advice, health education, health information
and facilitating referral, or access to health facilities or
point-of-care remote consultation. Numerous models of mHealth
interventions have been used to support pregnant women during
and following pregnancy and childbirth in LMICs [11]. Previous
studies have reported that mHealth interventions may be capable
of and effective in improving essential maternal health care
service utilization in LMICs [12-21]. Most of the systematic
reviews narratively synthesized the available literature and
reported a great potential for mHealth interventions to change
maternal health care–seeking behaviors and showed a positive
effect on improving ANC, SBA, postnatal care, or childhood
immunization [12,14,15,18,22]. However, most evidence comes
from observational studies and pilot or small-scale mHealth
intervention studies, and researchers have expressed concerns
about the study quality [12,14,15,18,22].

Although mHealth interventions have shown a great potential
for behavior change more broadly, there are relatively few
rigorous evaluations assessing the effectiveness of mHealth
interventions on the uptake of ANC, SBA, and facility delivery
utilization among pregnant women [19,21]. A recent systematic
review reported a significantly higher mean of ANC attendance
in mHealth interventions than standard care, but the result
remains inconclusive because of the higher statistical
heterogeneity among the studies; they also summarized
randomized controlled trials (RCTs) and non-RCTs together
into the meta-analysis [21]. Another systematic review
considered RCTs to rigorously evaluate the effectiveness of
mHealth interventions, and a meta-analysis based on a limited
number of studies found a positive effect on improving 4 or
more ANC visits and SBA outcomes [19]. Owing to higher
statistical heterogeneity and the limited number of studies for
each outcome, the evidence remains inconclusive [19]. To the
best of our knowledge, no systematic review has reported on
the effectiveness of mHealth interventions in improving facility
delivery outcomes. Therefore, a rigorous evaluation of high-level
studies is required to assess the effects of mHealth interventions
on ANC and skilled delivery care utilization (SBA and facility
delivery) in LMICs. This review further summarizes the findings
of high-level studies (such as RCTs) and provides a clear
direction to health practitioners, researchers, and policy makers.

Objectives
The objective of this review is to explore and synthesize the
effects of mHealth interventions on improving the uptake of
ANC visits, SBA at the time of delivery, and facility delivery
among healthy pregnant women in resource-limited settings.
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Methods

Protocol Registration and Review Guideline
The review protocol was registered in the PROSPERO database
(CRD42020210813) [23]. The guideline of PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
was followed for reporting this systematic review and
meta-analysis [24].

Search Methods for Study Identification
Using a highly sensitive search strategy, we conducted a
comprehensive search from inception to October 2020 to
identify RCTs, including cluster RCTs, in the following
electronic databases: APA PsycINFO, British Nursing Index,
CINAHL Plus, Embase, MEDLINE, POPLINE, PubMed, The
Cochrane Library, and Web of Science. We used controlled
vocabulary and text words for each database. The search terms
were grouped into three major categories of interest: participants
(pregnant women), interventions (mHealth interventions), and
study designs (RCTs). We did not limit our search to language,
date, or publication type to include all published studies.
Moreover, we checked the reference lists of all the included
studies and relevant systematic reviews to identify additional
potential studies for inclusion. The details of the search
strategies for each database are provided in Multimedia
Appendix 1.

Study Eligibility Criteria

Overview
The study eligibility criteria were defined using the following
PICOS (participants, interventions, comparisons, outcomes,
and study designs or settings) framework. A study was included
if it met all the following criteria.

Participants
We included the study if it was conducted on healthy pregnant
women aged 15 to 49 years. If the study included a high-risk
population, such as pregnant women with HIV/AIDS, cancer,
preeclampsia, or other severe diseases at baseline, it was
excluded because of higher medical adherence before
intervention implementation among these groups. We considered
low- or average-risk pregnant women, not high-risk pregnant
women, as healthy pregnant women.

Interventions
We included all types of mHealth interventions that focused on
improving perinatal health care utilization, including SBA and
facility delivery.

Comparisons
We included studies that compared the effectiveness of any
form of mHealth intervention (eg, voice calling, SMS text
messaging, mobile apps, and videos) with standard care.

Outcomes
We included studies that reported ANC visits and skilled
delivery care utilization, such as facility delivery and SBA
during delivery.

Study Designs
We considered only RCTs and cluster RCTs in this review.
Qualitative studies, case studies, cross-sectional studies,
quasi-RCTs, quasi-experimental studies (controlled before and
after studies), review studies, discussion papers, case reports,
commentaries, editorials, expert opinions, and ongoing research
with insufficient PICOS information were excluded.

Settings
We included studies conducted in LMICs based on the World
Bank categories at the time of study implementation [25].

Study Selection Process
Two reviewers (MOR and NY) independently screened the titles
and abstracts of all retrieved studies and identified potentially
relevant studies using the predefined study eligibility criteria.
To assess their eligibility in detail, they independently critiqued
all potentially relevant studies during the full-text screening
stage. In both stages, disagreements were resolved through
discussion or by a third reviewer (YN or EO), when required.
We recorded the reasons for exclusion of all studies in the
full-text screening stage and reported them in a PRISMA study
flow diagram. We used EndNote (Niles Software) reference
management software and the Rayyan Qatar Computing
Research Institute tool in the study selection process [26].

Study Quality Assessment
Two reviewers (MOR and NY) independently assessed the risk
of bias of the included studies using the Cochrane risk of bias
tool. The tool consists of the following domains: random
sequence generation, allocation concealment, blinding of
participants and personnel, blinding of outcome assessment,
incomplete outcome data, selective outcome reporting, and other
bias. For the domain of blinding of participants and personnel,
we considered blinding of personnel only as blinding, because
the nature of mHealth interventions, may not be possible to
study participants. We classified the studies with high, low, and
unclear risks of bias based on the Cochrane Handbook [27].
Any discrepancies were solved through discussion or by a third
reviewer (YN or EO).

Certainty of Evidence Assessment
We evaluated certainty of evidence for ANC, SBA, and facility
delivery outcome using the Grading of Recommendation,
Assessment, Development and Evaluation (GRADE) system
[28]. The GRADE system considered the judgment on the
following factors while assessing the confidence in the evidence
based on RCT studies: study limitations (risk of bias),
inconsistency (statistical heterogeneity), indirectness (PICO
[participants, interventions, comparisons, and outcomes] and
applicability), imprecision (number of events and CIs), and
publication bias. On the basis of the judgment of each factor,
we classified our evidence as follows: (1) high-certainty
evidence (further research is very unlikely to change the
confidence of the pooled results), (2) moderate-certainty
evidence (further research is likely to have an important impact
on the confidence of the pooled results and may change the
estimate), (3) low-certainty evidence (further research is
extremely likely to have an important impact on the confidence
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of the pooled results and likely to change the estimate), and (4)
very low-certainty evidence (the pooled results have extreme
uncertainty) [28]. We used the GRADEpro web-based platform
to make a summary of findings table, considering the certainty
of evidence.

Data Extraction
Two independent reviewers (MOR and NY) extracted a standard
set of data, including study characteristics, participant
characteristics, description of interventions, and outcome results
from each of the selected studies and were cross-checked. As
in the study selection process, disagreements were resolved
through discussion or by a third reviewer (YN or EO). We
reported key characteristics of the included studies in a separate
table. The data characteristics included, but were not limited
to, author information, year of publication, study location, study
setting, study design, study name, number of participants, study
year, age of participants, gestational age at recruitment,
comparator, types, function, mode and duration of interventions,
intervention provider, and reported outcomes with their results.

Data Synthesis and Analysis
We narratively synthesized study characteristics, participant
characteristics, intervention characteristics and key findings
among all included studies. To summarize the effect size of
mHealth interventions, we used pairwise inverse-variance
random-effects meta-analysis separately for each outcome.
While pooling the effect size, we used risk ratios (RRs) because
our outcome was dichotomous in nature. If the study provided
odds ratios (ORs) and the risk of events in the control group
(assumed control risk [ACR]), we converted ORs into RRs by
using the formula (OR/[1 – ACR × (1 − OR)]) described in the
Cochrane Handbook for Systematic Reviews of Intervention
[29]. The results of the meta-analysis are presented in forest
plots. In the meta-analysis, we used the estimated effective
samples for cluster RCT studies by adjusting their design effect
if the studies reported unadjusted data. Heterogeneity was
assessed by visual inspection of forest plots or tested using the

I2 statistic, and we considered an I2 value >50% to indicate

substantial heterogeneity [29]. If substantial heterogeneity was
found in the meta-analyses, we conducted a subgroup analysis
based on the direction of interventions (1-way vs 2-way
communication) and high baseline coverage of outcomes (80%
or more vs <80%) and reported the subgroup-wise pooled
estimates for each outcome separately. We used funnel plots
and the Egger test to assess publication bias if a meta-analysis
includes 10 or more studies. Statistical significance was defined
as a P value <.05 for all analyses.

Ethics Approval and Consent to Participate
This study did not require ethical approval or consent to
participate, as it used data from published studies.

Results

Study Inclusion
A total of 3085 potentially relevant articles were retrieved from
all targeted electronic databases and other resources. After
removing duplicates in EndNote, 2335 unique articles underwent
initial title and abstract screening. As a result, 67 articles were
retained for a detailed assessment of study eligibility. After
full-text screening, 57 articles that failed to meet the study
eligibility criteria were excluded. The reasons for exclusion are
reported in the PRISMA study flow diagram (Figure 1). Finally,
10 articles (9 studies) from all resources were found to be
suitable for narrative synthesis. We identified 1 gray article by
checking the reference lists of all included studies and relevant
systematic reviews, but the full text was not available [30]. As
we could not check its quantitative information, we narratively
synthesized its results and excluded it from our meta-analysis.

Of all 9 included studies, 6 (67%) assessed the effect of mHealth
interventions on improving the uptake of ANC visits [17,30-34],
5 (56%) on SBA during delivery [16,31-33,35], and 3 (33%)
on facility delivery outcome [31,36,37]. We performed a
meta-analysis for ANC visits and SBA outcomes based on the
direction of interventions (1-way or 2-way communication) and
for facility delivery based on high coverage of outcomes at
baseline (80% or more; Figure 1).
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Figure 1. PRISMA study flow diagram. ANC: antenatal care; PRISMA: Preferred Reporting Item for Systematic Reviews and Meta-Analyses; QRCI:
Qatar Computing Research Institute; RCT: randomized controlled trial; SBA: skilled birth attendance.

Characteristics of the Included Studies
Of all 9 included studies, 6 (67%) were individual RCTs, and
3 (33%) were cluster RCTs (Table 1). Studies were conducted
in Brazil [34], China [30], Ethiopia [31], India [32,35], Kenya
[33,37], Nigeria [36], and Tanzania [16,17] and were published
between 2012 and 2018. A total of 10,348 pregnant women
(n=6254, 60.44% in the intervention groups and n=4094, 39.56%
in the control groups) participated in the studies. The number
of study participants ranged from 116 to 2160 in the intervention
groups and from 100 to 1239 in the control groups.

Interventions were carried out through SMS text messaging
(5/9, 56% studies), voice calling (1/9, 11% studies), SMS text

messaging and mobile voucher (1/9, 11% studies), voice calling
and SMS text messaging (1/9, 11% studies), and voice
messaging and animation film clips (1/9, 11% studies).
Approximately half of the studies used interventions for 1-way
communication (4/9, 44% studies) or 2-way communications
(5/9, 56% studies). The functions of interventions were
categorized into appointment reminder (1/9, 11% studies), health
education or advice and appointment reminder (5/9, 56%
studies), and health education or preventive health information
(3/9, 33% studies). The detailed characteristics of the
interventions and the results of the included studies are presented
in Table 2.
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Table 1. Characteristics of included studies.

Studies, n (%)Characteristics

Study design (n=9)

6 (67)Individual RCTsa

3 (33)Cluster RCTs

Countries (n=9)

1 (11)Brazil

1 (11)China

1 (11)Ethiopia

2 (22)India

2 (22)Kenya

1 (11)Nigeria

1 (11)Tanzania

Publication year (n=9)

1 (11)2012

1 (11)2013

1 (11)2014

1 (11)2015

3 (33)2017

2 (22)2018

Outcomes reported (n=9)

6 (67)4 or more ANCb

5 (56)SBAc

3 (33)Facility delivery

Participants (excluded 1 study; n=10,348)

6254 (60.44)Intervention group

4094 (39.56)Control group

Medium of interventions (n=9)

5 (56)SMS text messaging

1 (11)SMS text messaging and mobile voucher

1 (11)Voice calling

1 (11)Voice calling and SMS text messaging

1 (11)Voice messaging and animation film clips

Direction of interventions (n=9)

4 (44)1-way communication

5 (56)2-way communication

Function of interventions (n=9)

1 (11)Appointment reminder

5 (56)Health education or advice and appointment reminder

3 (33)Health education or preventive health information

aRCT: randomized controlled trial.
bANC: antenatal care.
cSBA: skilled birth attendance.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e34061 | p.256https://www.jmir.org/2022/4/e34061
(page number not for citation purposes)

Rahman et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Characteristics of interventions and results of the included studies.

Key findingsReported outcomesControl groupForm of mHealtha interventions
(medium, direction, and func-
tion)

Country, participants,
study design, sample
size

Authors

Significantly increased skilled
delivery attendance among

SBAd at deliveryRoutine ANCc

and advice

Mobile phone SMS text messag-
ing (twice a week) and mobile
voucher; 2-way communica-

Tanzania; pregnant

women; cluster RCTb;
intervention: n=1311;
control: n=1239

Lund et al,
2012 [16]

pregnant women (ORe 1.69,
95% CI 1.44-1.98)tion; health education and ap-

pointment reminder

Showed positive effect of
health education intervention

4 or more ANC visitsUsual careHealth education intervention
through mobile phone SMS text

China; pregnant wom-
en; individual RCT;

Luo, 2013
[30]

through mobile phone SMSmessaging; 1-way communica-
tion

intervention: not
available; control: not
available

text messaging on 4 or more
ANC visits

Mobile phone services for
pregnant women enhanced 4

4 or more ANC visits,
SBA, other birth out-
comes

Routine care with
no mobile advice
or update support

Mobile phone reminder, up-
dates, and advice: every fort-
nightly of the next visit to the
clinic and given advice and up-

Kenya; pregnant
women; individual
RCT; intervention:
n=191; control: n=206

Fedha, 2014
[33]

or more ANC visits (OR:
2.89, 95% CI 1.51-5.53) and
SBA (OR 2.73, 95% CI 1.60-
4.65)

dates on pregnancy; 2-way
communication

44% of the women received
4 or more ANC visits in the

4 or more ANC visits;
tetanus vaccination and

Routine ANC
and advice

Mobile phone SMS text messag-
ing (twice a week) and mobile
voucher; 2-way communica-

Tanzania; pregnant
women; cluster RCT;
intervention: n=1311;
control: n=1239

Lund et al,
2014 [17]

intervention group versus
31% in the control group

other preventive ser-
vicestion; health education and ap-

pointment reminder

mHealth initiative for promot-
ing higher uptake of ANC
services is highly impactful

SBA, iron and folic
acid tablet intake, and
knowledge on ANC and
their satisfaction

Usual care (no
voice messages
and animation
films)

Preventive health information
via voice messages and anima-
tion film clips (the automated
platform for voice messages);
1-way communication

India; pregnant wom-
en; individual RCT
(where most women
already use a skilled
birth attendant); inter-
vention: n=1162; con-
trol: n=581

Joshi et al,
2015 [35]

Confirmed the positive contri-
bution of SMS text messag-

Role of mobile phone
SMS text messaging on

No SMS text
messaging

SMS text messaging–based
mobile phone reminder interven-
tion; 1-way communication

Ethiopia; pregnant
women; a community-
based RCT; interven-
tion: n=1080 (group

Atnafu et al,
2017 [31]

ing–based mobile phone inter-
vention to most of the select-

MCHf outcomes: 4 or
more ANC visits, SBA,
and facility deliveryT1), n=1080 (group

T2); control: n=1080
ed MCH service indicators,
such as improvement in the
percentage of recommended
number of ANC visit and
percentage of delivery attend-
ed by health workers

Women in the intervention
group had significantly higher

Percentage of pregnant
women coming for at

Routine ANC
and advice as per
hospital protocol

Mobile phone calls, as re-
minders about next visit, and
SMS text messaging on impor-
tant aspects of ANC at regular

India; pregnant wom-
en; individual RCT;
intervention: n=200;
control: n=200

Bangal et al,
2017 [32]

number of ANC visits, con-
sumption of iron tablets,
tetanus toxoid immunization,

least four ANC visits
and percentage of insti-
tutional delivery and
postnatal checkups

intervals; 1-way communica-
tion institutional deliveries and

postnatal checkups as com-
pared with the control group

A bidirectional, mobile
phone–based, SMS text mes-

ANC, tetanus vaccina-
tion, influenza vaccina-

Routine ANCPRENACEL group received a
weekly set of SMS text mes-

Brazil; pregnant
women; cluster RCT;

Oliveira-Cia-
bati et al, 2017
[34] saging service is potentially

useful for improving the cov-
tion, and other preven-
tive services

sages with health education and
health promotion content relat-
ed to pregnancy and childbirth

intervention: n=770
(PRENACEL group:
n=116); control:
n=440

erage of recommended ANC
practices, including syphilis
and HIV testing

and were also able to clarify
ANC queries through SMS text
messaging; 2-way communica-
tion
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Key findingsReported outcomesControl groupForm of mHealtha interventions
(medium, direction, and func-
tion)

Country, participants,
study design, sample
size

Authors

Most of the pregnant women
in the intervention group
(96.6%) expressed support for
the use of SMS text messag-
ing for maternal health promo-
tion. The SMS text messag-
ing–based intervention has a
positive effect on facility de-
livery. A 13% increase was
recorded in the rate of facili-
ty‐based delivery among the
control group between the last
and index degrees, a much
higher 29% increase was
recorded among the interven-
tion group

Attendance of at least
four ANC clinic visits
and delivery in a health
facility

Only received
general health
messages through
SMS text messag-
ing

Pregnant women in the interven-
tion facilities received pregnan-
cy‐related health messages
and reminders for their ANC
appointments through SMS text
messaging and also had the op-
portunity of sending SMS text
messages to the project team to
seek for health information; 2-
way communication

Nigeria; pregnant
women; cluster RCT;
intervention: n=260;
control: n=248

Omole et al,
2018 [36]

Facility delivery was very
high in all 3 arms (98.6%).
The mobile WACh SMS text
messaging intervention had
no effect on the uptake of fa-
cility delivery

Facility delivery, EBF,
and contraceptive use

Routine clin-
ic–based counsel-
ing and care

An automated weekly gestation-
al age-appropriate educational
and counseling messaging, and
SMS text messaging topic in-
cluded ANC, pregnancy compli-
cations, family planning, infant

health, EBFg, infant immuniza-
tion, and visit reminders; 1-and
2-way communications

Kenya; pregnant
women; individual
RCT; intervention:
n=200 (n=100, 1-way;
n=100, 2-way); con-
trol: n=100

Unger et al,
2018 [37]

amHealth: mobile health.
bRCT: randomized controlled trial.
cANC: antenatal care.
dSBA: skilled birth attendance.
eOR: odds ratio.
fMCH: maternal and child health.
gEBF: exclusive breastfeeding.

Overall Risk of Bias Assessment of the Included Studies
A summary of the overall risk of bias assessment is presented
in Figure 2 and Figure 3. RCT studies generally performed well
in their risk of bias for random sequence generation (75% low
risk, with the remainder unclear), allocation concealment (100%
low risk), blinding outcome assessment (37.5% low risk, with

the remainder unclear), incomplete outcome data (87.5% low
risk), and selective reporting (100% low risk). A total of 3
studies [32,34,37] had a high risk of bias regarding blinding
participants and personnel, and another study [34] also had a
high risk of bias for incomplete outcome data. In addition, 1
study [33] had an unclear risk for many items. Overall, most of
the studies had a low risk of bias.

Figure 2. Risk of bias graph: review of authors’ judgments about each risk of bias item presented as percentages across all included studies.
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Figure 3. Risk of bias summary: review of authors’ judgments about each risk of bias item for each included study [17,31-37].

Pooled Effects of mHealth Interventions on the Uptake
of ANC Utilization
We performed an inverse-variance random-effects meta-analysis
to summarize the effects of 1-way and 2-way mHealth
interventions versus standard care on the uptake of 4 or more
ANC visits among pregnant women (Figure 4 and Table 3). A
total of 2 studies [31,32] consisting of 1945 pregnant women
(n=1206, 62.01% in the intervention group and n=739, 37.99%
in the control group) implemented a 1-way mHealth intervention
and were included in the meta-analysis. The pooled estimates
showed a significantly large risk with a 114% increase in 4 or
more ANC visits among pregnant women given a 1-way
mHealth intervention, compared with the control group (RR

2.14, 95% CI 1.76-2.60, I2=36%, moderate certainty of
evidence).

In total, 3 studies [17,33,34] consisting of 1762 pregnant women
(n=664, 37.68% in the intervention group and n=1098, 62.32%
in the control group) reported 2-way mHealth intervention, and
the pooled estimates from the meta-analysis showed that the
risk of 4 or more ANC visits was 17% higher in the 2-way
mHealth intervention group than in the control group (RR 1.17,

95% CI 1.08-1.27, I2=59%, low certainty of evidence). Although
all studies reported a positive effect of mHealth interventions,
regardless of the direction of interventions, on improving the
uptake of ANC visit utilization [17,31-34], we observed a

significant difference between these subgroups (I2=96.9%),
which limited their combination.
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Figure 4. Meta-analysis for the effect of mHealth interventions versus standard care on 4 or more ANC visits among pregnant women. ANC: antenatal
care; mHealth: mobile health.
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Table 3. Summary of findings.a

CommentsCertainty of
the evidence

(GRADEd,e)

Number of
participants
(studies)

Relative ef-

fect, RRc

(95% CI)

Anticipated absolute effectsbOutcomes

Risk with

mHealthf inter-
vention (95% CI)

Risk with
standard care

One-way mHealth intervention likely
results in large increase in 4 or more
ANC visit utilizations among pregnant

women in LMICsj, and further research
may change the estimate.

Moderatei1945 (2

RCTsh)

2.14 (1.76-
2.60)

501 per 1000
(412-609)

234 per 10004 or more ANCg visits
(1-way communication)

Two-way mHealth intervention may re-
sult in an increase in 4 or more ANC
visit utilizations among pregnant women
in LIMCs and further research is likely
to change the estimate.

Lowk,l1762 (3
RCTs)

1.17 (1.08-
1.27)

771 per 1000
(712-837)

659 per 10004 or more ANC visits
(2-way communication)

One-way mHealth intervention may not
increase SBA during delivery in LMICs,
but the evidence is very uncertain.

Very lowi,l,n3460 (3
RCTs)

1.04 (0.97-
1.10)

802 per 1000
(748-848)

771 per 1000SBAm (1-way commu-
nication)

Two-way mHealth intervention likely
results in an increase in SBA during de-
livery among pregnant women in
LMICs, and further research may change
the estimate.

Moderateo1212 (2
RCTs)

1.23 (1.14-
1.33)

685 per 1000
(635-740)

557 per 1000SBA (2-way communi-
cation)

mHealth intervention likely results in an
increase in facility delivery in LMICs
where fewer pregnant women use facility
delivery, and further research may
change the estimate.

Moderateo1819 (2
RCTs)

1.68 (1.30-
2.19)

604 per 1000
(467-787)

360 per 1000Facility delivery (<80%
at baseline)

mHealth intervention may not increase
facility delivery in LMICs where most
pregnant women already use facility de-
livery, and further research is likely to
change the estimate.

Lown,p300 (1
RCT)

1.01 (0.97-
1.04)

1000 per 1000
(960-1000)

990 per 1000Facility delivery (80%
or more at baseline)

amHealth intervention compared with standard care for improving ANC utilization, SBA during delivery, and facility delivery among pregnant women.
Population: pregnant women; setting: LMICs (Brazil, China, Ethiopia, India, Kenya, Nigeria, and Tanzania); intervention: mHealth intervention;
comparison: standard care.
bThe risk in the intervention group (and its 95% CI) is based on the assumed risk in the comparison group and the relative effect of the intervention
(and its 95% CI).
cRR: risk ratio.
dGRADE: Grading of Recommendation, Assessment, Development and Evaluation.
eThe GRADE Working Group grades of evidence. High certainty: we are very confident that the true effect lies close to that of the estimate of the effect.
Moderate certainty: we are moderately confident in the effect estimate—the true effect is likely to be close to the estimate of the effect, but there is a
possibility that it is substantially different. Low certainty: our confidence in the effect estimate is limited—the true effect may be substantially different
from the estimate of the effect. Very low certainty: we have very little confidence in the effect estimate—the true effect is likely to be substantially
different from the estimate of effect.
fmHealth: mobile health.
gANC: antenatal care.
hRCT: randomized controlled trial.
iUnclear or lack of blinding of participants and outcome assessors.
jLMICs: low- and middle-income countries.
kUnclear or lack of sequence generation, blinding of participants and outcome assessors, and incomplete outcome data.
lStatistical heterogeneity (I2>50%).
mSBA: skilled birth attendance.
nCI crossed the threshold.
oUnclear sequence generation, blinding of participants, and outcome assessors.
pLack of blinding of participants and personnel.
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Pooled Effects of mHealth Interventions on SBA at the
Time of Delivery
An inverse-variance random-effects meta-analysis was
performed to pool the effects of 1-way and 2-way mHealth
interventions versus standard care on improving the rate of SBA
at the time of delivery (Figure 5 and Table 3). In total, 3 studies
[31,32,35] comprising 3460 pregnant women (n=2216, 64.05%

in the intervention group and n=1244, 35.85% in the control
group) reported a 1-way mHealth intervention in which only 1
study [31] found a positive effect of the intervention on SBA
during delivery. The effects of 1-way mHealth interventions on
SBA during delivery were not clear; however, the effects were
pooled in the meta-analysis (RR 1.04, 95% CI 0.97-1.10,

I2=73%, very low certainty of evidence).

Figure 5. Meta-analysis for the effect of mHealth interventions versus standard care on SBA during delivery. mHealth: mobile health; SBA: skilled
birth attendance.

In total, 2 studies [16,33] involving 1212 pregnant women
(n=612, 50.50% in the intervention group and n=600, 49.50%
in the control group) implemented 2-way mHealth interventions,
and their pooled estimates showed that the proportion of SBA
during delivery was 23% higher in the 2-way mHealth
intervention group than in the control group (RR 1.23, 95% CI

1.14-1.33, I2=0%, moderate certainty of evidence). Owing to
significant subgroup differences in the direction of mHealth

interventions (I2=91.3%), we could not combine their effects.

Pooled Effects of mHealth Interventions on Facility
Delivery Among Pregnant Women
Overall, 3 studies assessed the effects of mHealth interventions
on facility delivery outcome [31,36,37]. In addition, 1 study
[31] found that the probability of facility delivery was 57%
higher in the 1-way mHealth intervention group than in the

control group (RR 1.57, 95% CI 1.41-1.75). Another study [36]
identified a positive result supporting the effectiveness of 2-way
mHealth interventions for improving facility delivery (RR 2.18,
95% CI 1.32-3.60). However, 1 study reported an unclear effect
of the mHealth interventions, irrespective of direction, on the
uptake of facility delivery [37]. We conducted a subgroup
analysis considering high coverage of facility delivery at
baseline (80% or more) and found a positive effect of mHealth
interventions on improving the uptake of facility delivery in
LMICs, where fewer pregnant women used facility delivery at

baseline (RR 1.68, 95% CI 1.30-2.19, I2=36%, moderate
certainty of evidence); however, the effects were unclear where
most pregnant women already used facility delivery (RR 1.01,

95% CI 0.97-1.04, I2=0%, low certainty of evidence). Significant

subgroup differences (I2=93.2%) limited the combination of
these effects (Figure 6 and Table 3).
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Figure 6. Meta-analysis for the effect of mHealth interventions versus standard care on facility delivery among pregnant women. mHealth: mobile
health; *1-way mHealth intervention; **2-way mHealth intervention.

Subgroup Differences
Significant subgroup differences (P<.001) were found in all
meta-analyses, which limited the combination of the effects of
all included studies (Figures 4-6). It included an estimated 96.9%
subgroup variance for 4 or more ANC visits, 91.3% for SBA
at the time of delivery, and 93.2% for facility delivery.

Publication Bias
Although we planned to assess the publication bias of our
meta-analyses, we did not perform the analysis because of the
limited number of studies.

Discussion

Principal Findings
This meta-analysis identified a statistically significant positive
effect of mHealth interventions, regardless of the direction of
interventions (1-way or 2-way communications), on improving
ANC care utilization of healthy pregnant women in LMICs.
Only 2-way mHealth interventions were effective in improving
SBA during delivery, but the effects were unclear for 1-way
mHealth interventions compared with standard care. For facility
delivery among healthy pregnant women, the interventions were
effective in settings where fewer pregnant women used facility
delivery. Most studies that combined multiple mHealth
interventions were implemented in Brazil, China, Ethiopia,
India, Kenya, Nigeria, and Tanzania. The functions or directions
of interventions varied among the included studies, such as
1-way or 2-way communication, appointment reminder, or
health advice. All studies, except one [34], had low concerns
of their methodological qualities. However, high statistical
heterogeneity limited the combination of subgroups in all the
meta-analyses.

These findings are consistent with a systematic review reporting
that mHealth interventions had a positive effect and resulted in
a 43% increase in the uptake of recommended ANC visits
among pregnant women [13]. In another systematic review
conducted by Wagnew et al [19], SMS text messaging had
positive effects on the uptake of 4 or more ANC visits (OR 2.74,
95% CI 1.41-5.32) and SBA (OR 1.82, 95% CI 1.33-2.49) in
LMICs [19], which strongly supports our findings. Although
the availability of high-level evidence such as RCTs on mHealth
interventions targeting healthy pregnant women’s health care
utilization is still very limited, our findings have generated
promising results regarding the positive effects of mHealth
interventions, regardless of their directions, on improving
recommended ANC utilization, SBA during delivery, and
facility delivery in resource-limited countries. The findings are
also consistent with other systematic reviews that found that
mHealth tools are effective in influencing maternal and child
health service utilization by enhancing the uptake of
recommended ANC and postnatal care services, including SBA,
at the time of delivery and institutional delivery [12,14,18].

The effects of 1-way mHealth interventions on SBA at the time
of delivery were not clear in the 2 included studies [32,35],
which was reflected in our pooled results. Our meta-analysis
identified a significant difference in the likelihood of SBA
during delivery, which was higher in the 2-way mHealth
intervention group than in the control group. Our findings
support the effectiveness of mHealth interventions in improving
facility delivery in settings where fewer pregnant women use
the service. Consistent with our findings, a systematic review
conducted by Colaci et al [38] reported that mHealth
interventions offered an opportunity to increase the acceptability
of prenatal and obstetric care, including SBA at the time of
delivery. This is because mHealth interventions, either health
care reminders or health advice, boost self-efficacy and access
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to care among pregnant women and create closer interactions
with health service providers. Furthermore, mHealth
interventions have been used as appointment reminders and can
provide basic health information, notably throughout the
pregnancy period. As novel and more cost-effective systems
are being sought to promote health care utilization in
underserved areas, particularly in remote and rural areas, this
intervention offers a potential cost-effective solution. This study
strongly supports the use of mHealth interventions, either 1-way
or 2-way communication, to enhance the uptake of maternal
health care services such as ANC, SBA, or facility delivery, by
changing health care behavior among pregnant women in similar
settings.

Strengths
This review had several strengths. To the best of our knowledge,
this is the first comprehensive review that conducted
meta-analyses for different subgroups, even in similar settings,
for each outcome, such as the direction of interventions (1-way
or 2-way communication) and high coverage of outcomes at
baseline, and identified some novel findings not seen in previous
studies. For example, 2-way (not 1-way) mHealth interventions
likely result in an increase in SBA during delivery in
resource-limited settings. Likewise, mHealth interventions likely
result in an increase in facility delivery in LMICs where fewer
pregnant women use the service but may not increase in settings
where most pregnant women already use facility delivery.
Interestingly, the certainty of the evidence was moderate,
indicating that our estimates were likely to be close to the true
effect.

Second, we conducted a comprehensive search of electronic
databases without any limit on language, date, or type of
publication. We also checked the reference lists of the included
studies and other relevant systematic reviews to avoid missing
any potentially relevant studies, and identified 1 additional
study. Third, this study considered high-level studies such as
RCTs and cluster RCTs and performed meta-analyses well. In
the meta-analyses, we used the estimated effective samples for
cluster RCT studies; however, the studies did not adjust their
design effect. In addition, with the larger sample size, we
enhanced the statistical power to provide more precise and
reliable effect estimates.

Limitations
Despite the positive effects of mHealth interventions reported
in our meta-analyses, this review had several limitations. One
of the important limitations is the limited number of RCT studies
included in the meta-analyses (8 studies). All included studies
were reported from only 7 LMICs, and some used small sample
sizes that may compromise representativeness. In addition,
approximately half of the studies tried to combine multiple
mHealth interventions, making it difficult to understand the
extent to which each intervention contributed to the observed
results. For instance, a study assessed the effectiveness of a
combined intervention of mobile SMS text messaging and
mobile voucher [16,17], another studied a voice messaging and
animation film clip intervention [35] and a mobile phone call
and SMS text messaging intervention [32]. Likewise, some
studies tried to combine multiple functions of mHealth

interventions (eg, health education or advice and appointment
reminder), which made it difficult to determine the extent to
which each function of intervention contributed to the reported
outcomes [16,17,32,33,36].

Although the mHealth interventions were effective in improving
facility delivery in the settings where fewer pregnant women
used the service, we need to interpret these results with caution
because it is not clear if the benefits presented regarding facility
delivery are a function of the mHealth interventions or greater
health literacy and knowledge of navigating the local health
care system among users and because it is also not clear if the
increase in ANC and SBA are due to the mHealth technology
or access to health care. With the mHealth interventions, we
also need to consider other factors such as sociocultural norms
and beliefs during perinatal periods, perinatal care availability
and resources, or other structural factors to improve ANC, SBA,
and facility delivery utilization among pregnant women.

We performed an inverse-variance random-effects meta-analysis
to summarize the effect of mHealth interventions, irrespective
of their directions or high coverage of outcomes at baseline, on
the uptake of ANC visits, SBA, and facility delivery utilization
among pregnant women in LMICs; however, we observed a
significant difference between these subgroups that limited their
combination. Within the subgroups, we did not observe
considerable heterogeneity among the included studies.

Implications for Future Research
mHealth interventions (1-way or 2-way communication) may
contribute toward improving maternal health care–seeking
behavior throughout the pregnancy cycle. Public health
researchers, practitioners, and policy makers should consider
such interventions in resource-limited settings. It is reasonable
to use mHealth interventions in resource-limited settings, as
this study found a positive effect of different forms of
intervention on the uptake of ANC visits, SBA, and facility
delivery utilization. This study could play an important role in
addressing the Sustainable Development Goal of Maternal and
Child Health, as it provides insights and evidence-informed
recommendations for the utilization of different forms of
mHealth interventions in addressing maternal health care
challenges in LMICs. However, owing to the limited number
of RCT studies that met the study eligibility criteria in this
review, further large-scale RCTs are suggested to be
implemented in resource-limited countries, particularly where
service utilization is quite low among pregnant women. In recent
times, most LMICs have recognized the need for appropriate
technology use strategies to promote the utilization of their
existing health systems, which also justifies the necessity of
further evidence of technology-based health care interventions
such as mHealth interventions.

Conclusions
Although mHealth interventions (1-way or 2-way
communication) can improve the uptake of ANC and skilled
delivery care utilization, more rigorous evaluations are required
to strengthen the evidence of different forms of mHealth
interventions for improving the existing health care utilization
among healthy pregnant women in LMICs. This systematic
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review and meta-analysis will help public health researchers or
policy makers in designing and implementing mHealth

interventions in resource-limited settings, as this study identified
some novel findings not found in previous reviews.
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Abstract

Background: Mobile health (mHealth) apps are revolutionizing the way clinicians and researchers monitor and manage the
health of their participants. However, many studies using mHealth apps are hampered by substantial participant dropout or attrition,
which may impact the representativeness of the sample and the effectiveness of the study. Therefore, it is imperative for researchers
to understand what makes participants stay with mHealth apps or studies using mHealth apps.

Objective: This study aimed to review the current peer-reviewed research literature to identify the notable factors and strategies
used in adult participant engagement and retention.

Methods: We conducted a systematic search of PubMed, MEDLINE, and PsycINFO databases for mHealth studies that evaluated
and assessed issues or strategies to improve the engagement and retention of adults from 2015 to 2020. We followed the PRISMA
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. Notable themes were identified and narratively
compared among different studies. A binomial regression model was generated to examine the factors affecting retention.

Results: Of the 389 identified studies, 62 (15.9%) were included in this review. Overall, most studies were partially successful
in maintaining participant engagement. Factors related to particular elements of the app (eg, feedback, appropriate reminders,
and in-app support from peers or coaches) and research strategies (eg, compensation and niche samples) that promote retention
were identified. Factors that obstructed retention were also identified (eg, lack of support features, technical difficulties, and
usefulness of the app). The regression model results showed that a participant is more likely to drop out than to be retained.

Conclusions: Retaining participants is an omnipresent challenge in mHealth studies. The insights from this review can help
inform future studies about the factors and strategies to improve participant retention.

(J Med Internet Res 2022;24(4):e35120)   doi:10.2196/35120

KEYWORDS

mobile phone; mHealth; retention; engagement

Introduction

Background
Today, 85% of the US population owns a smartphone device
and daily use averages 4.5 hours [1]. With the rise in smartphone
ownership and use, smartphones have become one of the most
accessible and cost-effective platforms in health care and
research. Smartphones are also pervasive across age, race, and
socioeconomic status, allowing researchers to inexpensively
reach out to myriad of population-level samples with ease.

Specifically, the adoption of mobile health (mHealth)
apps—mobile apps that help monitor and manage health of
participants through smartphone devices, tablets, and other
wireless network devices—has been increasing in the research
sphere. The mHealth market is expected to grow at a compound
annual growth rate of 17.6% from 2021 to 2028 [2]. In addition,
the recent COVID-19 pandemic has led to a rise in the
downloads and use of various mHealth apps, highlighting the
importance of technology-based remote monitoring and
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diagnosis for continued advancement in modern health care (eg,
[3]).

The greatest advantage of mHealth apps is their convenience.
Unlike traditional in-person study settings, mHealth apps can
be easily accessed from anywhere at the participant’s
convenience. Using apps for remote assessment allows
participants to make fewer site visits, substantially reducing the
burden of travel and the time needed to participate in laboratory
studies. With lowered barriers, it becomes easier for participants
to conduct repeated testing and share real-time data based on
their daily life experiences. Some mHealth research apps also
allow participants to directly communicate with their providers
via the app, which may enhance both the effectiveness of the
app in its goals (eg, in disease management) and adherence in
research studies. Given the ubiquity of smartphones among US
adults, mHealth apps for research stand to better meet
participants where they are at.

For researchers, the convenience of mHealth apps allows them
to reach out to large and diverse participant populations more
inexpensively and efficiently than traditional in-person studies.
Recently, several large-scale studies were able to recruit
thousands of participants within a span of a few months using
Apple’s ResearchKit framework (eg, [4-7]). Using these apps,
researchers can monitor day-to-day fluctuations of a wide range
of real-time data. For example, self-reported emotional outcomes
can be assessed together with passive location data to then infer
many other real-time variables, such as physical activity,
weather, and air quality, that could potentially affect mood
throughout the day.

Despite these overwhelming advantages, many mHealth studies
experience high participant attrition rooted in the fundamental
challenges of keeping participants engaged. For example,
consistent with other large-scale mHealth studies, the notable
Stanford-led MyHeart Counts study experienced substantial
dropout rates; mean engagement with the app was only 4.1 days
[8]. It is a ubiquitous problem across all app uses; approximately
71% of app users are estimated to disengage within 90 days of
a new activity [9].

It is imperative for mHealth studies to minimize participant
dropout, as substantial attrition may reduce study power and
threaten the representativeness of the sample. A potential benefit
of mHealth research studies should include easier access to
well-balanced, representative samples in terms of race, ethnicity,
gender, age, education status, etc. However, given that many
studies systematically lose participants, systematic differences
between participants who are not completing the studies and
those who complete the studies, may introduce bias to the
sample. Differential retention makes it difficult to conclude
whether any observed effects were caused by the intervention
itself, retention bias, or inherent differences between groups.
Participant dropout also precludes the conduct of longitudinal
research.

In an effort to understand the various factors affecting participant
retention, recent studies have evaluated recruitment and retention
in several remotely conducted mHealth studies. In their
cross-study evaluation of 100,000 participants, Pratap et al [10]
analyzed individual-level study app use data from 8 studies that

accumulated nearly 3.5 million remote health evaluations. Their
study identified 4 factors that were significantly associated with
increased participant retention: clinician referral, compensation,
having the clinical condition of interest, and older age. However,
the study only focused on large-scale observational studies led
by the Sage or Research Kit, with especially low barriers to
entry and exit, thus questioning the appropriateness of applying
these findings to other small-scale studies with varying levels
of participation. To our knowledge, other published systematic
reviews and meta-analyses on engagement and retention are
narrowly focused on one subfield of mHealth research, such as
depression or smoking, or are only based on a few studies. Thus,
it is impossible to extrapolate their findings to other mHealth
apps that are not in the same subfield [11-13].

Retention strategies could be incorporated as app features to
prevent participant dropout. For example, gamifying mHealth
apps by incorporating badges, competitions, and rankings should
make the experience more enjoyable and provide better
incentives for participants. The addition of reminders, such as
push notifications and SMS text messages, and enabling
communication with clinicians are also expected to increase
participant retention. However, the extent of their effectiveness
in successfully engaging and retaining participants is not yet
well defined.

This Study
One fundamental challenge for many mHealth app studies is
the rapid and substantial participant dropout. This study aimed
to better understand how mHealth studies conducted in the past
5 years have addressed the challenges of participant engagement
and retention. We conducted a systematic review of the literature
to identify notable factors and strategies used in participant
engagement and retention. We hypothesize that participant
attrition will be high overall and that there will be shared
challenges across different studies that researchers should be
cognizant of in future research.

Methods

Search Criteria and Eligibility
Our methodology was guided by the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
statement [14]. We identified 3 main databases for this search:
PubMed, MEDLINE, and PsycInfo. This review aimed to
evaluate the engagement and retention of adults in evaluation
research on mHealth apps. Study inclusion criteria were
peer-reviewed publications within the last 5 years (January 2015
to October 2020), conducted within the United States, with a
minimum of 20 adults. Refer to Figure 1 for more details on
the search strategy and exact search terms. Although mHealth
takes many forms, we were exclusively interested in
mobile-based apps rather than SMS text messaging, tablets, or
web-based interventions. We used a variety of research methods
and designs, including qualitative, quantitative, or mixed
methods. To conduct a comprehensive analysis, we also included
mHealth apps in various research areas, ranging from smoking
cessation to cardiovascular health research. Articles that were
written purely as study protocols or design pieces were excluded.
As we were primarily interested in mHealth for intervention
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purposes, we excluded studies that used fitness app data
exclusively (eg, Fitbit and digital pedometers), unless they were
specifically geared toward a particular health population (eg,
breast cancer survivors and patients with other chronic illnesses).

We also excluded evaluations of mHealth apps that focused
solely on participant education or where the clinician was the
focus of the intervention.

Figure 1. Study selection flowchart.

Data Extraction and Analysis
We initially extracted basic information from each study: title,
year, author, target population, operating system, definition of
engagement, sample size and type (clinical vs nonclinical),
participant age, study duration, main findings, possible
implications, and whether participants were compensated. Most
of these data were analyzed in a quantitative manner and are
described as descriptive statistics in the Results section (ie, app
system, sample size, sample type, compensation, and participant
age). These data were also used to develop a binomial regression
model to determine the factors affecting retention. For the
remaining variables, such as the definition of engagement,
findings, and implications, we extracted whole sentences or
paragraphs that mentioned these items. Following the narrative
approach described by Mays et al [15], the first (SA) and second
author (SP) analyzed the findings and implications of the initial
sample extraction to determine potential themes around retention

and engagement. At this point, codes were applied to individual
considerations of retention and engagement (or lack thereof)
within the articles. After several readings of all extracted
findings and implications, the second author initially determined
approximately 5 themes related to support and barriers to
engagement. These themes were developed from sets of codes,
and these sets of codes were considered a theme once they were
identified in 2 unique articles. After discussion and agreement
with the first author, the second author reread the full-text
articles to continue to refine these themes and consolidate the
findings. We reached saturation when we could no longer
identify new themes during the analysis, a process Saunders et
al [16] considered inductive thematic saturation. Descriptions
of these themes are presented in the qualitative findings of the
Results section. The definitions of engagement themes and
success rates were also processed in a similar way, and they are
described in the quantitative findings of the Results section.
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Results

Final Sample of Studies
After locating all studies that met our search criteria (N=389)
and downloading the full text, the first and second authors
briefly reviewed the abstracts and full text to determine whether
the selected studies met our inclusion criteria. In this process,
we confirmed that all the studies that should have been excluded
were, in fact, excluded. In a random sample of 100 articles, the
authors agreed on 91% (91/100) of these decisions. After
reaching an agreement about the remaining 9% (9/100), the first
and second author divided the remaining articles for a more
detailed review. The final sample comprised 62 articles. Refer

to Figure 1 for the study selection flowchart and Multimedia
Appendix 1 [4-8,17-73] for characteristics of the studies.

Descriptive Findings
The mean age across the users of mHealth apps among the 62
studies was 44.14 years (range 32-64.9 years), and the majority
were of a clinical population (48/62, 77%). The sample size
ranged from 20 (our predetermined minimum) to 101,108
participants, with most studies reporting a sample size of <100
(34/62, 55%). Most studies reported compensating participants
(34/62, 55%). Most articles described apps that were available
for both iPhone and Android users (29/62, 47%). Refer to Table
1 for more information about the descriptive statistics.

Table 1. Descriptive statistics of the 62 studies.

Values

44.14a (32-64.9)Age of users (years), mean (range)

Sample sizeb (n=108), n (%)

17 (27)20-49

17 (27)50-99

12 (19)100-499

16 (25)>500

Platform, n (%)

11 (17)Android

11 (17)iPhone

29 (46)Both

11 (17)Not reported

Clinical vs nonclinical, n (%)

48 (77)Clinical

14 (22)Nonclinical

Compensation, n (%)

34 (54)Provided compensation

28 (45)No compensation

Success code, n (%)

13 (21)Not successful

42 (67)Partially successful

6 (9)Successful

1 (1)Not able to calculate

aAdequate information to calculate the mean age was not provided for 13 out of the 62 studies. We excluded these studies from the mean age calculation.
bThe sample size ranged from 20 to 101. The median was 90.5 (IQR 436).

Definitions

Engagement, Retention, Adherence, Compliance,
Completion, etc
We identified 2 main themes regarding the use of definitions
in the literature sample. Our initial finding was that there is no
clear agreement on the definition of engagement. This was likely
because the literature in this space varies widely across

questions, motivations, and perspectives. The second finding
was that engagement was often captured by many different
terms. In our sample, we saw terms such as retention, adherence,
compliance, completion, and others sometimes used
interchangeably. Despite this lack of clarity, we categorized our
final sample into 3 distinct areas of engagement. Almost all
studies (59/62, 95%) described or measured some form of
engagement around the opening or using a specific app.
Depending on the interface of the app being studied, this open
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or use definition encompasses nearly any type of app interaction.
In some cases, the number of app opens and duration of time
spent were collected via a backend system, whereas for others,
the data that users logged within the app were part of this
definition. The 3 articles that did not fit our open or use category
relied on self-reported use of the app or measuring the
completion of intervention activities from the app.

Success
We asked about the extent to which the research was successful
in maintaining participant engagement. Regardless of the term
used for engagement or retention, we defined success as the
percentage of participants with complete data from the initial
sample after an intervention. We defined a Success Code
variable with 3 categories based on information from the mean
and SD. Percentages below the mean minus one SD were
considered not successful and percentages above the mean plus

one SD were considered successful. Everything else in between
was considered partially successful (42/62, 68%). Only 19%
(12/62) were considered not successful and 3% (2/62) could
not be calculated because they relied on self-reported app use.

Simultaneously, we developed a binomial regression model to
examine the factors that could affect retention. The outcome of
our binomial regression model was the proportion of complete
data from the final sample. The model was weighted on the
sample size of the studies. Table 2 shows the odds ratio
estimates and CIs from the binomial regression model. For any
given participant, it is more likely that they will not be retained
than they will be retained. Furthermore, participants with a
clinical condition of interest were 4 times more likely to stay
in the study than those who did not. Moreover, participants who
were compensated were 10 times more likely to stay in the study
than those who were not compensated.

Table 2. Results from the binomial regression model.

Odds ratio (95% CI)

0.09a (0.093-0.094)Intercept

4.34a (4.16-4.52)Clinical

10.32a (9.48-11.25)Compensation

aP<.001.

Qualitative Findings
Our qualitative findings represent the recurring themes around
engagement listed in the findings, discussion, limitations, or
conclusions sections of the articles. To be considered a
stand-alone theme, the concept must have appeared in at least
two independent studies in our sample.

Support Themes
We identified 3 major themes (ie, app affordances, successful
recruitment, and low barriers to entry) that researchers
mentioned that might have kept the participants engaged in their
mHealth apps. Even if the article in the sample did not
specifically use these supports, we noted where researchers
recommended more work to address these supports in future
research.

App Affordances
Affordances are “the quality or property of an object that defines
its possible uses or makes clear how it can or should be used”
[74]. In the technology space, this word is often used to describe
the possibilities of specific actions that software or hardware
allows. On the level of the app being studied (either compared
with business-as-usual, another app, or something else
altogether), there were several affordances that made research
participants more engaged or more likely to stay engaged across
the study span. One such factor was gamification. According
to Fernandez et al [57], “Gamification or the use of game design
elements (badges, leaderboards, rewards, and avatars) can help
maintain user engagement.” Very few studies have actually
implemented gamification, but this theme was often mentioned
as a possibility for future research to evaluate. Approximately
one-quarter of our sample mentioned gamification as a future

tool for promoting or sustaining engagement in a given mHealth
app.

Although it was sometimes an area of interest in its own right,
most articles mentioned some level of app reminders, feedback,
or notifications that promoted engagement. Indeed, Bidargaddi
et al [22] tested the effect of timing on weekends versus
weekdays and found that users were most likely to engage with
the app within 24 hours if prompted midday on the weekend.
It is clear that reminders or other feedback through notifications
was a supportive element for producing more engagement and
less retention.

Approximately half of the articles mentioned some form of
social support provided by coaches or peers within the app.
Apps that included a coaching element, either from
paraprofessionals, other participants, or the research study team,
reported that this social support was critical for maintaining
engagement throughout. One specific study by Mao et al [64]
reported that 90% of participants who downloaded the app
completed 4 months of coaching. This finding was likely
because of a combination of participant-selected professional
coaches who provided accountability and the social nature of
the coaching relationship. In addition to social support, apps
featuring tailored and personalized content were more likely to
support engagement and adherence to the study.

Successful Recruitment
A total of 2 subthemes were drawn from the discussion of
recruitment as support for engagement: recruiting highly
motivated niche groups and providing some type of motivator
in the form of either an incentive or a compensation. mHealth
apps that were focused on a niche or highly motivated group of
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users tended to be more successful in engaging participants over
the course of the study. For example, mHealth apps created to
support smoking cessation for adult smokers were more likely
to be successful when participants were already highly motivated
to stop smoking (eg, [18,40,72]). Most studies also mentioned
either some form of compensation or other incentives or
motivators that could engage more study participants for a longer
period. More than half of the studies mentioned providing some
type of compensation. Several articles mentioned that there was
also a necessary balance needed to use compensation effectively.
Providing too little incentive might make participants less
compelled to continue in the research, but at the same time,
providing too much incentive could also backfire by reducing
their intrinsic motivation to continue. This balance continues
to be important for researchers to consider moving forward.

Low Barriers to Entry
Related to both app affordances and recruitment strategies,
another subtheme that emerged was apps with extremely low
barriers to entry. This theme was best described by McConnell
et al [7] in the MyHeart Counts Study. Their app was based on
Apple’s ResearchKit and enabled nearly 50,000 participants to
register and provide consent for research. By launching a free
app on smartphones, the authors stated “...the bar for entry to
this study was much lower than that for equivalent studies
performed using in-person visits. This lowering has the
demonstrated advantage that many people consented...” Several
other large-scale studies developed using ResearchKit had the
advantage of recruiting and enrolling several thousands of
participants [75]. This initial engagement was noted as a benefit,
but as we learned later, such a low barrier to entry also often
meant a low barrier to exit.

Barrier Themes
Researchers have also mentioned barriers that might diminish
participant engagement. Here, we also noted barriers that were
addressed in the discussion or limitations section of the articles,
even though they were not actively described in the measures
or results. These themes were described as (1) the lack of
support codes; (2) low barriers to exit; (3) technical difficulties
in using the app; and (4) somewhat counterintuitively, the
usefulness of an app.

Lack of Support Features
Most barriers, either explicitly described or implied, were those
that counteracted the support features. Articles routinely
mentioned the lack of app affordances and recruitment success.
Research involving apps without gamification, notifications of
some sort, or support from peers or coaches was more likely to
mention these as potential rationales for poor engagement and
areas that could be improved in the future. A similar
phenomenon was found in terms of recruitment strategies, where
lack of compensation or having a niche group for the app were
regularly noted as barriers to retention.

Low Barriers to Exit
In the same manner that large smartphone-based studies using
the ResearchKit format provided a low barrier to entry, they
also provided an equally low barrier to exit. For example, the
MyHeart Counts Study further noted that when there is a low

barrier to entry, there is a “notable disadvantage that those
individuals are by definition less invested in the study and thus
less likely to complete all portions” [7]. Almost all the apps
available from ResearchKit in our sample represent the highest
end of the sample size; however, none of the studies received
even a partially successful code in our analysis.

Technical Difficulties
Articles that mentioned occasional glitches or bugs in the use
of their apps were also likely to describe technical difficulties
as a reason for lack of engagement. One study explicitly
mentioned the use of the research support team to troubleshoot
any technical difficulties for users [35], but most articles did
not mention how they handled technology support requests. It
is likely that some of the technical difficulties could have been
on the app side, especially when the apps tested were in a pilot
or beta form, but it is also possible that the participants had their
own technical difficulties. None of the studies we evaluated
performed any kind of pretest to measure participant comfort
or familiarity with apps in general or apps similar to the one
being studied. Generally, participants who were young adults
or middle-aged were assumed to be good with technology
overall. In addition, despite nearly a third of the articles
mentioning usability and feasibility as a main investigation,
only 5 studies mentioned participant results from the System
Usability Scale [76], a standardized measure of usability
frequently included in the human-computer interaction research
space. Otherwise, usability and feasibility analyses were
conducted on a study-by-study basis.

Usefulness of App
Although it may seem counterintuitive, apps that were extremely
useful for participants were also some of the apps anecdotally
deemed poor at engagement. For example, participants who
successfully quit smoking while using a smoking cessation app
generally had poor engagement in the long term. Indeed, if an
app works, or achieves what it is meant to achieve, and does
not offer some kind of regular check-in or maintenance program,
it may be reasonable that participants taper the use of the app.
In these cases, reduced engagement is a sign of success rather
than failure and could actually be considered the goal of the
app.

Discussion

Principal Findings
This study synthesizes the literature on mHealth apps and the
engagement strategies. As mHealth apps continue to grow in
popularity and research in this space follows that trend,
researchers need to identify what made participants stay engaged
in the app or studies with the app.

Our review found that most (48/62, 77%) studies were at least
partially successful in maintaining participant engagement
throughout. Many of these successes were because of the support
features of the research or app and the lack of barriers to entry.
We determined the categories of strategies that support or detract
from engagement. We identified particular elements of the app
(eg, feedback, appropriate reminders, and in-app support from
peers or coaches) and strategies for research that promote
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retention (eg, compensation and niche samples) as well as those
that do not support retention (eg, lack of support features,
technical difficulties, and usefulness of app). Research on the
massive population-level ResearchKit apps appeared in both
cases, using both successful and unsuccessful engagement and
retention techniques. Although low barriers to initial entry could
allow thousands of participants to be recruited, the same features
also functioned as low barriers to exit. Recruiting a large number
of participants is certainly beneficial, but that benefit may be
substantially reduced if retention is poor. Future research should
consider how to better balance these needs and incorporate
factors such as clinical status, referral from providers, and
compensation into recruitment plans for population-level apps.

This study used a binomial regression model to assess whether
having a clinical condition of interest or receiving compensation
affects retention rates. The empirical outcomes of the binomial
regression model revealed that (1) any participant is more likely
to not be retained than to be retained, (2) participants who have
the same clinical condition targeted by the study are 4.33 times
more likely to stay in the study than participants who do not
have the same clinical condition targeted by the study, and (3)
participants receiving compensation are 10.32 times more likely
to stay in the study than participants who do not receive
compensation. These findings, in line with previous research
[10], demonstrate that retaining participants is a true challenge
for studies using mHealth apps. Unlike that study [10], we were
unable to incorporate clinician referral and age as part of our
model because of inconsistent reporting in the articles. Although
we planned to include other factors of interest, such as
participant gender, income level, years of education, and
smartphone platform type, the inconsistent reporting across
studies made it challenging to accurately compare these
variables. We also recognize that our definition of success relies
on a normal distribution rather than some other indicator, which
might be more appropriate for research with mobile apps that
are still in their infancy. To summarize, scientists and
researchers must consider different strategies to incentivize and
encourage participant retention.

Of course, there is a balance when it comes to successful
recruitment strategies, specifically compensation and niche
groups. Strong participant engagement or retention may not
accurately demonstrate the effectiveness of an app if the

participants are overly compensated. Likewise, recruiting a
niche group that is highly motivated to use a particular app
presents a selection bias and leads to a lack of generalizability
of the evaluation findings. Researchers and industry alike would
do well to consider this balance when implementing studies
using mHealth apps.

Limitations
Although we offer new insights into mHealth apps and
participant engagement, this study has some limitations. First,
as a systematic review, we were unable to make claims about
all studies on apps. Owing to the file drawer phenomenon and
our use of only peer-reviewed published articles, we do not
report any studies that might have found null results, even
though they might have described different interesting supports
and barriers for engagement. Therefore, we encourage readers
to refrain from generalizations about research on all mHealth
apps. Second, we initially extracted information about the
diversity of the sample; however, not all articles were clear
about the diversity and the possible limitations of their own
samples. Unfortunately, we were unable to describe these
features in detail, as it is a critical area for more scholarship.
Future research should consider the diversity in the
demographics of published articles on mHealth apps and provide
guidance about that.

Implications
We recommend that future mHealth apps consider potential
support and barriers to participant engagement. Although the
promise of moving health experiences onto the devices that
people are currently using is great, many of the same barriers
to participant engagement still exist and should be considered
before moving research onto smartphone administration
exclusively.

Conclusions
Retaining participants is a ubiquitous challenge for studies using
mHealth apps. Despite the continued success of mHealth apps
in the research sphere, there are many barriers to participant
retention and long-term engagement. The insights from this
review will help inform future studies about the potential
different strategies and factors to consider and improve mHealth
app engagement and retention.
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Abstract

Background: The dementia epidemic is progressing fast. As the world’s older population keeps skyrocketing, the traditional
incompetent, time-consuming, and laborious interventions are becoming increasingly insufficient to address dementia patients’
health care needs. This is particularly true amid COVID-19. Instead, efficient, cost-effective, and technology-based strategies,
such as sixth-generation communication solutions (6G) and artificial intelligence (AI)-empowered health solutions, might be the
key to successfully managing the dementia epidemic until a cure becomes available. However, while 6G and AI technologies
hold great promise, no research has examined how 6G and AI applications can effectively and efficiently address dementia
patients’ health care needs and improve their quality of life.

Objective: This study aims to investigate ways in which 6G and AI technologies could elevate dementia care to address this
study gap.

Methods: A literature review was conducted in databases such as PubMed, Scopus, and PsycINFO. The search focused on three
themes: dementia, 6G, and AI technologies. The initial search was conducted on April 25, 2021, complemented by relevant
articles identified via a follow-up search on November 11, 2021, and Google Scholar alerts.

Results: The findings of the study were analyzed in terms of the interplay between people with dementia’s unique health
challenges and the promising capabilities of health technologies, with in-depth and comprehensive analyses of advanced
technology-based solutions that could address key dementia care needs, ranging from impairments in memory (eg, Egocentric
Live 4D Perception), speech (eg, Project Relate), motor (eg, Avatar Robot Café), cognitive (eg, Affectiva), to social interactions
(eg, social robots).

Conclusions: To live is to grow old. Yet dementia is neither a proper way to live nor a natural aging process. By identifying
advanced health solutions powered by 6G and AI opportunities, our study sheds light on the imperative of leveraging the potential
of advanced technologies to elevate dementia patients’ will to live, enrich their daily activities, and help them engage in societies
across shapes and forms.
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Introduction

The dementia epidemic is prevalent and pernicious [1], and it
is engulfing the world at an alarming speed [2]. Approximately
every 3 seconds, a new dementia case occurs, which translates
into 10 million new annual cases added to the ever-increasing
pool of dementia patients worldwide [3]. Globally, it is estimated
that the number of people living with dementia will rise from
50 million in 2018 to 152 million in 2050 [2]. Dementia is not
one disease but rather a family of health conditions that affect
“memory and other cognitive abilities and behavior that interfere
significantly with a person’s ability to maintain their activities
of daily living” [4]. While Alzheimer’s disease is the most
common type of dementia—accounts for 60% to 80% of all
dementia cases, the term dementia could refer to a wide range
of unique cognitive impairments rooted in diverse risk factors,
ranging from Alzheimer’s disease, frontotemporal dementia,
Lewy body dementia, vascular dementia, to mixed dementia
[4]. While impacts such as adverse drug effects could also cause
transitory or reversal dementia symptoms [5], unfortunately,
due to limitations to developments in science and technology,
the majority of dementia cases are difficult or impossible to
reverse.

To further compound the matter, available pharmaceutical
interventions that could effectively cure or curb dementia range
from scarce to nonexistent, a situation which has been further
plagued by controversies, rather than promoted by consensus,
attracted by high-profile treatments such as Biogen’s
aducanumab [6]. Overall, the increasing prevalence of dementia
and the sobering lack of effective care could further aggravate
the toll of the disease on lives, livelihoods, and economics. Take
the more tangible economic consequences, for instance. It is
estimated that the global economic cost of dementia has recently
reached approximately US $1 trillion per annum [2] and is
expected to inch towards US $9.12 trillion by 2050 [7]. What
is too complex to materialize might be the most daunting task
society has to shoulder—addressing the bevy of dementia needs
and wants that are rooted in the kaleidoscopic range of
symptoms that could manifest across the disease continuum [4].

The debilitating nature of the disease, particularly its corrosive
impacts on patients’ cognitive and functional capabilities,
dictates that dementia patients often have to depend on others
for care and support [8]. Two main sources of care dementia
patients rely on are professional health care providers (eg,
doctors, nurses, and other formal caregivers) and informal
caregivers (eg, family, friends, and other close social ties) [9].
Evidence suggests that, depending on contextual factors such
as family values and cultural norms, family care could constitute
from 65% to 96% of all health care services dementia patients

receive [9-11]. While the existing laborious and caregiver-reliant
care paradigm serves a purpose and holds well-deserved and
hard-earned merits, it also hinders dementia care
development—patients’ health and wellbeing, let alone access
to care, are often contingent upon their informal caregivers’
could-be problematic abilities and ever-changing willingness
to provide care [12-15].

Take caregivers’ dementia awareness and knowledge, for
instance. In South Africa, for example, it is common for
dementia patients, especially those of the female gender, to be
considered as witches, even by health care professionals and
patients’ family caregivers—as a result, rather than receiving
quality care and pre-eminent support, these patients are often
bullied, beaten, or burned many thanks to their caregivers’
exceedingly invalid but deeply ingrained dementia beliefs [13].
Furthermore, for some dementia caregivers, the seemingly
never-ending, ever-worsening, and extremely-demanding duties
and responsibilities associated with dementia care, particularly
when compounded by (1) their lack of awareness, knowledge,
and training, (2) competing interests and engagements, as well
as (3) potential learned helplessness due to the continued
absence of a tangible dementia cure, might be enough to trick
or trigger them into committing inexcusable, yet possibly
inescapable, neglect and abuse of dementia patients [16-18].

These insights combined underscore the need for innovative
approaches to address challenges patients, caregivers, health
care professionals, as well as society at large face regarding
dementia care. Overall, while an effective pharmaceutical
solution to dementia or a magic bullet for fixing the
patient-caregiver relationship might be difficult to secure, what
can be relatively easy to change in order to improve the
effectiveness and efficiency of dementia care and management
is how current dementia services are designed and delivered
[19-23]. In other words, the existing dementia caregiving model
could possibly benefit from a paradigm shift. Rather than solely
relying on laborious, time-consuming, and human-dependent
solutions that suffer from great variability in terms of care
quality [16-18]), efficient, cost-effective, and technology-based
interventions could be the much-needed solution to tame the
dementia epidemic, interventions such as those that are powered
by advanced technological solutions such as the sixth-generation
wireless technologies (6G) and artificial intelligence (AI)
[24-26]. However, while 6G and AI technologies hold great
promise, no research has examined how 6G and AI applications
can effectively and efficiently address dementia patients’health
care needs and improve their quality of life. Thus, to bridge the
research gap, this study aims to investigate ways in which 6G
and AI technologies could elevate dementia care. A detailed
research flow can be found in Figure 1.
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Figure 1. A schematic representation of the study framework.

Methods

Overview
To address the research objective, a literature review was
conducted in databases such as PubMed, Scopus, and PsycINFO.
The search was focused on three themes: dementia, 6G, and AI
technologies. An example search string applied in PubMed
could be found in Textbox 1. The initial search was conducted

on April 25, 2021, focused on literature published in the past
five years at the time. A subsequent search was conducted on
November 21, 2021, to ensure all relevant insights were included
in the review. Furthermore, Google Scholar Alerts focusing on
dementia, 6G, and AI technologies were set up to make sure
the review could incorporate the most recent evidence. In
addition, we also included up-to-date, validated news reports
in the review to ensure industry insights that are most relevant
to the current study are included.

Textbox 1. Themes and search terms adopted.

Dementia: dementia*[MeSH] OR dementia*[TIAB] OR Alzheimer*[MeSH] OR Alzheimer*[TIAB] OR “cognitive decline*”[MeSH] OR “cognitive
decline*”[TIAB]

AI: “artificial intelligence”[MeSH] OR “artificial intelligence”[TIAB] OR “machine learning”[MeSH] OR “machine learning”[TIAB] OR “deep
learning”[MeSH] OR “deep learning”[TIAB]

6G: “sixth-generation communication*”[MeSH] OR “sixth-generation communication*”[TIAB] OR “sixth-generation network*”[MeSH] OR
“sixth-generation network*”[TIAB] OR “sixth-generation technolog*”[MeSH] OR “sixth-generation technolog*”[TIAB] OR “sixth-generation
cellular” [MeSH] OR “sixth-generation cellular” [TIAB] OR “6G communication*”[MeSH] OR “6G communication*”[TIAB] OR “6G network*”[MeSH]
OR “6G network*”[TIAB] OR “6G technolog*”[MeSH] OR “6G technolog*”[TIAB] OR “6G wireless”[MeSH] OR “6G wireless”[TIAB] OR “6G
cellular”[MeSH] OR “6G cellular”[TIAB]

Eligibility Criteria
The inclusion criteria adopted to screen relevant papers are
listed in Textbox 2. Overall, we excluded articles if they (1)
were not published in English, (2) did not focus on dementia
patients (eg, dementia caregivers), (3) did not focus on either

AI or 6G technologies, or (4) did not report empirical findings
(eg, protocol studies), (5) did not focus on the noninvasive
application of 6G or AI technologies (eg, collection of
biomarkers such as blood), and (6) did not offer detailed
information on the utilization of 6G or AI in the context of
dementia care and management.

Textbox 2. Data type and study inclusion criteria.

Language: English.

Study context: The use and application of 6G or AI in the context of dementia care and management.

Technology type: AI and 6G technologies.

Use of technology: Nonintrusive application of AI and 6G techniques or technologies.

Study design: Research that reports empirical findings.

Review and Analysis Structure
Overall, as posited by the renowned social scientists Urie
Bronfenbrenner [27], the quantity and quality of dementia care
could be influenced by a wide array of factors, rooted in all
levels of society—from the individual level, the interpersonal
level, the community level, the social level, to the policy level.
In light of the scope of the study, we only focused on dementia
care accessed on the individual level and from the patients’
perspective. Furthermore, in order to comprehensively answer
our overarching research aim—to understand ways in which

6G and AI technologies could elevate dementia care, two
foundational research questions were identified and investigated:
(1) what are the unique characteristics of dementia care, and
(2) what 6G and AI-powered technologies could address the
needs and wants of dementia patients. For ease of understanding
and consistency in presentation, we organized the review and
the subsequent analysis in accordance with these two research
questions. A schematic representation of the review process can
be found in Figure 1.
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Results

A total of 32 peer-reviewed articles were included in the final
review. In addition, up-to-date and vetted news reports were
examined to further enhance the rigor of the subsequent analysis.
The overarching aim of this study is to investigate ways in which
6G and AI technologies could elevate dementia care. To
effectively answer this research question, we first need to
identify the unique characteristics of dementia care and then
the specific 6G and AI-powered technologies that could address

the logistics of dementia care. Subsequently, the results are
divided into two sections, with the first one focusing on the
unique characteristics of dementia care and the second section
centering on specific ways in which 6G and AI technologies
could be best leveraged to mitigate the health challenges
dementia patients face. While complex in nature, drawing
insights from the literature [28-34], dementia could be roughly
categorized into three stages, the early, middle, and the late
stage, each with unique disease manifestations, particularly in
terms of patients’ cognitive and physical abilities (Table 1).

Table 1. Dementia care by stage.

Care neededKey characteristicStage

The symptoms are often overlooked due to the
gradual onset of the disease

Early stage • Regular forgetfulness

• Often lose track of time
• Frequently get lost in familiar places

The symptoms become clearer and more mani-
fested over time.

Middle stage • Have difficulties in remembering recent events and acquittances’
names

• Confusion about time and space
• Incapable of communicating coherently
• Need assistance in self-care
• Behavioral irregularities like wandering and repeated questioning

The symptoms become increasingly evident and
debilitating.

Late stage • Incognizance of time and space

• Unable to recognize relatives and friends
• Dependent on others for self-care
• Incapable to walk
• Behavioral irregularities like aggression and violence

Subsequently, the list of 6G and AI-powered technologies that
could address the unique needs and preferences of people with
dementia can be found in Table 2. In the following section, we
will contextualize the findings of the study by delineating and

dissecting the specific ways in which 6G and AI-powered
technologies could be utilized to address people with dementia’s
unique care needs and preferences.
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Table 2. Key dementia care needs and advanced technology-based solutions

DetailDementia care needs and solution

Memory impairment

RFusion [35] • A robotic arm that could help dementia patients find even deeply hidden items based on camera
and antenna data analyzed by advanced AI algorithms.

Egocentric Live 4D
Perception [36]

• An AI-powered project that could enable machines like virtual reality headsets to better help
people like dementia patients to better navigate daily activities, ranging from finding lost items,
limiting accidental over-medications, to enabling social interactions.

Project Relate [37]Speech impairment • An AI-powered communication tool built by Google that aims to help people with speech im-
pairments communicate smoothly via Google Assistant.

Motor impairment

Project Activate [38] • An AI-powered algorithm that allows people with speech and motor impairments to use facial
expressions as smartphone commands.

Avatar Robot Café
[39]

• A robot and AI-powered system that allows people who are house-bound or bed-ridden, such
as dementia patients, to engage in society as robot pilots—work remotely in the form of phys-
ical robot servers via virtually controlling these robots using an AI-powered system at home
or even in bed.

Affectiva [40]Cognitive and motor
impairments

• An AI system that could recognize and analyze car drivers’ emotional and cognitive states,
such as distraction, fatigue, and heatstroke, information which can then be used to send alerts
to the drivers to prevent potential accidents.

PARO [41-46] and
other social robots
[47-49]

Social connections • A sensor-based therapeutic robot that could improve people with dementia’s mood, social in-
teraction, and wellbeing, which could be further improved via 6G and AI technologies:

• Connect with more advanced AI health surveillance systems.
• Computer vision for assistive medical diagnosis based on facial images [50], which could

further facilitate personalized care design and development.
• Video-based vital signs monitoring (eg, Oxehealth [51]).
• Brain-machine interface devices, like Neurable [52], to gain insights into patients’ focus

and productivity using headphones outfitted with EEG sensors.

• Enable assistive robots with more competent health monitoring and managing functions.

• Connect patients with their loved ones remotely “through” robots (eg, telepresence robots,
which can transit voices, mimics, and head motions [53]).

• Transform assistive robots into multi-functional care assistants (eg, perform memory evaluation
test [54]; provide dementia patients with a wider range of services, from fetch and carry, fall
detection, to transfer patients from floor to chair/bed [55,56]).

Discussion

Principal Findings
Our study aimed to investigate ways in which 6G and AI
technologies could elevate dementia care. This is the first study
that examined how society at large could better meet people
with dementia’s care needs and wants with the aid of advanced
technologies such as 6G and AI. From a technological
perspective, by pointing out areas where 6G and AI could help
further leverage dementia care, the study shed light on the
importance of ingenuity and interoperability across the older
(eg, 4G and 5G) and the newer networking platforms (eg, 6G)
and analytical capabilities (eg, AI algorithms). From a care
perspective, by detailing the promise and prowess of advanced
technologies like 6G and AI in leveraging dementia care, the
current study highlighted the importance of developing
people-centric health solutions that could benefit the betterment
of society and humanity, above and beyond the advancement

of niche technologies. Overall, two fundamental research
questions were answered to sufficiently address the research
objective: (1) what are the unique characteristics of dementia
care, and (2) what 6G and AI-powered technologies could
address the unique needs and wants of dementia patients.

Unique Characteristics of Dementia Care
While much remains to be known about dementia, meaningful
understandings about people with dementia are available in the
literature. Overall, a bevy of definitions of dementia was present
in the literature, ranging from the ones delineated by national
or international organizations (eg, World Health Organization,
the United Kingdom’s National Health Service, the US Centers
for Diseases Control and Prevention, the Government of Ireland,
etc) [4,5,28-30], to conceptualizations developed to echo the
unique characteristics of the research contexts [8,31-34].
Noticeably, almost all reviewed conceptualizations of dementia
share the following similarities: (1) dementia is an abnormal
part of aging that represents a diverse range of health conditions
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that are hallmarked by the gradual decline of (2) cognitive and
(3) physical functionalities. In other words, though dementia is
common among older people, it is not a condition of
aging—young people can develop dementia, and some older
people do not have dementia [5].

Furthermore, rather than one disease, dementia represents a
family of cognitive impairments, which includes conditions
such as Alzheimer’s Disease, vascular dementia, Lewy body
dementia, and mixed dementia, often caused by varied disease
manifestations [28-30]. To further complicate the situation,
people can have multiple dementias at the same time or across
the dementia continuum, conditions which are often difficult
to detect or diagnose due to the similarities between types of
dementia and limitations in medical sciences [28-30]. For
instance, it is not uncommon for people with Alzheimer’s
Disease to simultaneously have vascular dementia (linked to
issues with blood flow to the brain), especially among older
people.

Subsequently, from the perspective of dementia care, the unique
characteristics of dementia symptoms could be further classified
as disease manifestations that are related to cognitive
impairments and the ones rooted in the decline of physical
functions. Overall regardless of disease stage, from the patient’s
perspective, across the dementia continuum, changes they
experience regarding their dementia condition are often shown
as fluctuations in cognitive and/or physical capabilities. In other
words, people with dementia who experience optimal cognitive
and physical abilities may have little to no need to rely on other
people or advanced technologies to assist with their activities,
whereas for individuals who experience poor cognitive and
physical functionalities (eg, have difficulties in remembering,
thinking, reasoning, walking, or moving), exterior help like
advanced technologies are have-to-have enablers of their
self-care needs and wants. A detailed illustration of the interplay
between people with dementia’s abilities and their need for
health technologies can be found in Table 3.

Table 3. The interplay between people with dementia’s abilities and their need for health technologies.

Low cognitive abilitiesHigh cognitive abilities

High physical abilities •• Extremely high dependence on assistive technologies.Little to no dependence on assistive technologies.
• Health technologies are have-to-have directors of

daily activities.• Health technologies are nice-to-have add-ons to daily
activities.

Low physical abilities •• Extremely high dependence on assistive technologies.High dependence on assistive technologies.
• Health technologies are have-to-have enablers of daily

activities.• Health technologies are have-to-have assistants of
daily activities.

6G and AI-Powered Technologies for Dementia Care
Compared to previous networking technologies such as 5G, 6G
is considerably advanced, ranging from high-capacity
connectivity to powerful real-time data analytics [57-64].
Overall, the relationship between 6G and AI will be that of
symbiotic [65]—6G will lay the groundwork needed for the
ecosystem to exist, whereas AI will make the 6G-enabled
infrastructure produce meaningful health solutions for patients
in a timely fashion, which in turn, facilitate the intelligentization
of the hyper-connected community of solutions for dementia
care. It is worth noting that though not all technical details of
6G have been fully explored, available research on its
advantages in the following aspects renders investigations into
6G and AI-empowered dementia care justifiably relevant and
urgent [65-68]: (1) 6G will address the technical limitations of
previous networks (eg, 5G) with markedly superior
communication solutions, (2) 6G can help elevate and enrich
AI applications’ full potentials, (3) 6G technologies coupled
with AI techniques can truly materialize smart dementia
care—networking infrastructure with the ability to seamlessly
transform data points into evidence-based and intelligent
decision-making processes [69], and in turn, (4) offer
much-needed insights into dementia care and management from
a big data analysis perspective, effectively bridging some of the
most ingrained research gaps in the literature (eg, lack of large
population-based empirical research) [47].

For instance, Project Relate is an AI-powered communication
tool developed by Google that aims to help people with speech
impairments communicate smoothly [37]. Different from the
general public, people with speech impairments, such as
dementia patients, often exhibit more obtuse or convoluted
linguistic characteristics [70]. By first asking people to record
their personal speech and then analyzing and identifying the
unique linguistic identifiers using AI-powered algorithms,
Project Relate can subsequently help users “translate” what
could be considered difficult-to-understand speeches into
comprehensible conversations [37]. In other words, by building
their own virtual villages with personal data, advanced
technological solutions such as Project Relate could help
dementia patients with speech impairments communicate with
others more effectively and smoothly. The algorithms and the
logics behind Project Relate could have revolutionary impacts
on existing dementia care solutions that patients have full control
over, such as social robots.

Social robots are interactive robots that could offer
companionship and serve as an emotional or mental health
booster for dementia patients [71-73]. In a study on the effects
of PARO, a robotic seal, for instance, researchers found that
the social robot helped dementia patients uphold their sense of
life, increased their perceptions of social connection, and
improved their positive emotions [74]. However, the use and
application of social robots in dementia care face a wide range
of issues [75,76]. For instance, the way PARO works is that it
has a tactile stimulation-enabled “value” system, which dictates
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its rule of engagement: the robotic seal enjoys being stroked
and dislikes being hit [72]. In its relationship with its owner,
PARO is programmed to remember if it’s been stroked and act
in ways that make it more likely to be stroked—subsequently,
it gradually learns to develop a “personality” that its owner
might appreciate [72]. In other words, when it comes to
interacting with dementia patients, PARO’s technical capabilities
allow it to be reactive and receptive but fall short of equipping
it with capabilities to be proactive and responsive. Not to
mention that one of the most noticeable flaws of social robots
is that they cannot initiate verbal communication with dementia
patients.

One way to address this issue is via 6G and AI technologies.
For instance, when pair advanced AI algorithms such as those
applied in health solutions like Project Relate with real-time
data analytics enabled by 6G technologies, social robots will
no longer serve as reactive companions to dementia patients
but function as proactive caregivers that can provide intelligent
health analytics (eg, noninvasive video-based health monitoring
systems like Oxehealth) [51] and decision assistance to patients.
In other words, as indicated in Table 2, social robots enhanced
with 6G and AI technologies could have the potential to: (1)
detect and predict patients’ agitation and/or violence episodes
prior to disease onset or progression, (2) initiate

communications, rather than waiting to be approached, (3)
engage the patients with a wide range of interactions (eg, speech,
physical interactions, etc) prior to the onset of aggression or
violence, rather than solely based on reactive motion-activation
technologies, and (4) process and analyze data gained from the
interactions to build a patient-by-patient database system to
facilitate personalized dementia care.

Advanced Technology-Enabled Work
Recent advancements, such as the “avatar work” model, could
further expand the promises of advanced technology-enabled
dementia care [39,77]. With the help of advanced AI
technologies, researchers are able to build systems that could
enable people with physical impairments to “work” as robots
in cafés that are appropriately named as Diverse Avatar Working
Network (DWAN) [78]. Essentially, what is innovative about
the “avatar work” or the “Work-Remotely-Café” model is that
it allows people who are house-bound or bed-ridden, such as
dementia patients, to work remotely in the form of physical
robots via virtually controlling these robots using an AI-powered
system at home or even in bed (Figure 2) [39]. In other words,
what the DAWN model shows is that, with the help of advanced
AI-powered algorithms, people with dementia could work as
pilots of the robots (Figure 3).

Figure 2. User interface of the “Avatar robot café” AI system.
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Figure 3. An example of piloted robot in action.

It is important to underscore that even people with severe
debilitating physical impairment can benefit from the
AI-powered robots—similar to the abovementioned Project
Relate, only minimum motor capabilities are required for people
to work as pilots. Unfortunately, at the moment, the DAWN
avatar robot café is only available in Japan, and its first
permanent location opened in June 2021 in Tokyo [39].
However, in light of the fast development of AI technologies
and the ever-expanding dementia population [79-81], it is safe
to assume there will be similar or more advanced 6G and
AI-powered frameworks that would enable
“limited-mobility-yet-unlimited-opportunities” for people with
dementia in the future.

Limitations
While this study bridges vital gaps in the literature, it is not
without limitations. First, the current study only focused on care
solutions for people with dementia rather than informal
caregivers or formal caregivers like health care professionals.
To address this limitation, future research could investigate
dementia health solutions that are designed for stakeholders

other than the patients. Furthermore, in light of the parameters
of our research aim, we only gauged advanced technology-based
dementia care solutions in the context of 6G and AI
opportunities. It is important to note that nontechnology-based
dementia care solutions as well as technologies that are beyond
the scale and scope of 6G and AI also play a critical role in
dementia care [82,83]. In addition, the current study is not a
systematic review, a limitation that could be sufficiently
addressed as evidence continues to accumulate.

Conclusions
To live is to grow old. Yet dementia is neither a proper way to
live nor a natural way to grow old. While scientists continue to
work on finding effective pharmaceutical interventions that
could help cure or cub dementia, speedy, supportive, and
successful non-pharmaceutical interventions are needed to
address and alleviate the everyday health challenges people
with dementia face. By identifying advanced health solutions
powered by 6G and AI opportunities, our study shed light on
how patients with dementia can live and prosper.
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Abstract

Background: The internet has become a major source of health information for general consumers. Web-based health information
quality varies widely across websites and applications. It is critical to understand the factors that shape consumers’ evaluation of
web-based health information quality and the role that it plays in their appraisal and use of health information and information
systems.

Objective: This paper aimed to identify the antecedents and consequences of consumers’ evaluation of web-based health
information quality as a means to consolidate the related research stream and to inform future studies on web-based health
information quality.

Methods: We systematically searched 10 databases, examined reference lists, and conducted manual searches. Empirical studies
that investigated consumers’ evaluation of web-based health information quality, credibility, or trust and their respective
relationships with antecedents or consequences were included.

Results: We included 147 studies reported in 136 papers in the analysis. Among the antecedents of web-based health information
quality, system navigability (ρ=0.56), aesthetics (ρ=0.49), and ease of understanding (ρ=0.49) had the strongest relationships
with web-based health information quality. The strongest consequences of web-based health information quality were consumers’
intentions to use health information systems (ρ=0.58) and satisfaction with health information (ρ=0.46). Web-based health
information quality relationships were moderated by numerous cultural dimensions, research designs, and publication moderators.

Conclusions: Consumers largely rely on peripheral cues and less on cues that require more information processing (eg, content
comprehensiveness) to determine web-based health information quality. Surprisingly, the relationships between individual
differences and web-based health information quality are trivial. Web-based health information quality has stronger effects on
cognitive appraisals and behavioral intentions than on behavior. Despite efforts to include various moderators, a substantial
amount of variance is still unexplained, indicating a need to study additional moderators. This meta-analysis provides broad and
consistent evidence for web-based health information quality relationships that have been fractured and incongruent in empirical
studies.

(J Med Internet Res 2022;24(4):e36463)   doi:10.2196/36463
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Introduction

The internet has become a major source of health information
for general consumers. However, health information quality
(IQ) varies widely across websites and web applications, and
the overall quality is concerning [1,2]. Low-quality information
conveys incomplete, inaccurate, or outdated knowledge, which
may lead users to form erroneous health beliefs and cause
negative, or even detrimental, health outcomes. Owing to the
immense ramifications, web-based health IQ has attracted
continued attention from researchers, health care professionals,
and consumers alike.

The IQ construct has been defined in a disparate fashion. Some
researchers have taken an objective view, defining IQ in relation
to currently accepted medical guidelines [3]. Others recognized
that the evaluation of IQ is contingent on users’ tasks, goals,
and value judgments [4-6] and defined IQ, from a subjective
view, as users’ perceptions of IQ [7] or “fitness for use” [8].
For the purpose of this review, we adopted the view of IQ in
the study by McKinney et al [7] and defined web-based health
IQ as users’ perceptions of the quality of health information on
the internet. In the internet context, two other concepts share
this notion: credibility and trust. Credibility is often defined as
perceived IQ, whereas trust denotes users’ willingness to trust
web-based information [9].

Some researchers have differentiated these 3 concepts. For
instance, some view IQ as a dimension of credibility or a factor
that influences credibility judgment [10], whereas others view
credibility as a major dimension of IQ [11]. Some view IQ
[12-14] or credibility [15] as antecedents of trust, whereas others
view trustworthiness as a major dimension of credibility [16].
Despite these differences, the 3 concepts are intertwined. In the
literature on consumers’web-based health information seeking,
they all, to some degree, refer to consumers’ perceived quality
of web-based health information [17,18]. To achieve
comprehensive coverage of the literature, we included studies
that used any of the 3 terms to refer to health consumers’
perceptions of web-based health IQ.

Systematic reviews concerning IQ, trust, and credibility of
web-based health information have recently been published.
Sun et al [19] identified the criteria and indicators that
consumers use to evaluate web-based health IQ. Sbaffi and
Rowley [18] identified factors that affect consumers’ trust in
and the perceived credibility of web-based health information.
Kim [20] identified antecedents of trust in web-based health
information. On a related note, Diviani et al [17] examined the
relationship between health literacy and consumer evaluation
of web-based health information. These reviews provide a
comprehensive view of how consumers evaluate web-based
health IQ and outline categories of antecedents of web-based
health IQ, such as individual factors (eg, sociodemographic and
health status), source factors (eg, reputation), content factors
(eg, relevance and usefulness), and design factors (eg, layout
and ease of use).

However, these reviews have several limitations. First, a plethora
of antecedents of web-based health IQ was identified; however,
few syntheses and comparisons were performed, resulting in a

rather murky view of the most influential antecedents and how
they affect web-based health IQ evaluation. Second, little effort
was made to amalgamate the consequences of web-based health
IQ. Third, little effort was made to explain inconsistent results
across studies. For example, health literacy (and education levels
and other skill-based proxies for health literacy) had a significant
positive effect on perceived web-based health IQ and trust in
some studies [21-24] but a negative [25-27] or insignificant
[28-30] effect in others. These inconsistent results indicate that
web-based health IQ relationships may be moderated by
contextual factors [31].

To further enhance our knowledge of the existence, nature, and
magnitude of web-based health IQ relationships and elucidate
the conceptual and practical significance of the concept [32],
we performed a meta-analysis to address the following research
questions: (1) what antecedents and consequences are relevant
to consumers’evaluations of web-based health IQ, and (2) what
moderators intervene in web-based health IQ relationships?

Methods

Search Strategy
A systematic search of the literature published since 2000 was
performed in July 2020 on 10 databases (eg, PubMed, CINAHL,
and PsycINFO), using the search query health information AND
(credibility OR quality OR reliability OR trust) AND (online
OR Internet OR web) within the title, abstract, and keyword
fields of these databases. In addition, we tracked the references
of the included papers using Google Scholar. To reduce
publication bias, we also searched the ProQuest dissertation
and thesis database and reviewed the proceedings of several
related conferences.

Inclusion Criteria, Exclusion Criteria, and Screening
The studies included in this review were empirical studies that
reported effect sizes for web-based health IQ relationships.
Studies were excluded if they met the following criteria: (1)
focused on health care providers, (2) used qualitative research
methods, (3) studied patients’ or consumers’ perceptions of the
quality of information from noninternet sources (eg, health care
providers and newspapers), (4) were not independent samples,
(5) did not report effect sizes, (6) only reported significant
results, and (7) were not in English.

Unique records resulting from the search were screened against
the inclusion and exclusion criteria. First, two reviewers (YZ
and SS) independently reviewed the titles and abstracts of the
100 randomly selected records. The full text was retrieved and
perused when a decision could not be reached based on the title
and abstract. The intercoder agreement was moderate (Cohen
κ=0.51). Discrepancies were discussed, and we clarified the
inclusion and exclusion criteria. Then, the 2 coders
independently coded another 50 randomly selected records. The
intercoder agreement reached 0.71. Discrepancies were
discussed and resolved again. SS then screened the rest of the
records. The screening was purposely kept broad to avoid
missing relevant studies. The overall process resulted in 273
papers. YK reviewed the full text of these papers and further
excluded 142. Relevant papers from related conference
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proceedings were added, resulting in a final sample of 136
papers, which reported 147 studies. The paper screening and

identification procedures are illustrated in Figure 1. The list of
studies is reported in Multimedia Appendix 1.

Figure 1. Paper screening and identification procedure.

Data Extraction and Meta-analytic Approach
One of the reviewers (YK) extracted and coded the following
data from the included studies using Microsoft Excel:

1. Basic paper features: title, publication outlet, author,
publication year, and publication type (journal and
nonjournal)

2. Research design: stimulus type (specific vs general),
technology context (social media vs nonsocial media),
sample size, sample clinical status (patient vs nonpatient),
sample type (student vs nonstudent), operationalization
(quality vs credibility vs trust), sample year, number of
instrument items, measurement reliability, sample country,
sample culture dimensions, and study methods (survey vs
experiment); the values for cultural dimensions were
obtained by inputting the sample country into the website
of Hofstede [33]

3. Antecedents and consequences: antecedent and consequence
variables (when authors of the included papers used
different terms to describe the same or similar concept, the

terms were grouped under a preferred name; eg, the
construct of direct experience with cancer in the study by
Feng and Yang [34] and the construct of perceived severity
of mental health in the study by McKinley and Ruppel [35]
were coded as health experience and beliefs; constructs
were categorized as antecedents or consequences as in the
original studies), reliability scores when available, and
effect sizes for specific antecedents and consequences (ie,
correlations, odds ratio, β, chi-square, F statistic, and t
statistic; the latter 4 were subsequently converted into
correlations using formulas [36-38]).

YZ reviewed the coded data against the original full-text papers
to ensure accuracy and consistency. The interrater agreement
(Cohen κ) reached 0.93 for basic paper features and research
design, 0.87 for grouping concepts, and 0.91 for effect sizes.
Disagreements were discussed and resolved. Interested readers
can contact the authors to obtain the meta-analysis database.

Following the methods by Hunter and Schmidt [36], this
meta-analysis used a random-effects model to analyze
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correlations (rs). Weighted mean correlations (ρ or main effects)
were computed by correcting for measurement and sampling
errors. Reliabilities from each study were used to correct
measurement errors. In studies that did not report a reliability
value, the mean reliability (Multimedia Appendix 2) was used
as the substitute. Reliability was set at 1.00 for variables
assumed to have no measurement error (eg, gender, age,
education, income, and race). Sample sizes were used to correct
for sampling errors. Various supporting statistics such as the

95% CI, 90% credibility interval, Q statistic, I2 statistic, and
Begg test were computed in addition to ρs. Heterogeneity was

detected if the Q statistic was significant (P<.05), the I2 was
>75%, or the 90% credibility interval was wide. The Begg test
[39] exposes where publication bias exists in the meta-analysis
via funnel plot asymmetry, whereby P<.05 implicates
publication bias.

Informed by prior meta-analyses on relevant topics [40-42] and
the characteristics of the included studies, we examined three
categories of moderators—cultural, research design, and
publication—and the operationalization of web-based health
IQ (quality, credibility, and trust), resulting in a total of 13
factors (Table 1).

All moderators were categorical; thus, subgroup analyses using
a random-effects model [43] were conducted to calculate the
mean ρs. QM, an omnibus test, was calculated to statistically
compare subgroup means. Antecedents and consequences with
a sufficient number of observations (≥20) were analyzed against
moderators. Those without sufficient observations were
combined into composite variables for the analysis based on
conceptual similarities. The metafor package [44] in R was used
to analyze the main and moderating effects.
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Table 1. Moderators for web-based health information quality relationships.

Definition and operationalizationModerator

This refers to the culture that sample participants belong to. It is operationalized by 5 cultural dimensions
outlined in the cultural dimension theory by Hofstede [45].

Sample culture

Individualism is “a preference for a loosely-knit social framework” where people are supposed to take care
of only themselves or their close family members [46]. Collectivism represents a preference for in-group
loyalties. People in a collectivistic society must unconditionally be in service to other in-group members to
show their loyalty [47].

Individualism versus collectivism

This refers to the degree to which “the less powerful members of a society accept and expect that power is
distributed unequally” [46]. In a society with high power distance, people “accept a hierarchical order in
which everybody has a place and which needs no further justification.” In a society with low power distance,
people strive to “equalize the distribution of power and demand justification for inequalities of power” [46].

Power distance

This expresses “the degree to which members of a society feel uncomfortable with uncertainty and ambigu-
ity.” Societies with strong uncertainty avoidance are “intolerant of unorthodox behavior and ideas” [46],
whereas societies with weak uncertainty avoidance exhibit a more relaxed attitude [48].

Uncertainty avoidance

A society with a long-term orientation fosters virtues oriented toward future rewards, in particular, perseverance
and thrift [48]. A society with a short-term orientation “prefers to maintain time-honored traditions and norms
while viewing societal change with suspicion” [46].

Long-term versus short-term orien-
tation

Indulgence stands for a society’s tendency to allow “relatively free gratification of basic and natural human
desires related to enjoying life and having fun.” Restraint stands for “a society that suppresses gratification
of needs and reregulate it by strict social norms.” [46,48].

Indulgence versus restraint

This refers to the study’s research methods to address research problems, including research settings, data
collection, measurement, and the analysis of data.

Research design

This refers to the internet technology platforms where a study situates their examination of web-based health
information quality. The technology context was categorized into social media (eg, web-based health com-
munities, Twitter, and Facebook) and non–social media (ie, general health websites).

Technology context

This refers to whether a sample comprises students or nonstudents.Sample type

This refers to people who assume to have no specific conditions or patients who have been diagnosed with
particular conditions.

Sample clinical status

This refers to the research methods that a study used to collect data. Two specific research methods were
frequently used and thus coded for this meta-analysis: survey and experiment.

Study methods

This refers to the stimuli used in the included studies. Two types of stimuli were identified: general and
specific. General stimuli are web-based health information in general (without specifications of information
source and content). Specific stimuli are specific health information or health information systems (eg, a
specific health website or a specific health message).

Stimulus type

Publication

This refers to the venue where a study was published. Two types of publication outlets were defined: journal
and nonjournal (including conference proceedings and theses and dissertations).

Publication outlet

This refers to when a study was published. Two periods were defined—before 2014 and in or after 2014—by
applying the median split on the publication year.

Time

This refers to the three focal concepts included in the analysis: web-based health information quality, credi-
bility, and trust in web-based health information.

Operationalization of web-based health
information quality

Results

Basic Characteristics of the Included Papers
The 136 papers included 109 (80.1%) journal articles, 20
(14.7%) conference papers, and 7 (5.2%) theses and
dissertations. The publication years ranged from 2000 to 2020,
with 75% (102/136) of the papers published after 2010. The
health domains covered included both general and specific
health topics (eg, schizophrenia, cancer, HIV, and prescription
medications).

The included papers reported 147 independent studies. Sample
sizes ranged from 34 to 8586 (median 252); 67.3% (99/147) of

samples involved nonstudents, 32.7% (48/147) involved
students, 8.8% (13/147) of samples were patients, and 91.2%
(134/147) were nonpatients. Among the 133 samples that
reported countries (15 countries), 76 (57.1%) were from the
United States, followed by 16 (12%) from China, 10 (7.5%)
from Korea, 8 (6%) from Germany, and 5 (3.8%) from Australia.

Antecedents and Consequences of Web-Based Health
IQ
Table 2 presents 18 antecedents and 8 consequences of
web-based health IQ with at least 6 observations. Those with
the number of samples <6 were not included in the analysis as
the results tend to be less generalizable [41]. The antecedents
fell into four categories: individual difference, source, content,
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and design. The consequences fell into three categories:
cognitive appraisals, behavioral intentions, and behaviors.

Table 3 presents the main effects of the antecedents and
consequences. Using the Cohen criteria [49] for judging the
magnitude of correlation effect sizes, the design
factor—navigability—was most strongly related to web-based
health IQ (ρ=0.56), followed by the other design
factor—aesthetics (ρ=0.49)—and a content factor—ease of
understanding (ρ=0.49). Four other factors—source
trustworthiness (ρ=0.28), health knowledge (ρ=0.15), internet
experience (ρ=0.13), and social endorsement (ρ=0.10)—showed
significant but weak relationships with web-based health IQ.

On the basis of the Begg test, which takes into account
publication bias (Begg P=.02), and using the trim-and-fill
method [50] with 10 imputed studies on the right side of the
funnel plot, age had a significant association with web-based
health IQ (ρ=0.27; 95% CI 0.06-0.48; Q=3753.86). Thus, the
age and web-based health IQ relationship changed from
nonsignificant to significant, with individuals who were older
rating the web-based health IQ higher than those who were

younger. The remaining factors were not significantly related
to web-based health IQ.

Regarding consequences, the web-based health IQ exerted the
strongest effect on intentions to use health information systems
(ρ=0.58). Its relationship with intentions to use health
information was also significant but not as strong (ρ=0.37).
Web-based health IQ’s relationships with cognitive appraisal
factors were mostly moderate, with the effect size for
satisfaction being the largest (ρ=0.46). Web-based health IQ
was moderately related to health information seeking (ρ=0.30)
and did not have a significant relationship with health
information use.

Across the results of the main effects, Q statistics were
substantial, indicating that the effect size distribution was
heterogeneous and that some variables other than subject-level
sampling and measurement errors contributed to the effect size

variances [51]. Confirming the Q statistics, the I2 statistics
indicated wide dispersion. The credibility interval for all
relationships was wide, further implying that the effect size
distribution was heterogeneous.
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Table 2. Antecedents and consequences of web-based health information quality with at least 6 observations.

DefinitionVariable

Antecedents

Individual differences

The gender of the participants included in study samples (female=1 and male=0)Gender

The age of the participants included in study samplesAge

The education levels of the participants included in study samplesEducation

The income of the participants included in study samplesIncome

The race of the participants included in study samples (White=1 and non-White=0)Race

An individual’s experience with using the internet, as manifested in aspects such as the length or frequency
of use and the use of the range of web-based services [52]

Internet experience

An individual’s perceived personal relevance of the web-based health information [53]Personal involvement

Individuals’ self-assessment of the status of their overall personal physical and mental health [54,55]Perceived health status

An individual’s experience with a health condition, perceived risk for developing the condition, and perceived
severity of the condition

Condition experience and be-
liefs

Individuals’ ability to obtain health information from both electronic and nonelectronic sources and their
ability to process, understand, and apply the obtained health information to solve health problems and make
appropriate health decisions [56,57]

Health literacy

Individuals’ knowledge about their health problems and the care for the problems [58]Health knowledge

Source-related factors

The extent to which an individual believes that a specific web-based health information provider has attributes
(eg, reputation) that are beneficial to the consumer [14]

Source trustworthiness

The extent to which the source or the author of a message, webpage, or website is perceived to be capable
of making correct assertions [59]

Source expertise

Content factors

Whether the provided information is easy to understand (eg, in everyday language) and informative to users
[60,61]

Ease of understanding

Endorsements from other users of a website and could be manifested in forms ranging from sharing, com-
menting, and rating to liking [62]

Social endorsement

Whether information provided is comprehensive, providing users with comparatively complete information
(eg, necessary information to establish a medical claim, statistics, references, testimonials, source and author
information, and user support information) [63,64]

Content comprehensiveness

Design factors

Whether a website has clear navigation menus and effective hyperlinks and whether the information is easy
to access by searching or browsing [65,66]

Navigability

The visual design of a website, including the structural features such as typography, images, color, and aes-
thetics (eg, whether the website is professional and appealing) [67]

Aesthetics

Consequences

Cognitive appraisals

Individuals’ evaluations of and feelings about health websites or web-based health information [64,68]Attitudes

The degree to which consumers believe that using health information on the internet would enhance their
health-related activities [47]

Perceived usefulness

The perceived level of rewards or risks that people have about the consequences of using or acting on web-
based health information [14,65]

Perceived health benefits

Individuals’ satisfaction with health websites or web-based health informationSatisfaction with health infor-
mation

Behavioral intentions

Individuals’ intentions or willingness to use web-based health information to make health decisions, manage
health problems, or inform health behaviors

Intentions to use health infor-
mation
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DefinitionVariable

Individuals’ intentions or willingness to use web-based health information systems to seek health informationIntentions to use health infor-
mation systems

Behavior

Individuals’ use of web-based or offline sources to find health-related information, which is manifested in
aspects such as the types of information sought and the frequency and intensity of health information seeking

Health information seeking

Individuals’ use or application of health information (from web-based or offline sources) to make health
decisions, manage health problems, or inform health behaviors

Use health information
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Table 3. Antecedents and consequences of quality of web-based health information.

Begg P

valuef
I2 (%)eQd90% CVc95% CIρb, mean (SD)raSample

size, N
Sam-
ples, n

Factors

Antecedents

Individual differences

.2286.45216.29g–0.17 to
0.25

–0.04 to 0.130.04 (0.13)0.0420,10125Gender (female)

.0297.15834.84g–0.18 to
0.26

–0.11 to 0.200.04 (0.13)0.0423,46320Age

.7094.29332.32g–0.23 to
0.33

–0.09 to 0.200.05 (0.17)0.0516,87415Education

.7591.99186.18g–0.11 to
0.37

0.01 to 0.240.13 (0.15)0.12623514Internet experience

.3197.08465.37g–0.23 to
0.49

–0.05 to 0.310.13 (0.22)0.11417113Personal involvement

.9298.55715.44g–0.31 to
0.39

–0.12 to 0.190.04 (0.21)0.0426,2079Perceived health status

.6195.65270.04g–0.11 to
0.21

–0.08 to 0.190.05 (0.10)0.0518,1779Income

.0899.562609.14g–0.51 to
0.35

–0.52 to 0.37–0.08 (0.26)–0.0714,1629Race (White)

.9948.8818.74g–0.12 to
0.22

–0.01 to 0.110.05 (0.10)0.0577727Condition experience and
beliefs

.2797.83298.22g–0.25 to
0.69

–0.01 to 0.450.22 (0.28)0.1836616Health literacy

.7263.6418.26g–0.03 to
0.33

0.07 to 0.220.15 (0.11)0.1327976Health knowledge

Source-related factors

.6697.78950.38g–0.14 to
0.70

0.10 to 0.450.28 (0.25)0.25415417Source trustworthiness

.4497.66649.35g–0.25 to
0.65

–0.08 to 0.490.20 (0.27)0.17598813Source expertise

Content-related factors

.4797.90698.28g0.03 to
0.95

0.35 to 0.630.49 (0.28)0.41398114Ease of understanding

.1477.5732.03g–0.18 to
0.38

0.00 to 0.190.10 (0.17)0.0922677Social endorsement

.5697.57549.04g–0.29 to
0.71

–0.11 to 0.540.21 (0.30)0.1813737Content comprehensive-
ness

Design-related factors

.2196.85436.08g0.02 to
1.00

0.44 to 0.670.56 (0.33)0.47309912Navigability

.0695.99434.41g0.06 to
0.92

0.30 to 0.680.49 (0.26)0.40430711Aesthetics

Consequences

Cognitive appraisals

.7588.041871.08g0.04 to
0.82

0.36 to 0.500.43 (0.24)0.38393414Attitudes

.6097.78557.55g–0.09 to
0.67

0.08 to 0.500.29 (0.23)0.2511,11010Perceived usefulness

.6194.86189.17g0.10 to
0.64

0.26 to 0.490.37 (0.16)0.3262929Perceived health benefits
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Begg P

valuef
I2 (%)eQd90% CVc95% CIρb, mean (SD)raSample

size, N
Sam-
ples, n

Factors

.3684.311699.85g–0.01 to
0.93

0.41 to 0.510.46 (0.29)0.4133349Satisfaction with health
information

Behavioral intentions

.6699.234162.85g–0.18 to
0.92

0.32 to 0.430.37 (0.33)0.32766317Intentions to use health
information

.5595.73290.34g0.19 to
0.97

0.43 to 0.720.58 (0.24)0.4916148Intentions to use health
information systems

Behavior

.0899.5912,308.96g–0.16 to
0.76

0.15 to 0.460.30 (0.28)0.2526,25918Health information seek-
ing

.7798.361083.33g–0.21 to
0.71

–0.00 to 0.500.25 (0.28)0.2115,02115Health information use

aWeighted mean correlation.
bCorrected weighted mean correlation and SD of ρ.
c90% credibility interval.
dHeterogeneity statistic.
ePercentage of variation across studies that is because of heterogeneity.
fThe Begg test for funnel plot asymmetry.
gP<.01.

Moderators of Web-Based Health IQ Relationships
Substantial heterogeneity calls for moderator analyses to explain
the variance. The examined moderators included culture,
research design, publication factors, and one
operationalization-related moderator—the focal variable. The
analysis was performed on web-based health IQ’s relationships
with eight factors: two individual factors—gender and
age—enabled by adequate sample numbers and six composite
factors—source, content, design, cognitive appraisals, behavioral
intentions, and behavior—formed by combining lower-level
antecedents and consequences to offer adequate observations
for the analysis. For the moderator analysis involving age and
web-based health IQ, we did not include the 10 imputed studies,
given that incorporating simulated data can distort the subgroup
comparison. Table 4 presents the subgroup mean values and
QM statistics. Other relevant statistics (95% CI, 90% credibility

interval, QE, and R2) can be found in Multimedia Appendices
3-10. All moderators were significantly related to the effect size
of at least one web-based health IQ relationship examined; 6
moderators significantly affected ≥3 relationships. The following
interpretations focused on subgroups with significant
differences.

Culture moderated the three antecedents of web-based health
IQ: gender, age, and source. Females in individualistic (ρ=0.06
vs ρ=–0.11), low power distance (ρ=0.06 vs ρ=–0.02), and high
uncertainty avoidance (ρ=0.08 vs ρ=–0.03) cultures rated
web-based health IQ higher than males. Older individuals in
low uncertainty avoidance (ρ=0.21 vs ρ=–0.07) and indulgence
cultures (ρ=0.19 vs ρ=–0.05) rated web-based health IQ higher.
Individuals with high uncertainty avoidance (ρ=0.37 vs ρ=0.20),
long-term orientation (ρ=0.32 vs ρ=0.19), and restraint (ρ=0.37

vs ρ=0.17) cultures exhibited a stronger source and web-based
health IQ relationship.

Culture moderated two consequences of web-based health IQ:
cognitive appraisals and behavioral intentions. Individuals in
long-term cultures had higher cognitive appraisals of web-based
health IQ (ρ=0.40 vs ρ=0.27). Individuals with low uncertainty
avoidance (ρ=0.59 vs ρ=0.41), short-term orientation (ρ=0.80
vs ρ=0.43), and indulgence cultures (ρ=0.60 vs ρ=0.43) had
higher behavioral intentions as a result of the web-based health
IQ than individuals in their respective counterpart cultures.

Research design moderated two antecedents of web-based health
IQ: gender and content. Women rated the web-based health IQ
higher in studies using the survey method (ρ=0.06 vs ρ=–0.06),
non–social media technology context (ρ=0.06 vs ρ=–0.10), and
nonpatient samples (ρ=0.09 vs 0.00). The content and web-based
health IQ relationships were stronger in studies using the survey
method (ρ=0.51 vs ρ=0.21), general stimuli (ρ=0.73 vs ρ=0.30),
and nonstudent samples (ρ=0.43 vs ρ=0.24).

Research design moderated three consequences of web-based
health IQ: cognitive appraisals, behavioral intentions, and
behavior. Studies using specific stimuli (ρ=0.48 vs ρ=0.27) and
nonstudent samples (ρ=0.35 vs ρ=0.26) produced larger effect
sizes for the web-based health IQ and cognitive appraisals
relationship. Studies using specific stimuli (ρ=0.54 vs ρ=0.32),
social media context (ρ=0.45 vs ρ=0.39), and student samples
(ρ=0.53 vs ρ=0.39) reported higher behavioral intentions.
Student samples also produced a larger effect size for the
web-based health IQ and behavior relationship (ρ=0.66 vs
ρ=0.20).

Publication factors moderated the gender and web-based health
IQ relationship. Journal articles (ρ=0.06 vs ρ=–0.08) and papers
published before 2014 (ρ=0.08 vs ρ=–0.01) reported larger
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effect sizes than their respective counterparts. Publication year
moderated web-based health IQ and cognitive appraisals and
web-based health IQ and behavioral intentions, with recent
publications (2014 and after) reporting lower cognitive
appraisals (ρ=0.32 vs ρ=0.37) but higher behavioral intentions
(ρ=0.55 vs ρ=0.25).

The three focal variables—quality, credibility, and
trust—produced significant differences in 2 web-based health

IQ relationships. The quality subgroup reported a stronger design
and web-based health IQ relationship than the credibility
subgroup (ρ=0.58 vs ρ=0.33). The omnibus test for comparing
the focal variables in the web-based health IQ and behavioral
intentions was significant (QM=30.50; P<.01). Post hoc tests
revealed that the significant difference was because of the trust
group being higher than the quality group (QM=13.63; P<.01)
and the trust group being higher than the credibility group
(QM=26.85; P<.01).
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Table 4. Influence of moderators on quality of web-based health information relationships.

BehaviorBehavioral in-
tentions

Cognitive ap-
praisals

Design-re-
lated fac-
tors

Content-relat-
ed factors

Source-re-
lated fac-
tors

AgeGender (fe-
male=1)

Moderators

Culture

1.672.711.880.240.033.200.3210.50bIndividualism versus

collectivism, QM
a

0.27 (20;
33,688)

0.43 (13;
4684)

0.31 (23;
15,533)

0.39 (9;
2127)

0.37 (20;
5491)

0.22 (21;
7645)

0.05 (12;
19,834)

0.06 (18;
17,745)

Individualism,

mean (k; N)c

0.37 (9;
5515)

0.58 (7; 1977)0.39 (11;
4008)

0.57 (6;
1917)

0.46 (4; 468)0.44 (6;
1460)

0.03 (5;
2542)

–0.11 (4;
1242)

Collectivism, mean
(k; N)

1.672.711.880.240.033.200.073.85dPower distance, QM

0.37 (9;
5515)

0.58 (7; 1977)0.39 (11;
4008)

0.57 (6;
1917)

0.46 (4; 468)0.44 (6;
1460)

0.01 (6;
3201)

–0.02 (5;
1901)

High, mean (k; N)

0.27 (20;
33,688)

0.43 (13;
4684)

0.31 (23;
15,533)

0.39 (9;
2127)

0.37 (20;
5491)

0.22 (21;
7645)

0.05 (11;
19,175)

0.06 (17;
17,086)

Low, mean (k; N)

2.02109.01b1.230.250.136.25d7.37b6.78bUncertainty avoid-
ance, QM

0.42 (12;
14,139)

0.41 (9; 4344)0.31 (17;
7284)

0.61 (4;
969)

0.45 (11;
2177)

0.37 (14;
3022)

–0.07 (8;
12,795)

0.08 (10;
13,180)

High, mean (k; N)

0.21 (17;
25,064)

0.59 (11;
2317)

0.33 (17;
12,257)

0.43 (11;
3075)

0.33 (13;
3782)

0.20 (13;
6083)

0.21 (9;
9581)

–0.03 (12;
5807)

Low, mean (k; N)

.08457.96b3.88d0.020.527.21b2.930.57Orientation, QM

0.29 (17;
13,738)

0.43 (15;
5761)

0.40 (23;
7935)

0.52 (9;
2556)

0.48 (15;
3551)

0.32 (19;
4457)

–0.05 (13;
14,411)

0.07 (15;
14,013)

Long-term, mean
(k; N)

0.28 (12;
25,465)

0.80 (5; 900)0.27 (11;
11,606)

0.39 (6;
1488)

0.22 (9;
2408)

0.19 (8;
4648)

0.22 (4;
7965)

–0.01 (7;
4974)

Short-term, mean
(k; N)

0.92165.28b0.370.040.1311.47b3.86d0.00Indulgence versus re-
straint, QM

0.20 (14;
22,776)

0.60 (8; 1704)0.31 (13;
11,190)

0.41 (7;
1862)

0.34 (11;
3582)

0.17 (9;
5223)

0.19 (6;
8974)

0.00 (10;
6213)

Indulgence, mean
(k; N)

0.29 (12;
11,502)

0.43 (12;
4957)

0.38 (20;
6945)

0.53 (8;
2182)

0.43 (12;
2307)

0.37 (18;
3882)

–0.05 (11;
13,402)

0.07 (12;
12,774)

Restraint, mean (k;
N)

Methods

N/Ae3.390.492.469.55b0.570.015.39dStudy method, QM

—f0.40 (22;
8870)

0.34 (27;
21,314)

0.56 (14;
5795)

0.51 (10;
3271)

0.25 (7;
4884)

0.04 (13;
21,681)

0.06 (17;
17,929)

Survey, mean (k;
N)

N/A0.46 (3; 407)0.41 (10;
1702)

0.26 (6;
897)

0.21 (17;
3772)

0.22 (23;
5258)

–0.01 (7;
1782)

–0.06 (8;
2172)

Experiment, mean
(k; N)

1.04100.36b4.74a0.499.53b1.310.052.13Stimulus type, QM

0.29 (25;
35,528)

0.32 (11;
5688)

0.27 (18;
15,477)

0.60 (9;
3963)

0.73 (5; 822)0.35 (4;
1321)

0.05 (11;
20,648)

0.06 (13;
16,088)

General, mean (k;
N)

0.27 (6;
3983)

0.54 (14;
3589)

0.48 (19;
7539)

0.39 (11;
2729)

0.30 (22;
6221)

0.22 (26;
8821)

–0.02 (9;
2815)

–0.01 (12;
4013)

Specific, mean (k;
N)

N/A5.18dN/AN/A0.723.330.064.55dTechnology context,
QM

—0.45 (6; 1107)——0.24 (10;
2493)

0.32 (10;
2011)

0.02 (3;
1397)

–0.10 (4;
2092)

Social media,
mean (k; N)

N/A0.39 (19;
8170)

N/AN/A0.41 (17;
4550)

0.21 (20;
8131)

0.04 (17;
22,066)

0.06 (21;
18,009)

Non–social media,
mean (k; N)
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BehaviorBehavioral in-
tentions

Cognitive ap-
praisals

Design-re-
lated fac-
tors

Content-relat-
ed factors

Source-re-
lated fac-
tors

AgeGender (fe-
male=1)

Moderators

0.040.57N/AN/AN/AN/AN/A7.18bSample clinical status,
QM

0.11 (6;
4192)

0.24 (3; 1646)—————0.09 (4; 9478)Nonpatients, mean
(k; N)

0.31 (25;
35,319)

0.44 (22;
7631)

N/AN/AN/AN/AN/A0.00 (21;
10,623)

Patients, mean (k;
N)

3.71d4.69d9.20b.045.63d0.000.030.00Sample type, QM

0.66 (9;
7008)

0.53 (6; 1133)0.26 (8; 1693)0.50 (4;
841)

0.24 (13;
2947)

0.22 (13;
2959)

–0.03 (3;
594)

0.01 (7; 1978)Students, mean (k;
N)

0.20 (22;
32,503)

0.39 (19;
8144)

0.35 (29;
21,323)

0.52 (16;
5851)

0.43 (14;
4096)

0.24 (17;
7183)

0.04 (17;
22,869)

0.05 (18;
18,123)

Nonstudents, mean
(k; N)

Publication

0.01N/A0.412.850.730.180.026.41dOutlet, QM

0.29 (26;
38,726)

—0.33 (30;
21,454)

0.50 (13;
4751)

0.38 (19;
5426)

0.24 (20;
7528)

0.05 (12;
21,288)

0.06 (17;
18,204)

Journal, mean (k;
N)

0.22 (5; 785)N/A0.45 (7; 1562)0.54 (7;
1941)

0.26 (8;
1617)

0.21 (10;
2614)

–0.01 (8;
2175)

–0.08 (8;
1897)

Nonjournal, mean
(k; N)

0.00146.34b6.42d0.210.010.000.155.26dYear, QM

0.27 (15;
24,416)

0.25 (10;
4430)

0.37 (21;
14,357)

0.52 (12;
4380)

0.33 (8;
1684)

0.26 (13;
5463)

0.07 (7;
16,892)

0.08 (9;
12,145)

Before 2014, mean
(k; N)

0.31 (16;
15,095)

0.55 (15;
4847)

0.32 (16;
8659)

0.52 (8;
2312)

0.36 (19;
5359)

0.20 (17;
4679)

–0.02 (13;
6571)

–0.01 (16;
7956)

2014 and after,
mean (k; N)

4.1230.50b3.599.34b2.190.090.940.07Focal variable, QM

0.40 (6;
4095)

0.40 (7; 3355)0.45 (11;
4510)

0.58 (10;
4815)

0.31 (6;
1632)

0.30 (8;
1899)

0.04 (3;
737)

—Quality, mean (k;
N)

0.19 (7;
7341)

0.31 (8; 1577)0.26 (17;
9301)

0.33 (9;
1704)

0.29 (16;
3943)

0.20 (18;
4859)

0.22 (8;
7801)

0.02 (9; 2867)Credibility, mean
(k; N)

0.30 (17;
27,889)

0.45 (10;
4345)

0.36 (9; 9205)—0.57 (5;
1468)

0.25 (4;
3384)

–0.05 (8;
14,290)

0.06 (9;
14,572)

Trust, mean (k; N)

aOmnibus test comparing group means.
bP<.01.
cCell entries show subgroup means (weighted mean correlation corrected for measurement unreliability); each parenthesis contains k (number of samples)
and N (total sample size).
dP<.05.
eN/A: not applicable; insufficient effect sizes for subgroup comparison.
fNot available.

Discussion

Using a comprehensive meta-analytic approach, this study
analyzed antecedents and consequences of consumer web-based
health IQ evaluations and contextual factors that moderate the
relationships based on 147 independent studies. The major
findings are discussed in the following sections.

Web-Based Health IQ Antecedents
Consistent with systematic reviews of consumer web-based
health information evaluation behavior [18,19], we identified
four major categories of antecedents of web-based health IQ:
individual, source, content, and design factors. Furthermore,

we revealed the magnitude of the antecedents’ effect. We found
that among the 18 antecedents examined, navigability (design)
was the strongest predictor of web-based health IQ, followed
by ease of understanding (content) and aesthetics (design). Four
factors had significant but weak relationships with web-based
health IQ: source trustworthiness (source), health knowledge
(individual), internet experience (individual), and social
endorsement (content). Age (individual) was significantly related
to web-based health IQ after correcting for publication bias.
However, this result needs to be viewed with caution as imputed
data were generated to obtain this result. The remaining 10
antecedents were not substantially related to web-based health
IQ evaluation.
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These results suggest that consumers rely prominently on
peripheral cues (eg, navigability, aesthetics, and ease of
understanding) and less on systematic cues (eg, content
comprehensiveness) to evaluate web-based health IQ. This is
consistent with the Fogg et al [69,70] findings from large-scale
surveys that website design look and ease of use (including
navigability) were the most prominent influencers of website
credibility, exerting stronger impacts than source expertise and
trustworthiness. According to dual processing models of
information processing and assessment, such as the Elaboration
Likelihood Model and Heuristic-Systematic Model [71,72],
these results can be attributed to consumers’ lack of motivation
and/or ability to evaluate web-based health IQ [73,74]. However,
the results were not conclusive. First, it is possible that
theoretically significant motivational and ability factors, such
as personal involvement and source expertise [71,72], did not
show a significant direct impact on web-based health IQ in this
research because their relationships were moderated by
contextual factors, which were not analyzed because of
insufficient observations. Second, other theoretically and/or
empirically significant influencers of web-based health IQ that
are closely related to systematic information processing, such
as augment strength [14] and content consistency [75,76], were
not analyzed because of insufficient observations; thus, their
effects were not accounted for in this research. More research
is needed to elucidate the antecedent and web-based health IQ
relationships.

Consequences
Web-based health IQ was significantly related to all the
consequences identified in the research, except for health
information use. The effect of web-based health IQ on
behavioral intentions (particularly intentions to use health
information systems) was the strongest, followed by cognitive
appraisal factors (particularly satisfaction with health
information). The relationship of web-based health IQ with
health information–seeking behaviors was moderate, consistent
with the findings of another meta-analysis of credibility and
health information seeking [77].

The information system success model posits that IQ predicts
users’ intention to use or use of and satisfaction with an
information system [78,79]. The model of information adoption
posits that IQ determines users’ attitudes toward information
(ie, usefulness) [80,81]. Empirical research in information
systems has provided strong support for the IQ-satisfaction
relationship [40], whereas support for the IQ-use relationship
has been mixed [79]. Our meta-analyses of web-based health
IQ consequences are largely consistent with these findings,
suggesting that web-based health IQ is important for consumers’
intentions to use and satisfaction with web-based health
information systems and information and information-seeking
behavior. The 2 aforementioned models, although primarily
developed and tested in organizational or individual work
settings, are applicable in the context of consumers’ web-based
health information seeking.

Moderators
Culture moderated three antecedent and web-based health IQ
relationships (ie, age, gender, and source) and two web-based

health IQ and consequence relationships (ie, cognitive appraisals
and behavioral intentions), demonstrating itself as an important
factor shaping both web-based health IQ evaluation and its
consequences. However, few empirical studies have directly
examined the culture and web-based health IQ relationships.
Future studies should fill this gap, which is critical for informing
the design of health information systems and policies that serve
different cultural groups in and across nations.

Research design factors moderated two antecedent and
web-based health IQ (ie, gender and content) and all 3
consequence and web-based health IQ relationships, reinforcing
the importance of careful research design in studying web-based
health IQ. It is worth noting that sample type and stimulus type
affected the greatest number of relationships, with student
samples and studies using general stimuli reporting stronger
content and web-based health IQ relationships and having lower
cognitive appraisals but stronger behavioral intentions (and
stronger behavior for the student samples). The results caution
the use of student samples and general stimuli when studying
web-based health IQ relationships. The clinical status of the
sample moderated the gender and web-based health IQ
relationship. It may moderate more relationships for patients’
personal involvement [72]; however, it remains inconclusive
because of insufficient observations.

Limited publication venue bias was observed as the publication
outlet moderated only the gender and web-based health IQ
relationship. As a proxy to detect how web-based health IQ
relationships have fluctuated over time, the publication year
moderated three relationships—gender and web-based health
IQ, web-based health IQ and cognitive appraisals, and
web-based health IQ and behavioral intentions—revealing that
individuals’ cognitive appraisals of web-based health IQ
lessened; however, intentions to act on the information increased
over time. It is plausible that consumers are becoming more
critical as arbiters of web-based health information; however,
they are also becoming more receptive to web-based health
information and information systems.

The focal variables (credibility, trust, and quality) moderated
two relationships—design and web-based health IQ and
web-based health IQ and behavioral intentions—out of the 8
relationships examined, indicating that some theoretical and/or
methodological issues exist that promulgate this effect size
disparity. Studies using quality identified a larger effect size
than studies that used credibility in the design and web-based
health IQ relationship. This can be attributed to the fact that
studies that examined the relationship viewed quality as intrinsic
merit of information (eg, accuracy, argument strength,
consistency, and comprehensiveness) [14,82] and credibility as
perceived reliability or trustworthiness of information [64]. In
such a case, we speculate that consumers had more difficulty
determining IQ than credibility [83]; thus, they need to rely
more on design factors to form IQ perceptions. For the
web-based health IQ and behavioral intentions relationship,
studies using trust produced the largest effect size, followed by
studies using quality and credibility, indicating that trust most
strongly predicts behavioral intentions, followed by quality and
credibility. This may be because studies on web-based health
IQ and behavioral intentions were more likely to consider risk
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and gain assessment as part of the trust formation process
[84-86], such that trust showed a higher predictive power for
behavioral intentions [12,14].

Limitations
As with all meta-analysis studies, the main effects of a small
number of observations or small sample size (eg, race or health
knowledge with web-based health IQ relationships) should be
interpreted with caution. Insufficient observations also limit
moderator analyses, whereby moderator analyses of some
theoretically or practically important relationships (eg, race,
personal involvement, and health literacy with web-based health
IQ relationships) were not performed. Relatedly, some
antecedents and consequences were combined to form high-level
categories to enable moderator analyses, which inevitably masks
how some important specific relationships (eg, web-based health
IQ and use of health information) might be affected by
moderators.

In terms of moderator analysis, consistent with prior
meta-analysis findings, student-based results were biased [79],
and survey-based results produced larger effect sizes than
experience-based results [41]. The most noteworthy finding
concerning moderator analyses was that the three
conceptualizations of web-based health IQ (ie, quality,
credibility, and trust) moderated two out of the eight
relationships examined (ie, design and web-based health IQ and
web-based health IQ and behavior intentions), suggesting that
despite a significant conceptual overlap, theoretical and/or
operationalization differences exist among the 3 constructs.
This result should be interpreted in light of the fact that we took
a phenomenological approach, adopting the authors’
conceptualizations of web-based health IQ (quality, credibility,
and trust). A detailed examination of the definitions and
measures of these constructs is warranted to elucidate the
differences among the concepts. A preliminary examination of
the included papers revealed that not many studies provided
explicit definitions of the constructs and that measures of the
same construct varied, with many articles not including specific
and complete measures. These observations call for future

empirical studies to offer clearer definitions of the constructs
and complete measures to enable a fair assessment of these
concepts for future literature synthesis.

Despite attempts to apply various moderators to explain the
variance across web-based health IQ relationships, substantial
variance remained. Future research should prudently select
additional moderators to explain this variance. For example,
health topics merit investigation as an important contextual
factor with theoretical significance for studying
information-seeking behavior [87,88]. Website type also merits
investigation in light of recent findings that it influences how
consumers apply content, design, and source factors to evaluate
web-based health IQ [89,90].

Conclusions
On the basis of a meta-analysis of 147 empirical studies, our
study confirmed that consumers’evaluation of web-based health
IQ significantly affects their cognitive appraisals of web-based
health information, intentions to use web-based information
systems and information, and information-seeking behavior,
suggesting the important role that web-based health IQ plays
in promoting health information seeking. The study also
confirmed that consumers’ evaluation of web-based health IQ
is shaped by source, content, design, and individual factors,
with the most influential factors being design, particularly
navigability and aesthetics, and ease of understanding of content.
Many individual factors, such as gender, race, education,
personal involvement, and health literacy, did not show
significant relationships with web-based health IQ. However,
moderator analyses and the residual variance after the analyses
suggest that these relationships may be moderated by numerous
methodological and nonmethodological moderators. Patient
empowerment and active participation in health care require
individuals to have equal access to high-quality health
information. More studies are needed to elucidate individual
factors and web-based health IQ relationships to address
potential information access disparities among different user
groups.
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Abstract

Background: In 2020 and 2021, people increasingly used the internet to connect socially and professionally. However, people
with an acquired brain injury (ABI) experience challenges in using social media, and rehabilitation professionals have reported
feeling underprepared to support them in its use. To date, no review of social media skills training to inform ABI rehabilitation
has been conducted.

Objective: This scoping review aimed to examine research on interventions addressing social media skills and safety, with a
focus on people living with health conditions; free web-based resources for the general public on social media skills training; and
currently available online support groups for people with ABI.

Methods: An integrative scoping review was conducted, with a systematic search strategy applied in March and November
2020 across OvidSP (MEDLINE, AMED, PsycINFO, and Embase), Scopus, Web of Science, CINAHL, Google Scholar, Google,
and Facebook. The data collected were critically appraised and synthesized to describe the key content and features of social
media training resources.

Results: This review identified 47 peer-reviewed academic articles, 48 social media training websites, and 120 online support
groups for people with ABI. A key recommendation was interactive training with practical components addressing cybersafety,
how to use platforms, and how to connect with others. However, no social media training resources that were relevant and
accessible for people with ABI were identified.

Conclusions: Training resources to support people with ABI in safely using social media are limited. The key content to be
addressed and the features to be incorporated into web-based social media training were determined, including the need for
interactive training that is co-designed and safe and incorporates practical components that support people with ABI. These
findings can be used to inform the development of web-based evidence-based support for people with ABI who may be vulnerable
when participating in social media.

(J Med Internet Res 2022;24(4):e35595)   doi:10.2196/35595
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Introduction

Background
Connecting with others and having conversations is an integral
part of being a person in our society, where being social through
developing and maintaining relationships is customary for many
[1]. From birth, we learn through exploration [2]; as we learn,
our brains discover how to adapt and accomplish more complex
tasks [3]. Being social and having conversations are complex
tasks that demonstrate the ability of our brain to learn and
develop over time through our interactions with one another
[4]. Throughout 2020 and 2021, because of restrictions being
placed on real-life interactions physically, we observed immense
changes in the way we interacted globally, with people
increasingly using the internet to connect socially and
professionally [5]. Using social media allows people living in
this digital age to connect with others locally and internationally
in various ways [6,7]. In addition to using social media to
communicate with peers [6], communities have increasingly
been strategically connecting on social media for climate change
activism [8], disaster response and recovery [9], and global
health issues relating to the COVID-19 pandemic [10]. These
web-based communities include those who have communication
difficulties resulting from brain injury.

An acquired brain injury (ABI) is defined as an injury to the
brain that occurs after birth and is not related to congenital
disorders, developmental disabilities, or degenerative processes
[11] and can be the result of both traumatic and nontraumatic
causes (eg, through a stroke, tumor, infection, or trauma). In
2016, there was a global incidence of 276 million people who
were living with an ABI [12]. More recent epidemiological
studies indicate that this number is increasing substantially,
with reports of 12 million people who have a stroke [13] and
69 million people who sustain a traumatic brain injury (TBI)
[14] annually. For people who experience an ABI, changes in
their cognitive function alter their executive functioning and
social communication skills [15]. As a result, many individuals
have difficulties living independently, returning to work or
study, and navigating their interpersonal relationships [16-19].
For those who experience aphasia (ie, “a communication
disability due to an acquired impairment of language modalities
caused by focal brain damage”) [20] or significant physical
disability whereby speech clarity is difficult to achieve (ie,
dysarthria or dyspraxia) [21], changes in communication after
their injury can be marked, with social communication
difficulties immediately apparent to their communication
partners. However, for people who experience
cognitive-communication disorders (commonly occurring after
a right hemisphere stroke or TBI) [22], changes in a person’s
social communication can present with more subtlety. For
example, an individual with cognitive-communication
difficulties may be able to have a conversation, yet they may
either be verbose or alternatively have impoverished
conversational skills (ie, they talk too much or too little in a
conversation) [23]. Although subtle, these changes in their
interactions and conversations resulting from
cognitive-communication difficulties can have a dramatic impact
on their life [24]. Within a year of their brain injury, many

people lose their friends, and their remaining relationships can
be strained [25]. This means that they are often socially isolated
and can feel disconnected [26] and have difficulty engaging
with their wider social networks as well as in their close
relationships [27].

Using social media may present an opportunity to reduce social
isolation after an ABI, offering an important way for people to
connect with family, friends, and the broader community [28].
Social media platforms can provide a view of the lives of others,
opportunities to explore topics of personal interest, and an
avenue for people to interact with other users that may not be
possible or accessible in their real-world environments. The use
of social media may allow people to prepare for their
communicative interactions without the cognitive overload that
face-to-face interactions may present [29]. Asynchronous
communications in social media may reduce pressure regarding
the need for immediate responses and eliminate the need to use
and interpret social nonverbal skills in real time [29]. In addition,
there is the ready accommodation of spelling and grammatical
errors observed in social media posts among the general public
[30] as well as greater awareness of the need to reduce linguistic
bigotry [31], as seen in fierce criticism of social media examples
such as the Instagram account @celeb_spellcheck that mocks
spelling and grammatical errors of other users [32]. Using social
media can also give people the opportunity to interact with
others on the web without disclosing their history of brain injury,
or alternatively, it can provide a platform for individuals to
advocate for themselves (and the ABI community) as people
living with an ABI [29].

Although social media offers many opportunities for connection,
it also presents safety risks to individuals [33], with >50% of
the general public having experienced or observed negative
social media interactions [34]. People who have physical
impairments, intellectual disabilities, and specific chronic
diseases are often specifically targeted on the web, which can
result in depression, anxiety, and distress [35]. Cyberharassment
incidents against people who have a disability occur with greater
frequency than for the general public, with some cyberscammers
pretending to have a disability themselves to insinuate
themselves into the lives of their potential targets [35,36].
Although people with a TBI use social media for connection
and communication, few report having received formal support
during rehabilitation in social media skills or safety, and those
who had been cyberscammed had not been offered training after
these distressing experiences [37]. Limitations in our individual
abilities to use social media, communication difficulties and
patterns, and the social networks we interact with are sources
of vulnerability in web-based interactions [38]. In seeking
connection on the web, the vulnerability of people with an ABI
can be exacerbated because of changes in their executive
functioning and social cognition [39], which may make it
challenging for them to recognize cyberscams or regulate their
own interactions. The complexity of these issues is evidenced
by people with a TBI who report having been on the receiving
end of negative comments on the web as well as having been
the perpetrator of cyberbullying [40]. Following the first 6
months of the COVID-19 pandemic when many countries
underwent various levels of restrictions on movement and
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gatherings, the eSafety Commissioner (Australia’s national
independent regulator for cybersafety) reported a noticeable
increase in internet hate and harassment [41]. Recent work led
by Gould et al [42] has also identified that injury-related
cognitive impairments and social isolation increased the
vulnerability of people with ABIs to cyberscams, particularly
romance scams, and that the current lack of effective
intervention may lead to scam revictimization. As such, it is
imperative that resources and guidance are available to support
the safe use of social media for connection, particularly for those
who may be more vulnerable to web-based hate or scams
through direct targeting from cyberscammers and trolls.

Even before the COVID-19 pandemic, it was reported that >60%
of the general public used social media for everyday
communication and socializing [43]. Thus, before acquiring a
brain injury, it is highly likely that people will have developed
a range of skills and competencies across various social media
platforms and may want to return to using them in their daily
interactions. Subsequently, during rehabilitation, clinicians
should consider the person’s use of social media when
examining communication contexts before their injury [29].
Rehabilitation clinicians have expressed willingness to support
people in using social media after their brain injury [44].
However, they report uncertainty and concern regarding the
potential risks people with a brain injury may encounter on
social media [44]. Standard speech pathology clinical practice
and ABI rehabilitation are yet to include social media skills
training, and evidence-based guidance on social media use for
brain injury rehabilitation professionals is lacking [33]. In
Australia, despite growing recognition that people with
disabilities are overrepresented in reporting negative social
media experiences, there are limited social media cybersafety
resources available that are accessible for adults with cognitive
impairments. For example, at the time of writing, the eSafety
Commissioner has made only 4 of their extensive range of
resources available on their website in an easy English format
[45]. With little access to guidance or support, rehabilitation
professionals use greater caution in therapy, resulting in
restrictive or reactive approaches rather than proactive
interventions [44].

Objective
To date, there has been one pioneering review of social media
use by people with a TBI [28], indicating an urgent need for
research in this area. Other reviews have demonstrated that peer
support group interventions are a promising way to support
individuals and promote adjustment following an ABI [46] and
that digital health interventions can improve psychosocial and
health outcomes for people with ABI [47]. Although peer
support for people with ABI in online environments has been
occurring with greater frequency, the efficacy of such support
is yet to be explored. Recent studies have identified that, for
people with TBI, similar barriers and facilitators affect both
web-based and real-world social participation after their injury
[48]. Although a previous review presented evidence for
incorporating technology into cognitive-communication
rehabilitation following TBI [49], no review has examined the
evidence for training to support the use of social media
generally, let alone for individuals who have

cognitive-communication difficulties after a specific health
condition such as an ABI. There is a pressing need to determine
the outcomes and cost-effectiveness of social media training
for people with an ABI [29]. As such, this review was developed
to be intentionally broad, summarizing the literature across
health conditions, population subgroups (ie, across the life span),
and intervention strategies. It was also designed to incorporate
user preference studies as well as freely accessible resources
available to the general public, to elucidate what people with
an ABI or their supporters may encounter when attempting to
access support or guidance themselves through Googling it.
The aims were well suited to a scoping review, which is ideal
for reviewing a large and complex body of information across
multiple sources not previously reviewed [50,51]. The specific
research questions that guided this integrative scoping review
are as follows:

1. What studies have investigated training for developing
social media skills and safety?

2. What free web-based resources are used for social media
skills training that are available to the general public?

3. What online support groups, aimed at providing peer
connections and support, are available for people with an
ABI?

Methods

Overview
An integrative scoping review was conducted to locate the
following: (1) research relating to the use of training resources
for developing social media skills and safety, with a focus on
resources for people living with health conditions or their
supporters (eg, rehabilitation professionals, family, friends, and
direct support workers); (2) free web-based resources for social
media skills training for the general public; and (3) online
support groups for people with an ABI that are aimed at
providing peer connections and support. The authors approached
this scoping review with relativist ontological and constructivist
epistemological positions [52], believing that meaning arises
from interactions between individuals, their worlds, and their
communities. As such, a pragmatic approach was applied [53],
using mixed methods to understand the common and distinct
components of social media skills training for people with an
ABI. The review focused only on currently available web-based
resources and support communities and used the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) guidelines [54].
A review protocol was written before commencing this study
(Multimedia Appendix 1 [55-65]), with systematic searching
initially conducted in March 2020 (by the first author [MB] and
a student intern) and a secondary search conducted in November
2020 (by the first author, MB). The research team comprised 3
qualified speech pathologists who were also experienced
researchers in the fields of ABI and digital health and a student
intern. The first (MB) and second (RR) authors conducted data
extraction in conjunction with the student. Multimedia Appendix
2 [54] provides the completed PRISMA-ScR checklist for this
scoping review.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35595 | p.315https://www.jmir.org/2022/4/e35595
(page number not for citation purposes)

Brunner et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Each of the 3 research questions was explored using a specific
approach for the search strategy, exclusion criteria, study
selection, data extraction, and critical appraisal. The specific
details of each approach are provided in Multimedia Appendix
1.

Search Strategy and Study Selection

Peer-reviewed Academic Literature Investigating Social
Media Training
To identify relevant evidence, we included any publication in
a peer-reviewed journal in the English language relating to the
use of training resources for social media skills training.
Resources for any population were included, although the search
strategy was targeted toward people living with health conditions
or their supporters. This included both descriptions of the
development of such resources and reporting of the outcomes
of the use of the resources, as well as user perspectives on such
resources or training needs in the use of social media. Training
resources were defined as any written content (including both
webpages and downloadable PDFs), training packages (websites
or apps), or audiovisual content. The systematic searching and
selection based on title and abstract were conducted by the first
author (MB), with selection based on full-text articles reviewed
independently by the first (MB) and second (RR) authors and
discrepancies resolved through discussion to achieve consensus.

Free Web-Based Social Media Training Resources
To identify currently available free web-based resources, we
included any web-based resource targeted at the general public
that was aimed at improving social media skills. The authors
defined web-based resources as any written content (including
both webpages and downloadable PDFs), training packages
(websites or apps), or audiovisual content available via the
internet, as identified through Google searching.

Online Support Groups for People With an ABI
To identify the currently available online support groups for
people with a brain injury, we included any existing web-based
community targeted at people with an ABI (and their supporters,
such as family and friends) that was aimed at providing peer

connections and support. The authors defined web-based
communities as any networking groups or communities available
via the internet, as identified through networks known to the
researchers, Google searching, and Facebook searching.

Data Extraction, Critical Appraisal, and Synthesis
Data were extracted from all information sources and managed
using Microsoft Excel spreadsheets [55] that were accessed by
the research team to ensure consistency and transparency.
Specific details regarding the data extraction, critical appraisal,
and data synthesis processes used across the 3 information
sources are presented in Multimedia Appendix 1. Data were
synthesized descriptively to map different aspects of the
literature and the resources outlined in our key questions.
Descriptive statistics were calculated using Microsoft Excel
[55]. The data collected from the charting process and critical
appraisal were compared and synthesized qualitatively using
open coding [66] across information sources to identify
similarities in the format and content of web-based social media
training and support resources. An inductive approach to content
analysis was used, in which codes and categories were derived
from the data, to enable the description and categorization of
the data without potentially restricting the findings [67]. The
authors discussed the findings in the context of ABI
rehabilitation, and a constant comparison was used to compare
and integrate the data [68]. This allowed the research team to
identify key issues to address and features to use in social media
training for people with an ABI [53] to inform future resource
development and implementation research.

Results

Overview
A total of 47 peer-reviewed articles, 48 social media training
websites, and 120 online support groups were included in this
review. Figure 1 outlines the flow of sources through the
inclusion process [54], and Table 1 provides a description of
the target populations and behaviors identified across the 3
information sources). The completed PRISMA-ScR checklist
can be found in Multimedia Appendix 2.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35595 | p.316https://www.jmir.org/2022/4/e35595
(page number not for citation purposes)

Brunner et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. The flow of information sources through the inclusion process [54].
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Table 1. Target populations and behaviors identified across the 3 information sources.

Online support groups
(N=120), n (%)

Social media training web-
sites (N=48), n (%)

Academic literature (N=47),
n (%)

Target population or audience

15 (12.5)47 (97.9)21 (44.7)Neurotypical

105 (87.5)1 (2.1)22 (46.8)Cognitive disability

N/AN/Aa6 (12.8)Physical disability

N/AN/A11 (23.4)Communication disability

120 (100)46 (95.8)35 (74.5)Adults

N/A2 (4.2)14 (29.8)Children (aged <13 years) and young people (aged 13-
18 years)

Target behaviors

120 (100)N/A17 (36.2)Social participation

N/A8 (16.7)10 (21.3)Professional use (eg, for employment or social market-
ing)

N/A11 (22.9)7 (14.9)Cybersafety

N/A15 (31.2)8 (17)Social media, information and communication technol-
ogy knowledge, or use

N/A8 (16.7)N/AContent creation

120 (100)6 (12.5)5 (10.6)Well-being or other (mental health, sleep, eating, life
skills, and support)

aN/A: not applicable.

Question 1: Peer-reviewed Academic Literature
Investigating Social Media Training
Of the 47 included articles [37,69-114], most studies were
conducted in either the United States (20/47, 43%) or Australia
(20/47, 38%), with a median publication date of 2017 (range
2011-2020). Nearly two-thirds of the included studies were
published as journal articles (30/47, 64%), with the remainder
published as conference proceedings (13/47, 28%) or conference
abstracts (4/47, 9%). These studies used a diverse range of
qualitative (19/47, 40%), quantitative (15/47, 32%), and mixed
methods (13/47, 28%) research designs. The target populations
involved were also diverse but were identified as being
vulnerable in some way when using social media. For example,
there were studies with young people exploring cyberbullying
[76,94,97,106] and studies with older adults working on building
their internet and social media confidence [69,70,87]. Of the
47 included studies, 22 (47%) included people who had a
cognitive disability, 21 (45%) included neurotypical individuals,
and 11 (23%) specifically investigated social media training for
people with communication disabilities. Behaviors of interest
included social participation (17/47, 36%), professional use of
social media (10/47, 21%), generic social media or internet
knowledge and use (8/47, 17%), cybersafety (7/47, 15%),
well-being (3/47, 6%), or life skills (2/47, 4%). Most
intervention studies involved training delivered in person (25/33,
76%) and on the web (9/33, 27%).

The methodological reporting in the articles included in this
review was variable in quality. A total of 13% (6/47) of the
articles were conference abstracts [78,92,95,99,103,108] with
limited study details where the methodological rigor could not

be appraised. Of the 41 articles, 26 (63%) appraised were
considered to have reported either strong methodology (a rating
score >80% of the specified tool criterion)
[37,69,70,75,77,80,83,86,88,91,93,94,97,100-102,106,112] or
moderately strong methodology (a rating score >50% of the
specified tool criterion) [72,74,76,79,87,89,96,104]. Multimedia
Appendix 3 [37,69-114] provides a description and critical
appraisal scores for the included studies.

Question 2: Free Web-Based Social Media Training
Resources
Of the 48 included websites (Multimedia Appendix 4), 46 (96%)
were directed toward all ages or an adult audience, with only
2 (4%) websites tailored for children or young people. Of the
48 websites, 9 (19%) were targeted toward teachers and parents,
and 3 (6%) catered for more niche populations, specifically
women, older people, and employees. Of these 48 websites,
only 1 (2%) considered neurodiversity at all [115] and
highlighted the risk that people with learning disabilities may
encounter when using social media. Two-thirds of the training
websites offered text-based resources (32/48, 67%), with the
remainder offering courses and workshops (9/48, 19%) or videos
and podcasts (7/48, 15%) and targeted generic How to use social
media skills (15/48, 31%), cybersafety (11/48, 23%), social
marketing or employment (8/48, 17%), content creation (8/48,
17%), or well-being (6/48, 13%).

The web accessibility and readability of the included social
media training websites were evaluated to determine their
suitability for someone who has difficulties with cognition or
communication that can commonly occur after a brain injury.
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Web accessibility is defined as the websites, tools, and
technologies that are designed and developed so that people
with disabilities can use and navigate the internet [116]. When
websites are poorly designed, they can create barriers, often
preventing people from using them as intended. The Web
Content Accessibility Guidelines (WCAG) 2.1 [117] provide
recommendations on how to make website content more
accessible to a wider range of people with disabilities, such as
visual, auditory, physical, speech, cognitive, language, learning,
and neurological disabilities, “but will not address every user
need for people with these disabilities” [117]. The WCAG 2.1
has 3 conformance levels, of which the highest is Level AAA,
indicating that a webpage satisfies all the recommended criteria
for making it as accessible as possible [117]. Of the 48 included
websites, none conformed to Level AAA, with only 1 (2%)
website [118] identified as having less than 10 Level AAA
accessibility issues. Most of the websites (30/48, 63%) were
found to have >20 Level AAA conformance issues identified,
indicating that these websites are likely to be difficult for people
with a brain injury to use and navigate.

Readability refers to how easily a person can read and
understand written text [119]. Organizations such as the
American Medical Association and the Agency for Healthcare
Research and Quality recommend that the readability of health
information materials should not be greater than a sixth-grade
reading level [120,121]. In the Australian context, it is also
generally recommended that health information be presented
using plain language and should aim for a reading grade level
of 6 (neurotypical children aged 11-12 years who have English
as their first language; eg, [122-125]). More recently, it has been
recommended that when preparing digital content, “you write
your content for a reading level of age 9 or lower. If you’re
unable to achieve reading age 9, the more readable you can
make your content, the better” [126]. Most included social media
training websites had a reading grade level of 7 or above (39/48,
81%), a level considered high for the general public and
indicating that these websites are highly likely to be difficult
for people with a brain injury to read and understand. Table 2
provides an overview of the included websites, and Multimedia
Appendix 3 provides a list of the included websites.

Table 2. Characteristics, accessibility, and readability of the web-based social media training websites (N=48).

Value, n (%)

32 (67)Text based

9 (19)Courses or workshops

7 (15)Videos or podcasts

Accessibility

0 (100)Conformance to international WCAGa 2.1 (Level AAA)

1 (2)<10 issuesb identified

18 (38)<20 issues identified

30 (63)≥20 issues identified

Readability

9 (19)Flesch-Kincaid reading grade level 6 or belowc

39 (81)Flesch-Kincaid reading grade level 7 or above

aWCAG: Web Content Accessibility Guidelines.
bOccurrences of an issue (error, warning, or review item) determined to be in contravention of the WCAG 2.1.
cFlesch-Kincaid reading grade level 6 or below is easily understood by neurotypical children aged 11 to 12 years who have English as their first language.

Question 3: Online Support Groups for People With
an ABI
Of the 120 included online support groups, 102 (85%) were
Facebook groups or pages, 16 (13.3%) were web-based
discussion forums, and 2 (1.7%) offered support meetings via
web-based videoconferencing. Of the 120 groups, 62 (51.7%)
of the groups did not specify a location or were branded as being
global. Of those that specified a location, the majority were
based in the United States (38/120, 31.7%), with a smaller
number of groups located in Australia (13/120, 10.8%), Canada
(4/120, 3.3%), Aotearoa or New Zealand (2/120, 1.7%), the
United Kingdom (2/120, 1.7%), and India (1/120, 0.8%). All
groups aimed to provide social participation and support for
members. Most of the groups catered to people with a brain
injury (102/120, 85%), with 12.5% (15/120) of the groups

targeted toward family and caregivers of people with a brain
injury, and 2.5% (3/120) of the groups catering specifically to
women with a brain injury. Most of the groups were closed
(private) or required users to request permission to join the
group (97/120, 80.8%), with a smaller number of groups using
an open format (23/120, 19.2%), where information on
membership and posts are available and easily accessible to the
general public. Many of the groups were moderated by people
with an ABI (20/120, 16.7%), family or caregivers (4/120,
3.3%), or brain injury support organizations (47/120, 39.2%).
However, for 40.8% (49/120) of the groups, it was unclear from
the public group description as to who managed the group,
although several implied that it may be organized by someone
with a brain injury, a family member, or a health professional.
None of the support group about statements made any direct
reference or inference to social media skills training. Table 3
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provides an overview of the included online support groups,
and Multimedia Appendix 5 provides a list of the included

support groups.

Table 3. Characteristics of the online social media brain injury support groups (N=120).

Value, n (%)

Type of platform

102 (85)Facebook group or page

16 (13.3)Web-based discussion forum or space

2 (1.7)Online support meetings (using web-based videoconferencing)

Type of space

23 (19.2)Open or public group

97 (80.8)Closed or need to request to join the group

Target audience

102 (85)People with a brain injury (adults)

3 (2.5)Women with a brain injury (adults)

15 (12.5)Family or caregivers of people with a brain injury (adults and children)

Integration of Findings
Across the 3 information sources, key issues relating to the
content and format of social media training were identified and
synthesized. The topics of how to use social media and
cybersafety were present across all 3 information sources. Other
frequent topics identified were the following: developing
relationships in social media, how to use technology to access
social media, maintaining relationships, finding support for
people who can guide social media use and troubleshooting,
how to connect and interact with peers, navigating personal and
professional use of social media, being able to access technology

through assistive devices, and how to improve or maintain your
well-being. Similarities in the training format were less apparent
across the data sources. However, all the sources included
training or guidance that incorporated interactive elements,
allowing a two-way flow of information. In addition, the
following features were identified in some of the data sources:
led by people with an ABI, offer choice to cater to individual
preferences, provide opportunities for real-life practice and
where possible include practical examples, provide support for
memory and recall, and, when able, tailor training to the
individual’s needs. Table 4 outlines in which of the 3
information sources these issues were identified.
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Table 4. Key issues to address in social media training (or resources) identified across the 3 information sources.

Online support groupsSocial media training websitesAcademic literatureKey issues

Content (topics)

✓✓Developing relationships

✓How to use technology

✓✓✓How to use social media

✓Maintaining relationships

✓✓✓Cybersafety

✓✓Support people

✓✓Peer connection

✓Personal and professional use

✓Technology access

✓✓Well-being

Format (features)

✓✓✓Interactive

✓✓Led by and designed with people with an acquired brain injury

✓✓Offer choice

✓✓Opportunity for real-life practice

✓✓Practical examples

✓Support memory and recall

✓Individually tailored

Discussion

Principal Findings
In this review, we identified 47 articles that explored social
media skills training across diverse populations, which provided
information to support the future development of training for
people with an ABI. Across the 48 websites that were freely
accessible to the public, we found considerable variability in
the content, readability, and accessibility of the information
provided regarding social media skills training. For many of
the 130 online support groups identified, it was unclear who
managed the group, and none directly referenced social media
skills training. Our synthesis of the data across the 3 information
sources (peer-reviewed literature, websites, and online support
groups) identified several key issues that are critical to
addressing social media training for people with a brain injury.
Evidence regarding the effectiveness of social media training
was limited, and the authors were unable to draw robust
conclusions about which active components of content and
techniques for delivery were more successful than others.
However, it was evident that training programs would best be
engaging and interactive, developed using a co-design process
by collaborating with people with an ABI and their supporters
(eg, rehabilitation clinicians, family, friends, and industry
stakeholders). This corroborates previous work that identified
the need for specific research involving the user-centered
co-design, development, and evaluation of web-based social
media training for people with a brain injury [29]. It is also vital
that training resources meet the needs of ABI rehabilitation

professionals to facilitate the adoption of social media use as
part of their rehabilitation intervention services [44].

Furthermore, the findings of this review indicated that the
content of social media skills training should primarily provide
general information about how to use social media and how to
stay safe. In addition, training should demonstrate how to
communicate and connect with others on key social media
platforms (ie, Facebook, Twitter, and Instagram). Information
should be presented using techniques that support recall and
retention [85,87,110], along with support strategies for executive
function (eg, strategies that promote learning or everyday
problem solving) [90,101,111]. The importance of real-life
practice that is personally meaningful [127-129] and being able
to practice with everyday communication partners [128,130]
has been well established in evidence-based cognitive
rehabilitation programs for people with an ABI. Therefore,
opportunities to practice key navigational, communication, and
safety skills for using social media are likely to be critical
components of successful training programs. Similarly, training
programs that can be tailored to the individual, or at least
provide users the ability to self-select which modules are
completed and in which order they are completed, would be
optimal. As few of the included websites met the recommended
criteria for readability and accessibility of their information, we
suggest that when developing web-based resources, it is
imperative that the readability of the materials be appropriate
for the general public (ie, below reading grade 6 level) and the
information accessible (ie, comply with WCAG 2.1
recommendations). In combination with priorities for learning
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about social media from interviews with people with a TBI
[37,40] and brain injury rehabilitation professionals [44], the
findings of this review can now be used to inform user-centered
co-design discussions regarding the development of social media
skills training programs for people with an ABI. In an interim
step, clinicians may use the findings (specifically those outlined
in Table 4) as guidance in clinical practice in providing social
media training to support people with an ABI after their injury.

Regarding the online support groups available for people with
a brain injury (and their supporters), there were an
overwhelming number of groups, many moderated by people
with an ABI or brain injury support organizations. However,
for many others, it was unclear who ran the group. Most groups
were closed or private, indicating a user preference for increased
privacy. This may be due to the knowledge that open groups
can leave people vulnerable to broader public commentary and
being targeted by cyberscammers or trolls. Although closed
groups provide users with some privacy, it should be noted that
until joining the group, a user is unable to determine the
membership of the group or the content of the group’s posts.
This may mean that users are faced with difficult decisions
regarding which group to join. Findings from this review may
facilitate clinicians’ identification of relevant websites or online
support groups to suggest to families of people with an ABI to
support social media skills training and guidance.

Limitations and Directions for Future Research
This review had several limitations. First, in the interest of
timeliness, the first author (MB) conducted the data extraction
and critical appraisal with a student intern, and a second
academic reviewer was not used. Second, although we used a
systematic and comprehensive search strategy, some relevant
websites and online support groups may have been omitted.
Given the ephemeral nature of the internet, additional social
media training website resources and online support groups for
people with a brain injury may have been developed since the
searches were conducted. Indeed, since this review was
conducted, there have been websites that have been developed
to address cybersafety and social media use for people with an
ABI, such as the CyberABIlity [131] and social-ABI-lity [132]
training programs. Similarly, the design and content of the
included websites and online support groups are likely to change
over time. In addition, as the evaluation of the included online
support groups was beyond the scope of this review, the benefits

and risks of these groups warrant further investigation.
Therefore, clinicians using Multimedia Appendices 4 and 5
provided in this review (ie, the lists of websites and online
support groups) should confirm the presence and credibility of
any website or support group before referring individuals to it.

The findings of this research also suggest that, alongside
research exploring the development and implementation of
co-designed social media skills training resources for people
with a brain injury and their supporters, greater insights into
the experiences and perspectives of rehabilitation professionals
are required, in addition to studies exploring cybersafety and
web-based self-representation of people with an ABI on social
media. Robust research is urgently needed to evaluate the
effectiveness of the potential key ingredients for the content
and delivery of social media training resources for people with
an ABI that were identified in this scoping review and have
been implemented in web-based training resources such as
CyberABIlity [131] and social-ABI-lity [132]. Further research
is needed to determine how using social media following an
ABI may support social participation, cyber-resilience, and
growth in personal agency. The results of such studies likely
have the potential to inform resources adaptable for other people
who experience difficulties in social communication, for
example, young people with developmental language disabilities
or adults with dementia.

Conclusions
There is limited research exploring social media skills training,
with few web-based training resources available for people with
an ABI. Social media offers an important means of connection
for people with an ABI, providing continual opportunities for
them to observe and interact with others, as well as a way to
develop new relationships when their cognitive-communication
skills may limit their in-person interactions. The findings from
this review, along with priorities for learning about social media
informed by people with a brain injury and rehabilitation
professionals, can be used to inform the development of novel
web-based training resources to support social media skill
development in people with an ABI. The development of such
resources may drive sustainable change through the provision
of clinical practice guidance and the creation of web-based
support networks to help people with a brain injury build their
own social media mastery.
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Abstract

Group-based health interventions are an important component of health promotion and management. To provide continuity of
care throughout the COVID-19 pandemic, our institution undertook a rapid pivot to delivering group-based health interventions
via a videoconferencing service which was securely embedded into both the electronic medical record and the patient portal to
sustainably address immediate health service delivery needs during the pandemic and beyond. In this paper, we (1) describe the
institutionally driven operationalization of a system to provide integrated synchronous video group visits across our hospital and
(2) present a proposed strategy to comprehensively evaluate outcomes regarding their implementation, quality, and impact.
Lessons for other institutions and the potential future role of synchronous video group visits to enhance how care can be scaled
for delivery are discussed.

(J Med Internet Res 2022;24(4):e29841)   doi:10.2196/29841
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Introduction

Background
Group-based health interventions, where small groups of patients
receive the same health intervention (eg, patient education or
therapy) from one or more facilitators, are frequently used for
health promotion and the self-management and treatment of
many physical and mental illnesses [1-6]. Group-based health
interventions are cost-effective as they allow multiple
individuals to receive treatment simultaneously [1,4,7],
particularly in settings with a limited supply of qualified
providers [1,8].

With the conversion of many health care services to virtual care
during the COVID-19 pandemic, the need for virtual approaches
to group-based health interventions suddenly became pressing
to ensure continuity of care. With little evidence to drive this
shift [9], it was not uncommon for technologies and procedures
that addressed immediate needs within the context of the
pandemic, but which would not necessarily be sustainable in
the long-term or optimized for high-quality care, to be used
[10]. A systematic review (which included 15 studies of mixed
quality) on the use of group videoconferencing for health
interventions showed that it was satisfactory to patients with
high attendance rates, but had mixed results in terms of its
impact on health outcomes; high-quality studies in this review
demonstrated positive results in terms of group process
outcomes (eg, group cohesion and social support) [9]. The main
limitations were that the studies in the review were typically
pilot studies and the technical equipment used was supplied by
the study, limiting the generalizability of the findings to
institutionally driven and scalable approaches to deliver care in
the long-term [9]. It is generally accepted that, after the
pandemic, virtual care will take a more prominent and
permanent place in the health care system. Therefore, it is
important for health institutions to address the need for
sustainable high-quality solutions with the ability to monitor
impact.

This paper aims to reflect on and share the experience of
Women’s College Hospital (WCH) in developing and
operationalizing a sustainable model of synchronous group
video visits during the pandemic. We also present a proposed
evaluation strategy that will be used to monitor and evaluate its
impact, quality, and outcomes. This will aid other organizations
when considering how to plan and move toward sustainable
group video visit practices as postpandemic health system
planning becomes a priority.

Methods

Institutional Context
WCH is an ambulatory tertiary care facility in Toronto, Canada,
and is fully affiliated with the University of Toronto. Housed
within the hospital is the WCH Institute for Health System
Solutions and Virtual Care, a “living laboratory” for developing,
testing, and implementing virtual solutions to improve health
[11]. In December 2019, the hospital launched Women’s Virtual
(WV) [12], an institutional strategic initiative to systematically

address virtual care barriers and facilitate a coordinated and
widespread adoption of virtual care across the organization,
with the introduction of individual video visits.

WCH offers several evidence-informed group health
interventions, which were historically delivered solely in person.
The groups range from 10 to 25 patient participants, span an
array of health concerns (eg, mental health, chronic pain
management, and cardiac rehabilitation), and offer a variety of
health interventions (eg, therapy, education, and exercise).
Shortly after the ramp-down of nonemergent in-person health
care visits in March 2020 at the pandemic’s onset, 5 divisions
across WCH identified the urgent need to ensure continuity of
care by delivering these group interventions virtually. The
eventual implementation of virtual group health interventions
was part of the WV strategic roadmap, but these events increased
its priority as an initiative for the hospital to develop in a manner
that both addressed the immediate needs triggered by the
pandemic and the long-term need for a program of sustainable
virtual care.

By April 2020, because of its ability to replicate elements of
in-person groups (eg, immediate and reciprocal visual cues,
facial expressions, and the ability to support conversational
dialogue), hospital leadership, in consultation with relevant
departments and providers, determined that synchronous
videoconferencing would be the best option to use in pursuit of
the continued delivery of group health interventions.

System Development and Operationalization
In line with the hospital’s strategic mandate, the development
and implementation of a system to deliver synchronous video
group health interventions to patients would need to also serve
the larger interest of building a sustainable virtual program of
care. Therefore, the use of either an existing platform (ie, Zoom
[Zoom Video Communications Inc], a videoconferencing service
that can be licensed for secure use for health care purposes) or
an alternative hospital vendor either external to or integrated
within the hospital’s existing electronic medical record (EMR;
ie, Epic [Epic Systems Corp]) was considered. A process to
select a technical platform was conducted to support
implementation that would meet security, privacy, and quality
considerations beyond a pandemic context. Multiple factors
were considered (Textbox 1). Stakeholders decided to move
forward with integrated Epic-Zoom group video visits as a
long-term sustainable solution that could continue to be used
post pandemic. While this approach provided many benefits,
there were few previous examples of Epic-Zoom integration
for synchronous video group visits and therefore the
implementation team had to overcome the following 3 key
challenges: (1) developing technical integration protocols from
the ground up, (2) developing a process for patient identity
verification prior to group session admission, and (3) reducing
friction points in the workflows for patients and providers.

Over approximately 6 weeks, beginning in April 2020, the WCH
information technology (IT) team integrated Zoom with Epic
in a manner that addressed all requirements, including seamless
recording in the patient’s EMR (to facilitate documentation of
patient care), automated creation and dissemination of meeting
links (to reduce administrative and clinical burden), and secure
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patient identity verification. These factors would not have been
possible if a nonintegrated system was used. A smooth
administrative, clinical, and patient workflow was
simultaneously developed (Figure 1). This echoed the scheduling
workflow for individual video visits to reduce administrative
burden and training requirements.

The first group video visit occurred on May 1, 2020, followed
by a rapid 3-phased rollout to quickly scale group video visits
across the hospital, allowing for iterative feedback and system
improvements (Figure 2). Group moderators trained in the early
stages of the rollout (with full support directly from the technical
development team) acted as clinical champions to train their
peers (using augmented training materials) by Phase 3. At the
end of each phase, stakeholders conducted a debrief to determine

the hospital’s readiness to move to the next phase of rollout and
what, if any, technical or workflow changes needed to be made
beforehand. Improvements over time included technical
enhancements for improved audio and video quality and the
development of training materials (Phase 1), clinical workflow
enhancements for easier scheduling and patient identity
verification (Phase 2), and minor format modifications to some
groups to allow for logical and housekeeping considerations in
the first group session (Phase 3). Across 5 hospital divisions,
in the 6 months following the launch of synchronous video
groups (ie, May to November 2020), 29 groups were run,
involving 542 individually scheduled group sessions conducted
with 767 unique participants across the hospital, representing
diverse health concerns, ages, and care needs.

Textbox 1. The factors considered in selecting a sustainable technological platform to support the implementation of synchronous videoconferencing
for group health interventions.

1. Meets all legal and privacy regulations and best practices.

2. Supports group videoconferencing for ~25 participants.

3. Generates a single access link for moderators and patients.

4. Allows for the secure sharing of access links with moderators and patients.

5. Has admittance functionality.

6. Has a smooth log-in workflow for patients.

7. Allows for the documentation of completed appointments in the electronic medical record.

Figure 1. Administrative, clinical, and patient workflow for synchronous group video visits for health interventions, including scheduling, entering
the group, and verifying patient identity.
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Figure 2. Overview of the 3-phased rollout of synchronous group video visits at Women’s College Hospital.

Evaluation Approach
Much has been documented related to the evaluation of
individual video visits, but there is a significant gap in the
literature related to the evaluation of the implementation and
quality of synchronous video visits to deliver group-based health
interventions, as well as group functioning in a virtual context.
It is our view that appropriate evaluation is of critical importance
to developing an evidence-based understanding of the role that
these innovations can and should play to enhance the delivery
of health care. Given the novelty of institutionally driven,
Epic-integrated implementation of synchronous video group
interventions, we developed the Virtual Group Evaluation
Framework (Figure 3) to guide its short- and long-term
evaluation at our institution; this framework could be considered
for use by other institutions who similarly transition to
system-integrated sustainable models of delivering group health
interventions virtually. This framework integrates an adapted
model from Proctor et al [13,14] that enables the evaluation of
programs at multiple stages of their innovation lifecycle by
considering measures of implementation (acceptability,
adoption, appropriateness, feasibility, fidelity, cost, penetration,
and sustainability), quality of care [15] (safe, effective,
patient-centered, timely, efficient, and equitable) and impact
(defined by the Quadruple Aim [16] as an improved experience
of providing and receiving care, better population health, and
reduced per capita cost of health care), and the mechanisms of
action in group-based interventions (MAGI) framework [17,18],
which outlines the theoretical mechanisms that lead to change
in group-based health interventions. The MAGI framework was
developed based on an extensive mixed-methods
multidisciplinary literature review and primary research.

The Virtual Group Evaluation Framework can be operationalized
using a mixed-methods approach to data collection and analysis,
which is valuable and commonly used to evaluate both virtual
and group interventions, which are inherently complex [1]. The
following 3 layers of data collection can provide a
comprehensive evaluation of each component of the framework:
(1) hospital-based data (eg, patient records and IT services) to
measure the innovation approach, as well as components of
implementation, service quality, and outcomes (Multimedia
Appendix 1); (2) quantitative data from patients (eg, based on
self-report quality improvement surveys) and facilitators to
measure individual characteristics, group dynamics, and
components of implementation, service quality, and outcomes
(Multimedia Appendix 2); and (3) qualitative interviews with
key stakeholders (eg, patients, facilitators, referring clinicians,
and hospital administrators) to fill in the remaining gaps in
knowledge and provide a more holistic and contextual
understanding of the experience. Each layer of data can be
collected and analyzed alone or in combination with other layers
of data depending on the specific research question being
addressed by the institution or individual departments
conducting their own evaluation projects. Where possible,
specific validated tools were identified for quantitative data
collection to ensure that the data collected address all
components of the framework and allow for consistency and
comparability across the variety of group interventions that take
place throughout the hospital (Multimedia Appendix 1 and
Multimedia Appendix 2). Simultaneously, we believe that this
evaluation approach is flexible enough to remain receptive to
the needs of different groups and patient populations that they
serve.
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Figure 3. The Virtual Group Evaluation Framework to guide evaluations of synchronous group video visits, adapted from Proctor et al [13,14] and
Borek et al [17,18], and using definitions from the Institute of Medicine [15] and the Quadruple Aim [16].

Discussion

This paper describes the development and operationalization
of group video visits to support the continued delivery of patient
care in a virtual context, as well as a proposed strategy to guide
the evaluation of their implementation, quality, and outcomes.
To our knowledge, the experience of development and
implementation of a clinically integrated and institutionally
driven model of video-based group health interventions has not
yet been described in the literature.

There are several key learnings that can be used to help inform
similar undertakings by other institutions considering a similar
approach. First, our focus in developing Epic-integrated
synchronous video group visits was centered on the value
proposition it could offer beyond the immediate context of
COVID-19–related restrictions to care delivery. Therefore, we
centered our efforts on addressing the needs of “tools, teams,
and routines” to make meaningful improvements to care and
quality of care [19]. This extended beyond the tool itself, to the
design of administrative, clinical, and patient workflows, with
rapid iterations at each stage of the phased rollout to make
incremental improvements as feedback was received to ensure
its long-term sustainable integration into the way group-based
care is delivered at our institution.

Second, beyond ensuring patient care when in-person services
are disrupted, it is vitally important to operationalize the virtual
delivery of health care alongside approaches for evaluating its
implementation, quality, and impact. Therefore, the development
of an evaluation strategy that specifically considers the nuances
of both virtual and group care will allow us to understand
whether high-quality care that improves outcomes continues to
be delivered to patients. The evaluation strategy developed as
part of this work can be considered by other organizations
pursuing similar innovations related to the delivery of virtual
group health interventions and seeking to incorporate evaluation
strategies. Our Virtual Group Evaluation Framework provides
a theoretically driven yet practical way to support the short- and
long-term evaluation of synchronous virtual group health
interventions. It provides flexibility and adaptability to suit a
variety of contexts (eg, group types, institutional capacities, and
resources). Further, the evaluation strategy incorporates
considerations of equity because although virtual health
interventions may address some barriers to care, they

simultaneously have the potential to exacerbate issues of
inequity related to delivery and access. There are published
examples of conceptually driven approaches for individual video
visits [20], but none to our knowledge that consider the nuances
of group health interventions when delivered in a virtual
environment.

The limitations of this work should be noted. This paper
describes the operationalization of group video visits in a tertiary
care center with existing familiarity with video clinical visits
and a high focus on innovation; therefore, this experience may
not be broadly applicable to all centers, particularly those where
the use of virtual care is more novel. However, we still feel that
our experience in developing and operationalizing group video
visits can be used to provide a guide for institutions looking to
introduce such strategies. While the MAGI framework, which
guides the evaluation of group process outcomes, has not yet
been widely used, given its recent publication, nor has it been
applied to group health interventions in a virtual setting, this
work will add to the literature to address these gaps. Finally,
the Virtual Group Evaluation Framework has not yet been used
or validated in clinical virtual group interventions. Therefore,
its utility and generalizability in this context need to be
determined prior to more widespread use by other organizations.
This will be explored as the framework is applied in practice;
evaluation efforts at WCH that apply the use of this framework
are underway.

Future work includes conducting evaluations using the Virtual
Group Evaluation Framework to understand outcomes and gain
a better understanding of group functioning in a virtual
environment. Groups also need to be optimized to support the
delivery of different types of group health interventions, such
as movement-based groups (eg, exercise or yoga). Additionally,
the experience of group health interventions through
synchronous videoconferencing and results of evaluations should
be used when considering how this type of care delivery fits
into the postpandemic health system. If we can demonstrate its
positive impact, it can be used to deliver care to those who might
not otherwise be able to access the types of specialized care that
our center provides due to geographic, social, or medical
isolation. For example, some cardiac rehabilitation groups at
WCH were able to operate over the summer months, a time
when their target patient population may not be able to travel
to the hospital to receive care due to high heat, which can
exacerbate certain cardiac conditions and symptoms.
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The rapid operationalization of virtual care has been a consistent
feature in health care delivery during the COVID-19 pandemic,
and one that is likely to have enduring effects on how care is
delivered. The experience of our center in systematically
operationalizing and delivering EMR-integrated synchronous

video group health interventions is one such example that
emerged based on need but was designed in a manner that has
the potential to enhance how virtual care can be scaled and
sustained. Its evaluation will provide the data needed to support
its place in a postpandemic health system.
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Abstract

Shortly after the first case reports in 2019, COVID-19 was declared a pandemic. Early messages from trusted experts, which later
proved to be inadequate or incorrect, highlight the need for continual adjustment of messages to the public as scientific knowledge
evolves. During this time, social media exploded with greatly sought-after information, some of which was misinformation based
on incomplete or incorrect facts or disinformation purposefully spread to advance a specific agenda. Because of the nature of
social media, information, whether accurate or not at the time posted, lives on and remains accessible to the public even when
its usefulness has been discredited. While the impact of mis/disinformation on COVID-19 risk-reducing behaviors is debatable,
it is clear that social media has played a significant role in both extending the reach of COVID-19–related falsehoods and promoting
evidence-based content. Over the last decade, social media has become a dominant source of information that consumers turn to
for health information. A great deal of misinformation and disinformation has reached large numbers of social media users, which
points to a need for the agencies of the US Public Health Service to create communications to convey accurate and current
information and appeals that will actually be viewed. This viewpoint highlights the challenges, risks, and potential benefits that
social media present in mitigating the COVID-19 pandemic.

(J Med Internet Res 2022;24(4):e36804)   doi:10.2196/36804
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health information; public health; COVID risk; information seeking

Background

At the close of 2019, SARS-CoV-2, the virus that causes
COVID-19, emerged in Wuhan, China, and rapidly spread
throughout the world, being labeled a pandemic in only a few
months after its emergence [1,2]. Nearly 2 years after the initial
outbreak, as of April 8, 2022, there have been 496,355,574
confirmed cases of COVID-19, 6,170,720 cumulative deaths,
and 11,085,254,518 vaccine doses administered globally [3].
The Omicron variant is also circulating globally, quickly driving
up cases in regions that had previously seen reprieve owing in
part to high rates of vaccination [4,5].

The only way to prevent COVID-19 from occurring is through
both reducing exposure to SARS-CoV-2 and reducing
susceptibility. Since COVID-19 is primarily transmitted through
air droplets and aerosols [6,7], the main strategies for reducing
exposure are social distancing [8], mask use [9,10], and limiting
time spent in poorly ventilated spaces where air is shared with
other people [11,12]. The main strategy for reducing
susceptibility is vaccination [13,14]. With respect to COVID-19
prevention, individuals’ personal decision-making about
behaviors to reduce their susceptibility and/or exposure
influences risk at both the individual and community-wide levels
[15,16].

J Med Internet Res 2022 | vol. 24 | iss. 4 |e36804 | p.337https://www.jmir.org/2022/4/e36804
(page number not for citation purposes)

Basch et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:baschc@wpunj.edu
http://dx.doi.org/10.2196/36804
http://www.w3.org/Style/XSL
http://www.renderx.com/


Individuals’ health and illness–related decision-making is
affected by many different sources of influence such as family
members and friends, health care providers, political leaders,
and the media. A plethora of behavioral science theories
demonstrate how individuals’ levels of knowledge and beliefs,
skills, availability and accessibility to resources, and social
support shape health choices [17-21]. Over the past decade,
examination of the role played by social media in personal
decisions that affect individual, family, and population health,
including those related to infectious disease, has expanded
rapidly. This viewpoint highlights the challenges, risks, and
potential benefits that social media present in mitigating the
COVID-19 pandemic.

Challenges

Airborne transmission of droplets and aerosols is the main way
SARS-CoV-2 is transmitted [6,7]. Secondarily, although far
less frequent, the virus can also be transmitted through droplets
and aerosols settling on fomites (inanimate objects) and having
hand/nose or hand/mouth contact [22]. In the early stage of the
pandemic, emphasis was placed on transmission through
fomites, and on handwashing and surface disinfection, as well
as social distancing. Yet, little to no emphasis was placed on
masking. Messaging about fomite transmission was eventually
dialed back [23,24], while messaging on mask recommendations
was altered entirely.

In times of global and national crisis, the public clamors for the
guidance of trusted experts to navigate rapidly evolving and
potentially life-threatening situations. Early on, the experts at
Centers for Disease Control and Prevention (CDC), the World
Health Organization (WHO), and the US Surgeon General
blasted messages that subsequently required modification. False
messages of conspiracy rapidly surfaced, and charlatans
promoted unsubstantiated claims to prevent disease. To some
degree, future expert messages were discredited.

For example, on February 29, 2020, US Surgeon General Dr
Jerome Adams used Twitter to send the following message to
the public: “Seriously people- STOP BUYING MASKS! They
are NOT effective in preventing general public from catching
#Coronavirus, but if healthcare providers can’t get them to care
for sick patients, it puts them and our communities at risk!”
[25]. This sentiment was in concert with the early mentality of
the CDC, WHO, US Office of the Surgeon General, and other
constituents at the time.

All of these entities would later reverse their views as further
scientific evidence emerged regarding the ambient transmission
of SARS CoV-2 [26-30]. With spread of the Delta variant during
the summer of 2021, CDC messaging encouraged unvaccinated
individuals to wear masks in crowded public places and for
vaccinated individuals to wear masks indoors in areas of high
transmission [31]. When the Omicron variant began to spread
in late 2021, news reports began appearing with quotes from
health experts advising the public to upgrade their masks
[32-34]. However, the official CDC guidance on masking was
not clarified until mid-January 2022 [31].

In a context of rapidly evolving scientific discovery, a key
challenge for public health education is to adapt messaging in
an information environment containing older content that
continues to live and circulate online despite being obsolete or
inaccurate from the outset.

A second major challenge is that public health experts may (and
often do) disagree about recommendations. Communicating the
nuances of scientific progress may be especially hampered by
the fact that nearly 60% of the population has medium or low
scientific literacy [35]. Given the uncertainty involved in an
emerging global pandemic, the incremental and often
contentious way in which scientific knowledge typically
advances, and shifting and diverging recommendations, it is
not surprising that public confusion is common and trust in
official governmental agencies is hindered [35].

Risks

Large numbers of individuals search for health information
online [36,37]. As with previous infectious diseases [38], the
public turned to the internet for information on the novel
coronavirus [39-41]. Unfortunately, false information about the
COVID-19 pandemic on social media has been extensive
[42-44] and viewed by millions of people [45]. False information
involves both misinformation, or inaccurate conclusions about
a phenomenon drawn from incomplete or incorrect facts, as
well as disinformation, which pertains to the purposeful spread
of false information in line with a specific agenda [46]. The
early days of the pandemic saw such a proliferation of false
information online, leading the WHO Director General to
declare that the fight was not only against the pandemic but
against an “infodemic” as well [47]. An “infodemic” can be
described as “an overabundance of information – some accurate
and some not – that makes it hard for people to find trustworthy
sources and reliable guidance when they need it” [47].

Preventing COVID-19 involves both reducing exposure to
SARS-CoV-2 through masking, social distancing, and the
avoidance of crowded, poorly ventilated spaces, as well as
through reducing susceptibility via vaccination. In the United
States, there are two types of vaccines available: mRNA
vaccines and an adenovirus-based vaccine [48,49]. It has become
clear that one of the concerns that the public has about the
vaccine pertains to the comparatively short time spent on
development, testing, and approval (emergency use
authorization). Officials sought to assure the public that neither
safety nor scientific integrity was compromised in the process
[50-52]. Nevertheless, public concern that mRNA would alter
one’s genes and fear surrounding an untested technology
persisted [53,54]. Surveys in the United States about attitudes
toward vaccination (whether for oneself or one’s children)
continue to reveal persistent levels of hesitancy and refusal [55],
with notable demographic and political differences [56-60].

The trustworthiness of online information about COVID-19
vaccination is endangered by those whose aim is to spread
disinformation. Disinformation can be spread by anyone. One
estimate was that 12 individuals were responsible for 65% of
the mis/disinformation spread on Twitter, Instagram, and
Facebook [61]. These individuals were identified as
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“anti-vaccine activists, alternative health entrepreneurs and
physicians” [61] who spread a wealth of antivaccination content
over the course of the pandemic [62]. The danger of
mis/disinformation is epitomized by its use “to incite violence
and crime targeted at ethnic minorities – which has resulted in
deaths and displacement of children, led to lower child COVID
vaccination rates, undermined trust in journalism and science,
and drowned out marginalized voices” [63]. Mis/disinformation
in times of health emergencies threatens national security and
there have been calls for immediate intervention [64]; however,
this is not easily accomplished in a societal context with freedom
of speech and access to digital communication channels capable
of reaching millions of people in minutes.

A small number of social media accounts spreading
disinformation have had widespread reach and have gained
many followers during the pandemic [62]. To the extent that
this small number of antivaccination messengers attract many
users who are skeptical or are “on the fence” about vaccination,
they can undermine efforts to mitigate community transmission
and increase the risk of more pathogenic and virulent variants.

The influence of misinformation and disinformation on
acceptance of inaccurate COVID-19 information, behavioral
intentions, and actual behavior remain equivocal [65-67]. Some
evidence suggests that such communications are associated with
acceptance of COVID-19 conspiracy theories [65,68] and other
inaccurate information [69]. A belief in conspiracy theories may
reduce the uptake of at least some preventative behaviors
[70,71].

In sum, while the behavioral impact of misinformation and
disinformation on social media is debated, what is clear is the
role that social media has played in extending the reach of
COVID-19–related falsehoods. Of course, even if low-quality
or blatantly untrue COVID-19 online information has a minimal
impact on COVID-19 exposure and susceptibility reduction, in
the case of a highly contagious respiratory virus, the impact on
community spread may nevertheless be of considerable concern.

Benefits of a Multifaceted Public Health
Presence on Social Media

It has been well-established that social media can spread
accurate, useful information. During the pandemic, social media
companies have claimed to make efforts to remove harmful
COVID-19 content and promote accurate information [72-74],
although the degree to which they have been successful in doing
so has been questioned [75]. Previous investigations have
demonstrated examples of how social media have promoted
positive behaviors such as the Global Handwashing Partnership
[76]. Some research suggests that although misleading
COVID-19 information has been widely shared on social media,
evidence-based content may have been shared to a greater
extent. Fortunately, public health agencies such as the WHO
and CDC have increased their presence on key social media
platforms [77]. Beyond creating their own content, public health
agencies have begun to look to social media personalities to
help disseminate prevention messages. For example, in 2020,

the state of Texas moved to pay influencers to promote mask
use and social distancing on TikTok [78].

We previously identified a shift in popular YouTube videos
regarding the source of messages on COVID-19 from news
media [79] to entertainers [80]. From January to March 2020,
there was a large increase in the number and proportion of
cumulative views garnered by widely viewed videos on hand
hygiene, from 33,268,243 (26.6%) to 182,331,135 (51.3%) [80],
and there was an increase coverage of face masks in the most
popular videos [80]. Our work examining mechanisms of disease
transmission across three successive samples indicated an
increase from ~63 million views to more than 273 million views
for videos specifically mentioning disease transmission. This
increase coincided with a rise in the worldwide number of cases
and the occurrence of COVID-19 transmission [81]. A Medline
search performed at the time of writing this viewpoint indicated
that these are among the first successive samples of YouTube
videos published to date. Our studies suggest that tracking
changes over time is useful and that social media may help to
amplify scientific recommendations. Notably, successive
sampling captures evolving situations rather than labeling
something as misinformation simply because it was posted at
a time when science about the topic was evolving.

Similar to YouTube, there is active conversation about
COVID-19 on TikTok. Earlier research suggested that, despite
1 billion views with the #Coronavirus hashtag, there was
minimal discussion about transmission [82]. However, with
more directed searching, we identified messaging about
prevention [83]. Notably, a search of the hashtag #WearAMask
indicated that the number of views of TikTok videos mentioning
masks uploaded by the WHO was far less than those in the
“Wear a Mask” campaign, despite the fact that the messages
from the WHO were more aligned with scientific
recommendations [6].

Humor, music, and dance were large components of the
#WearAMask posts, but were not common in those from the
WHO [83]. Consistent with the study on YouTube, these
findings suggest that popular entertainers and the use of
nonconventional approaches to messaging can help draw
attention to public health messages. While conversations on
TikTok could be health-promoting (eg, using masks, social
distancing, testing, handwashing) [83-85], they may also be
counterproductive as was noted in our study of misinformation
related to vaccination [86]. Thus, while there are challenges
with and cause for concern regarding COVID-19 content on
social media, social media clearly play a vital role in
disseminating accurate information.

Moving Forward

Public health communication best practices suggest that in cases
where science is not definitive, messages should be calibrated
to make it clear that there is an evolving context [87]. Our work
indicates that the content of official public health agency social
media accounts does not receive as many views as
communications posted by popular entertainers, influencers,
or, in some cases, even consumers. Partnerships with carefully
vetted content creators may help to extend the reach of accurate
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health information on social media, particularly to young people
who tend to use these platforms in higher numbers than older
adults [88].

Because there is a propensity for research highlighting
misinformation as a means to gain attention [89,90], the dialog
should be clear about what constitutes misinformation.
Researchers should consider the date that material was posted
and how scientific understanding changed over time, rather than
aim to produce “clickbait” titles. There are degrees of
misinformation and calibrating messages with a disclaimer will
also help in this circumstance. Studies claiming they have
identified misinformation should be forthcoming about how
this was coded and what factors were taken into consideration,
with concrete examples of what did and did not constitute
misinformation and disinformation.

Effective communication and education should be geared toward
a very heterogenous public in terms of age, beliefs, culture,
sociodemographics, literacy, and information-seeking sources.
Over the last decade, social media have become a dominant
source of information that consumers turn to for health and
COVID-19 information. This situation prompted our early work
to determine what is and is not being communicated. The
findings to date suggest there is considerable room for
improvement. A great deal of misinformation and disinformation
has reached large numbers of social media users, pointing to a
need for the agencies of the US Public Health Service to create
communications to convey accurate and current information
and appeals that will actually be viewed.
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Abstract

When the COVID-19 pandemic spurred a disruption in health care delivery, the role of telehealth shifted from an option to a near
necessity to maintain access when in-person care was deemed too risky. Each state and many organizations developed temporary
telehealth policies for the COVID-19 emergency, each policy with its own definitions, coverage, government cases, and regulations.
As pandemic-era policies are now being replaced with more permanent guidelines, we are presented with an opportunity to
reevaluate how telehealth is integrated into routine health care delivery. We believe that the timing and nature of the sequential
steps for redefining telehealth are critical and that it is important to develop a clear and agreed-on definition of telehealth and its
components at this time. We further suggest a necessary preliminary step is to support clear communication and interoperability
throughout the development of this definition. Precise and standardized definitions could create an unambiguous environment
for clinical care for both patients and providers while enabling researchers to have more precise control over their investigations
of telehealth. A consensus when defining telehealth and its derivatives at this critical stage could create a consistent expectation
of care for all patients and those who set the standards of care, as it has for other clinical scenarios with clear guidelines.

(J Med Internet Res 2022;24(4):e35037)   doi:10.2196/35037
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Introduction

The pandemic accelerated the swift adoption of telehealth [1-4].
As the emergency mode of health care delivery during the
pandemic draws to a close for many entities and organizations,
questions regarding sustainability, definitions of equitable
access, and the future of telehealth arise [3]. Between June 6
and November 6, 2020, nearly one-third of all health visits were
conducted remotely as telehealth visits, a considerable expansion
compared to prior years [1]. Although 43% of hospitals reported
the capacity of supporting telemedicine in 2019, 95% of health
centers reported using telehealth during the COVID-19
pandemic, which reflected a rapid increase in use [1]. However,
the emergency adoption of telehealth has led to widely differing
practices, varying definitions of what constitutes telehealth or
telemedicine, and a spectrum of state rules; this variability may

be linked to the rapid adoption of telemedicine during the
pandemic emergency phase. This new and expanded adoption
has at times included exemptions from the usual regulatory
processes; these exemptions are now being reevaluated [5,6].
The end of the emergency adoption period opens an opportunity
to reevaluate the standards and definitions of telehealth and its
components and may reveal the more subtle risk of perpetuating
suboptimal practices adopted during the emergency phase of
the pandemic.

We will employ the World Health Organization (WHO)
definition of equity which explains that equity “is the absence
of unfair, avoidable, or remediable differences among groups
of people, whether those groups are defined socially,
economically, demographically, or geographically or by other
dimensions of inequality (e.g., sex, gender, ethnicity, disability,
or sexual orientation)” [7]. We propose that a clear and
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standardized definition of telehealth, ideally developed through
consensus across a wide variety of organizations, must be
established to support better implementation and evaluation and
to contribute to greater equity in health care access overall.

Definition

To define telemedicine, some sources distinguish between
telehealth and telemedicine, while other sources use the terms
interchangeably [8-14]. Telemedicine definitions commonly
agree that it encompasses the remote diagnosis and treatment
of patients by telecommunications infrastructure, while
telehealth is commonly considered a superset of telemedicine,
defined as any services used to provide care remotely (eg, live
conferencing, remote patient monitoring, and personal health
apps) [8,9,11]. Already, the terms telemedicine and telehealth
both appear to leave room for interpretation and have a broad
scope; telemedicine is often the narrower of the 2 terms, though
still vaguely defined. With the introduction of derivative terms
such as mHealth and eHealth [15], coupled with the different
technologies (eg, video visit, audio-only visit, and email- and
text-based correspondence) and communication methods
(synchronous or asynchronous) that may be used for a
telemedicine visit, the expectations for what types of care
telemedicine encompasses are further obfuscated.

Standardized definitions in clinical disciplines, as in other
disciplines, can help categorize information and encourage more
precise communication relating to the area of interest [16-18].
We argue that this situation presents an opportune time to
establish a standardized definition of telehealth, with explicit
classifications of its modalities, applications, scope, and
relationships to other modes of health care. Prior to the
expansion of telehealth during the pandemic, telehealth had
limited applications in both urban and rural settings, including
but not limited to tele–critical care and tele-neurology
applications [4,19,20]. Patients communicating with providers
and having clear expectations when doing so is known to
improve engagement in care; this could be an indirect impact
of improving definitions in the field of telehealth [21,22]. As
telehealth expands, knowing what the term constitutes will
enable more precise communication between providers, patients,
policy makers, and researchers.

Clear definitions could support patients in scheduling and
requesting visits with greater clarity of the scope of telehealth
and expectations of what will occur during their visit as well as
potential outcomes to anticipate at the end of the visit. Providers
can also benefit by recommending services that stand to offer
the best anticipated utility given the combination of patients’
conditions, needs, and expectations. For example, video visits
are not always possible or even desired by patients [23].
However, phone calls or chat box correspondence may not be
enough for clinicians to gauge a patient’s health properly for a
specific condition. Another factor can be what is covered by a
payor or state’s coverage for telehealth-related services. Hence,
with greater control of the nomenclature used to describe
telehealth services, providers can work with patients to
recommend the most appropriate type of care, which can lead
to greater outreach to patients, quality of care, and return on

investments for both patients and physicians. Westby et al [24]
provide a case of a patient who had a telehealth visit that can
offer an example of the importance of matching expectations
with patient understanding of what is offered. Because the
patient had concerns regarding his ability to use the technology
for a video visit, the clinic staff scheduled the patient for a
telephone visit. This resulted in several potentially unanticipated
benefits to both the patient and provider, including the patient
being comfortable disclosing his challenges with reading, which
the providers were unaware of, and the patient being able to
spell his medication names directly from the bottles to the
provider. The providers were able to clarify the instructions for
his medications, which the patient misread due to his difficulty
with reading. Audio-only visits are generally not considered
telehealth visits in every state or institution, whereas video visits
are accepted as telehealth universally [11]. Westby et al [24]
note that the Center for Medicare and Medicaid, at the time,
had a narrower definition of telehealth than the WHO and
excluded telephone visits from reimbursement. Had the clinic’s
staff not been precise about describing the nature of the visit at
the time of scheduling with the patient, and instead simply
scheduled a “telehealth visit,” the patient could have assumed
it to be a video visit and may have chosen to cancel the
appointment without the barriers to his participation being
brought to light. Patients may not be aware of the options and
accessibilities that are offered to them, especially when every
state, institution, and payor may have different stipulations of
what constitutes a telehealth visit.

Similar arguments regarding the need for a standardized
interpretation of telehealth have been made previously, with
attempts to develop a common “taxonomy of telemedicine,”
but this has not gained widespread adoption [18]. Regulation
and credentialing are governed by state governments, where
each state defines telehealth and telemedicine and its coverage
laws independently, and no 2 states are alike in their definitions
and regulations [11]. While some states alternate in their use of
terms such as telehealth and telemedicine, other states use them
interchangeably and even add a variety of terms with a tele-
prefix to refer to a remotely delivered version of a term [11].

We found it instructive to compare definitions across US states
when examining how significant the framing of telehealth
vernacular can be. The term telehealth may be effective in
Missouri, defined in a way that encompasses a variety of visit
types, but because Maryland might have a different definition
for the term, it may not be as effective there. For example, the
State Telehealth Laws and Reimbursement Policies Report 2021
shows only 15 states cover audio-only visits, whereas all 50
states reimburse for live video visits [11].

These nonstandard definitions and regulations lead to difficulty
in designing and implementing telehealth studies across states.
An effectiveness study on telehealth in Missouri, for example,
would not be easily compared to a separate study done in
Maryland. This discrepancy also creates confusion among
patients and providers and makes policies that are needed across
states or on a national level challenging to implement.
Cross-state billing, for example, is not approved in many cases
and poses a barrier for many clinicians who practice outside of
a distant patient’s state health care network [3].
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Evaluations

Researchers across different disciplines interfacing with
telehealth in their work could benefit from standardization and
precision in the associated definitions [25,26]. We propose that
a consensus in definitions could allow investigators to better
communicate both in proposals and sharing the products of their
work related to telehealth. Because telehealth comprises a large
variety of interventions, it is difficult to generalize its
effectiveness as different interventions can yield varied results
[25]. A precise nomenclature can help researchers identify
intended interventions and independent variables, leading to
clearer and more precise conclusions [16-18,27,28].

Current studies underway on new telehealth programs vary in
scope and outcome measures, ranging from measuring use data,
such as adherence measures that count the number of app
downloads, to data on the number of appointments scheduled
by patients and providers, and the number of completed
telemedicine visits [29]. We note that these quantitative analyses
might not include qualitative perspectives that could correlate
to clinical outcomes. Namely, there has been a lack of
evaluations comparing the cost-effectiveness of telehealth to
usual care and examining the patient experience [29-31]. Once
standardized telehealth definitions are established, there will
be an opportunity to better compare and understand the
outcomes of in-person care compared to telehealth since the
beginning of the COVID-19 pandemic. Standardized definitions
have been found to be useful in other clinical research
disciplines, such as for cardiovascular outcomes (eg, for
metabolic syndrome and primary cardiovascular disease
prevention), where studies with differing scopes can be analyzed
using agreed-on basic characteristics and shared definitions
[32].

The 2017 National Quality Forum report Creating a Framework
to Support Measure Development for Telehealth proposed a
more quality of care–driven measurement framework made to
guide outcome measures about overall experience and care
delivery outcomes [33]. This quality of care–motivated
framework includes 4 key domains: access to care, financial
cost and impact, experience, and effectiveness. Subdomains
were also proposed, which include a measurement framework
to correlate with clinical and quality of care outcomes. The
adoption of this framework would support our aim of
standardizing investigations and linking them to care delivery.
These domains have a direct impact on quality of care, but this
framework has yet to be used as a standard practice [29].

Telehealth is evolving and expanding rapidly with new research,
facets, and associated technology. Telehealth today is not the
same as it was last year, especially after its expansion in the era
of COVID-19. For example, with the rise of smartphone
technology, mHealth today is not the same as mHealth 10 years
ago [15]. For studies of telehealth to have a fair comparison,
normalized definitions and classifications of the different types
of care provided via telehealth are required because this can
make comparisons across studies easier, both geographically
and through time [29].

A large number of organizations and institutions are defining
telehealth and doing so on terms that suit their stakeholders,
which has created a unique challenge. It is much easier to change
a single normative definition than several definitions all at once.
Now that organizations such as the US Centers for Disease
Control and Prevention, the Office of the National Coordinator
for Health Information Technology, the American Academy of
Family Physicians, the American Medical Association, state
and federal payors, as well as local private payors and
institutions are all developing their own definitions, this
exacerbates the complexity of developing unified definitions
[9,11,13,34,35]. We risk definitions not being updated on the
same cycle and further diverging over time.

Standardized definitions will help further to evaluate the system
and measure and follow impacts on equity. There are observed
trends in the adoption of telehealth from a patient perspective
[4,23,36-38]. As Rodriguez shows, there are differences in the
use of telehealth services across various ethnic groups [23]. The
motivation or explanation from a patient stakeholder perspective
warrants further investigation to guide equitable approaches.
Failure to account for the patient perspective, especially in health
disparity populations and underrepresented populations, can
lead to further marginalization and exacerbation of health
inequalities [39]. On an enterprise level, institutional resources
can vary, which can directly impact the resources available to
clinicians and providers and patterns of technology adoption.

There are many different facets of inequity, including structural
racism, wealth, sexism, geographic location, and more, which
contribute to overall health inequity and social determinants of
health [40-42]. We propose that clear definitions of available
telehealth services, though they may not solve all forms of
inequity, have the potential to reduce misunderstandings,
miscommunications, and confusion, all of which contribute to
a lack of access to telehealth services. More attention is needed
to understand the impact that interventions addressing patient
preferences regarding digital health, digital literacy, and
technological access will have on equity.

As telehealth rapidly evolves, we propose that attention should
be paid to maintaining equity in part through clear definitions
and acknowledging the access differentials that may vary across
institutions and populations.

Conclusions

Consensus is critical in terms of both equitable access and
clinical and other research on the growing field of telemedicine
and telehealth. Our scope of interest is in these areas,
recognizing the importance of definitions across the institutional
level, including interactions with third-party payors, which we
have not addressed in this work. Looking to the future, health
care organizations can consider consistent and agreed-on
standardized definitions to benefit all stakeholders by providing
clearer communications, comparable policies, precise and
controlled evaluations, and by supporting the delivery of
equitable care. This consensus is especially important now as
telehealth could be taking on a larger role as part of routine
clinical access to care. It is important that we agree on a common
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nomenclature soon to make full use of its benefits and prevent future backtracking.
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Abstract

Online communication with participants, including online recruitment, electronic informed consent, and data communication, is
one of the fields to which information and communication technology (ICT) has been applied in medical research. Online
communication provides various benefits, especially for genome research and rare disease research. However, ethical challenges
that are derived from or exacerbated by online communication need to be addressed. Here, we present an overview of such ethical
issues and provide practical guidance for the ethical implementation of ICT. We specify the ethical issues in the context of using
online communication for medical research by an analysis based on the eight ethical principles for clinical research. Informed
by this ethical context, we then develop a novel framework for the governance of medical research involving ICT, which consists
of eight categories: five research processes (ie, design of research, recruitment, informed consent, data communication, and
dissemination and return of results) and three overarching perspectives related to multiple processes of research (ie, access to
research and online dialog, community involvement, and independent review). Finally, we present a practical guidance chart for
researchers, patient partners, independent reviewers, and funding agencies. We believe that our study will contribute to the ethical
implementation of online communication in medical research.

(J Med Internet Res 2022;24(4):e33167)   doi:10.2196/33167

KEYWORDS

online communication; electronic methods; online recruitment; electronic informed consent; e-IC; digital consent; online consent;
data communication; digital health

Introduction

One of the applications of information and communication
technology (ICT) in medical research is a variety of online
communications with participants, including recruitment,
informed consent, and sharing of research results [1-4]. The use
of the internet is expected to enable continuous communication
without spatial restrictions [3]. This is especially beneficial in
rare disease research because it is difficult to recruit a sufficient
number of participants in geographically limited areas. As
clarified by the Rare and Undiagnosed Diseases Study (RUDY)
in the United Kingdom and Japan, digital platforms enable the

effective recruitment of participants [5-7]. Additionally, the
RUDY project demonstrated that digital technologies facilitate
dialog and collaboration between patients and researchers [5-7].
This type of active patient involvement encouraged by digital
tools is referred to as participant-centric initiatives [8,9]. Another
research area where ICT use is expected to bring about
significant change is human genome research. Since genome
cohort studies such as the “All of US” study in the United States
aim to recruit a large number of participants, registering and
answering an online questionnaire should prove to be efficient
and helpful for participants [10]. Moreover, long-term
communication with participants is more important for genome
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research projects because the results of individual analyses can
change as data are accumulated over time [11].

At the same time, online communication can raise new ethical
challenges such as the digital divide, concerns about invasion
of privacy, how to assure understanding of information for
consent, and methods for authenticating participants [12-15].
To maximize the benefits of ICT, it is crucial to deal with such
ethical challenges. Previous studies focused on individual ethical
issues; however, there has been no attempt to provide an
overview of the ethical issues that need to be addressed in
implementing online communication with participants. Although
some countries already have regulations or recommendations
regarding electronic methods, such as guidance on the use of
electronic consent released by the US Food and Drug
Administration [16], their scope is limited. In Japan, the newly
revised ethical guidelines for medical research established in
2021 include descriptions about online informed consent, but
few details are specified. Therefore, the purpose of this
viewpoint is to provide an overview of ethical issues and present
a practical guide for implementing online communication in
medical research.

We initially performed an analysis based on the eight ethical
principles for clinical research proposed by Emanuel et al [17],
referred to as the Emanuel Framework (EF). We specified the
ethical issues in the context of online communication with
participants through each principle of the EF: collaborative
partnership, social value, scientific validity, fair participant
selection, favorable risk-benefit ratio, independent review,
informed consent, and respect for participants. The lead author
(AK) carried out a literature search and both authors performed
analyses. We then developed a new framework composed of
the issues specified by the analysis, after receiving feedback
from the researchers of the medical and genomics research
projects under the same research program that funded this study,
sponsored by the Japan Agency for Medical Research and
Development (AMED). Finally, we propose a practical guide
for researchers, patient partners, independent reviewers, and
funding agencies.

Ethical Analysis Based on the EF

Collaborative Partnership
The first key principle in the EF emphasizes that during the
course of medical research, creating a good partnership among
medical researchers, participants, and other members of the
project is crucial. Several key issues emerge when examining
situations to conduct medical research using ICT.

First, there is a possibility that research projects have difficulties
in finding representatives of participating communities, although
ICT enables existing community members to communicate
more easily. For example, for large-scale research projects that
target multiple countries, it is a challenge to decide who
represents the target population. It may be necessary to redefine
our understanding of “community” as well as community
“representatives.” This newly understood community would
include online patient networks that have been attracting
attention in recent years [18-21].

Second, a community’s distinct values, circumstances, culture,
and social practices should be respected even when employing
electronic methods. If most of the community members are not
familiar with the internet or are reluctant to send their
information online, electronic methods should not be
implemented.

Third, digital tools make collaboration more diverse, enabling
more casual patient involvement such as feedback online [22].
One challenge is how to share responsibility with such casual
involvement. A fair distribution of the tangible and intangible
rewards of research among the partners based on each
contribution is also a challenge.

Social Value
When conducting medical research, assessing and enhancing
its social value are essential as well as protecting participants.
Using ICT can enhance the social value of medical research.
Performing large-scale studies with electronic methods leads
to an increase in the number of beneficiaries. The value of the
research can also be enhanced with the secondary usage of the
data online, which may be especially true for studies using
genomic data. Research results can be disseminated more widely
with the internet [23]. Moreover, the use of multimedia can
improve accessibility and understanding.

However, caution is needed to prevent adverse impacts on
existing health care infrastructure and its sustainability when
communicating directly with participants across countries
through online systems. This is especially true when returning
individual genetic analysis results because novel therapeutic
strategies based on these results may create an additional burden
on existing health care systems.

Scientific Validity
Scientific validity, the third principle of the EF, is one of the
fundamental factors for ethical research. When utilizing ICT
for medical research, it should be taken into account that the
use of ICT can positively influence the scientific validity and
reliability of the research design. Regarding study designs, a
sufficient sample size is important to ensure scientific validity.
For rare disease research, recruiting a sufficient number of
participants online makes the studies more scientifically valid.

However, the ease of this approach varies depending on the
frequency of ICT use and differing values toward privacy. For
instance, online recruitment may be ineffective for people who
do not have access to the internet, are unfamiliar with it, or do
not want to enter their personal information online. This may
cause selection bias [2,19,24-27]. At the time of registration,
especially when there is a reward for participation, preventing
duplicate registration of participants is also important to ensure
scientific validity [28].

Fair Participant Selection
Research participants must be selected primarily based on
scientific objectivity. The online platform allows individualized
recruitment, which makes it possible to achieve a fairer selection
of participants by ensuring accountability for the selection [29].
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For research projects that target vulnerable people, careful
consideration is necessary. It is conceivable that the use of
electronic methods to facilitate participation in research will
enable vulnerable individuals to participate in more research
owing to their medical or economic circumstances, which could
cause overexploitation or insufficient understanding of the
projects. Measures should be taken to protect the potential
participants with such vulnerabilities from the risks associated
with research participation.

Favorable Risk-Benefit Ratio
When carrying out research, potential risks and benefits for
individual participants should be assessed and explained. Based
on this principle, the risks associated with using electronic
methods should be identified, described, and minimized. These
risks include data leakage during online data transfer and
impersonation by others in the digital authentication system for
participants [15]. Another risk is miscommunication caused by
the lack of nonverbal information when using certain kinds of
online tools [30].

In the process of returning individual genetic analysis results,
sufficient medical, psychological, and social care for the patients
are absolutely required. When returning results through online
systems, it should be noted that there may be an increased risk
of failing to ensure that such considerations are made.

Independent Review
Independent review mechanisms are usually determined by laws
and regulations, and vary depending on countries or institutions.
In traditional research projects, researchers generally recruit
participants from their own countries and therefore only need
to follow the rules of their countries. However, online
recruitment may encourage participation across countries and
institutions. Therefore, there is often a lack of laws and
regulations concerning the detailed procedures for independent
review of research protocols when the research is planned in
one country and participants are recruited from other countries,
as in so-called direct-to-participant (DTP) recruitment. A
detailed analysis of these issues is beyond the scope of this
paper; however, some possible solutions have already been
proposed [31].

In an independent review, reviewers should be competent;
however, it is currently very difficult to adequately assess
research using online communications from scientific, ethical,
and technical perspectives due to the lack of research or
guidance on practices for implementing communications using
electronic methods. In particular, questions concerning how a
secure research system can be built and what kind of privacy
risks associated with online recruitment may occur cannot be
fully assessed without a high level of expertise [32]. Therefore,
the availability of reports and guidance, as well as expert advice,
is crucial.

Informed Consent
Informed consent requires demonstration of respect for the
autonomy of individuals, and online consent is no exception.
Online informed consent enables prospective participants to

make their participation decisions at their own pace, which is
a major advantage in reducing psychological impact [33]. It is
also important to ensure individual authentication for voluntary
research participation [15].

In terms of recruitment procedures, it is necessary to assess
whether online recruitment is culturally, politically, and socially
acceptable. For example, due consideration should be given to
the recruitment of prospective participants when using online
behavior histories or social networks, if these are considered to
be potential invasions of privacy [27].

It is important that the information presented online is complete,
accurate, and not overwhelming. Adjusting the amount of
information presented at one time and using multimedia are
expected to improve the understanding of the prospective
participants [33,34]. However, it is necessary to provide
information tailored to individual literacy rather than providing
a uniform explanation. Furthermore, to obtain informed consent
with the full understanding of the participants, the opportunity
to ask questions must also be guaranteed in online informed
consent. Unless face-to-face informed consent is provided, such
as through a video conferencing system, a more careful
assessment is required as to whether candidates fully understand
the information presented [13,33]. In addition, it should be noted
whether the means of symbolizing consent, such as electronic
signatures and clicks for online informed consent, are
sufficiently accepted in the communities to which the candidates
belong. Finally, as indicated in the US Guidance, the method
of obtaining informed consent from a participant’s legally
authorized representative should also be determined in advance
[16].

Respect for Participants
Communication with participants online can help with
monitoring health and well-being so as to minimize harm,
particularly through subjective assessments. Online methods
may help to facilitate communication in terms of providing
participants with information about research progress and
results, related health care, and treatment. However, when, how,
and what information is appropriate to provide may vary from
person to person and, as such, these issues should be considered
to suit individual participants where possible.

Regarding confidentiality, various security challenges raised
by online communications must be addressed [14]. It should be
noted that additional data that can be collected, such as location
data, may infringe on the privacy of participants [35]. To ensure
security, it is necessary to establish a reliable method of
authentication [15].

Overview of the Ethical Issues in Online
Communication With Participants

Informed by the EF ethical analysis, we have schematically
presented the interrelationships among the issues based on the
actual processes of medical research and formulated a novel
framework for the governance of medical research involving
ICT (Figure 1).
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Figure 1. Framework for the governance of genomics research involving information and communication technology. The five boxes on the left show
the research process and the three boxes on the right show overarching perspectives related to the five processes. Each box contains the main benchmarks
for that issue or process.

The framework is designed for any research involving
communication with participants, not for studies that involve
digital technology in general (eg, research drawing on electronic
medical records without any online communication with
participants). The framework covers eight elements. The first
five elements (left side of Figure 1) are the processes involved
in medical research using ICT, which cover the design of
research, recruitment, informed consent, data communication,
and dissemination of progress and results, including the return
of individual genomic analysis results. The other three elements
(right side of Figure 1) are overarching perspectives. They cover
access to research, community involvement, and independent
review. In each category, benchmarks are described to show
what issues are involved.

The “design of research” category includes the purpose and
benefit of the use of electronic methods. In addition, it should
be taken into account that online communication would affect
scientific validity. This is especially true when recruitment and
data communication through online systems are employed. The

category of “recruitment” includes the issues related to risks
when recruiting participants online. Researchers must consider
that online recruitment would have additional risks for
participants with vulnerabilities and that some of their data may
be available before the participants have given consent. The
category of “informed consent” includes the benchmarks
associated with information presented online, the understanding
of participants, and consent from the participant’s legally
authorized representative. The category of “data
communication” covers the situation in which participants
manage their own data or when data are generated by the
participants’ own devices. The category of “dissemination and
return of results” includes the benchmarks related to not only
individual participants but also the target community.

Security issues, digital divide, authentication of participants,
and the risk of miscommunication are important factors in
considering access to the research system and online dialog
between researchers and participants. The “involvement of target
population” category includes the benchmarks associated with
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the strategy and tools for “community” involvement, as well as
sharing responsibility and benefits. The category of
“independent review” includes the benchmarks regarding the
procedures for independent review of DTP recruitment and
competency of the reviewers.

Implications for Practice

Based on this framework, we present a practical guide in the
form of a chart for researchers, patient partners, independent

reviewers, and funding agencies (Figure 2). This guidance chart
mainly consists of four steps: (1) meet the benchmarks in the
category of independent review, (2) meet the benchmarks in
the category of each research process where online systems are
employed, (3) meet the benchmarks in the category of access
to research, and (4) meet the benchmarks in the category of
patient involvement.

Figure 2. Guidance chart for ethical research using online communication with participants. This guidance chart mainly consists of four steps. Step 1
is for independent reviewers and funding agencies, and steps 2, 3, and 4 are for reviewers, funding agencies, researchers, and patient partners.

Depending on the users of the chart, the first step is either step
1 or step 2. For independent reviewers and funding agencies,
the first step is to ensure that the reviewers are competent to
review this type of research using online communications with
participants, especially from the perspectives of technology and
privacy risks. In cases where they are not competent, they need
to ask ICT experts for help and review the literature to address
new ethical issues such as the means of symbolizing consent in
the process of informed consent.

Steps 2 to 4 are for independent reviewers, funding agencies,
researchers, and patient partners. In the second step, researchers
should clarify the purpose, benefits, and effects of using
electronic methods for each research process, as well as the
impact of the planned adoption of electronic methods in terms
of scientific validity. Subsequently, researchers and patient
partners should address the ethical issues related to each research
process where they plan to employ online systems for
communication with participants, from recruitment to
dissemination of research results. Concrete issues that need to
be addressed can be found in the benchmarks in the framework
categories shown in Figure 1. Independent reviewers should
review each step by carefully examining the content of research
protocols that address these ethical aspects.

The third and fourth steps focus on the overarching perspectives
that need to be ensured in all of the processes of research

projects. Even if a research project plans to employ online
communication only for one process such as online informed
consent, the ethical issues included in the category of access to
research and online dialog, and involvement of the target
population should be addressed.

For funding agencies, in addition to making sure that the relevant
benchmarks are met, it is desirable to ensure that adequate
funding is available for the costs of addressing ethical issues in
each step, particularly in steps 1, 3, and 4. Regarding step 1,
funding may be required to ask ICT experts for help and access
to useful literature. In step 3, large investments are sometimes
required to address security issues and to implement appropriate
authentication systems.

Conclusion

As ICT becomes implemented and applied more widely, it is
hoped that it will be used actively in medical research. In some
countries, electronic methods are increasingly being employed
in research projects. Online systems should be utilized carefully
while keeping in mind the ethical considerations that have been
described in this article. We believe that our ethical framework
and the guidance chart can help to make electronic strategies
ethically sound and acceptable.
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Abstract

The United States has abysmal reproductive health indices that, in part, reflect stark inequities experienced by people of color
and those with preexisting medical conditions. The growth of “femtech,” or technology-based solutions to women’s health issues,
in the public and private sectors is promising, yet these solutions are often geared toward health-literate, socioeconomically
privileged, and/or relatively healthy white cis-women. In this viewpoint, we propose a set of guiding principles for building
technologies that proactively identify and address these critical gaps in health care for people from socially and economically
marginalized populations that are capable of pregnancy, as well as people with serious chronic medical conditions. These guiding
principles require that such technologies: (1) include community stakeholders in the design, development, and deployment of the
technology; (2) are grounded in person-centered frameworks; and (3) address health disparities as a strategy to advance health
equity and improve health outcomes.

(J Med Internet Res 2022;24(4):e36338)   doi:10.2196/36338
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Background

Black birthing people living in the United States are four times
more likely to die during the peripartum period than those who
are white, regardless of income, education, or severity of
complications [1,2]. Black Americans, Indigenous Americans,
and Latinas residing in the United States all experience
significantly higher rates of preterm delivery than those who
are white [3]. Drivers of reproductive health disparities,

including personally mediated and institutional racism, manifest
in myriad ways, from housing inequities and unequal access to
safe environments to education, opportunity, and health care
[4,5]. In addition, individuals with serious chronic medical
conditions—particularly those from socially marginalized
groups—may be less likely than healthy people to receive
critical health interventions, including access to high-quality
contraceptives and other reproductive health care [6] and
prenatal services [7]. Research by our team members identified
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critical gaps in current reproductive health care delivery models,
especially for people from socially and economically
marginalized populations, those with serious chronic medical
conditions, and those with intersectional identities that are
subject to both social and medical marginalization. These gaps
in care undermine proactive approaches to identify reproductive
health needs and thereby address preventable adverse outcomes.

A host of new software and digital tools have emerged from
the private and public sectors to address women’s reproductive
health needs. Colloquially referred to as “femtech,” these
technologies range from menstrual cycle–tracking apps to
medical devices for pelvic floor strengthening. In the private
sector, femtech is expected to constitute a US $50 billion
industry by 2025 [8]. While femtech represents a promising
opportunity to address existing gaps in women’s health care,
the intended recipients of femtech innovations largely appear
to be healthy, affluent, white, cis women. In the current model,
an opportunity is missed to engage populations who have been
historically underserved and bear the largest burden of poor
pregnancy and perinatal outcomes.

This viewpoint outlines three key principles for developing
scientifically grounded digital tools that bridge critical gaps in
women’s health care among individuals who have been
subjected to social, economic, and medical marginalization. We
illustrate the implementation of these principles with examples
taken from our own development of tools that span reproductive
health transitions or decisions, including family planning,
pregnancy, and sterilization. These principles are equally
applicable to the development of research and commercial tools,
and offer a set of guidelines to broaden femtech to more
equitably address women’s health needs.

Here, “women’s health” refers to the area of research dedicated
to the treatment and diagnosis of diseases and conditions that
affect those with female physiology and, in this instance, female
reproductive health. As such, we use the terms “woman” and
“women” throughout this paper. However, we acknowledge
that these are gendered terms and the intended users of femtech
do not necessarily identify as women. An important future
consideration for our framework and the femtech field more
broadly will be enhancing gender inclusivity in both the
language and methods we use.

Our Principles

Collaborative Development Strategy
Our collaborative of university-based researchers first joined
to garner intellectual support and collaboration around our
shared interests across diverse medical and scientific
subspecialties. We developed the following shared principles
to formalize guidance for our own reproductive digital health
tool designs. Lessons learned were obtained through trial and
error.

Create Interdisciplinary Stakeholder–Inclusive Teams
Cross-disciplinary collaboration is required to ensure that any
reproductive health tool is comprehensive and accurate. Clinical
experts offer scientifically grounded content and appropriate
clinical actions. Social scientists explain human behavior and

the social structures that constrain or shape behaviors. Visual
designers capture the clinical and social scientists’ input through
a user interface. Technical experts realize the teams’ vision into
a functional and scalable tool.

However, academic and technical partnerships are not sufficient.
Echoing tenets of user-centered design, those who are building
tools must have a solid understanding of who the users will be
and how they will interact with the tool [9]. We take this a step
further by suggesting that representatives of all stakeholder
groups, particularly patient stakeholders, must be included in
the entire process from design to implementation. Patients, for
example, should serve not only as testers but as active
participants in shaping the conceptual and pragmatic
underpinnings of the project, and are thus a critical part of an
interdisciplinary team. The specific stakeholders’needs and the
methods in which they are engaged in the development process
will inevitably differ from tool to tool and by the specific health
context being addressed.

Facilitate a Person-Centered Approach
Over the past 20 years, person-centeredness has increasingly
been recognized as an indicator of high-quality health care [10].
While patients are now acknowledged as active partners in the
clinical decision-making process [11], a power asymmetry
intrinsically exists between clinicians and patients [12].
Clinicians may control patients’ access to reproductive services
by selecting which procedures they conduct or which referrals
they order; they are thereby positioned to support or undermine
an individual’s ability to actualize their reproductive goals and
preferences [13]. Furthermore, women experiencing social
marginalization may have different decision-making constraints,
values, or choice architecture, leading to different, but equally
valid, decisions [14].

It is an ethical imperative that individuals who are the desired
users of these tools have the power to be active participants in
their health care decisions and that their right to make their own
reproductive decisions is honored, regardless of the context.
Thus, tools must aim to facilitate meaningful understanding of
the risks, benefits, and uncertainties associated with various
reproductive health decisions, helping users to clarify their
personal preferences as they make their choices. Some of our
tools aim to help patients make decisions that are aligned with
their preferences and values. Some tools offer personalized
feedback on patients’ specific health needs. Other tools are
designed to support shared decision-making between users and
their clinicians. All of our tools serve the purpose of supporting
a patient’s autonomy and self-efficacy to achieve their desired
reproductive health goals.

The success of a digital reproductive health tool must, in part,
be judged on its outcomes. We believe that these outcomes,
much like the approach to tool design and functionality, must
be person-centered. In a clinical setting, this includes ensuring
that changes in clinical as well as patient-reported outcomes are
aligned with the values of the patients themselves. While the
success of femtech is usually evaluated on widespread adoption
or a revenue stream if commercialized, our mission is to build
and implement tools that improve health care experiences and
support health outcomes that are desirable to the patient. Such
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outcomes may range from interpersonal (eg, feeling respected)
to psychosocial (eg, decreased decisional conflict) to clinical
(eg, less disparity in preterm births). The key is that these
outcomes must be grounded in what patients value as individual
people and not what affects the fiscal or other priorities of the
health care establishment serving them. Ideally, tools that can
improve reproductive health in a person-centered manner will
also be widely adopted and consequently improve the efficiency
and quality of health services.

Advance Reproductive Health Equity
To advance reproductive health equity and address the needs
of populations whose reproductive health and well-being have
been harmed or neglected by our current societal structures,
femtech work must have a race-, class-, and gender-conscious
approach from its inception. We suggest specific frameworks
that guide our development process, including Intersectionality

Theory [15], Critical Race Theory [16], the R4P Framework
[17], and the Reproductive Justice Framework [18]. These
specific frameworks are grounded in racial justice and US civil
rights; nevertheless, considerations of intersectionality and the
larger message of these frameworks are globally relevant [19].
Moreover, we urge constant self-reflection on each step of the
process [20].

Practical Application of These Principles

Here, we offer additional details about our collaborative’s suite
of tools, each of which were built using our guiding principles
to address a unique decision-making period in the reproductive
journey: reproductive care for nonpregnant people, pregnancy,
and sterilization. Table 1 outlines how to incorporate these
guiding principles into the different phases of tool development.
As we describe each tool, we offer practical illustrations.

Table 1. Ways to incorporate principles into phases of femtech development.

PrinciplesPhase of development

Advancing reproductive health equi-
ty

Person-centered approachInterdisciplinary stakeholder–inclusive teams

Incorporate historical and theoretical
frameworks in conceptualizing the
tool and its content to ensure an eq-
uity lens from the start of any work

Structure interview guides around
evidence-based best practices to
identify gaps in knowledge, and un-
derstand experiences and prefer-
ences related to reproductive care

Conduct semistructured qualitative work (one-
on-one interviews or focus groups) with
women, health care providers (including sub-
specialty providers), and other expert stakehold-
ers

Conceptualization and
content development

Structure advisory or expert panels
to include content and lived-experi-
ence experts; seek diverse perspec-
tives within each category of stake-
holder

Design features and content to incor-
porate clinical best practices, yet
focus on users’ informational needs
and personal values

Review content and functionality iteratively
with members of key stakeholder groups such
as patients, medical experts, human-computer
interaction specialists, bioethicists, social sci-
entists, and relevant community organization
leaders (eg, reproductive justice advocacy
groups, church leaders, women’s shelters,
doulas)

Design implementation

Power trials to identify differences
in outcomes for diverse patient
populations based on preplanned
equity-driven hypotheses

Plan acceptability metrics around
patient-centered/patient-defined
outcomes

Prioritize patient and other stakeholder goals
for the tool

Testing

Reproductive Care for Nonpregnant
People With MyPath

National guidelines recommend that patient-centered
reproductive services be routinely provided in preventive care
settings to help individuals optimize health and well-being prior
to desired pregnancies and to prevent unwanted pregnancy and
births [21]. Despite these recommendations, contraception and
abortion counseling is frequently absent from preventive health
encounters [22,23] and, when it does occur, often fails to
prioritize individual preferences, values, and goals [24,25].
Individuals in socially marginalized groups, including people
of color and those with low incomes, perceive a lower quality
of care [26] and report experiences of discrimination and
pressure to use contraception, to choose certain methods, or to
limit family size [24,27]. Our understanding of what constitutes
high-quality reproductive care has shifted in recent years, driven
by advancements in research and social movements [28,29].
This evolution has included moving from approaches focused

on strict pregnancy planning and reducing individual risk
behaviors toward approaches that include assessment of
individuals’goals and needs, acknowledge the structural factors
(eg, racism and poverty) underlying poor reproductive health
outcomes, and prioritize reproductive autonomy [28]. The
benefits of person-centered counseling strategies such as shared
decision-making, which acknowledge the complexity of
contraceptive preferences and help individuals match those
preferences with their choices, are increasingly being recognized
[27]. At the same time, the potential harms of directive
counseling approaches, which advocate for one contraceptive
method or group of methods over others, have also been brought
to light, particularly in communities that face historic and
ongoing reproductive oppression in the United States [30,31].

Figure 1 shows MyPath, a patient-facing web-based reproductive
decision support tool that we developed to promote high-quality,
person-centered discussions about reproductive needs in the
Veterans Health Administration (VA). Veterans capable of
pregnancy who use VA Health Care services are a highly diverse
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population, with nearly half identifying as racial or ethnic
minoritized groups [32], and face elevated risks of adverse
pregnancy and birth outcomes compared to their civilian
counterparts due to a higher prevalence of medical, mental
health, and psychosocial factors [33]. Drawing on our first
principle (Principle 1: Interdisciplinary stakeholder–inclusive
teams), MyPath development was informed by formative
qualitative work to understand veterans’ preferences and needs
[25] and followed user-centered design principles, guided by
patient, provider, and scientific expert input [34]. Designed to
be used prior to primary care visits, MyPath empowers patients
by helping them clarify and share their reproductive goals with
their primary care providers, augmenting their knowledge, and
building self-efficacy in communicating about their reproductive
needs (Principle 2: Facilitating a patient-centered approach).

By centering individuals’preferences, needs, and goals, MyPath
aims to safeguard reproductive autonomy and address inequities
in reproductive health care related to poor provider-patient
communication (Principle 3: Advancing reproductive health
equity).

In a nonrandomized pilot of the final prototype (control group,
n=28; intervention group, n=30), we found that a greater
proportion of intervention participants reported having
discussions about their reproductive needs in the visit compared
to controls (93% vs 68%; P=.02) [34]. A multisite hybrid
effectiveness-implementation randomized controlled trial is
currently ongoing to evaluate the impact of the text
message–delivered MyPath on various person-centered and
clinical outcomes, with the goal of ultimately scaling the
intervention nationally within VA if found to be effective.

Figure 1. MyPath online decision support tool.

Pregnancy Support With MHP
MyHealthyPregnancy

Preterm births, those that occur prior to 37 weeks of gestation,
are the leading direct cause of neonatal mortality and morbidity
[35]. More than 1 in 9 births in the United States are preterm
[36], and Black women are roughly 60% more likely than white
women to have a baby born prematurely. The causes of preterm
birth are complex, with a wide range of risk factors identified
in the literature, some of which may never be identified by the
provider during routine care, such as intimate partner violence
(IPV) [37], depression [38], or chronic toxic stress [39]. Even
when risk factors are identifiable and addressable, physicians
may find it difficult to communicate recommendations
effectively enough to support risk mitigation [40].
Physician-patient communication challenges are particularly
prevalent for Black patients, who, compared to non-Hispanic
white patients, report that they are unlikely to ask questions of
their physicians and that their physicians are less likely to listen
when they do [41]. Even for those physicians that are aware of

patients’ particular informational needs, time constraints may
prevent more in-depth discussion. Addressing these adverse
events requires both accurate identification of an individual’s
risk factors and actionable communication of those risk factors
to women and their health care providers.

The MHP MyHealthyPregnancy mobile health platform shown
in Figure 2 comprises a patient-facing smartphone app and an
electronic health record–integrated provider portal. MHP
MyHealthyPregnancy uses real-time data collection from
pregnant people via the app [42] and applies statistical machine
learning algorithms [43] to those data to identify modifiable
precursor risks to preterm birth between routine prenatal care
visits. As risk factors are identified, they are communicated to
health care providers in real time through a provider portal. The
app, in turn, offers patients sensitive, respectful, and actionable
risk minimization strategies and resources.

MHP MyHealthyPregnancy content and flow were initially
drafted by an interdisciplinary team (Principle 1:
Interdisciplinary stakeholder–inclusive teams), including
medical experts in the field of maternal-fetal medicine as well
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as human-computer interaction specialists and community
informants (eg, church leaders, nonprofit organizations,
women’s shelters, doula groups). All experts had a voice in
determining how to assess and intervene on the specific risk
factors that fell within their own area of expertise. Next, we
worked directly with pregnant and recently pregnant women,
purposively recruiting a socioeconomically and racially diverse
group, to identify their current beliefs, values, and constraints
with respect to using such a pregnancy tool. The features we
incorporated into the app were designed iteratively with the
women we interviewed to specifically address expert-identified
risks while remaining sensitive to the users’ needs (Principle
2: Facilitating a patient-centered approach). For example, our
medical experts highlighted a need to provide education about
symptomatic bleeding; yet, many of the peripartum women we
spoke with reported confusion between spotting, miscarrying,
and menstruation. As such, the content we produced had to be
acceptable and understandable to both types of stakeholders.
Our app-based solution was a daily symptom assessment with
feedback on the need for immediate medical care when
appropriate [42].

MHP MyHealthyPregnancy was tested in a quality-improvement
initiative in UPMC (formerly known as the University of
Pittsburg Medical Center) health care system from September

23, 2019, to September 1, 2021, with over 5600
English-speaking pregnant people; evaluation analyses are
ongoing. Of those offered MHP MyHealthyPregnancy by their
provider, 81.5% of patients initiated use of the tool. Initial
findings show promising results for MHP MyHealthyPregnancy
for filling gaps in clinical risk detection and, ultimately,
prevention. In an analysis of 959 patients who used the app for
reporting IPV, 100% of those reporting a current physical risk
of IPV had no mention of IPV in their medical charts, despite
treatment for injuries that should have prompted in-person
screening administration [44]. MHP MyHealthyPregnancy was
similarly able to successfully implement screening for
preeclampsia risk factors among 2563 patients, with more than
half of those app users who met the highest preeclampsia risk
criteria reporting no preeclampsia prophylactic recommendation
from their provider [40]. Patients with baseline reports of certain
clinical risk factors such as a history of depression or prior
preeclampsia have engaged with the app in significantly higher
numbers than those without a baseline history of pregnancy risk
factors. To address challenges identified with provider
bandwidth in responding to notifications in the provider portal,
we built in an alert to be directly sent to a dedicated clinical
care team consisting of nursing staff. This approach allowed
for an increased response to app-based detection of depression,
facilitating connection to behavioral health services.

Figure 2. The MHP MyHealthyPregnancy smartphone app (left) and provider portal (right).

For any digital tool that addresses reproductive health needs, a
one-size-fits-all approach will likely fail. For example, in
creating a Spanish-language version of MyHealthyPregnancy
(MHP Embarazo Saludable), our first step was not a straight
translation of the existing content into Spanish, but rather to

reframe and then translate the content to address the unique
needs of Latinas not born in the United States, who may be
navigating a system and approach to pregnancy health care that
differ substantially from their prior experience. For example,
many Latinas we spoke with who were recent immigrants
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discussed their concerns about social isolation, particularly
given the supportive role that female relatives traditionally play
in transitioning to motherhood [45]. Therefore, for the Latina
population, explicitly facilitating a connection to relevant social
supports (eg, Spanish-language doulas) based on when a need
is identified through MHP MyHealthyPregnancy is a
person-centered approach that may affect equitable health
outcomes, as identified by the patients themselves (Principle
3: Advancing reproductive health equity). A multisite pilot
study, funded by the Centers for Disease Control and Prevention,
is currently examining the effectiveness of person-centered
approaches for psychosocial screening and support with both
Spanish and English versions of the tool at two demographically
diverse sites.

Sterilization Decision-Making With
MyDecision

Female sterilization, which is currently the most commonly
used contraceptive method in the United States, is
disproportionately used by those with social disadvantages,
including those with low incomes, with public or no insurance,
with lower educational levels, and from racial/ethnic minority
groups [46,47]. The reasons for this are complex and exist within
a broader social context that includes a history of sterilization
abuses as well as ongoing devaluation of socially marginalized
women’s reproduction. Research findings illuminate various
tensions and potentially countervailing forces that exist in the
decision to use sterilization as a contraceptive method and the
ability to execute such decisions. For example, women report
that sterilization decisions are largely driven by personal
preferences and prior reproductive experiences [48,49].
However, among those who have undergone the procedure,
there is a significant level of misunderstanding about
sterilization (eg, the permanence of the procedure) and

alternative contraception methods, as well as a relatively high
prevalence of poststerilization regret [50], suggesting suboptimal
counseling and decision-making. Additionally, although rates
of sterilization are higher among those with low incomes and
people of color, many from these groups also report restricted
access to the procedure due to provider reluctance to perform
it for various reasons (eg, concern that the patient will ultimately
regret the decision) as well as barriers posed by stringent
Medicaid sterilization consent policies, and these issues are
perceived as undermining their reproductive autonomy [51].

The content of the MyDecision tool, as shown in Figure 3, was
informed by foundational, in-depth interviews with racially
diverse, low-income women who had ever considered tubal
sterilization, as well as with health care providers who perform
female sterilization to understand informational and decision
support preferences and needs. Several of the women
participants were also included on a Steering Committee that
helped guide the design and structure of the tool throughout the
development process. As the history of sterilization and its
consent among low-income women have been socially and
ethically fraught, Steering Committee members also included
representation from women of color and reproductive justice
advocacy groups, the American College of Obstetricians and
Gynecologists (ACOG) Ethics Committee, and the ACOG
Committee on Health Care for Underserved Women. To ensure
that the voices of our “patient” participants were heard, we held
separate meetings with them in addition to their participation
in the larger Steering Committee meetings (Principle 1:
Interdisciplinary stakeholder–inclusive teams). Once a prototype
of the tool was approved by the Steering Committee, cognitive
testing with end users (ie, women with low incomes and
considering tubal sterilization) was performed to assess
comprehensibility and usability of the tool and make subsequent
refinements, consistent with human-centered design principles.

Figure 3. The MyDecision web-based tool.

Dismantling the potential for sterilization abuses will require
grappling with the complicated social and political forces that
stratify reproductive value. However, the MyDecision
patient-facing, web-based decision aid seeks to address a more
feasible, yet necessary, objective: to empower low-income
English- and Spanish-speaking women who are contemplating

undergoing a sterilization procedure by providing them with
unbiased, relevant information, and a process with which to
independently engage in informed and value-concordant
decision-making and communicate their preferences to their
health care providers. The overarching goal of the tool is to
better support low-income women’s bodily and reproductive
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autonomy and help them achieve their reproductive goals
(Principle 2: Facilitating a patient-centered approach and
Principle 3: Advancing reproductive health equity).

The MyDecision tool is currently being tested in a National
Institutes of Health–funded multisite randomized controlled
trial to determine its efficacy in improving decision quality. If
found to improve sterilization decision quality and help ensure
informed and voluntary consent, MyDecision could potentially
offer a scalable and evidence-based alternative to the current
problematic Medicaid sterilization consent process.

Tools to Address Considerations Related
to Chronic Medical Conditions With
MyVoice:Rheum and MyVoice:CF

People who have chronic medical conditions may have
reproductive health concerns that are both general and
disease-specific. Our team developed two patient-directed tools
to support family planning care for women with rheumatic and
musculoskeletal diseases (RMDs) and cystic fibrosis (CF); these
conditions are independently associated with pregnancy-related
concerns, including potentially higher rates of maternal
morbidity and mortality and/or adverse neonatal outcomes [52].
Approximately 7 million women in the United States have
RMDs, including autoimmune and connective tissue diseases,
and many of these diseases are diagnosed during reproductive
age [53]. Owing to the advent of new and highly effective
medications targeting the underlying defect in CF, people with
CF are anticipating longer, healthier lives, and many are
considering and pursuing pregnancy [54]. Among women with
RMDs and CF, family planning care is therefore essential for
supporting informed decision-making about: (1) the benefits
and risks of pregnancy, (2) medication safety in the context of
pregnancy and lactation, (3) pregnancy intentions and preferred

timing for pregnancy and/or parenthood, and (4) selection of
safe and acceptable contraceptive methods [55,56].

However, family planning discussions rarely occur in either the
RMD or CF subspecialty care contexts [57,58]. Many
subspecialty clinicians are inadequately trained to provide
consistent, accurate, or high-quality family planning care.
Obstetricians and primary care providers often lack adequate
disease-related knowledge to provide family planning care that
comprehensively addresses patients’ information needs [59].
Furthermore, clinicians may have social biases that lead them
to counsel patients about their reproductive options differently
with consideration of their social and economic backgrounds
in addition to their health [60].

We developed two decisions aids (see Figure
4)—MyVoice:Rheum and MyVoice:CF—to help women (1)
conceptualize the benefits and potential health risks of parenting,
pregnancy, and/or pregnancy avoidance in the context of their
conditions; (2) recognize and refine their reproductive goals;
and (3) communicate these goals to their health care teams. Tool
development centered on engagement with patients, clinicians,
and reproductive health specialists to ensure that the content
was accurate (Principle 1: Interdisciplinary
stakeholder–inclusive teams), reflected patients’ specific
preferences and information priorities (Principle 2: Supporting
a patient-centered approach), and helped to prepare patients
for shared reproductive decision-making with clinicians in ways
that enable them to receive the reproductive health care that
meets their needs and preferences (Principle 3: Advancing
reproductive health equity) [61,62]. Although the content of
MyVoice:Rheum and MyVoice:CF is different and
disease-specific, we developed the tools in tandem to maximize
efficiencies related to time and expense.

We are currently undertaking feasibility testing for
MyVoice:Rheum and MyVoice:CF.

Figure 4. MyVoice:Rheum and MyVoice:CF tools for reproductive health decision-making for women with specific chronic illnesses.

Avenues and Challenges to Ethical
Dissemination

Our principles are, in theory, equally applicable to the design
of femtech in both the academic and commercial spheres, and
our own work straddles the spectrum from early prototypes to
commercialization. However, the academic and commercial

spheres operate on very different timelines and incentives.
Academic research is, by nature, slow-moving. Its overarching
goal is the creation of knowledge. The pace with which such
knowledge is created is dependent on rigorous scientific design
and is often at the mercy of federal or nonprofit funding cycles.
Therefore, an idea is often formed many years before the work
can even begin to be realized. The benefit of such a timeline is
the luxury of a careful and scientifically grounded approach.
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However, the risk is not moving at a pace that is necessary for
real-world impact. Commercial femtech, while often borne from
academic research, can, and indeed must, move on a faster
timeline, which can result in faster realization of a product that
meets a pressing reproductive health need. The risk is
prioritizing profit over patient-centeredness, especially in
instances where the needs of patients and the desires of investors
are not aligned, or if certain patients are not considered to
constitute a profitable consumer base.

Within our own collaborative, we have tried different models.
Most of us are currently evaluating our work with either federal
or nonprofit funding (MyPath, MyDecision, MyVoice:Rheum,
and MyVoice:CF). In contrast, MHP MyHealthyPregnancy has
licensed intellectual property from the universities where it was
built, leading to the development of a start-up company. The
commercialization approach allows for continuity in delivering
the product to the patient, preventing the need to cut off tool
functionality due to a lapse in grant funding. For example, the
MHP MyHealthyPregnancy platform was able to rapidly
integrate triaging and education in response to the COVID-19
pandemic, which may not have been possible if relying solely
on federal funding. However, forming a commercial entity may
lead to the perception that the entity was created to monetize
health disparities, regardless of how mission-driven product
development is. As commercial products grow and scale, that
skepticism can evolve into a true tension between social good
and return on investment. Moreover, once a tool has moved out
of the university setting, the researchers/developers no longer
have access to an internal institutional review board to provide
ethical oversight. This oversight may be particularly important
for the protection of patients who are already socially or
medically vulnerable. Several commercial femtech companies
without such oversight have, without user consent, sold user
data to third parties, including to the companies at which users
work. Therefore, researchers wishing to offer sustainable and
scalable services through commercialization must build the
ethical imperative for responsible femtech into the driving
mission of any commercial entity from the outset to ensure that
the principles of equitable and high-quality care are upheld if
and when transitioning from the academic to the market sphere.

Another important consideration for femtech dissemination is
equitable outreach that extends beyond the research context. In
each of our studies, we were able to proactively recruit diverse
groups of participants, oftentimes partnering with
community-based organizations or advocacy groups to do so.
In some instances, we were able to provide phones or tablets
for use by those with limited digital access. However, the
question remains for how to ensure that these femtech tools
continue to serve the needs and interests of those experiencing

health, societal, and digital inequities once they are launched
on a larger scale. While the principles proposed herein will
ideally lead to high levels of engagement among populations
that are typically underresourced, the technology still needs to
get into the hands of those who may need it most. To achieve
this, we advocate for a community-based partnership model of
dissemination, including seeking consultation and partnership
on continued product design and distribution with professional
and nonprofit expert organizations. Women currently comprise
the majority of Medicaid participants and Medicaid coverage
is the highest among demographic groups experiencing the
greatest health inequities [63]. Therefore, another promising
dissemination pathway is state-based coverage, whereby
individual states mandate the utilization of specific femtech
innovations by Managed Care Organizations. Lastly, it is vital
to make sure that the technology itself poses minimal access
issues. In the United States, use of smartphones and similar
digital devices is ubiquitous, yet the quality and consistency of
digital service is not. For people living in rural areas or who
have financial constraints around data plans, software
development should ensure that the key features still work
offline and on a variety of devices (eg, building in native code).

It is essential to take stock of what can and cannot be addressed
by health technology. We believe that a limitation of emerging
technology innovations is the conviction that technology
presents an all-encompassing solution to societal ills.
Experiences of societal, institutional, and interpersonal
discrimination or marginalization require much more than a
single technology-based solution. However, individuals facing
health disparities cannot also be sacrificed to a digital divide,
which may further potentiate health disparities. If digital
technologies are developed by centering the unique needs of
those who face the greatest health disparities, then femtech can
begin to rectify some of the disproportionately experienced risk
factors for poor outcomes. Without following these principles,
even the most well-intentioned femtech risks further
exacerbating inequities at the intersection of gender, race, and
health.

Looking Ahead

We recognize there will be missteps as we struggle to document
truths and address gaps in care for underserved populations. We
continue to explore the best ways to scale and disseminate our
tools to reach those women with the greatest reproductive health
disparities. We hope that others may contribute their own
guiding principles and implementation strategies to the
discussion and continue to refine our proposed approaches, so
that the femtech community can aspire to enhance the health
care quality and equity of all women.
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Abstract

With the growing importance of communicating with the public via the web, many industries have used web analytics to provide
information that organizations can use to better achieve their goals. Although the importance of health care websites has also
grown, the health care industry has been slower to adopt the use of web analytics. Web analytics are the measurement, collection,
analysis, and reporting of internet data used to measure direct user interaction. Our objective is to provide generalized methods
for using web analytics as key performance metrics to evaluate websites and outline actionable recommendations for improvement.
By deconstructing web analytic categories such as engagement, users, acquisition, content, and platform, we describe how web
analytics are used to evaluate websites and how improvements can be made using this information. Engagement is how a user
interacts with a website. It can be evaluated using the daily active users to monthly active users (DAU/MAU) ratio, bounce rate,
pages viewed, and time on site. Poor engagement indicates potential problems with website usability. Users pertains to demographic
information regarding the users interacting with a website. This data can help administrators understand who is engaging with
their website. Acquisition refers to the overall website traffic and the method of traffic, which allows administrators to see how
people are accessing their website. This information helps websites expand their methods of attracting users. Content refers to
the overall relevancy, accuracy, and trustworthiness of a website’s content. If a website has poor content, it will likely experience
difficulty with user engagement. Finally, platform refers to the technical aspects of how people access a website. It includes both
the internet browsers and devices used. By providing detailed descriptions of these categories, we have identified how web
administrators can use web analytics to systematically assess their websites. We have also provided generalized recommendations
for actionable improvements. By introducing the potential of web analytics to augment usability and the conversion rate, we hope
to assist health care organizations in better communicating with the public and therefore accomplishing the goals of their websites.

(J Med Internet Res 2022;24(4):e28291)   doi:10.2196/28291
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Introduction

Background
With the continually growing global importance of the World
Wide Web, websites have become a crucial communication
channel for corporations, political groups, and organizations
because of their capability to rapidly disseminate information
to various audiences at a low cost [1]. Web analytics has become
a mainstay of commercial industries and even a commercial
industry itself. The web analytics market was valued at US
$2.63 billion in 2018 and is projected to reach US $10.73 billion
by 2026, growing at a compound annual growth rate of 19.3%
from 2019 to 2026 [2]. The field of medicine, however, remains
hindered as stakeholders in health care have been slow to adopt
digital innovations. Studies have shown that the adoption of
digital technologies can improve the performance of health care
processes, increase efficiency, and enable the delivery of
higher-quality care and reduced response times, with many
benefits for several stakeholders, such as national health
systems, clinicians, and patients [3]. For organizations to achieve
their goals in use and impact, their website’s communication
capacity is key. A website that cannot effectively communicate
is not serving its purpose. Communication capacity can be
measured through the usability and conversion rate of a website
[1].

Studies have shown a relationship between the usability of
health care websites and the credibility ascribed by its users [4].
The International Organization for Standardization defines
usability as “the extent to which a system, product or service
can be used by specific users to achieve specified goals with
effectiveness, efficiency and satisfaction in a specified context
of use” [5]. Measures of effectiveness, efficiency, and
satisfaction can be viewed as key web analytic metrics and if
optimized, can lead to increased website success. By augmenting
usability, a website can reach a higher level of engagement and
achieve its desired objectives. A lack of design errors, following
established design conventions, and ease of navigation are
important features emphasized in the literature [6]. When users
have difficulty accessing or using a website, they are likely to
move on to another resource, while a website that uses usability
metrics is more likely to retain users.

Other industries have established user expectations for their
respective websites; health care websites are facing the need to
conform [7,8]. Studies have been conducted which evaluate
usability in areas such as e-commerce, e-government, mobile
news apps, and library websites [9-12]. More recently, there
have been increasing usability studies focusing on websites
within the health care sector, such as websites for emergency
medicine residency programs, digital health care centers,
hospitals, and cancer centers [13-16]. With the growing
importance of website usability and the conversion rate in the
health care sector, web analytics can provide health care
stakeholders with an easily accessible tool to assist their
evaluation of usability and measure conversion rate.

The conversion rate is closely intertwined with usability. It
measures the number of users who perform the desired goal of
the page (ie, buying a product or filling out a form) relative to

the total users [17]. A high conversion rate separates a successful
website from an unsuccessful website. 

Web analytics refers to the collection, analysis, and reporting
of internet data for the purposes of understanding and optimizing
web use [18]. On-site web analytics are used to measure direct
user interaction, such as the number of visitors, time spent on
a website, and click path [19]. Overall, web analytics can
contribute to determining a website’s usability and conversion
rates [1]. This collection of data is used to analyze the
performance of a site and can allow websites to improve their
persuasion and relevance [20]. It is important to note, however,
that web analytics do not provide a comprehensive measurement
of website usability. Measurement of usability consists of
additional variables that are outside the scope of this publication.

To the authors’ knowledge, there is no recent paper outlining
how web analytics can be applied broadly to the field of health
care. By evaluating the categories of engagement, users,
acquisition, content, and platform, we aim to create a universal
framework of web analytics that can be applied to health care
websites to improve the quality and effectiveness of these
websites. 

Objectives
This aim of this tutorial is to (1) provide a basic understanding
of definitions and methods pertaining to web analytics, (2) create
a framework for using web analytics to evaluate the
effectiveness of health care websites specifically, and (3) outline
the actionable implications of web analytics to assist health care
websites in achieving their goals.

Methods

Google Analytics
Google Analytics (GA) is a web analytics service that has been
offered by Google since 2005. It is the most widely used web
analytics tool, with 84.1% of the market share [21]. It can be
used for both websites and apps, across iOS and Android
devices. As of August 2013, GA was reportedly used by 66.2%
of the 10,000 most popular websites [22]. GA offers a free
version that can be used by those with a graphical user interface
and without software engineering skills. Any owner of a website
or app can sign up for a GA account. 

Engagement 
An engagement analysis evaluates user activity and is one of
the most used analytic tools. It describes how users interact with
websites [19]. Factors that are often addressed include how
often visitors return to the site, how often new visitors become
returning visitors, pages visited per session, and duration of
visits [19].

Daily Active User to Monthly Active User (DAU/MAU)
Ratio
When evaluating overall engagement, 1-day active users refers
to users who have been active at least once in the previous day,
7-day active users refers to users who have been active at least
once in the previous 7 days, and so on for 14- and 28-day active
users. 1-day active users are referred to as daily active users
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(DAU) and 28-day active users are referred to as monthly active
users (MAU). The ratio of DAUs to MAUs, DAU/MAU, can
be expressed as a percentage to understand user engagement;
this measure was first popularized by Facebook and has since
become a popular key performance indicator (KPI), with some
venture capitalists considering a ratio of over 20% favorable
and over 50% excellent [23]. Assessing the DAU/MAU ratio
can indicate whether a site is attracting users at its intended or
expected frequency. For instance, a rideshare website may
expect to see a high DAU/MAU ratio. On the other hand, a
flight booking site may see a lower DAU/MAU ratio. Regarding
health care websites, many sites have goals of continued user
involvement. A low DAU/MAU ratio can be used as an
indication that the relevancy of the content and usability of a
website can be improved. It is important to view this metric in
the context of a website’s desired goals. For health care websites
that do not desire continued engagement, this may not be a
relevant metric and therefore would not correlate with usability
issues.

Bounce Rate
The bounce rate is another metric of engagement referring to
the percentage of single-session users (ie, users who visit the
site and “bounce” without interacting further, as opposed to
users who interact with at least 1 additional page). A session is
recorded by GA each time a user visits the site, beginning as
soon as the site is first loaded and ending after 30 minutes of
inactivity. Using this metric, the website host is provided with
insight into the user’s engagement with their product. Navigating
to other pages of a website or application is typically viewed
as an active event triggered by the user. Similar to the
DAU/MAU ratio, the bounce rate indicates users who are not
achieving the desired interaction with the website. A high
bounce rate may suggest a usability issue steering users away
from the page. More than simply content, many things can cause
users to avoid visiting additional pages. One example is slow
loading speeds. If a website is loading too slowly, users may
leave the site before viewing any of the content. According to
a recent Google study, a website that takes longer than 3 seconds
to load on a mobile device loses approximately 53% of its users
and the average mobile website speed is around 18 seconds
[24]. This issue can be addressed simply by reducing conflicting
technology on the back-end server [13,14]. As with the
DAU/MAU ratio, web administrators must view this metric in
the proper context. If they do not desire continual engagement
within a single session, the bounce rate is not a useful metric.

Page Views
The number of pages per session is the number of pages within
the site that a user visits during a single session and indicates
how thoroughly a user is engaging with a website. A page view
is counted every time a website is loaded, and this can be tracked
using GA [1]. Similar to the bounce rate, if users are accessing
a website but not interacting with additional pages, there may
be an issue with its usability. The goal of many websites is for
people to view subpages with additional content but various
issues could interrupt this, one being front-end web page design.
If users are not easily finding links to subpages, they may lose
interest and bounce. By working with marketing specialists,

web administrators can improve their webpage design and ease
user navigation. As with the bounce rate, if continual
engagement within a session is not a desired outcome, this
metric is not a helpful measure of engagement.

Time on Site
As the name suggests, time on site refers to the duration of time
a user spends on a website. If the same visitor comes back
several hours later or the next day, a new session is counted.
This is considered a key indicator of how successfully a website
is engaging visitors. It has been suggested that time on site is
an indication of website usability. However, this is operating
under the notion that the greater the usability of a website, the
more time a user will spend on it. A long session duration may
suggest that users are spending more time reviewing the detail
of a website’s content, while a short duration may suggest poor
usability. It is important to analyze time on site and page views
together to dissect whether users are spending increased time
on the site due to difficulty navigating it [1].

Users 
Analytics can help health care centers understand who the users
of their websites are. GA provides limited demographic
information about users, including age and gender distribution
and location. If a website has a target audience, they can monitor
if they are reaching that demographic. If they are targeting a
diverse population of users, they can also use these
demographics to monitor their success. Using this information,
web creators can better focus their efforts on the population
viewing their website or target those who are not using the site.
For example, if it is discovered that males over the age of 65
years are primarily accessing a men’s health website, the web
administrators would know they are reaching part of their target
demographic. However, they may want to make efforts in
marketing to younger users as well.

Acquisition
By employing use data to understand consumer needs, websites
can increase their user acquisition [19]. Acquisition refers to
the amount of traffic a website receives. Sources refer to the
origins of a user’s traffic to the site. If the overall user volume
of a website is low, the method of traffic can be an important
variable to address to reach more users. By using acquisition
data, administrators can see where there is room for
improvement in reaching potential users.

Direct Traffic
Direct traffic refers to visitors who arrive on the site directly
by typing the URL into the browser address bar, clicking on a
bookmark, or clicking on a link in an email, text message, or
chat. Direct traffic can be a strong indicator of brand strength
as well as success in email, text message, and offline marketing.
If a website is experiencing low volumes of direct traffic, they
can increase their efforts in these forms of marketing and in
improving their overall brand strength.

Referral Traffic
Referral traffic refers to visitors who arrived at the site via
another website. This occurs when outside websites contain
links to a given site. If referral traffic is low, websites can place
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more emphasis on promotion via other websites. For example,
if an organization has multiple websites under their umbrella,
they can use their content on one website to direct users to their
other. Referral traffic also encourages organizations to increase
website partnerships that mutually benefit both parties.

Organic Traffic
Organic traffic refers to visitors who arrived at the site via a
search result page (eg, Google or Bing) and can be an indicator
of strong content or search engine optimization (SEO). SEO is
a method for increasing organic traffic that has gained popularity
in many industries. Many users find websites by simply entering
keywords into a search engine and choosing the website that
seems most appropriate. By strategically strengthening a
website’s content, web administrators can help move their
website closer to the top of a search engine results page (SERP)
and therefore increase traffic. The nuances of SEO are outside
the scope of this publication.

Social Traffic
Social traffic is similar to referral traffic, but it refers to traffic
from social media platforms as opposed to traffic from other
websites. Websites that are receiving low levels of social traffic
can seek to implement, improve, and promote their social media
presence on platforms such as Facebook, Twitter, and Instagram.
Improved social media presence can also improve overall brand
awareness.

Content
Assessments of a website’s content can refer to the relevancy
of information, the quality of multimedia content, and even
grammar and spelling [13,14]. One of the most obvious reasons
a website may not achieve its goals is its content not meeting
the needs of users.

Relevancy
Concerning relevancy, the following questions should be posed:
is a website’s information up to date and fact-driven, and does
it provide answers people are seeking [13,14]? If the answer to
any of these questions is no, users will not engage with a
website. If a site is concerned with relevance, a solution may
be to increase the frequency of content updates to ensure the
information provided is not out of date. Additionally, it is
particularly important for health care–related sites to have
accurate and fact-driven content. Especially pertaining to
health-related information, users will not engage with a website
they believe to contain inaccurate information. 

Multimedia Content
Multimedia content can be evaluated by quantity and quality
of resolution [13,14]. Seeking to further augment their content,
websites can use multimedia to make their content more
dynamic. Increasing the quality and quantity of videos, graphics,
and animations has been shown to increase user engagement
[13,14].

Spelling and Grammar
Spelling and grammar are important aspects of content quality.
Even if a website’s content is up to date and accurate, users still
may not trust it if there are obvious spelling and grammatical

errors. There are easily accessible spelling and grammar tools
available for websites to avoid this issue.

Platform
To better understand potential areas of improvement for a
website, engagement can be evaluated on each page. One can
also assess the different browsers and devices through which
users access a website to identify technical areas of
improvement. 

Browser
A browser is the software application used to access the internet.
Common browsers include Google Chrome (Google LLC),
Internet Explorer (Microsoft Corp), and Safari (Apple Inc). If
a website is not easily accessible on all major internet browsers,
web administrators are automatically eliminating potential users.
We have already discussed the benefits of SEO to improve the
placement of a site on a SERP, but the improvement discussed
here is made from a technological perspective. For example, if
a website uses Java, a Google Chrome browser will not be able
to support it [25]. It is wise for web developers to tailor their
websites to the browsers of their users. GA data can provide
information about which browsers are being used to access the
website.

Device
Users are accessing websites on various devices, namely desktop
computers or laptops, mobile phones, and tablets. Similar to
browsers, if a website cannot be accessed on all devices, this
eliminates an entire category of potential users. Tablets and
smartphones are more commonly being used to access the
internet; therefore, it is important that websites are mobile
friendly. Administrators have the option to make separate mobile
websites, but with mobile devices becoming more sophisticated,
new methods have developed. One new and simpler method
known as responsive design allows for the creation of one web
page, then uses multiple sets of CSS rules to adjust formatting
of the website to fit the size of the browser window [26].

Discussion

Main Recommendations
By providing detailed descriptions of categories such as
engagement, users, acquisition, content, and platform, we have
identified how web administrators can use web analytics to
systematically assess their websites using tools such as GA. We
have also provided generalized recommendations for actionable
improvements that can be made to address website weaknesses. 

Although web analytics may be at an infant stage in the world
of health care, it is very prevalent in other industries. By
introducing the potential benefits of web analytics in the health
care sector, we hope to continue the standardization of web
practices that users have become accustomed to. Using web
analytic tools in the proper context, health care website
administrators can gain more information on user engagement
and use this information to make improvements.

With the health care industry being slow to adapt to standards
for website usability, we hope that the outlined methods and
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recommendations for using web analytics can be directed toward
areas in need of improvement and increase the websites’
conversion rates. These recommendations can make a significant
impact for health care organizations because they are actionable
at a low cost. The potential of a website to improve persuasion
and relevance has been established and by using web analytics,
web administrators can easily expand upon this potential with
a smaller financial burden compared to other methods.

Limitations
The approaches outlined in this paper are intended to be broadly
generalizable to health care–related websites such that they can
be used by a wide spectrum of web administrators in the health
care industry. However, each organization should tailor this
approach to their unique objectives and considerations. This
content serves primarily as an introduction to the potential
benefits and methods of using web analytics, and future studies
may focus on more specific use cases, such as applications for
subfields in health care. 

Key web analytic metrics are not a comprehensive method for
evaluating website usability. In certain cases, a degree of
inference must be made to use web analytics as a reflection of
a website’s usability. For example, the conversion rate can be
used as a measure of a website’s effectiveness. However, if
those viewing a website are not its targeted users, a poor
conversion rate does not necessarily reflect poor usability. This
underscores the importance of using various web analytic
measures to gain a comprehensive perspective of user

interaction. In the given scenario, administrators could examine
the demographic characteristics of their websites users to
determine if there is in fact an issue with usability. Similarly,
metrics like the DAU/MAU ratio, bounce rate, and page views
are used as a measure of website engagement, but it remains
important to consider these measures within the context of a
website’s targeted users and objectives. If it is not a website’s
goal to promote continual access, the DAU/MAU ratio is not a
useful measure for usability. Similarly, if it is not a website’s
goal to foster continual engagement within each session, page
views and the bounce rate are not useful.

Finally, these metrics are only one aspect of the overall
capabilities of website usability analysis. Other methods to
evaluate usability include user interviews and on-page heat
mapping. Future studies delving into these methods would help
improve our understanding of website usability in health
care–related websites.

Conclusions
Websites continue to be a primary method by which health care
organizations interact with their consumers; however, the health
care sector lags behind many other industries in using accepted
and standardized website usability practices. With evidence
pointing to the efficacy of using web analytics to augment the
usability and conversion rate, health care organizations can
benefit from adopting these practices to better accomplish the
goals of their websites.
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Abstract

Diabetes self-management education and support can improve outcomes in people with diabetes. Providing health interventions
via digital modes of delivery can extend the reach of programs delivered through traditional means. The web-based version of
the Diabetes Education and Self-Management for Ongoing and Newly Diagnosed (MyDESMOND) is a digital diabetes education
and support program for people with type 2 diabetes. The program was originally developed in the United Kingdom and is
evidence-based, grounded in behavioral theory, and designed through a rigorous process of intervention mapping. As such,
MyDESMOND was considered an ideal candidate for adaptation to the Australian setting. Program content and the digital platform
were modified to suit the local context to increase the likelihood that the revised version of MyDESMOND will deliver similar
outcomes to the original program. The aim of this paper is to describe the systematic processes undertaken to adapt the digital
MyDESMOND diabetes education and support program for people with type 2 diabetes to the Australian setting. The adaptation
involved a multidisciplinary group with a diverse range of skills and expertise—a governance structure was established, a skilled
project team was appointed, and stakeholder engagement was strategically planned. The adaptation of the program content
included modifications to the clinical recommendations, the inclusion of local resources, practical changes, and revisions to
optimize readability. A 2-stage independent review of the modified content was enacted. Digital adaptations were informed by
relevant standards, local legislative requirements, and considerations of data sovereignty. The digital platform was extensively
tested before deployment to the production setting. MyDESMOND is the first evidence-based digital diabetes education and
support program for Australians with type 2 diabetes. This paper provides a road map for the adaptation of digital health
interventions to new contexts.

(J Med Internet Res 2022;24(4):e26339)   doi:10.2196/26339
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Introduction

Background
Diabetes is a chronic condition defined by high plasma glucose
levels that can lead to an increased risk of serious health
complications and premature mortality [1]. The incidence of
type 2 diabetes mellitus (T2DM) is increasing worldwide [2].
In Australia, >1.2 million people are estimated to have diabetes
[3]. T2DM is the most common form of diabetes [4], with almost
1 million Australian adults diagnosed with this condition [5].
Moreover, it is estimated that there are an additional 500,000
undiagnosed cases of T2DM in Australia and a further 2 million
people at high risk of developing the condition in the future [3].

A high proportion of people with T2DM experience long-term
complications, including kidney disease, retinopathy,
amputations, heart attacks, and stroke, associated with reduced
life expectancy [6]. Optimal management of T2DM to reduce
the risk of long-term complications requires the adoption and
maintenance of self-care behaviors, including healthy eating,
physical activity, blood glucose monitoring, medication
adherence, and behaviors that reduce the risk of complications
(eg, foot checks), in addition to the application of cognitive
strategies to facilitate problem solving and healthy coping [7].

Diabetes self-management education and support (DSMES)
programs empower people with diabetes to be actively involved
in their own self-care by supporting informed decision-making
and the adoption and maintenance of self-care strategies and
behaviors [8]. DSMES has shown to be effective in reducing
glycated hemoglobin A1c (HbA1c) levels [9] and decreasing the
risk of all-cause mortality [10], as well as being cost-effective
compared with usual care [11]. One such program is the
Diabetes Education and Self-Management for Ongoing and
Newly Diagnosed (DESMOND) program available in the United
Kingdom for people with T2DM, which was evaluated in a
multicenter randomized controlled trial and was also found to
be cost-effective [12,13]. This program was adapted and
developed for the Australian population and found to be
effective in increasing patient activation (ie, active involvement
in self-management of health conditions) among people with
T2DM in regional Western Australia (WA) [14]. DESMOND
has since been incorporated into the suite of DSMES programs
delivered and evaluated nationally throughout Australia [15].

Despite the utility and cost-effectiveness of DSMES programs
such as DESMOND, face-to-face programs may not be
accessible or suitable for all people with diabetes. In addition,
particularly during COVID-19, web-based delivery as an option
has been very attractive [16,17]. Common barriers to
participation include logistical (eg, time and lack of transport
or parking), medical (eg, a person has another health condition

that affects their ability to attend), financial (eg, costs associated
with getting to a venue), emotional (eg, negative feelings with
regard to groups), and cultural barriers (eg, beliefs and language)
in addition to a lack of knowledge or no perceived benefit of
attending such a program [15]. Moreover, people with diabetes
cannot be assumed to be homogeneous in terms of their
engagement preferences when seeking participation in a health
service [18]. Individualized preferences should be taken into
account in the design of support programs and services [19].
The provision of alternative modes of participation is critical
when the goal is to maximize participation rates and improve
diabetes care.

In Australia in particular, access to programs can be affected
by geographic remoteness, which affects the availability of
health resources, accessibility, and the financial viability of
facilitating programs and services in remote areas. Australia’s

population is dispersed over almost 7.7 million km2 [20]. To
demonstrate the potential impact of geographic remoteness on
face-to-face service delivery, a map of Australia by geographic
remoteness is presented in Figure 1. Around one-third of the
Australian population lives outside major cities [21], with
age-standardized ratios of diabetes often higher in regional and
remote areas than in major cities [22].

Web-based delivery of DSMES offers an opportunity to provide
comprehensive coverage of education and support to otherwise
difficult to reach populations. Such programs can mitigate many
of the barriers associated with attendance to face-to-face
programs, particularly in the Australian context where the
population is dispersed over a vast geographical area.

Participation in DSMES via web-based modes of delivery has
increased significantly in recent years [23]. Such programs are
effective in improving knowledge and glycemic control when
compared with usual care [24] and have been associated with
improved well-being outcomes in people with T2DM [25].
Hadjiconstantinou et al [26] recently adapted the face-to-face
version of DESMOND to a digital platform in accordance with
the intervention-mapping approach [27]. The adoption and
implementation of this digital program, named MyDESMOND,
in the UK setting are currently under evaluation. Early findings
suggest that the program is effective in reducing diabetes distress
and improving self-efficacy in diabetes self-management [17].
MyDESMOND is an interactive digital program to support
people living with T2DM. The digital platform has
functionalities including educational material; booster sessions;
peer support chat forum; ask the expert; integration with
commercially available activity trackers; a decision maker (ie,
personalized goal setting); and tracking of HbA1c, blood
pressure, cholesterol, weight, and waist measurements.
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Figure 1. Map of Australia by geographic remoteness.

Objective
The aim of this paper is to describe the systematic process
undertaken to adapt MyDESMOND to the Australian setting
in readiness for consumer pilot-testing. This systematic approach
considered the relevant social, cultural, environmental, and
policy-level factors of influence to develop the first web-based
DSMES program for people with T2DM in Australia. The
description of this work provides a road map for others to follow
when adapting comprehensive digital self-management programs
to local contexts to ensure that such programs meet the needs
and priorities of all stakeholders (eg, consumers, service
providers, health systems, and governments) and are fit for
purpose for implementation in a new setting.

Methods

Overview
In December 2018, following a request-for-quote process, the
Australian Government Department of Health (hereon referred
to as the Department) commissioned Diabetes WA, National
Diabetes Services Scheme (NDSS) Agent for WA, to adapt,
pilot, evaluate, and implement MyDESMOND in the Australian
setting. The process undertaken to adapt the program to the
Australian context is the focus of this paper.

The adaptation of MyDESMOND to the Australian context
involved three key areas of focus: (1) establishment of the
project team and carefully planned engagement with
stakeholders, (2) content adaptation, and (3) digital adaptation.
These areas of focus are summarized in the project road map
presented in Figure 2 and described in further detail below.
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Figure 2. Project roadmap for the adaptation of MyDESMOND.

Establishment of Project Team and Engagement With
Stakeholders
The first stage of the project to adapt MyDESMOND involved
the establishment of a governance structure, appointment of the

project team, and planning for stakeholder engagement. An
organizational chart portraying the roles and responsibilities of
the governing bodies, project management team, and key
stakeholders is presented in Figure 3 and described in further
detail below.

Figure 3. MYDESMOND governance, project management, and stakeholders.

Establishment of a Governance Structure
A steering committee of senior stakeholders was established to
provide overall governance of the project, including the Chief
Executives from Diabetes WA, Diabetes Australia, and Diabetes
Tasmania; the General Manager of the NDSS; and the Directors

of Diabetes Products, NDSS Enhancements, and Chronic
Disease Policy from the Department. The role of the steering
committee was to make recommendations in relation to project
plans, budgets, and timelines and to broadly monitor progress
and risks throughout the life of the project. This included
recommendations as to how MyDESMOND (1) integrated with
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and complemented without duplicating existing NDSS services
delivered by Diabetes Australia and Agents of the NDSS across
Australia; (2) complied with relevant government policy, the
overarching NDSS service agreement, and individual NDSS
Agent agreements; (3) met relevant standards for NDSS content,
review, and approvals; (4) complied with local data privacy,
cyber security, and other internet technology security
requirements of the NDSS and government policy; (5) managed
risks, defined as any event or condition with the potential to
affect achievement of project objectives; and (6) could be
delivered in accordance with agreed budgets and time frames.

Appointment of the Project Team
Diabetes WA was responsible for the day-to-day operation of
the project. A project management team was appointed. The
team, led by an experienced project manager, included
Credentialled (accredited) Diabetes Educators (CDEs); content,
marketing, and evaluation analysts; and a digital systems
consultant. The team met weekly and was responsible for all
aspects of developing, managing, and monitoring the project
work plan and for securing appropriate resources to ensure the
successful completion of the project.

Engagement With Stakeholders
A working group comprising representatives of the state and
territory Agents of the NDSS, Diabetes Australia, and the
Department was also established. The purpose of the group was
to foster communication, collaboration, and input into planning
for the adaptation, eventual pilot-testing, and implementation
of MyDESMOND at the operational level. The group provided
advice and support to the project management team to ensure
that the program complemented and integrated with existing
education and support services and materials provided through
the NDSS, met appropriate standards for content, and included
appropriate processes for approval and review.

A plan to guide stakeholder engagement and communication
was developed and approved by the Agent working group and
steering committee to ensure optimal stakeholder awareness,
engagement, motivation, and satisfaction. The development of
the plan involved four key processes: (1) identification of
internal and external stakeholders likely to be affected by project
processes or outcomes; (2) analysis of the level of interest,
influence, and involvement in the project; (3) consideration of
how to best manage stakeholder expectations during the project
to maximize support and minimize the potential for conflict;
and (4) planning to regularly update and review stakeholder
expectations and building strategies to maintain stakeholder
engagement and support throughout the life of the project. The
plan included a matrix identifying key project stakeholders in
addition to the type of information to be communicated,
appropriate channels for communication, and the planned
frequency and timing of communication activities. The matrix
can be viewed in Multimedia Appendix 1.

Content Adaptation

Overview
The content of MyDESMOND was adapted to ensure that the
program was (1) culturally and contextually appropriate for the

Australian setting, (2) consistent with the content of the
face-to-face version of DESMOND already being delivered in
Australia, and (3) aligned with Australian clinical guidelines
for the management of T2DM. The content was adapted by a
CDE who was also accredited to facilitate the face-to-face
adaptation of DESMOND in Australia and by an experienced
content analyst. The process initially involved a detailed review
of the UK version of MyDESMOND to identify program
elements requiring adaptation. The program content was also
compared with the Australian DESMOND Newly Diagnosed
and Foundation: Educator Manual and Curriculum 2015 [28]
previously adapted for face-to-face delivery of DESMOND in
the Australian context. As a result of this work, adaptations
were made to program text, quizzes, videos, fact sheets, and the
decision maker and health tracker (ie, biomedical) parameters.
This process resulted in (1) clinical adaptations, (2) inclusion
of local resources, (3) practical adaptations, and (4) adaptations
for readability, followed by (5) a 2-step process of independent
assessment.

Clinical Adaptation
The clinical guidelines for the management of T2DM cited
throughout MyDESMOND were amended in accordance with
Australian recommendations and guidelines. Targeted HbA1c

levels were amended from 6.5% to 7% (48-53 mmol/mol) [29].
Blood glucose targets were amended from UK standards (ie,
4-7 before meals and <8.5 two hours after) to 6 to 8 mmol/L
fasting and 8 to 10 mmol/L after meals [29]. References to
medications were updated to reflect those available in Australia
[29,30]. Smoking was included in the list of known risk factors
for the development of T2DM [29]. Content describing
nutritional information was also adapted. For example,
information about the fat content of packaged food included on
food labels was amended to reflect local standards [31].
Australian guidelines for physical activity and sedentary
behavior were referenced [32] in addition to Exercise and Sport
Science Australia’s position statement on exercise prescription
for patients with T2DM and prediabetes [33].

Inclusion of Local Resources
Links and references to UK-focused consumer resources were
replaced with links and references to Australian resources. For
example, references to services and resources provided through
the National Health Service (NHS) in the United Kingdom were
replaced with references and links to the services and resources
provided through the NDSS in Australia. These included
references to the NDSS website landing page and information
about blood glucose monitoring; management of hypoglycemia;
sick days; medications; food labels; physical activity; sexual
health and diabetes; the diabetes annual cycle of care; and advice
on driving, travel, healthy cooking, and eating out [34]. Other
local resources included information from the Heart Foundation
[35], Nutrition Australia [36], and the Australian Government
dietary guidelines [31] and physical activity guidelines [32].

Practical Adaptation
A variety of additional practical adaptations were also made to
MyDESMOND. These included the conversion of all units of
measurement to be consistent with Australian standards. For
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example, calories were changed to kilojoules, and ounces were
changed to grams. Spelling and grammar were also edited to
reflect locally accepted conventions (eg, programme was
changed to program). Branding throughout the program was
amended from that of the NHS and the Leicester Diabetes Centre
to that of the Australian Government Department of Health and
the NDSS. References accrediting the Leicester Diabetes Centre
for the original program design were retained. Embedded videos
were refilmed to reflect the changes to program content and
local language accents and included the stories of Australian
people living with T2DM. Images were adapted to suit the
Australian context. To ensure consistent formatting throughout
the program, the images were edited by the Leicester Diabetes
Centre. Processes for registration were also updated to be
contextually relevant. This included data to be collected in
relation to the participants’postcode information (ie, Australian
postcodes), gender (ie, male, female, and X—other), ethnicity
(ie, including response options for Aboriginal and Torres Strait
Islanders), and registrant identification (ie, NDSS registration
number rather than NHS number).

Ensuring Readability
Given Australia’s multicultural diversity, including migrants
of non–English-speaking background, it was important to ensure
that MyDESMOND was appropriate for people with lower
levels of English literacy. Each learning session and booster
session throughout the program was reviewed against the NDSS
readability checklist [37]. The purpose of the checklist is to
ensure that the content of NDSS materials is suitable for people
living with diabetes with low levels of English proficiency and
health literacy. The checklist includes items describing
appropriate use of language (eg, Choose words that are familiar
and culturally appropriate for your readers), sentence structure
(eg, Use one idea per sentence), type of information to be
included (eg, Tell your readers how to get more help or
information), design features (eg, Choose a colour scheme that
is not distracting), and pictures (eg, use pictures, logos or
photographs to add meaning to the text).

The readability of MyDESMOND was also assessed using the
Flesch–Kincaid Scale [38], a scale that has commonly been
applied to assess the readability of health information materials
[39]. The score was calculated using the proofing feature in
Word for Microsoft 365 [40]. The targeted reading level was
equivalent to grade 7-9 (approximate age 13-15 years) as
specified in the NDSS readability standards [37]. Specific
content assessed at a level higher than this was revised, ensuring
that the language, length, and complexity of the sentences were
appropriate for the targeted level of readability. Furthermore,
to enhance the accessibility of MyDESMOND, we presented
content in a variety of formats, including text, videos, video
transcripts, and simple pictures.

Independent Assessment
Upon completion of the amendments to the program content,
MyDESMOND was subjected to a 2-stage process of

independent assessment to confirm that the content was
appropriate for the Australian context and complied with all
relevant standards and guidelines. First, a review was conducted
by 2 external CDEs (ie, these CDEs were not affiliated with
Diabetes WA or otherwise involved in the MyDESMOND
project). The program was then sent to the Medical Education
and Scientific Advisory Council for review. The Medical
Education and Scientific Advisory Council is a body maintained
by the Australian Diabetes Educators Association and the
Australian Diabetes Society and provides strategic advice to
the NDSS on medical, educational, and scientific matters. The
results of these 2 stages of review confirmed that the content
of MyDESMOND was consistent with relevant standards and
guidelines and, therefore, likely to be suitable for Australian
consumers.

Digital Adaptation

Overview
The digital specifications of MyDESMOND were modified to
suit the Australian setting. This part of the project was overseen
by a member of the project management team who was an
experienced project systems consultant. Coding and
development work outside of the content management system
was undertaken by the UK-based developers of the original
MyDESMOND platform. The modifications were guided by a
software and system development life cycle approach. Such
approaches offer a stage-based conceptualization of the life of
a system or software from inception to maintenance [41]. The
format of life cycle models and the terms applied to describe
the stages of the life cycle vary between models depending on
the context and intended application [41]. As shown in Figure
4, stages may include requirement gathering and analysis,
design, development, testing, deployment, and maintenance.

The requirement gathering and analysis phase of a life cycle
typically involves identification of stakeholder needs and
building understanding of how users will interact with the
system and how the system should function. Given that
MyDESMOND had been developed and offered to people with
T2DM in the United Kingdom, this phase of the project involved
ensuring that the program met local standards and legislative
requirements for information and data management. The design
phase of the life cycle usually involves the determination of a
high-level system design, whereas the development phase
involves the configuration of the infrastructure as well as
database and system coding. In the case of MyDESMOND, this
work had been undertaken by a UK-based web developer when
the program was originally developed. The next phase of the
life cycle involved testing to verify that the system worked as
expected under conditions simulating real life. Deployment
occurs when system functionality is verified and involves the
release of the software or system to end users. When a system
is deployed and users start to interact with it, issues or defects
may be identified, at which point the life cycle continues to
evolve.
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Figure 4. Software development life cycle.

Adaptations Based on Relevant Standards and Local
Legislative Requirements
MyDESMOND was adapted to meet relevant standards and
local legislative requirements for best-practice information and
data management. Relevant standards and legislation informing
local adaptations included (1) the National Institute of Standards
and Technology [42] information system security plan template;
(2) the Australian Government protective security policy
framework [43], including policies related to sensitive and
classified information, access to information, safeguarding
information from cyber threats, and robust information and
communication technology systems; (3) the Australian Privacy
Act 1988 [44] and Privacy Principles [45], including standards,
rights, and obligations around the collection, use, and disclosure
of personal information, the organization’s governance and
accountability, the integrity and collection of personal
information, and the rights of individuals to access their personal
information; and (4) infrastructure and software security controls
aligned with the Australian Government information security
manual [43] for the requisite information classification.

The review of relevant standards and local legislation resulted
in changes to the program privacy policy and terms and
conditions and the addition of a feature to enable users to opt
in or out to receive future direct marketing campaigns. More
specifically, the amendments included (1) strengthening
passphrase (password) management practices for user accounts,
including the adoption of protocols for the frequency of required
changes to passphrases and limitations on the frequency of
user-instigated daily password changes, the reuse of passphrases,
and the use of sequential passphrases; (2) implementation of
multifactor authentication; (3) recording of relevant information
for logged events, including a description of the event, the date
and time it occurred, and the users, processes, and equipment
involved; and (4) implementation of the Secure Hash Algorithm
2 family of Secure Hash Algorithms [46] for enhanced data
security.

To ensure data sovereignty, whereby MyDESMOND data were
stored and accessible only from within Australia [47], the
application was installed on Australian servers in accordance
with the Secure Shell Protocol [48]. The Secure Shell Protocol
ensures secure remote logging and network services over
insecure networks through processes of authentication and
encryption.

Testing
The Australian MyDESMOND platform was tested to validate
that the program functioned as specified and, thus, could be
considered production-ready. A test plan outlining the strategies
for testing and execution and the processes for test management
was developed. The plan was reviewed by key stakeholders
before its execution to foster commitment to resourcing and
time frames.

Testing focused on the functionality of the platform (ie, the
application functioned as intended), capacity for backup and
recovery (ie, verifying that the system had appropriate methods
for data replication and that data could be effectively restored
if required), and penetration (ie, identification of vulnerabilities
in the infrastructure and software that might be exploited to
compromise the confidentiality, integrity, or availability of the
system). Additional nonfunctional testing typically conducted
at this stage of the development life cycle (eg, availability,
reliability, and performance) was not required as the
MyDESMOND Australia installation had been configured to
replicate the UK environment, which had been operating
nationally in the United Kingdom since 2018 with >15,000
users (well in excess of anticipated user numbers for the
Australian pilot).

The project team developed test cases for each function and
feature of MyDESMOND to identify inputs and expected
outputs, allow for remediation of issues where the actual output
varied from anticipated outputs, and identify opportunities to
improve user experience. The cases were manually executed
by professional test engineers using a range of common web
browsers (eg, Google Chrome, Safari, Internet Explorer, and
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Firefox) and devices (eg, desktop and laptop computers and
iOS and Android phones and tablets). Project team members
participated in testing (eg, project managers and coordinators,
CDEs, marketing coordinators, and evaluation coordinators).
Testing was repeated when system shortfalls were identified
and rectified. In total, 736 test cases were executed on web
browsers, and 566 were executed on devices. More than 100
issues were reported and categorized according to severity (eg,
low, medium, and high). No issues were categorized as high.
Examples of issues included duplication of words, poor
rendering of display, inaccurate or unhelpful error messages,
incorrect navigation, inappropriate or missing verification and
validation, and problems connecting with third-party services.
Upon completion of testing, MyDESMOND was profiled as
low-risk and determined as functionally fit for purpose in the
Australian setting. The disaster recovery plan was successfully
tested, with the system fully recovered and restored. Specialist
internet technology security consultants conducted penetration
testing to simulate a malicious user both with and without
credentials. This test demonstrated that MyDESMOND was
not susceptible to cyberattacks and would not expose users to
unacceptable risk. Upon completion of functional, disaster
recovery, and penetration testing, MyDESMOND was
recommended for deployment to the production environment
in preparation for consumer pilot-testing.

Discussion

Principal Findings
The steps outlined in this paper facilitated the cultural adaptation
of MyDESMOND, the first evidence-based web-based DSMES
program for Australian people living with T2DM. By
documenting the systematic approach, including the appointment
of a multidisciplinary project management team, active
stakeholder engagement, and the specific processes undertaken
to adapt program content and the digital platform, this paper
provides a road map for others to follow when adapting digital
health programs for delivery in new contexts.

Adaptation of existing evidence-based health programs to new
settings has the potential to introduce services into new
environments in a cost-effective and timely manner with
reasonable prospects of successful outcomes [49]. However,
health interventions interact with features of the context in which
they are embedded; it cannot be assumed that an intervention
that is effective in one setting will be effective in another setting
[50]. Adaptations to suit the characteristics of the new setting
can enhance the likelihood that the intervention will achieve
similar outcomes to those realized in the original setting [50].
The adaptation of MyDESMOND optimized the program for
delivery in the Australian setting. The approach
undertaken—including the selection of an existing suitable and
effective program; review of original program materials;
identification of localized objectives, core components, and
mismatches between the original program and new context; and
adaptation of original materials—was consistent with established
frameworks for the adaptation of traditional health programs
for use in new contexts [49].

The incorporation of stakeholder input into the design of
behavioral interventions to improve public health is critical, as
is the development of strategies for optimal and sustained
stakeholder engagement [51]. The engagement of a diverse
group of stakeholders in the contextual adaptation of
MyDESMOND facilitated input and buy-in from funders,
service providers, health professionals, and others who stood
to be affected by the implementation of the program in the short
and long term. Inclusion of these parties from project instigation
to piloting, evaluation, and implementation improves the
likelihood of ongoing buy in and support from those who have
influence over program delivery, thereby enhancing the potential
sustainability of the program in the future.

Strengths and Limitations
A strength of this work is the adoption of an existing
evidence-based program grounded in behavioral theory and
designed using a systematic intervention-mapping approach
[26]. It is recommended that health intervention design be
informed by theoretical frameworks [27], and evidence shows
that theory-based interventions are effective in improving HbA1c

levels, self-efficacy, diabetes knowledge, and self-care behaviors
in people with T2DM [52]. Thus, when choosing an appropriate
digital DSMES program to support Australians with T2DM,
MyDESMOND was an ideal candidate. MyDESMOND
Australia is evidence-based, underpinned by behavioral theory,
and optimized for delivery in the Australian setting, thereby
increasing the likelihood that it will be effective in improving
outcomes in Australians with T2DM.

Robust security and privacy protections for the rights of
consumers are key to ensure that digital health interventions
are effective, safe, and trusted by users; a proactive approach
that considers potential and emerging threats, relevant standards
and legislative requirements, and evolving ethical issues is
essential [53]. Accordingly, the identification of relevant
standards and laws for digital information, combined with
extensive localized testing of the MyDESMOND platform, is
a strength of this work. Moreover, the appropriateness of the
adaptations to program content and the digital platform included
processes for external review and system testing, respectively.
The incorporation of these processes provided checks and
balances to confirm that MyDESMOND was likely to be
contextually appropriate and suitable for use among Australians
with T2DM.

We followed a systematic approach to adapt MyDESMOND
to the Australian setting. However, there are limitations that
need to be acknowledged. When working with project
stakeholders, it is critical to collaboratively establish and agree
on detailed timelines, systematic work plans, and goal-setting
processes with continual revision of standards set and group
norms [27]. Despite a priori planning of strategies for optimal
stakeholder engagement, the high level of project governance
by senior stakeholders from a range of external organizations
with competing agendas led to delays in the establishment of
the initial MyDESMOND project plan. In addition, although
the 2-stage review process of program content provided some
assurance of the cultural appropriateness of the adaptations, the
time taken by external assessors to review and provide feedback
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was underestimated, leading to further project delays. However,
these delays did not affect the quality or overall timeline of the
project.

Delays were also experienced in adapting the MyDESMOND
digital platform owing to a lack of system administrator training
or hand over and lack of architectural diagrams and
administrator guides or description of access levels. This resulted
in a process of trial and error as the local project team learned
how to navigate the system. To mitigate this unforeseen issue,
we engaged a content editor experienced in technology and
digital communications to ensure that our team developed and
followed robust system user guides. Involving the UK
developers of the original MyDESMOND platform in the project
from the outset also provided an additional source of knowledge
and expertise to overcome this issue. Consequently, we
recommend involving original program developers as

stakeholders when adapting digital programs to new settings,
where possible.

Although the adaptation of MyDESMOND Australia involved
a collaborative approach and extensive stakeholder engagement,
program users (ie, NDSS registrants) were not directly involved
in the adaptation at this stage. However, follow-up pilot-testing
involves an initial exploratory phase to seek preliminary
feedback about program acceptability from users before
advancing to more comprehensive phases of pilot-testing.

Key Recommendations When Adapting Digital
Programs
We provide a list of recommendations to consider for future
adaptation work in digital self-management programs (Textbox
1). These recommendations can be applied to other long-term
health conditions and cultural settings.

Textbox 1. Key recommendations to consider for the adaptation of future digital self-management programs.

Key recommendations for the adaptation of digital self-management programs

• Involve individuals with multidisciplinary skills and expertise in the project management team. This may include those experienced in project
management, program or clinical content, and digital systems and processes in addition to the original program developers.

• Involve stakeholders across multiple levels of influence. This might include funding or commissioning bodies, senior executives and operational-level
employees of service-providing organizations, health professionals and clinicians, original program developers, and others who may have an
interest in or be affected by program implementation.

• When working with independent advisors and bodies, it is critical to establish workable time frames and deadlines and seek agreement to those
time frames by all concerned.

• Create a clear plan for how stakeholder engagement will be sustained throughout the life of the project. Consider the priorities and agendas of
each of the stakeholders.

• Use information and resources from a range of credible local sources to inform content adaptations. These may include government guidelines
and recommendations as well as information and resources from peak industry bodies, advisory councils, and professional societies.

• When adapting an existing digital program to a new setting, it is important to ensure that the relevant team members have been provided with
adequate system administration training and that appropriate technical user guides and resources are supplied.

• Incorporate a process for external or independent review of program content to ensure that it is culturally appropriate and relevant to the target
population.

• Adopt a systematic approach to digital adaptations to ensure optimal performance in the local environment. Consider all relevant standards, local
legislative requirements, and matters surrounding data sovereignty.

• Conduct rigorous testing of the digital program to ensure that it performs as intended in the local setting.

Future Directions
Further work is needed to ensure the feasibility of delivering
MyDESMOND in the Australian setting in addition to
establishing the acceptability and potential effectiveness of the
program among Australian people with T2DM. Consumer
pilot-testing was undertaken upon completion of the adaptation
project described in this paper and will be reported in detail at
a later date. Briefly, the aims of the 2-phase pilot were to (1)
determine if MyDESMOND provided a useful, engaging, and
relevant learning experience for people in Australia living with
T2DM; (2) obtain consumer feedback on the functional and
technical aspects of the program; (3) determine the potential
effectiveness of MyDESMOND in increasing diabetes
empowerment and reducing diabetes-related distress among
Australians with T2DM; and (4) further assess consumer
satisfaction with MyDESMOND after further adaptations were

made based on the findings of phase 1 of pilot-testing. Should
consumer pilot-testing indicate that MyDESMOND is
acceptable, feasible, and likely to be effective, the program will
be recommended for inclusion in the suite of programs and
services provided to people with T2DM throughout Australia
via the NDSS.

Conclusions
This paper provides a road map for the adaptation of digital
health programs for delivery in new contexts, including
recommendations for engaging the project management team
and stakeholders and processes for adapting content and the
digital platform. We believe that the systematic approach that
we adopted to adapt MyDESMOND to the Australian setting
would be applicable to other development studies that aim to
contextually adapt an existing digital program.
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Abstract

Background: There is a lack of effectiveness studies when digital parent training programs are implemented in real-world
practice. The efficacy of the internet-based and telephone-assisted Finnish Strongest Families Smart Website (SFSW) parent
training intervention on the disruptive behavior of 4-year-old children was studied in a randomized controlled trial setting in
Southwest Finland between 2011 and 2013. After that, the intervention was implemented nationwide in child health clinics from
2015 onwards.

Objective: The main aim of this study was to compare the treatment characteristics and effectiveness of the SFSW parent
training intervention between the families who received the intervention when it was implemented as a normal practice in child
health clinics and the families who received the same intervention during the randomized controlled trial.

Methods: The implementation group comprised 600 families who were recruited in the SFSW intervention between January
2015 and May 2017 in real-world implementation. The RCT intervention group comprised 232 families who were recruited
between October 2011 and November 2013. The same demographic and child and parent measures were collected from both
study groups and were compared using linear mixed-effect models for repeated measurements. The child psychopathology and
functioning level were measured using the Child Behavior Checklist (CBCL) version 1.5-5 for preschool children, the Inventory
of Callous-Unemotional Traits (ICU), and a modified version of the Barkley Home Situations Questionnaire. Parenting skills
were measured using the 31-item Parenting Scale and the shorter 21-item Depression, Anxiety and Stress Scale (DASS-21). The
estimated child and parent outcomes were adjusted for CBCL externalizing scores at baseline, maternal education, duration of
the behavior problems, and paternal age. The baseline measurements of each outcome were used as covariates.

Results: The implementation group was more likely to complete the intervention than the RCT intervention group (514/600,
85.7% vs 176/232, 75.9%, respectively; P<.001). There were no significant differences between the implementation and RCT
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intervention groups with regard to child measures, including CBCL externalizing score (–0.2, 95% CI –1.3 to 1.6; P=.83), total
score (–0.7, 95% CI –3.0 to 4.5; P=.70), internalizing score (–0.3, 95% CI –1.0 to 1.6; P=.64), and ICU total score (–0.4, 95%
Cl –1.9 to 1.2; P=.64). No significant difference was detected in the Parenting Scale total score (0.0, 95% Cl –0.1 to 0.1; P=.50),
while DASS-21 total score differed nearly significantly (2.5, 95% Cl 0.0-5.1; P=.05), indicating better improvement in the
implementation group.

Conclusions: The internet-based and telephone-assisted SFSW parent training intervention was effectively implemented in
real-world settings. These findings have implications for addressing the unmet needs of children with disruptive behavior problems.
Our initiative could also provide a quick socially distanced solution for the considerable mental health impact of the COVID-19
pandemic.

Trial Registration: ClinicalTrials.gov NCT01750996; https://clinicaltrials.gov/ct2/show/NCT01750996

International Registered Report Identifier (IRRID): RR2-10.1186/1471-2458-13-985

(J Med Internet Res 2022;24(4):e27900)   doi:10.2196/27900

KEYWORDS

parent training; early intervention; implementation; disruptive behavior; behavior problems; preschool children; internet-assisted;
child mental health; mental health; behavior; intervention; children; parents

Introduction

Background
There is mounting evidence from randomized controlled trials
(RCTs) that parents can be trained to tackle and reduce
children’s disruptive behavior and improve their parenting skills
[1-3]. These findings are of upmost importance to public health
professionals because children who exhibit disruptive behavior
face increased risks of adult psychiatric disorders, substance
use, crime, suicide, and other adversities [4,5]. Sufficiently
strong evidence has been published on the efficacy of parent
training to suggest that psychosocial services for children should
include evidence-based parent training programs [6,7]. The need
for services to tackle childhood disruptive behavior is enormous,
but only a minority of families receive them [8]. There are
challenges to implementing traditional face-to-face group-based
parent training programs in real-world settings. One issue is the
large number of barriers such as high cost, poor access,
inconvenience, and low fidelity [3,9]. Another is keeping the
content of the intervention consistent with the original
evidence-based treatment [2].

Digitally assisted interventions are becoming more common,
as they can overcome the barriers associated with conventional
programs [3,9]. They are also likely to become increasingly
popular, as child mental health services struggle to deal with
the considerable increase in demand for their services as a result
of the COVID-19 pandemic. This unprecedented global health
emergency is expected to have major ongoing effects on child
mental health owing to factors such as quarantine measures,
social distancing, and school closures [10]. The pandemic started
at a time when resources were already under pressure, and these
are expected to be further affected by manpower shortages and
a global recession that puts even greater pressure on health
budgets. Digitally assisted interventions are cost-effective
solutions that require fewer personnel and can reach
geographically remote areas that would otherwise be outside of
the reach of specialist services.

RCT studies have shown that remote and digitally assisted parent
training programs have worked well in clinical settings [11,12].

We previously reported 12-month and 24-month follow-up
studies of the first RCT on the Strongest Families Smart Website
(SFSW). This RCT used a population-based sample and
provided an internet-based parent training intervention with
weekly telephone coaching [13-15]. The development of the
SFSW intervention was based on the social learning and
cognitive behavioral theories as well as positive parenting
practices [16-18]. The target population was 4-year-old children
who displayed high levels of disruptive behavior when they
were screened during annual health checkups at child health
clinics across Southwest Finland. The RCT showed that the
children and parents who received the SFSW parent training
program derived significant benefits from the initiative. The
children displayed significant reductions in their disruptive
behavior and other psychiatric symptom domains at their
24-month follow-up assessments. They also demonstrated the
same improvements when they were compared with an
education control group. The education control group received
access to a static website that provided parents with information
on how to tackle behavior problems and 1 phone call with a
coach. Improved parenting skills were maintained in the
intervention group at the 24-month follow-up assessment [14].

There has been growing interest in implementation research
during the past 2 decades. Dissemination refers to how
knowledge of new practices is actively and passively extended,
and implementation refers to how new practices are incorporated
into real-world environments. The term implementation gap is
used to refer to the difference between our knowledge of what
works and how it works [19,20]. Unfortunately, the strong effects
that are observed in controlled RCT settings can weaken or
become ambiguous when they are implemented in real-world
settings [9]. Meta-analyses have shown that effective
implementation has been associated with better outcomes, and
the magnitude of the mean effect sizes was considerably higher
when programs were carefully implemented and when fidelity
was confirmed [21]. Successfully converting psychosocial
interventions from experimental environments to real-world
practice requires a solid framework and a structured
implementation plan [22]. Research on evidence-based parent
training programs after the RCT stage has often focused on
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examining the characteristics of an optimal implementation
environment rather than maintaining the effectiveness of the
intervention. We are not aware of any previous reports on the
effectiveness of implementing digital interventions for disruptive
behavior so that they can form part of the routine care that
children below school age can receive.

Objectives
This was the first study to report the effectiveness of the SFSW
internet-based and telephone-assisted parent training program
for preschool children when it was implemented in real-world
settings. The intervention was put into practice after the
population-based screening was used to identify children with
disruptive behavior problems during routine visits to Finnish
child health clinics at the age of 4 years. The primary aim was
to report the changes in the children’s psychopathology and
functioning level and any improvement in their families’
parenting skills. The children and their parents were followed
up 6 months after the SFSW intervention was nationally
implemented in Finnish primary care child health clinics. We
compared the treatment characteristics and effectiveness
between the families who received the SFSW intervention in
these real-world settings from January 2015 to May 2017 and
the families who received the intervention during the RCT from
October 2011 to November 2013. Finally, we verified the
findings by carrying out the following additional analyses. The
first analysis excluded families who did not complete the parent
training program. The second analysis excluded the Turku study
site from the implementation study group because it was the
only site that participated in both the RCT intervention and the
implementation phases. In the third analysis, we compared the
implementation and the RCT education control group. Our
hypothesis was that the effectiveness of the SFSW intervention
would be maintained if the protocol used in our previous RCT
and the structured implementation plan were strictly adhered
to.

Methods

Study Design
This study was a longitudinal comparison of 2 parallel groups.
The implementation group comprised 600 families who received
the SFSW internet-based and telephone-assisted parent training
program in the real-world setting between January 2015 and
May 2017. The implementation phase covered 95 child health
clinics in 12 administrative regions across Finland. The RCT
intervention group comprised 232 families who had been
recruited by 42 child health clinics in 7 administrative regions
in Southwest Finland between October 2011 and November
2013. The administrative regions in both the RCT and
implementation studies contained both urban and rural areas.
Turku was the only region that participated in both studies.

There were both differences and similarities between the
implementation and the RCT intervention studies. First, the
implementation group received the intervention when it was
integrated as a normal practice of the child health clinics, and
therefore, all families who met the inclusion criteria were

eligible to enter. In the implementation phase, both participants
and the health care workers received information that the SFSW
parent training intervention has been evaluated as an intervention
with strong documented effects by the Finnish national
evaluation and classification system for evidence-based
interventions [23]. This evaluation was partly based on the
results of our previous RCT study [13,14]. In contrast, in the
RCT, the intervention was not integrated as a normal practice
of the child health clinics. Only those families who were
randomized to the intervention group received the intervention.
Second, in the implementation phase, an implementation plan,
including decision supporting and administration component,
was followed. This was important because the implementation
phase included increasing number of communities in the whole
Finland while the RCT was conducted in a predetermined area
of Southwest Finland. Third, the most important similarity was
that the content of the SFSW intervention was maintained in
the implementation group as identical as possible with that of
the original RCT intervention. In both groups, the same
psychopathology and parenting measures were collected at
baseline and 6-month follow-up. Data on children’s daily
activities were collected only for the implementation group
immediately after the intervention and at the 6-month follow-up.
The timeline of the RCT and implementation studies is shown
in Figure S1 of Multimedia Appendix 1. The study protocol of
the RCT has previously been published [24] and registered at
ClinicalTrials.gov (NCT01750996).

Participants
This study focused on the 6-month follow-up assessments of
children who displayed a high level of disruptive behavior when
they were screened at 4 years of age during routine child health
clinic visits. The screening procedure in the implementation
study followed the same principles that were used in the RCT
study. It was integrated into the standard 4-year-old child health
checkups carried out by the child health clinics in the
participating administrative regions [13]. All children living in
Finland are invited to annual health assessments before they
start school at 7 years of age, and attendance rates are just under
100% [25].

In the implementation group, the first 600 eligible parents who
agreed to take part in the program received the SFSW parent
training intervention. Initially, 8866 children were screened for
highly disruptive behavior and 1099 (12.4%) met the screening
criteria. The implementation group equated to 6.8% (600/8866)
of the initial population-based sample and 54.6% (600/1099)
of those who were eligible to take part. The reference group
consisted of 232 families who were randomized to receive the
intervention during the previous RCT study [13,14]. Information
was obtained from 427 (71.2%) of the 600 families in the
implementation group at the 6-month follow-up assessments
compared to 184 (79.3%) of the 232 families in the RCT
intervention group. Figure 1 shows the flowchart of the
implementation and RCT intervention groups. The families
were typically recruited within 1 month of the child’s fourth
birthday. They received a study information pack and were
asked to bring the completed health questionnaire to the clinic.
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Figure 1. Flowchart of the families in the implementation and randomized controlled trial intervention groups.

Inclusion and Exclusion Criteria
The screening measures and enrollment criteria were identical
for the implementation and RCT studies [13]. Population-based
screening for behavior problems was conducted for all children
at the age of 4 years by using the conduct scale of the Strengths
and Difficulties Questionnaire [26-28]. The parents were asked
if their child had mild, moderate, or severe problems through a
single question: “Overall, do you think that your child has
difficulties in one or more of the following areas: emotions,
behavior, or being able to get on with other people?” About
16.5% of the children (16.7% [1477/8866] and 16.3%
[758/4656] in the implementation and RCT groups, respectively)
who were screened, scored 5 or more out of 10 corresponding
to the 80th percentile cutoff point and reported that the child
had difficulties. This indicated a high level of behavior
problems. The other inclusion criteria were that the parents
perceived that child had at least minor difficulties in emotions,
behavior, or social interactions. To participate in the study, the
family had to live in an administrative region participating in
the study, at least one parent had to speak native Finnish or
Swedish, and they needed access to a telephone, computer, and
internet connection. We excluded children who were unable to
speak in full sentences, had hearing or vision impairments, or
were receiving or had received behavior treatment. The
exclusion criteria also included children who had been diagnosed
with autism, Down syndrome, fetal alcohol syndrome, an
intellectual disability, a severe mental disorder such as psychosis
or depression, or who had a genetic diagnosis of mental
retardation. We also excluded parents whose children did not
live with them because they were subject to child protection
services owing to child custody, abuse, or neglect issues. Details
of the inclusion and exclusion criteria have previously been
reported [24].

Procedure
The participants in the implementation and RCT intervention
study groups received the SFSW parent training program, which
combines an interactive website with weekly telephone coaching
[15,29]. One parent was identified for each child and they filled

in the web-based questionnaire. However, they were also
encouraged to get the child’s other parent involved in the
program as much as possible. The program was guided by
coaches who were professionals of health care and social
services, that is, public health nurses, public nurses, or social
workers from the child services. Of note, in the RCT study,
there were 6 coaches, and during the implementation study,
there were 10 coaches, 6 of whom had not participated in the
RCT. The coaches had weekly phone calls with the parents,
which were sometimes organized using texts or emails, and
they monitored their progress on the website. The intervention
consisted of 11 weekly themes that were explored during the
interactive web-based program and the associated telephone
coaching sessions. After the baseline survey, the coaches called
the parents and they agreed to personalize goals tailored to
individual behavior problems demonstrated by the child. The
program aimed to reduce the problems identified by the parents
by teaching them positive and practical parenting skills. During
the first 7 weeks, the parent learned positive and practical
problem-solving skills and were encouraged to develop an
understanding of their child’s emotional development. The
primary aim was to reorient the parent so that they noticed the
child’s positive, not negative, behavior and reacted with a
positive response. The second aim was to apply the skills in
everyday situations, to plan daily activities in advance, and to
use the methods they were taught to reinforce positive behavior.
The final weekly themes focused on reinforcing their new skills
and developing sustained positive parenting. The parents
practiced the acquired skills with their child, independent of the
coach’s support, and learned how to sustain the skills once the
program had finished. The content and the conceptual
framework of the weekly themes are depicted in Table 1. Each
internet-based session comprised an introduction to the weekly
theme, session content, video exercises, troubleshooting tips,
and a review of what the parent had learnt. Instructional videos
and audio clips illustrated the practical applications of the
parents’ new skills. The coaches gave the parents feedback
about their progress in applying the new skills and encouraged
them throughout the program. They only proceeded to the next
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weekly theme when the parents had mastered the skill-related
questions in the current one. This typically took 1 or 2 weeks.
The children did not have access to the website or take part in

the coaching calls. We are not aware of any potential adverse
effects of the parent training in this study or in previous studies
[30].

Table 1. The content and the conceptual framework of the skill training process of the Strongest Families Smart Website internet-based and
telephone-assisted parent training intervention.

Parental actionCoaching elementsParental goalsKey training elementsTraining componentsSession

Actively start to notice the
good

Working alliance

Identifying behavior prob-
lems

Goal setting

Present the first weekly
theme

Reorient the par-
ents to “How to
break the negative
circle”

Set up the parents for
success

Telephone coachingIntroduction to the
program

Notice good behavior often

Positive verbal interaction
and body language

Working alliance

Evaluate the goal setting by
modeling, practice such as
role play, feedback, support

Boost self-esteem
of the child and
parents and change
the parents’ views
of the child

Positive and active

parenting

Web-based material
(text, videos, audio
clips)

Telephone coaching

Notice the good

Learn to spread attention
actively

Praise the child for interact-
ing positively with others

Same as aboveStrengthen child’s
empathy skills

Positive, impartial

parenting

Web-based material
(text, videos, audio
clips)

Telephone coaching

Spread attention
around

Use positive thinking to
stay calm and in control of
the situations

Same as aboveTeaches parents
self-regulation

Positive, self-controlled
parenting

Web-based material
(text, videos, audio
clips)

Telephone coaching

Ignore whining and
complaining

Warn that behavior must
change

Use positive “when you do
this, then this will happen”
statements

Same as aboveReinforce good
daily routines

Positive, proactive

parenting

Web-based material
(text, videos, audio
clips)

Telephone coaching

Prepare for
changes

Listens to the child’s ideas,
plans daily situations at
home

Same as aboveReinforce child’s
active role and in-
volve them in
planning

Positive, proactive

parenting

Web-based material
(text, videos, audio
clips)

Telephone coaching

Plan ahead at home

Understand realistic goal
setting and how to use
praises and rewards

Same as aboveInvolve the child in
planning and rein-
force good daily
routines

Positive, active parent-
ing

Web-based material
(text, videos)

Telephone coaching

Reinforce by

rewarding

Listen to the child’s ideas

Plan situations outside the
home

Same as aboveReinforce child’s
active role and in-
volve them in
planning

Positive, proactive

parenting

Web-based material
(text, videos)

Telephone coaching

Plan ahead outside
the home

Set realistic goals and re-
wards

Cooperate

Same as aboveHelp child to man-
age and succeed

Positive cooperation
and communication be-
tween parent and day
care

Web-based material
(text, videos)

Telephone coaching

Cooperate with day
care

Learn to be consequent

Plan how to manage diffi-
cult situations

Reassure and use positive
skills

How to use time-out

Teach self-regula-
tion and

consistency

Positive, self-controlled
parenting

Web-based material
(text, videos)

Telephone coaching

Plan how to use
time-out

Understand how using
skills helps to prevent set-
backs

Ensure that parent is using
all the skills and stays on
track

Remind parents of
positive proactive
parenting skills

Positive daily parenting
in future

Web-based material
(text, videos)

Telephone coaching

Revise: Problem-
solving and future
application of
skills

Quality Assurance and Implementation Plan
To ensure the integrity of the intervention and the accuracy of
the data, several quality assurance measures were in effect

during the implementation phase. These were similar to the
quality assurance measures during the RCT study [13,14]. The
implementation plan is summarized below and has been
previously described in detail [15]. The implementation plan
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was driven by 3 core components [15,19]. First was recruitment,
staff selection, and training. Once the coaches were recruited,
they received intensive training on the SFSW program and were
supervised and regularly monitored to make sure they adhered
to the protocol. Together with supervision and staff performance
evaluation, this provided systematic quality assurance [15]. The
second core component was ongoing supervision and staff
performance evaluation. The coaches took part in systematic
weekly supervision meetings and group case conferences, where
they reviewed and discussed the families they were coaching.
Coaches with previous experience of the SFSW program acted
as supervisors. After each telephone call, the coaches assessed
their own performance on a scale of 4-10. The supervisor
received a message from the digital platform about
self-assessments that scored 6 or more and discussed the content
of the call with the coach. To ensure the fidelity of the data,
about 10% of the phone calls was audited by the coach
supervisors with the parent’s permission and evaluated for
competency. Additional training and monitoring of future calls
were provided, if indicated. The coaches were required to report
any adverse effects such as safety issues, abuse, or neglect to
the supervisors, and the case was reported to the child protective
services. Of note, 3 cases were reported during the
implementation study and none during the RCT. The third core
component was the decision supporting and administration. The
development, delivery, and implementation process of the digital
SFSW parent training intervention were centralized at the
Research Center for Child Psychiatry at the University of Turku.
The research group and the assisting staff of the Research Center
introduced the SFSW intervention and the implementation
process to the directors of child and family health services of
the primary health care of each administrative region. A jointly
funded research contract was signed by both parties. The
research group maintained contact with the directors across the
study region by organizing regular meetings and providing them
with user-friendly monthly progress reports, which included
the number of families who had been screened and enrolled.
Training was offered to the team leaders of the child health
clinics and public health nurses in order to integrate the
intervention into primary health care. Moreover, local and
national media were involved to increase public awareness of
the SFSW intervention.

Measures

Child Measures
The outcome measures were the same in the implementation
and RCT studies [13,14]. The main measurement tool used to
measure disruptive behavior was the 24-item Child Behavior
Checklist 1.5-5 (CBCL/1.5-5) version for preschool children
[31]. The CBCL/1.5-5 asks parents to rate emotional, behavioral,
and social problems and has an additional section where they
can provide extra information. It yields total scores and
syndrome scales for the following items: emotionally reactive,
anxious/depressed, somatic complaints, withdrawn, sleep
problems, attention problems, and aggressive behavior. The
first 4 syndromes yield the internalizing score, while the last 2
yield the externalizing score. The CBCL/1.5-5 also includes 5
subscores from the Diagnostic and Statistical Manual of Mental
Disorders, fifth edition: affective, anxiety, pervasive

developmental problems, attention-deficit/hyperactivity disorder,
and oppositional disorder [32]. A large cross-cultural study from
24 countries, including Finland, reported good psychometric
properties and good internal consistency for the CBCL preschool
version (Cronbach alphas for total, externalizing, and
internalizing scores: .94, .88, and .84, respectively) [33,34]. We
used the Inventory of Callous-Unemotional Traits (ICU) to
measure child psychopathy traits. The instrument consists of
24 items and has been reported to have good psychometric
properties for 4-year-old children [35,36]. Cronbach alphas of
.93, .81, .88, and .86 have previously been reported for total
score, callousness, uncaring, and unemotional scores,
respectively, for 4-year-old children [35].

Daily activities were only assessed for the implementation study.
Parents were asked to rate the impact of the child´s behavior
during daily transitions, including getting dressed, getting ready
for day care, during the evening meal, and getting ready for
bed. It also covered social interactions, including playing with
siblings and other children during a car or bicycle ride and in
public places such as the supermarket. A Cronbach alpha of .64
was calculated using our implementation data. The questionnaire
was adapted from the Barkley Home Situations Questionnaire,
which asks the parent to rate whether the child’s behavior causes
problems during specified daily routines [37].

Parent Measures
The Parenting Scale, which is a 30-item questionnaire, was used
to measure parenting skills [38,39]. Cronbach alphas of .78,
.66, .68, and .50 were calculated for total score, laxness,
overreactivity, and hostility, respectively, by using our
implementation data. We evaluated the parents’ stress, anxiety,
and depression symptoms with the shorter 21-item Depression,
Anxiety and Stress Scale (DASS-21) [40]. The internal
consistency of DASS-21 has been reported as 0.93, 0.88, 0.82,
and 0.90 for total scale and DASS-21, respectively, in a large
study that represented a nonclinical sample [41].

Statistical Analyses
The analyses compared the 600 families in the real-world
implementation group to the 232 families in the RCT
intervention group. Categorical demographic variables, including
the child, parent, and family characteristics, are presented as
numbers and percentages. Continuous demographic variables,
including the parents’ age and duration of child’s behavioral
problems, are presented as means and standard deviations. We
explored any differences at baseline between the 2 groups by
using Pearson chi-square test or Fisher exact test for the
categorical variables and the two-tailed Student t test for the
continuous variables. The primary and secondary outcome
variables were analyzed with a linear mixed-effect model for
repeated measurements. The within factor was time, namely,
baseline and 6-months follow-up, and the RCT intervention
group and the implementation group provided the between
factor. The covariates in the statistical models were CBCL
externalizing scores at baseline, maternal education, duration
of behavior problems, and the baseline measurement of each
outcome. The statistical model used to analyze the CBCL
externalizing score consisted of the group and time main effects,
the group-by-time interaction effect, and the following
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covariates: the CBCL externalizing score at baseline, maternal
education, and duration of behavior problems. Meanwhile, the
statistical model used to analyze all the secondary outcome
variables, namely, the CBCL total and other CBCL subscores,
ICU, the Parenting Scale, and DASS-21 consisted of the group
and time main effects and the group-by-time interaction effect.
It also included the following covariates: the specific secondary
variable to be analyzed at baseline, the CBCL externalizing
score at baseline, maternal education, and the duration of
behavior problems.

The sensitivity analyses comprised the families who had
completed the parent training program as well as the treatment
comparisons. Turku was excluded from analysis, as it was the
only site that had taken part in both the implementation and
RCT intervention studies. As the study subjects in the
implementation group were recruited from January 2015 to May
2017 and in the RCT intervention group from October 2011 to
November 2013, we also tested the effect of the recruitment
year on the CBCL externalizing score at baseline. The model
included the effects of recruitment year, maternal education,
and duration of behavior problems. The effect of the recruitment
year was insignificant (P=.17). An additional analysis also
compared the implementation to the RCT education control
group. The model included the CBCL externalizing score at
baseline, maternal education, duration of behavior problems,
paternal age, and the baseline measurements of each outcome
as covariates. A P value <.05 was considered to be statistically
significant. The statistical analyses were performed using SAS
9.4 (SAS Institute).

Ethics Approval
Ethical approval for the implementation study was received
from the University of Turku (approval number: 18/2018). The
parents provided written informed consent for both the
implementation and the RCT studies.

Results

The number of families who discontinued the program was 86
(14.3%) of the 600 families in the implementation group
compared to 56 (24.1%) of the 232 families in the RCT
intervention group. This meant that the odds ratio was 1.9 with
a 95% CI of 1.3 to 2.8 (P<.001), as seen in Figure 2. The
6-month follow-up assessment was completed by 71.2%
(427/600) of the parents in the implementation group and 79.3%
(184/232) of the parents in the RCT intervention group (P<.001),
as seen in Figure 1. Table 2 shows that there were no differences
between the implementation group and the RCT intervention
group when it came to the parent, family, and child
characteristics and the factors related to parent training program.
However, the mothers in the implementation group had higher
educational levels than the mothers in the RCT intervention
group (P=.046) and the children experienced a longer duration
of behavior problems (P=.004). The mean duration of the
telephone coaching calls was 37 minutes in both the
implementation and the RCT intervention groups. The total
duration of telephone coaching plus the average time spent on
the program website was 13.8 hours in the implementation group
and 14.1 hours in the RCT intervention group (P=.49).
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Figure 2. Kaplan-Meier curves of families completing the program in the implementation and the randomized controlled trial intervention groups.
RCT: randomized controlled trial, fixed axes according to editor comments.
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Table 2. Demographic characteristics of the families and treatment factors in the implementation and the randomized controlled trial intervention
groups.

P valueRandomized controlled trial

intervention (n=232)

Implementation group (n=600)Demographics

Parent and family characteristics

.54Family structurea, n (%)

191 (83.5)489 (81.6)Two biological parents

24 (10.4)82 (13.7)Single biological parent

9 (3.9)19 (3.2)Biological parent and foster parent

5 (2.2)9 (1.5)Other

Age (years), mean (SD)

.6830.5 (5.4)30.3 (4.8)Maternal

.2833.2 (5.9)32.7 (5.7)Paternal

.046Maternal educationb, n (%)

13 (5.7)15 (2.5)Elementary school or less

85 (37)204 (34.2)Secondary education

132 (57.4)378 (63.3)College or university degree

.28Paternal educationc, n (%)

16 (7.4)27 (4.8)Elementary school or less

99 (45.8)280 (50.1)Secondary education

101 (46.8)252 (45.1)College or university degree

Child characteristics, n (%)

.82Sex

90 (38.8)238 (39.7)Female

142 (61.2)362 (60.3)Male

.29Day care outside homed

192 (83.1)476 (79.9)Yes

39 (16.9)120 (20.1)No

.18Behavioral problems

129 (55.6)301 (50.2)Minor

92 (39.7)252 (42)Definite

11 (4.7)47 (7.8)Severe

.004Duration of problemse

102 (45.1)193 (33)<6 months

44 (19.5)155 (26.5)6-12 months

80 (35.4)237 (40.5)>12 months

Program characteristics, mean (SD)

.2010.1 (3.3)10.4 (2.5)Total number of calls

.9637.3 (13.5)37.3 (11.0)Duration of calls for the 11 themes (min)

.1247.8 (19.9)45.3 (19.3)Duration of website access per theme (min)

.656.4 (3.3)6.5 (2.4)Total duration of calls (h)

.567.5 (3.2)7.3 (2.8)Total duration of website access (h)

.4914.1 (5.4)13.8 (4.3)Total duration of program (h)
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aMissing observations: implementation group (n=1); randomized controlled trial group (n=2).
bMissing observations: implementation group (n=3); randomized controlled trial group (n=2). Pairwise comparisons: elementary school or less versus
secondary education (P=.06); elementary school or less versus college or university degree (P=.02); secondary education versus college or university
degree (P=.28).
cMissing observations: implementation group (n=41); randomized controlled trial group (n=1).
dMissing observations: implementation group (n=4); randomized controlled trial group (n=1).
eMissing observations: implementation group (n=15); randomized controlled trial group (n=6). Pairwise comparisons: <6 months versus 6-12 months
(P=.003); <6 months versus >12 months (P=.01); 6-12 months versus >12 months (P=.42).

In the implementation group, there were significant
improvements from the baseline to the 6-month follow-up
assessment in the primary outcome, which was the CBCL
externalizing score. The same was true for the secondary
outcomes: CBCL total and internalizing scores and the total
scores of the ICU, Parenting Scale, and DASS-21 (Table 3).
The sensitivity analysis, which included the participants who
completed the whole program (Table S1 of Multimedia
Appendix 2), yielded similar estimates of the improvements in
all the outcomes. Table 4 shows the mean scores of the primary
outcome, CBCL externalizing score, and the secondary
outcomes at baseline and 6 months in the implementation and
the RCT intervention groups. There were no significant
differences between the 2 groups in the CBCL externalizing,
total, or internalizing scores. In addition, no significant
differences were seen in the total scores of the Parenting Scale
or ICU. The estimated difference of 2.5 (95% CI 0.0-5.1) points
in DASS-21 nearly reached statistical significance (P=.05),
indicating better improvement in the implementation group
when it was compared to that of the RCT intervention group.
Of note, the improvement in DASS-21 showed significantly
better improvement in the implementation group (estimated
difference 1.1, 95% Cl 0.1-2.2; P=.04). When only the
participants who completed the whole parent training program
in the implementation group were compared to those in the RCT

intervention group, the results remained similar (Table S2 of
Multimedia Appendix 3).

The additional analyses compared the changes in primary and
secondary outcomes between the implementation and the RCT
education control groups, as shown in Table S3 of Multimedia
Appendix 4. There were significant differences between the
groups in CBCL externalizing, total, and internalizing scores,
as well as the total scores of the Parenting Scale and DASS-21.
However, the total ICU score did not reach statistical
significance (P=.27). As the city of Turku participated in both
the implementation study and the RCT study, we repeated the
analyses by excluding the participants living in Turku from the
implementation group. This did not show any significant
differences in any of the symptom scores between the study
groups (Table S4 of Multimedia Appendix 5). Changes in daily
activities from the baseline assessment to posttreatment and the
6-month follow-up assessment are shown in the Table S5 of
Multimedia Appendix 6. This information was only obtained
from the implementation group; therefore, comparisons with
the RCT intervention group could not be made. There were
significant improvements in all measurements for social
interactions and daily transitions from baseline to posttreatment
and to the 6-month follow-up. The data for daily activities were
obtained from 83% (498/600) of the participants in posttreatment
and 66.5% (399/600) of the participants in the follow-up.
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Table 3. Change from baseline to 6 months in child psychopathology, parenting skills, and parents’ stress in the implementation group.

Pc value95% CIMean changeb

(SE)

After 6 months

(n=600), meana (SE)

Baseline (n=600),

meana (SE)

Variable

Child measures

Primary outcome

<.0015.5 to 7.06.2 (0.4)14.8 (0.5)21.1 (0.5)Child Behavior Checklist externalizing score

Secondary outcomes

<.00113.3 to 17.215.2 (1.0)33.6 (1.3)48.8 (1.2)Child Behavior Checklist Total score

<.0012.9 to 4.33.6 (0.4)8.5 (0.5)12.1 (0.4)Child Behavior Checklist Internalizing score

Symptom domains

<.0014.9 to 6.15.5 (0.3)12.5 (0.4)18.0 (0.4)Aggression

<.0010.6 to 1.00.7 (0.1)2.4 (0.1)3.1 (0.1)Attention

<.0011.2 to 1.71.5 (0.1)2.5 (0.2)4.0 (0.2)Sleep

<.0010.6 to 1.00.8 (0.1)1.6 (0.1)2.4 (0.1)Withdrawn

<.0010.6 to 1.10.8 (0.1)2.0 (0.2)2.9 (0.1)Somatic

<.0010.6 to 1.00.8 (0.1)2.0 (0.1)2.9 (0.1)Anxious

<.0010.9 to 1.41.2 (0.1)2.8 (0.2)3.9 (0.2)Emotional

Diagnostic and Statistical Manual of Mental Disorders, fifth edition subscores

<.0011.1 to 1.51.3 (0.1)2.0 (0.2)3.3 (0.1)Affective problems

<.0011.1 to 1.61.4 (0.1)2.9 (0.2)4.2 (0.2)Anxiety problems

<.0011.1 to 1.71.4 (0.2)3.3 (0.2)4.7 (0.2)PDDd problems

<.0011.3 to 1.81.6 (0.1)4.5 (0.2)6.0 (0.2)ADHDe problems

<.0011.6 to 2.11.9 (0.1)4.6 (0.2)6.5 (0.2)ODDf problems

Inventory of Callous-Unemotional Traits

<.0013.2 to 4.74.0 (0.4)20.6 (0.5)24.6 (0.5)Total

<.0011.8 to 2.52.2 (0.2)6.2 (0.2)8.3 (0.2)Callousness

<.0011.3 to 2.01.6 (0.2)11.6 (0.3)13.2 (0.2)Uncaring

.30–0.1 to 0.40.2 (0.1)2.9 (0.1)3.1 (0.1)Unemotional

Parent measures

Parenting scale

<.0010.5 to 0.60.6 (0.0)2.7 (0.0)3.2 (0.0)Total

<.0010.4 to 0.50.4 (0.1)2.2 (0.0)2.7 (0.0)Laxness

<.0010.7 to 0.90.8 (0.0)3.1 (0.1)3.9 (0.1)Overreactivity

<.0010.3 to 0.40.3 (0.1)1.6 (0.1)1.9 (0.0)Hostility

21-item Depression, Anxiety and Stress Scale short form

<.0014.9 to 7.96.4 (0.8)12.1 (1.1)18.5 (1.1)Total

<.0011.4 to 2.72.1 (0.3)3.1 (0.5)5.2 (0.5)Depression

<.0010.7 to 1.41.1 (0.2)1.4 (0.3)2.4 (0.3)Anxiety

<.0012.6 to 4.03.3 (0.4)7.7 (0.5)11.0 (0.5)Stress

aLeast-squares means.
bChange from baseline to 6 months after providing informed consent.
cAdjusted with maternal education and duration of problems.
dPDD: pervasive developmental disorder.
eADHD: attention-deficit/hyperactivity disorder.
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fODD: oppositional defiant disorder.
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Table 4. Mean changes from baseline to 6 months in child psychopathology, parenting skills, and parents’ stress in the implementation and randomized
controlled trial intervention groups.

Pc valueImplementation versus
RCT intervention, mean
(95% CI)

Mean (SE) change from baseline to 6 monthsVariable

RCTb intervention

(n=232), meana (SE)

Implementation group

(n=600), meana (SE)

Child measures

Primary outcome

.83–0.2 (–1.3 to 1.6)6.1 (0.6)6.3 (0.4)Child Behavior Checklist externalizing score

Secondary outcomes

.70–0.7 (–3.0 to 4.5)14.6 (1.6)15.3 (1.0)Child Behavior Checklist total score

.64–0.3 (–1.0 to 1.6)3.4 (0.6)3.7 (0.4)Child Behavior Checklist internalizing score

Symptom domains

.95–0.0 (–1.2 to 1.3)5.5 (0.5)5.5 (0.3)Aggression

.53–0.1 (–0.2 to 0.4)0.6 (0.1)0.7 (0.1)Attention

1.0–0.0 (–0.5 to 0.5)1.5 (0.2)1.5 (0.1)Sleep

.08–0.3 (–0.0 to 0.7)0.5 (0.2)0.8 (0.1)Withdrawn

.29–0.2 (–0.2 to 0.7)0.6 (0.2)0.8 (0.1)Somatic

.62–0.1 (0.5 to 0.3)1.0 (0.2)0.9 (0.1)Anxious

.58–0.1 (–0.7 to 0.4)1.3 (0.2)1.2 (0.1)Emotional

Diagnostic and Statistical Manual of Mental Disorders, fifth edition subscores

.950.0 (–0.4 to 0.5)1.3 (0.2)1.3 (0.1)Affective problems

.69–0.1 (–0.6 to 0.4)1.5 (0.2)1.4 (0.1)Anxiety problems

.410.2 (–0.3 to 0.8)1.2 (0.3)1.4 (0.2)PDDd problems

.173.5 (–0.2 to 0.9)1.2 (0.2)1.6 (0.1)ADHDe problems

.26–0.3 (–0.7– 0.2)2.2 (0.2)1.9 (0.1)ODDf problems

Inventory of Callous-Unemotional Traits

.64–0.4 (–1.9 to 1.2)4.3 (0.7)4.0 (0.4)Total

.83–0.1 (–0.7– 0.8)2.1 (0.3)2.0 (0.2)Callousness

.53–0.2 (–1.0 to 0.5)1.9 (0.3)1.6 (0.2)Uncaring

.44–0.1 (–0.6 to 0.3)0.3 (0.2)0.2 (0.1)Unemotional

Parent measures

Parenting scale

.500.0 (–0.1 to 0.1)0.5 (0.0)0.6 (0.0)Total

.790.0 (–0.1 to 0.2)0.4 (0.1)0.4 (0.0)Laxness

.070.2 (–0.0 to 0.4)0.6 (0.1)0.8 (0.1)Overreactivity

.850.0 (–0.1 to 0.2)0.3 (0.1)0.3 (0.0)Hostility

21-item Depression, Anxiety and Stress Scale short form

.052.5 (0.0 to 5.1)3.9 (1.1)6.4 (0.7)Total

.0361.1 (0.1 to 2.2)1.0 (0.5)2.1 (0.3)Depression

.440.3 (–0.4 to 0.1)0.8 (0.3)1.0 (0.2)Anxiety

.091.1 (–0.2 to 2.4)2.2 (0.6)3.3. (0.4)Stress

aLeast-squares means.
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bRCT: randomized controlled trial.
cAdjusted with maternal education and duration of problems.
dPDD: pervasive developmental disorder.
eADHD: attention-deficit/hyperactivity disorder.
fODD: oppositional defiant disorder.

Discussion

This was the first population-based study to evaluate the
effectiveness of an internet-based and telephone-assisted parent
training intervention for children with behavior problems when
it was implemented in real-world practice. The children’s
psychiatric problems improved, including externalizing and
internalizing problems and callousness. The findings were
remarkable from the perspective of the children’s social
development, as the program had significant effects on daily
transitions and activities such as getting dressed, dining
behavior, activities outside the home, and interactions with other
people. Parents reported that their parenting skills had improved
and they demonstrated less distress in dealing with their children
at the 6-month follow-up. Most importantly, this study shows
that the improvements that had been achieved were similar to
those reported for the intervention group in the RCT. There was
no difference in the changes in the children’s psychiatric
problems or parenting skills when the implementation and RCT
groups were compared. Furthermore, when changes between
the implementation and RCT education control groups were
compared, the implementation group showed significantly better
improvements in the children’s externalizing and internalizing
problems as well as in parenting skills and parents’ distress. In
addition to the effectiveness of the treatment, the ability to
engage and retain parents in the program is one of the keys to
successful parent training interventions [42-44]. Previously, we
reported high parental satisfaction levels in both the RCT and
implementation groups [15]. High satisfaction levels and the
quality of relationships between parents and professionals have
been associated with greater improvements in the effectiveness
of interventions [45,46]. The dropout rate in our RCT study was
24%, while previous studies on digital parenting interventions
report usually 30%-50% dropout rates [12,47-50]. In general,
high dropout rates in digital interventions have been especially
associated with nonguided interventions [43,51-54]. The reasons
for the exceptionally low dropout rate in the implementation
phase (14%) are likely to be multiple. One possible explanation
is that in the implementation phase, the SFSW intervention that
was offered had gained research-based evidence and the benefits
of it were known and communicated to the professionals in the
primary health care, especially in child health clinics, and to
parents and largely in the media. Thus, the public and the
professionals were aware of the intervention and its benefits. It
is very likely that this convinced both health nurses at the child
health clinics who motivate the parents in engaging in the
program and the concerned parents tackling with their child’s
challenges.

In order to successfully implement interventions, we need to
know whether they work and why they work [19]. Success can
be related to how appropriate the background theory is, the
context where the intervention takes place, practical issues such

as how easy it is to attend sessions, and specific intervention
practices such as practicing specific parenting skills [55]. Our
SFSW intervention fulfilled these criteria well. It was based on
the social learning theory and the cognitive behavioral theory
as well as principles of positive parenting, which provided a
sound theoretical framework for the intervention. The context
of the program was well-defined, including a clear definition
of the population that the program was aimed at, and there were
clear inclusion and exclusion criteria. The program also had a
clear structure, including a description of the core components,
which was practiced through modeling, practice, feedback, and
support. It has previously been emphasized that a solid
framework and a structured implementation plan are needed to
successfully make the transition from evidence-based
psychosocial interventions to real-world clinical practice [22].
We systematically followed a structured plan during the
implementation process [15]. The SFSW program contained
the core implementation drivers that facilitated the process when
intervention was implemented in the primary health care. The
same quality assurance measures were in place during the RCT
and implementation phase. These were based on the centralized
delivery of the intervention, which used a digital platform and
ongoing training, monitoring, and supervision of the program
coaches. It is important to note that the primary health care staff
were also provided with ongoing training. In addition, the
program was effectively administered by including regular
meetings with the directors of the child and family services and
providing them with user-friendly reports. Media coverage
raised awareness, and this made it easier to recruit families and
increased the perceived value of the program [15].

Several practical features of the program may have paved the
way for positive outcomes during the real-world implementation.
First, the program was much easier for the parents than
face-to-face interventions because they did not need to leave
home or work or make childcare arrangements. Second, the
telephone coaching provided immediate problem-solving, which
may have been more rewarding for the parents than
communicating using emails or text messages. A recent
meta-analysis showed that digital interventions that included
support and guidance, such as telephone calls, had larger effect
sizes on mental health outcomes than smartphone interventions
without any personal support [56]. Third, the coaches were
well-trained and formed good relationships with the parents
[15], which is central to the success of any intervention [57].

There were some limitations in our study. First, although the
parental and child outcomes were measured using well-validated
questionnaires, they were rated by the same person, namely,
the parent. One parent was identified for each child, but they
were also encouraged to get the child’s other parent involved
in the program as much as possible. Further details on the level
of parental involvement could have added to the richness of the
data, but there were practical limitations to collecting this. To

J Med Internet Res 2022 | vol. 24 | iss. 4 |e27900 | p.404https://www.jmir.org/2022/4/e27900
(page number not for citation purposes)

Sourander et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


reduce the possibility of the common rater variance, observations
by other informants such as day care personnel could have
validated our findings. Second, we have discussed mechanisms
that could have been responsible for the positive outcomes.
However, there is very little empirical evidence on whether the
effects of the intervention resulted from the internet sessions,
the personal telephone coaching, parental motivation, or a
combination of those factors. Further studies need to examine
factors that explain these positive outcomes. Personalized
medicine is increasingly being used to move away from
one-size-fits-all interventions to those that are more tailored to
individual needs. This approach could yield useful information
on the mechanisms underlying interventions and enable more
accurate targeting.

The target group, content, and effectiveness of the intervention
were maintained when the implementation group results were
compared with the findings of the RCT intervention.
Internet-based telephone-assisted parent training interventions
may have advantages over traditional group-based treatment
approaches when the goal is to identify children at risk in the
community at an early stage. This new approach can provide
effective parent training for a large number of families, including
many who would not normally participate in clinic-based

services. Referring families who need parent training to clinical
services often results in substantial delays and they need other
support while they are waiting. Digitally delivered interventions
move child mental health treatment outside traditional clinics
and into people’s homes and schools, increasing access and
reducing stigma. In addition, they can be increased to help more
families, and parents are more likely to stay with the program
until the end. There is a global shortage of skilled staff who can
address child mental health problems in low- and high-income
countries and even in countries with public health care [58,59].
This could become an even greater issue when demand
inevitably increases because of the impact of the COVID-19
pandemic on children and the effects of the expected global
recession on health care budgets. Our study highlights the
positive findings that were demonstrated when our
internet-based training and phone coaching initiative provided
support for the parents of children with behavior problems, who
were identified using population-based screening at primary
health care. This initiative made the successful transition from
an RCT to real-world settings, and our findings may have
potential global implications for addressing the unmet needs of
children with mental health issues if the findings are repeated
in other sociocultural contexts.
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Abstract

Background: Mobile technology to address caregiver needs has been on the rise. There is limited evidence of effectiveness of
such technologies on caregiver experiences.

Objective: This study evaluates the effectiveness of ianacare, a mobile app, among employees of a large employer. ianacare
mobilizes personal social circles to help with everyday tasks. Through the use of ianacare, we evaluate the associations between
coordinating caregiving tasks among a caregiver’s personal support network and outcomes related to the caregiver’s support
system, time use, perceived productivity, and perceived health and well-being. Caregiver tasks include tasks such as meal
preparation, respite care, pet care, and transportation. Time use is the measure of a caregiver’s time spent on caregiving tasks and
how much time they had to take off from work to attend planned or unplanned caregiving tasks.

Methods: We conducted 2 surveys to assess within-participant changes in outcomes for the unpaid, employed, caregivers after
6 weeks of using the mobile app (n=176) between March 30, 2020, and May 11, 2020. The surveys contained questions in three
domains: the caregiver’s support system, time use and perceived productivity, and perceived health and well-being. The results
of the linear probability models are presented below.

Results: App use was significantly associated with decreasing the probability of doing most caregiving tasks alone by 9.1%
points (SE 0.04; P=.01) and increasing the probability of at least one person helping the primary caregiver by 8.0% points (SE
0.035; P=.02). App use was also associated with improving the time use of the primary caregiver who took significantly less time
off work to attend to caregiving duties by 12.5% points (SE 0.04; P=.003) and decreased the probability of spending more than
30 hours weekly on caregiving by 9.1% points (SE 0.04; P=.02). Additional findings on the positive impact of the app included
a decrease in the probability of reporting feeling overwhelmed by caregiving tasks by 12.5% points (SE 0.04; P=.003) and a
decrease in the probability of reporting negative health effects by 6.8% points (SE 0.04; P=.07) because of caregiving. Although
subjects reported that COVID-19 increased their stress attributed to caregiving and prevented them from requesting help for some
caregiving tasks, using the app was still associated with improvements in receiving help and lessening of the negative effects of
caregiving on the caregivers.

Conclusions: App use was associated with improvements in 7 of 11 caregiver outcomes across three main categories: their
support system, time spent on caregiving, and perceived health and well-being. These findings provide encouraging evidence
that the mobile app can significantly reduce caregiver burden by leveraging a caregiver’s support network despite the additional
challenges brought by COVID-19 on caregivers.

(J Med Internet Res 2022;24(4):e28504)   doi:10.2196/28504
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Introduction

Background
In the United States, caregiver burden is a rising problem with
a rapidly growing senior population. The number of Americans
providing unpaid care has increased from 43.5 million to 53
million over the past 5 years [1]. Although people of all
demographics (eg, young children and spouses with health
problems) may need caregiving, older adults constitute a large
proportion of care recipients. A growing population of older
adults with longer life expectancies means that the number of
people needing caregiving in the future is likely to continue to
increase [1]. Caregiving encompasses a broad range of activities
that often depend on the severity of the care recipient’s diagnosis
and condition [2]. In addition, the relationship between family
caregivers and care recipients can determine the types of
activities required. For example, taking care of a parent with
mobility issues will be different from taking care of a spouse
with cancer. Caregiving is associated with several negative
health outcomes such as mental distress, poor self-care, sleep
deprivation, and caregiver burden, which are often overlooked
by clinicians [1,3]. In the remaining part of the paper, a caregiver
is defined as any unpaid family caregiver who may be taking
care of a relative or a friend. Caregiver burden may also
negatively affect work-life balance. Approximately 10% of
caregivers had to give up work entirely or retire early [1].

The literature finds that whether the burden associated with
caregiving is subjective (ie, self-reported outcomes of happiness,
health status, and quality of life) or objective (ie, outcomes of
time spent, expenses, and taking care of daily tasks) depends
on the care recipient’s condition and caregiver characteristics
[4-6]. For example, caring for a person living with severe
physical disabilities or schizophrenia was found to be associated
with subjective burden on the caregiver, although the link
between these conditions and the objective burden was not clear
[5,6]. Furthermore, decreased social activity and feelings of
isolation as one takes the role of caregiver can exacerbate the
burden of caregiving, leading to poorer physical and mental
health [3]. Research also shows caregiver characteristics, such
as being female or living with the care recipient, may also
contribute to caregiver burden [7,8]. Another study found that
perceived social support may be more consistently related to
subjective burden than the actual received social support [9].

Asking for help may be especially difficult for primary
caregivers. Often, they end up taking on the entire burden of
caregiving, even though other resources such as community
services or other family members or friends are available and
willing to help [1,3]. There are many reasons why caregivers
may not ask for help: financial concerns, fear of losing their
privacy, or feelings of shame regarding care needs [3]. One
hypothesized link between social connections and health is that
the social support people receive from their network of friends
and loved ones may buffer against the detrimental physical
consequences of psychosocial stress. Increased social support
is found to be associated with a decrease in caregiver burden
[10].

Although most of the literature focuses on caregiving burden,
research has also pointed out that there are positive aspects
attributed to caregiving [7,11-13]. Specifically, caregiving can
bring opportunities such as being able to give back, discovering
personal strength, becoming closer to the care recipient, and
gaining a sense of accomplishment and competence.

Owing to the growing population of caregivers, there is an
increasing interest in technological innovations to ease
caregiving burden. Web-based interventions among caregivers
appear to be focused on certain diagnosis groups (ie, dementia
and chronic conditions) [14-20]. Most of the web-based
interventions evaluated provide information, education, and
peer or professional support. A review of web-based
interventions to improve caregiver health and general caregiving
outcomes found significant reductions in stress or distress
because of technological interventions. However, results from
the evaluations of such interventions were mixed owing to small
sample sizes or weak study designs [15].

Although many studies have examined the efficacy of web-based
interventions, our knowledge on the role of mobile apps
designed for caregiver burden is relatively limited [21-23].
Ghahramani and Wang [21] investigated predictors of
caregivers’willingness to adopt caregiving-related mobile apps.
They found that caregivers’ capabilities and skills in using an
app, an app’s effectiveness in responding to the caregivers’
needs, and the degree of control caregivers had over their
responsibilities were factors that affected the willingness of
caregivers to adopt caregiving-related mobile apps. As a care
recipient’s health was perceived to be more severe, caregivers
reported being more likely to use an app. In addition, as the
threat of unexpected health changes became more likely,
caregivers reported perceiving an app as a more efficient tool
[21].

Our study aims to evaluate the effectiveness of a mobile app in
decreasing caregiver burden and increasing perceived support
and well-being among employees of a large employer. The
authors of the paper were employed by the large employer
during the study period and dissemination of study results. The
mobile app works by connecting the unpaid, primary caregiver
to his or her personal social support group (ie, friends, family
members, and community services) in a convenient way, which
helps to lower the barrier in requesting and offering support. In
addition, the app provides the caregiver with access to multiple
resources and tools. Specifically, this study contributes to the
literature in three ways. First, we evaluate the impact of a mobile
app specifically designed for unpaid caregivers—a topic that
has not been widely studied but hypothesized to reduce burden
[21-23]. The app’s specific function is to make it easier to
coordinate help for the caregiver. Through this focus, we can
better understand how the app positively affects the caregiver
and decreases the burden. Second, we evaluate outcomes that
were not typically reported in previous studies, such as the
impact of caregiving on perceived work productivity and time
use. Finally, we provide suggestive evidence on how a public
health crisis, such as COVID-19, affects caregiver burden and
how the app is able to decrease caregiver burden despite
unforeseen factors and limitations.
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Caregiver App
The ianacare app was selected through a competition among
technology start-ups as a part of a large employer’s strategy to
use technology that aims to improve health and well-being
across its employees. Ianacare was 1 of 5 companies selected
from a pool of 126 applicants. Applications from start-ups were
judged based on the technical implementation feasibility and
merit of the proposed solution.

The app was launched in 2019. Being family caregivers
themselves, the founders observed that help was often not
exchanged between the caregiver and their support groups owing
to the feeling of intense burden on behalf of the caregiver. The
ianacare mobile app was designed to leverage technology and
act as an effective buffer to organize and mobilize social
networks around caregivers; the iana of ianacare stands for I
Am Not Alone.

The mobile app allows a support team to be mobilized when
the caregiver makes needs known, such as coordinating
physician visits, dropping off groceries, and medication delivery.
This mobilization allows the burden of care to be distributed
among more people and makes it easier to coordinate schedules,
while providing a platform for sharing emotional support. Once
the app is downloaded, the caregiver is asked to create his or
her team of supporters by inviting them to download the app
and join the caregiver’s support team. When there is help needed
for a specific caregiving task, the caregiver can click on the
appropriate icon of available options (ie, errands, check-in visits,
meals, rest or breaks, pet care, childcare, rides, and other events).
After choosing one of the help options, the caregiver can specify
the person or persons that he or she wants help from. They also
specify the locations, dates, and time on a calendar visible by
the caregiver’s support group, as well as any other specifications.
Once help is requested, a notification is sent, and the caregiver
is notified when someone accepts the request. Both caregivers
and care recipients can request and accept help, post updates,
and invite or remove supporters. Caregivers and support group
members can also post updates and pictures keeping each other
engaged in the care recipient’s situation confidentially on the
app. One of the advantages of ianacare is the built-in choice for
requesting different types of help that can be sent to a caregiver’s
team of supporters all at once, eliminating the need to manage
one-on-one conversations. Team members can see who helped
on which tasks, which can lead to a more even distribution of
caregiving tasks among the team. Our hypothesis is that
caregivers using the app will be more likely to ask and receive
help from their support system, reducing the burden associated
with having to tailor each help request as individual
conversations whenever help is needed. When requesting help
becomes easier, caregivers will be more likely to seek it. This
leads to improvements in other domains such as work
productivity, well-being, leisure time, and a general feeling of
support.

This study attempts to fill the gap in the literature on this topic
by evaluating the impact of the app on a sample of unpaid,
employed caregivers using a pre- and postsurvey design that
asks questions on both objective and subjective outcomes of
caregiving. We focus on three primary outcomes for the primary

caregiver: (1) support system, as defined by the availability of
helpers to the caregiver, ease of assistance with caregiving tasks,
and feelings of being supported as a caregiver; (2) time use and
productivity outcomes, defined as hours spent on caregiving
tasks, caregiving tasks that affect work hours, perceived
productivity at work, and perceived impact of caregiving on
caregiver’s work; and (3) well-being, defined as the frequency
of feeling overwhelmed by caregiving tasks and the impact of
caregiving on the caregiver’s perceived health [4,24].

Methods

Survey Implementation
We used a pre- and postsurvey design to measure the
effectiveness of the app. The app was offered from March 30,
2020, to April 13, 2020, to employees of a large national
employer. The employer selected ianacare based on their interest
in helping alleviate caregiver burden among their employees.
The survey was developed by a study team including the authors
of this paper as well as internal company survey data collection
experts.

Employees were encouraged to download and use the app for
a 6-week period on the announcement of the employer’s intranet.
Inclusion criteria included: being an unpaid primary caregiver
for at least one person, having a smartphone or tablet, and being
with the same employer during the 6 weeks between the first
and second surveys. Eligible participants completed a web-based
10-minute survey at the time of enrollment. If they were the
primary caregiver for more than one person, we asked
participants to answer questions only for the person for whom
they spent the most time providing care. After 6 weeks of app
use, participants were invited by email to take the second
web-based survey, which took approximately 10 minutes to
complete. A gift card of US $25 was provided upon the
successful completion of both surveys. Results from both
surveys remained anonymous and were aggregated without
individual names. Survey recruitment materials and the informed
consent section emphasized the voluntary nature of participation
and the option to end participation at any time without penalty
or loss of benefits. Participants wishing to withdraw from the
study were able to communicate their requests via email. After
withdrawal, the participant would no longer receive any
study-related communication and the study team would remove
their data. We also excluded survey participants if they were
never active on the app.

The pre- and postapp use surveys consisted of questions about
participants’ demographics (age and gender), socioeconomic
status (education and income levels), and caregiving
characteristics (person being cared for, where person resides,
and types of caregiving tasks). The preapp use survey also
provided a baseline assessment of the caregiver’s support system
and the impact of caregiving on perceived productivity and
health. The survey question which the health outcome was
generated from does not distinguish between physical and
mental health. The postapp use survey included identical
questions from the first survey. The postapp use survey also
included questions on the mobile app’s impact on the caregiving
burden of participants, their opinions about existing app features,
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and other potential features that could be added to the app in
the future. Given that the study timeline overlapped with the
emergence of COVID-19 in 2020, the postapp use survey also
included questions on the impact of COVID-19 on their
caregiving situation.

The surveys included both objective and subjective questions.
We labeled questions where the respondent’s answer could be
determined as right or wrong as objective and those questions
where the respondent’s answer pertained to their perceptions
and feelings as subjective.

Ethical Considerations
An institutional review board review was not needed because
data were collected as part of the employer’s quality
improvement initiative (as opposed to human subject research)
in an effort to improve benefits offered to employees. For the
full survey questionnaire, please refer to Multimedia Appendix
1.

Survey Questions

Caregiver’s Support System
Information pertaining to the caregiver’s support system data
was based on questions in both the pre- and postapp use surveys
about the proportion of caregiving tasks performed by the
participant and about the frequency of feeling supported as a
caregiver.

Time Spent on Caregiving and Perceived Productivity
at Work
All participants were asked identical questions before and after
app use on the time spent on caregiving and their perception of
how caregiving impacted their productivity at work. Participants
were asked to report hours spent per week in the past month on
caregiving (eg, food prep, care assistance, coordinating
physician visits, and grocery shopping) and hours they needed
to take off from work owing to planned caregiving tasks (eg,
physician appointments) and unplanned caregiving tasks (eg,
medical emergencies). Participants were asked to assess how
they felt their caregiving role impacted their productivity or
focus at work. In addition, they were asked if they felt caregiving
put them at a disadvantage compared with coworkers in terms
of work performance and recognition.

Caregiver Well-being
All participants were asked identical questions regarding their
overall well-being as caregivers over the past 30 days, including
their stress level and perceived caregiver burden, both before
and after using the mobile app. Specifically, participants were
asked to report the frequency of feeling overwhelmed by
caregiving tasks (eg, worrying about the person they were caring
for) and how often they felt caregiving negatively impacted
their own health in the past 30 days (eg, caregiver missing their
own physician appointments or missing their own medicine
because they were too busy caring for someone else).

Impact of COVID-19 on Caregiving
As the study period overlapped with the 2020 COVID-19
pandemic, participants were asked to assess the impact of
COVID-19 on their caregiving role. A 5-point Likert scale was

used to scale responses. Participants were asked questions
regarding their productivity in terms of caregiving hours related
to COVID-19, including how COVID-19 affected the number
of hours spent per week on caregiving, whether COVID-19
increased the amount of time needed to take off work to attend
to caregiving tasks, participants’ productivity based on whether
COVID-19 put them at a greater disadvantage at work owing
to being a caregiver, and whether COVID-19 negatively
impacted focus at work because of increased worry about
caregiving tasks. The overall well-being of the participants was
assessed using the question of how COVID-19 impacted stress
levels around caregiving tasks.

Outcome Measurement
We evaluated the app’s effectiveness in three outcome areas:
support system, time use and productivity, and well-being.
Outcomes related to a caregiver’s support system were assessed
with binary indicators: (1) whether the respondent reported
doing more than half of the caregiving by himself or herself
during the past 30 days, (2) whether the respondent reported
having no one supporting him or her in caregiving tasks during
the past 30 days, and (3) whether the respondent reported never
or almost never to feeling supported by his or her social network
during the past 30 days. Outcomes of caregiving time use and
productivity were assessed using binary indicators, including:
(1) whether the respondent reported spending more than 30
hours weekly on caregiving tasks in the past 30 days, (2)
whether the respondent reported that he or she needed to take
any time off from work owing to planned caregiving tasks in
the past 30 days, (3) whether the respondent reported he or she
unexpectedly needed to take any time off from work owing to
caregiving tasks, (4) whether the respondent reported his or her
work productivity and focus to be negatively affected by
caregiving, and (5) whether the respondent reported caregiving
put him or her at a disadvantage compared with coworkers in
terms of work performance and recognition. Outcomes of
well-being were assessed using binary indicators for the
probability of reporting (1) fairly or very often feeling
overwhelmed by caregiving tasks in the past 30 days and (2)
fairly or very often feeling negative health effects related to
caregiving.

Statistical Analyses
To measure the association between app use and caregiving
outcomes, we compared pre- and postsurvey responses and
reported within-participant changes in outcomes using linear
probability models. In addition, we compared the distribution
of respondents’ full scale of answers without turning them into
binary variables. For the distributional analyses, we present
boxplots to show the distribution of the answers to the questions
assessing outcomes of support system, time use and productivity,
and self-reported well-being. We also reported the average
within-participant change in the full scale of answers before
and after app use. Power analysis was not conducted.
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Results

Overview
The final sample included 176 individuals who responded to
the pre- and postapp surveys (Figure 1). Our sample was
predominantly female (167/176, 94.9%), with an average age

of 47 (SD 9.71) years. More than half of the participants were
White, college educated, and had at least US $75,000 in
household income. Most participants reported taking care of
their parents, living with the person they were caring for, and
providing daily living and administrative assistance (ie, food
prep, housekeeping, managing insurance, coordinating physician
visits, and financial management; Table 1).

Figure 1. Sample construction.
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Table 1. Characteristics of individuals in the final sample (N=176).

Value, n (%)Values, mean (SD)Predictors

176 (100)46.99 (9.71)Age (years)

167 (94.9)0.95 (0.22)Female

88 (50)0.50 (0.50)Married

Race

96 (54.5)0.55 (0.50)White

42 (23.9)0.24 (0.43)Black

18 (10.2)0.10 (0.30)Hispanic or Latino

7 (4)0.04 (0.20)Asian

2 (1.1)0.01 (0.08)American Indian or Alaska native

2 (1.1)0.01 (0.08)Native Hawaiian or other Pacific islander

2 (1.1)0.01 (0.11)Other

7 (4)0.04 (0.20)Prefer not to respond

Education

7 (4)0.04 (0.20)High school

35 (19.9)0.20 (0.40)Some college

39 (22.2)0.22 (0.42)Associate degree

40 (22.7)0.23 (0.42)Bachelor’s degree

53 (30.1)0.30 (0.46)Graduate degree or higher

2 (1.1)0.01 (0.08)Prefer not to respond

Categories of annual household income (US $)

32 (18.2)0.18 (0.38)<50,000

12 (6.8)0.07 (0.25)50,000-75,000

30 (17)0.17 (0.38)75,000-100,000

42 (23.9)0.24 (0.43)100,000-150,000

23 (13.1)0.13 (0.33)>150,000

37 (21)0.21 (0.40)Prefer not to say

176 (100)3.29 (1.23)Number of people in household

Care recipient

85 (48.3)0.48 (0.50)Parent

56 (31.8)0.32 (0.47)Child under 18

35 (19.9)0.20 (0.40)Othera

Care recipient lives

111 (63.1)0.63 (0.49)With the care recipient

30 (17)0.17 (0.38)Alone

35 (19.9)0.20 (0.40)Other

Type of tasks done by caregiver

121 (68.8)0.69 (0.46)Daily living assistance

65 (36.9)0.37 (0.48)Care assistance

113 (64.2)0.64 (0.48)Administration

16 (9.1)0.09 (0.28)Otherb

aIncludes spouses, children aged >18 years, grandchildren, grandparents, partners, friends, housemates, coworkers, and neighbors.
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bIncludes web-based school assistance, home schooling, nurturing, assisting with socialization and emotional support.

We observed significant differences in 2 of the support system
outcomes. Specifically, after using the app, the probability of
caregivers reporting doing more than half of all the caregiving
tasks by themselves decreased by 9.1% points (SE 0.036; P=.01).
The probability of caregivers reporting no one helping them in
caregiving tasks also decreased by 7.9% points (SE 0.035;

P=.02). There was no evidence that the app had any impact on
reducing the caregiving load for caregivers who reported doing
all caregiving by themselves. We also did not observe any
meaningful difference in perceived support by one’s support
group (Table 2).

Table 2. Association of app use with caregiving outcomes (N=176).

Perceived health and
well-being

Time use and perceived productivitySupport system

Often over-
whelmed
(subjec-
tive)

Often
feeling
negative
health ef-
fects (sub-
jective)

Feeling dis-
advantaged
at work
(subjec-
tive)

Negative
effect on
productiv-
ity (sub-
jective)

No un-
planned
time tak-
en (objec-
tive)

No
planned
time tak-
en (objec-
tive)

More
than 30
hours
spent
weekly
(objec-
tive)

No net-
work sup-
port (sub-
jective)

No one
helps (ob-
jective)

Does
more than
half (ob-
jective)

Does all
caregiv-
ing (objec-
tive)

−0.125
(0.0416)

−0.0682
(0.0375)

0.017
(0.0296)

−0.0284
(0.0374)

0.125
(0.0439)

0.125
(0.0408)

−0.0909
(0.0398)

0.0227
(0.0369)

−0.0795
(0.0347)

−0.0909
(0.0354)

−0.0227
(0.0351)

App effect
percentage
point change
associated
with app use

(SE)a

352352352352352352352352352352352Observations

0.0490.0190.0020.0030.0440.0510.0290.0020.0290.0360.002R 2

.003.07.57.45.005.003.02.54.02.01.52P value

aRobust SE.

In terms of time use and perceived productivity outcomes, we
observed several improvements. After 6 weeks of app use, both
the probability of reporting taking no time off from work due to
planned caregiving tasks and the probability of reporting taking
no time off of work due to attend unscheduled caregiving tasks
increased by 12.5% points (SE 0.04; P=.003 and P=.005,
respectively). We also observed that after 6 weeks of app use,
there was a significant decrease in the probability of reporting
spending more than 30 hours weekly on caregiving tasks by
9.1% points (SE 0.04; P=.02; Table 2).

The probability of reporting often feeling negative health effects
due to caregiving decreased by 6.8% points, although the
estimate was only significant at a 10% significance level (SE
0.04; P=.07). After 6 weeks of app use, the probability of
reporting often feeling overwhelmed by caregiving tasks
decreased by 12.5% points (SE 0.04; P=.003; Table 2).

To summarize, we observed improvements in 7 out of 11
caregiver outcomes. App use was significantly associated with
decreasing the amount of caregiving tasks that fell on the
primary caregiver and increasing the likelihood of at least one
person helping him or her. Use of the app was also associated
with improvements in the time management of the primary

caregiver. Significantly less time was taken off work to attend
to caregiving, and the likelihood of spending <30 hours weekly
on caregiving was significantly decreased. There is also
suggestive evidence that the app may be associated with
decreasing feelings of being overwhelmed and improving the
perceived impact of caregiving on caregivers’ health.

We observed that the responses to the number of people
supporting the primary caregiver improved significantly
(P=.006; Figure 2) with app use. We observed significant
changes in responses regarding the number of hours spent on
caregiving tasks per week (P=.04) and the number of hours
taken off from work to attend to unscheduled caregiving duties
(P=.03; Figure 3). These significant changes pertain to responses
shifting toward decreasing hours of caregiving reported. We
observed that responses to work outcomes significantly became
worse; we observed declines in perceived work productivity or
focus (P=.004), and feelings of being disadvantaged at work
owing to caregiving increased (P=.06; Figure 3). However,
there was a significant improvement in the perceived impact of
caregiving on participants’ health (P=.02; Figure4). Finally, we
observed a positive statistically significant reduction in
participants’ feelings of being overwhelmed about caregiving
after using the app (P=.004; Figure 4).
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Figure 2. Distribution of responses to support system questions.

Figure 3. Distribution of responses to time use and perceived productivity questions.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e28504 | p.417https://www.jmir.org/2022/4/e28504
(page number not for citation purposes)

Ozluk et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 4. Distribution of responses to perceived health and well-being questions.

Impact of COVID-19 Pandemic
A total of 35.2% (62/176) of the participants said that
COVID-19 significantly increased their time spent on caregiving
tasks (Table 3). Approximately 67% (118/176) said COVID-19
increased their stress attributed to caregiving, and 40.9%
(72/176) reported that COVID-19 negatively impacted their
focus at work. We also observed that most participants reported
that COVID-19 prevented them from asking others to help,

although we observed a significant increase both in the
probability of acquiring help from at least one person and the
number of people helping in caregiving. We interpret this as
suggestive evidence that the app was useful in enabling
caregivers to seek more help from others despite COVID-19
making it more difficult. Most participants reported that
COVID-19 did not increase the need to take time off from work
to attend to caregiving.

Table 3. Responses to questions about COVID-19’s impact (N=176).

Missing,

n (%)

Significantly

decreased, n (%)

Somewhat

decreased, n (%)

No impact,

n (%)

Somewhat

increased, n (%)

Significantly

increased, n (%)

Factors to assess COVID-19 impact

20 (11.4)15 (8.5)10 (5.7)34 (19.3)35 (19.9)62 (35.2)Caregiving time spent

20 (11.4)1 (0.6)8 (4.6)29 (16.5)66 (37.5)52 (29.6)Caregiving stress

23 (13.1)43 (24.4)19 (10.8)45 (25.6)25 (14.2)21 (11.9)Increased the need to take time off
from work to attend caregiving

23 (13.1)38 (21.6)13 (7.4)37 (21)31 (17.6)34 (19.3)Put me at a greater disadvantage as a
caregiver

23 (13.1)32 (18.2)15 (8.5)34 (19.3)48 (27.3)24 (13.6)Negatively impacted my focus at
work as a caregiver

26 (14.8)23 (13.1)6 (3.4)28 (15.9)26 (14.8)67 (38.1)Prevented me from asking help from
others

Perception of the App
Overall, most respondents had neutral opinions about the apps
(Table 4). However, they were more likely to have favorable
opinions about decreasing their caregiver burden. For example,
38.1% (67/176) reported that the app made asking others for

help with caregiving easier, and 30.1% (53/176) reported that
the app enabled them to ask for help for things that they would
not have otherwise asked. Of the 176 participants, 74 (42%)
reported that the app made them feel more supported in their
role as caregivers.

Table 4. Responses to questions about perceived value of the app (N=176).

Missing,

n (%)

Strongly

disagree, n (%)

Somewhat

disagree, n (%)

Neither agree or

disagree, n (%)

Somewhat

agree, n (%)

Strongly

agree, n (%)

How the app helped

26 (14.8)29 (16.5)22 (12.5)46 (26.1.7)31 (17.6)22 (12.5)Asking help for the things I would
not otherwise ask

26 (14.8)23 (13.1)16 (9.1)44 (25)40 (22.7)27 (15.3)Made asking for help easier

26 (14.8)21 (11.9)15 (8.5)40 (22.7)37 (21)37 (21)Supported in my role as a caregiver

26 (14.8)24 (13.6)20 (11.4)50 (28.4)30 (17)26 (14.8)Made caregiving less stressful
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In the second survey, we also asked respondents how caregiving
negatively affected their own health. We found that
approximately 17% (30/176) said that it affected their physical
health and decreased their quality of life. Approximately 26.1%

(46/176) and 23.9% (42/176) reported that caregiving worsened
their health by affecting their sleep and work-life balance, and
44.9% (79/176) reported that caregiving increased their stress
and anxiety (Table 5).

Table 5. Responses to questions about the caregiving on caregiver’s health.

Those who answered “Yes,” n (%)How has caregiving affected your own health

79 (44.9)Increased stress or anxiety

29 (16.5)Affected physical health negatively

42 (23.9)Affected work-life balance negatively

46 (26.1)Affected sleep schedule negatively

29 (16.5)Decreased quality of life

Discussion

Principal Findings
Our results suggest that mobile app use was associated with
improvements in the objective outcomes of caregiving, such as
decreasing the likelihood of doing more than half of the
caregiving by themselves and the likelihood of the caregiver
having no one to assist them. We note that the app works mainly
by improving a caregiver’s support system by more conveniently
connecting the caregiver to people who can assist with
caregiving and making the task of asking for help easier.
Therefore, we expected to see relatively more changes in
outcomes related to the caregiver’s support system than the
other outcomes in this study. We were able to detect significant
improvements in outcomes that required objective assessment
from the participant, such as the portion of caregiving done on
their own versus with assistance. However, outcomes that had
subjective measures, such as feeling supported by one’s support
group or perceived work productivity, did not yield any
meaningful changes.

We recognize that the COVID-19 pandemic brought substantial
changes to people’s daily lives and working conditions during
the time between the 2 surveys. It is possible that some of the
positive and negative outcomes resulted from COVID-19
stay-at-home orders. For example, the increase in the number
of people supporting the caregiver could be attributable to more
family members working from home or fewer work
responsibilities because of a possible job loss, and hence, the
ability to better support the primary caregiver. Our sample
excluded anyone who lost their jobs between surveys; therefore,
the results were not affected by a change in the participants’
employment status. The decrease in the number of hours taken
off from work to attend to caregiving could be attributed to
changes in the participants’working conditions, not necessarily
to the app use. It is also plausible that because of shelter-in-place
restrictions, caregivers may not have been able to use the app
at its maximum capacity.

The app required users to recruit help from their social networks.
Therefore, caregivers without an existing group of potential
helpers would not experience the full benefit of the app. The
decline in work-related outcomes could have been associated
with the effects of the COVID-19 pandemic because the first

survey was conducted before the effects of the COVID-19
pandemic were publicly observed, and the second survey
occurred during a peak of the COVID-19 pandemic. It is
plausible to attribute the decline in perceived work productivity
and the increase in feeling disadvantaged at work to the negative
impact of the COVID-19 pandemic.

Limitations
We note that our study sample differs from the samples in many
of the studies reviewed in the study by Ploeg et al [15] as well
as from most of the other interventions examined in the
caregiving domain. First, our study did not restrict the caregiving
sample to a particular group of caregivers who provide care to
people with specific conditions (ie, heart transplant, patients
with cancer, and persons living with dementia) and instead
included many types of care recipients. Therefore, we cannot
reveal anything to the specific condition of either the care
recipient or the caregiver because our sample size was not
sufficient for investigating the heterogeneous effects of the app.
Second, our sample largely consisted of employees of a large
employer, most of whom were at least college educated and had
a higher income than the average person. Therefore, our results
may not be applicable to the general population of caregivers.
It is conceivable that our sample included caregivers with more
digital literacy and willingness to use the mobile app compared
with the general population, allowing them to reap more
benefits. Therefore, our results should be taken with findings
from existing literature documenting the link between digital
literacy and caregivers’ use of mobile interventions to facilitate
caregiving [25,26]. Another limitation of this study is that it
only focused on the effect of the app on negative outcomes of
caregiving because subjects were not asked anything about their
positive experiences attributed to their caregiver role. It is
plausible that app use may have enhanced the positive impacts
of caregiving by reducing isolation and burden associated with
caregiving, leading to more positive experiences attributed to
caregivers taking care of their loved ones [11]. Finally, as the
intervention period coincided with the emergence of the
COVID-19 pandemic, resulting in shelter-in-place policies and
other changes brought to people’s daily lives, we must be
cautious about interpreting the pandemic’s interference on our
findings.
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Conclusions and Implications
We found that using a mobile app that facilitated coordination
among caregivers resulted in improvements in the time spent
on caregiving, perceived health, and perceived well-being of
the primary caregiver. This suggests that mobile interventions
to facilitate caregiving can be a useful solution for some
caregivers. We believe this study adds further support for
devoting resources to mobile apps designed to help caregivers.

The implications of our findings are especially relevant as the
current pandemic not only increased caregiver burden but also
allowed a larger proportion of the population to experience the
benefits of technology. Future studies are needed to examine
the opportunities that mobile technologies can provide to
caregivers with no or limited social support groups and how
such technologies can be enhanced to obtain the most help for
caregivers in the midst of exceeding demand for unpaid
caregiving support.
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Abstract

Background: The COVID-19 pandemic has had a major impact on families’ daily routines and psychosocial well-being, and
technology has played a key role in providing socially distanced health care services.

Objective: The first objective of this paper was to describe the content and delivery of a single-session, internet-based cognitive
behavioral therapy (iCBT) intervention, which has been developed to help parents cope with children’s anxiety and manage daily
situations with their children. The second objective was to report user adherence and satisfaction among the first participants who
completed the intervention.

Methods: The Let’s Cope Together intervention has been developed by our research group. It combines evidence-based CBT
elements, such as psychoeducation and skills to manage anxiety, with parent training programs that strengthen how parents interact
with their child and handle daily situations. A pre-post design was used to examine user satisfaction and the skills the parents
learned. Participants were recruited using advertisements, media activity, day care centers, and schools and asked about background
characteristics, emotional symptoms, and parenting practices before they underwent the iCBT. After they completed the 7 themes,
they were asked what new parenting skills they had learned from the iCBT and how satisfied they were with the program.

Results: Of the 602 participants who filled in the baseline survey, 196 (32.6%) completed the program’s 7 themes, and 189
(31.4%) completed the postintervention survey. Most (138/189, 73.0%) of the participants who completed the postintervention
survey were satisfied with the program and had learned skills that eased both their anxiety (141/189, 74.6%) and their children’s
anxiety (157/189, 83.1%). The majority (157/189, 83.1%) reported that they learned how to organize their daily routines better,
and just over one-half (100/189, 53.0%) reported that the program improved how they planned each day with their children.

Conclusions: The single-session iCBT helped parents to face the psychological demands of the COVID-19 pandemic. Future
studies should determine how the participation rate and adherence can be optimized in digital, universal interventions. This will
help to determine what kinds of programs should be developed, including their content and delivery.
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Introduction

There are considerable concerns about the possible short-term
and long-term impact that the COVID-19 pandemic will have
on the mental health of children and adolescents [1]. Families
have faced substantial concerns and changes to their daily
routines and social infrastructures during this global health
emergency. These include worrying information and
experiences, lockdowns and social distancing, school closures,
and employment and economic uncertainties. Evidence suggests
that children and adolescents have been experiencing feelings
of fear, worry, sadness, anger, and loneliness, in addition to
guilt about possibly spreading the virus [2]. Studies have shown
that the pandemic has had a substantial impact on the well-being
of parents and their children [3], and children and adolescents
have reported a high prevalence of anxiety and depression [4].
Deteriorating mental health has been reported by adolescents
and young adults in both clinical and community samples [5].
As parents play a significant role in how the crisis affects their
children’s mental well-being, there is an increased, and urgent,
need to provide help for parents. They need this so that they
can communicate effectively with their children, ease their
children’s anxiety, and maintain consistent routines that support
the mental health of the whole family [1,6,7].

There is strong evidence that parental factors, such as warmth
and modeling, influence children’s well-being, by decreasing
anxiety [8]. According to a meta-analysis by Yap et al [9],
preventive parenting interventions are important tools in
reducing child internal problems and may have long-term effects
on the child’s well-being. The COVID-19 crisis has challenged
health care professionals to develop, and deliver, low-threshold
interventions that reduce the adverse effects of the pandemic
on the mental health of children. The social distancing
restrictions that have been used to reduce the spread of the
pandemic have made digital mental health interventions more
acceptable [10].

Previous studies have shown that digitally delivered parent
training, based on cognitive behavioral theory (CBT), has been
effective in treating childhood anxiety [11] and disruptive
behavior [12-14]. Randomized controlled trials of traditional
face-to–face interventions have shown that brief, or single, CBT
sessions have been effective in treating childhood anxiety [15]
and posttraumatic stress [16]. A single-session, individually
tailored, internet-based parenting intervention also improved
self-reported parenting factors that are known to influence the
development of depression and anxiety in adolescents [17].
These CBT sessions could be a suitable way to deliver basic
methods that help parents to cope with anxiety and develop the
skills they need during the COVID-19 pandemic. The great
advantage of internet sessions is that they are remotely
accessible and can be used anytime and anywhere.

There are already numerous online sources that provide
psychoeducation for families on how to ease stress and anxiety
during the pandemic, including resources provided by the World
Health Organization [18] and UNICEF [19]. However, we are
not aware of any research on universally delivered internet-based
CBT (iCBT) interventions that focus on improving parental
skills to help children to cope with anxiety during the COVID-19
pandemic. That is why our research group has developed a
single-session iCBT for parents. This new initiative is based on
our considerable expertise in developing, evaluating, and
implementing evidence-based, digital interventions that provide
parental training for children with behavioral problems and
reduce children’s anxiety [12-14]. The aim of this paper was to
describe the content and delivery of the Let’s Cope Together
intervention and report background characteristics, user
adherence, and satisfaction levels of the first participants.

Methods

Description of the Intervention
Let’s Cope Together is a universal, single-session iCBT that is
intended for all parents with children and adolescents under the
age of 18 years in Finland who have access to a digital device
with an internet connection. The aim of the intervention is to
use this simple, digitally delivered program to improve parental
skills, so that they can help their children to cope with any
anxiety during the COVID-19 pandemic. The intervention,
which is based on CBT and the principles of positive parenting,
consists of various online materials (Figure 1).

The intervention was developed in March 2020 and April 2020
by a multidisciplinary team at the University of Turku, Finland.
The team included CBT therapists, child psychiatrists,
information technology personnel, and experienced family
coaches with special training in delivering digital interventions.
The content of the program has been specifically tailored to
deal with the current COVID-19 pandemic. It includes
evidence-based CBT elements that can be used for any kind of
anxiety, such as psychoeducation, cognitive restructuring, and
relaxation techniques, as well as strategies specifically targeting
COVID-19–related anxiety (Figure 2). Parents who go through
the program learn how to manage anxiety, by using techniques
such as deep breathing. They also learn mental practice
techniques that strengthen positive thinking and encourage
children to display positive behavior. Additional elements from
our existing CBT-based parent training programs have also been
included, which strengthen parent-child interactions, manage
daily transitions, and help parents plan their day with their child.
Table 1 provides an overview of the iCBT content.

The program contains 7 themes that the parents can work
through at their own pace. They can complete the intervention
in one go or by logging in and out several times. Distinct themes
are used to clarify the content, and each theme is comprised of
4 to 5 pages. Our aim is to motivate parents by presenting the
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psychoeducation and skill training content of the program in a
variety of ways. The total program is comprised of 29 pages of
text, 6 videos, 2 audio clips, and 5 manga-style cartoons. The
text components are short, simple, and easy to read and are
supported by the manga cartoons, which illustrate the key points
of each theme (Figure 3). The videos have been included to
show how the skills work in practice. There are also links to
additional information on each topic.

The intervention is delivered via the internet using a secure
TLS-encrypted connection. The website is located on a server
maintained by the University of Turku and complies with the
university’s information security requirements and data
protection regulations.

The content of the program was planned by our multidisciplinary
team, which previously developed and studied an iCBT for
childhood anxiety and a parent training program for behavioral
problems. In the midst of the rapidly worsening pandemic in
spring 2020, we needed to decide how much information, and

what kind of content, a single-session intervention should
contain. In addition, we had to take account of the stressful
situations that the families who would use the program were
facing. The team chose to focus on providing psychoeducation
and basic coping skills needed to manage anxiety based on CBT
theory and practice. This program also builds on our previous,
targeted parent training intervention [13,14]. Our existing
experience in this area enabled us to choose the parenting skills
that would be most effective in helping families to cope with
everyday life during the ongoing pandemic. Because the Let’s
Cope Together program is an unguided digital intervention, we
only chose those components that do not require professional
guidance. For example, we excluded the reward system featured
in our previous internet-based intervention. The core challenge
was to make the content as concise as possible. In addition, the
content was primarily developed for younger school-aged
children, and it was not possible to adjust the content so that it
was optimized for all age groups, such as adolescents.

Figure 1. Example of the online material, in which positive mental imagery helps children to manage anxiety [20].
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Figure 2. Still from a video that forms part of the program.

Table 1. Content of the Let’s Cope Together single-session, internet-based cognitive behavioral therapy (iCBT) intervention

ContentTheme

How to use the programTheme 1. Introduction

Psychoeducation about anxiety: What are normal worries and fears, and how does anxiety manifest in
children´s behavior? Bodily sensations and thinking, anxiety in different age groups and when to seek
additional help

Theme 2. Identifying anxiety

How to talk to children about COVID-19 and their fears about it; how parents can calm themselves down
and provide a suitable environment before talking with their child; how to ask open questions, listen,
and validate their child’s feelings

Theme 3. Listening to your child

How parents can learn a deep-breathing technique and teach it to their child, so that they can both learn
how to relax

Theme 4. Relaxing by deep breathing

Instructions on how to use positive mental practice techniques; how parents can teach their child to
create a safe, imaginary place by using all of their senses.

Theme 5. Using mental practice techniques

What are negative thoughts, and how do they affect feelings and behavior? How to recognize them and
turn negative thoughts into positive ones

Theme 6. Strengthening positive thinking

Positive parenting strategies; how to plan daily routines and manage daily transitional situations; how
to plan activities with children, motivate them, and give them positive feedback

Theme 7. Positive parenting skills

Figure 3. One of the program’s manga-style comic illustrations.
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Study Design
There was an urgent need to initiate the study as quickly as
possible due to the pandemic. The data were collected between
April 17, 2020 and June 1, 2020. The pandemic lockdown
started in Finland on March 16, 2020. Schools were closed,
hobbies were discontinued, parents worked at home if they
could, and schoolwork was carried out remotely. Families were
asked not to use day care. A state of emergency was declared,
which legalized additional local restrictions.

The participants were recruited through a multimedia
advertisement and press release campaign, which included
national media, social media—mainly Facebook and
Instagram—and digital news. We also asked schools, school
nurses, day care providers, and health care personnel to spread
the word. There were no specific inclusion and exclusion
criteria. Although the program was primarily developed for
parents, other adults taking care of children, such as
grandparents, other family members, and foster parents, could
take part. We asked for the participants’ relationship to the child
before they entered the program and the study. Professionals
working with children were also encouraged to use the content
of the program to support their own work. They were able to
get a code from the study group so that they could enter the
program without completing any questions.

A pre-post design was used. After the participants completed
the digital, informed consent form, they were directed to the
baseline assessment, which asked them for background
information and details of the child’s and parents’ emotional
symptoms and parenting skills. Once they completed this, they
could proceed to the intervention. After they had completed the
intervention, we asked them about their general satisfaction
with the program and whether they felt the program would
improve their parenting skills. The participants could contact a
member of the research group by phone or email if they wanted
further information at any stage of the study.

Measures
The background information we requested before the
intervention included the participant’s age and level of
education, the number of adults who played a parenting role in
the child’s life, the child’s gender, and whether they attended
school or day care. We also asked about any emotional
symptoms they and their child were experiencing, including
sleep problems, somatic symptoms, restlessness and worries,
fears, or sadness (Multimedia Appendix 1). The responses
ranged from 0 for “not at all” to 5 for “all the time,” and the
maximum scores were 25 for the child and 20 for the parents.
The questions were specifically formulated for this study. They
asked the participants about symptoms that are generally
included in validated surveys on anxiety and depression, such
as the Strengths and Difficulties Questionnaire and the Screen
for Child Anxiety Related Disorders [21,22]. It was not possible
to use full surveys or their subscales, as we decided to use as
few questions as possible. No specific data were collected

regarding the reason for the anxiety. The parenting skills
included in the pre-intervention survey were related to the
content of the intervention and included 12 items on how well
the parent could notice the child’s anxiety, act as a positive role
model, cope with their own anxiety and the child’s anxiety,
manage daily routines, and plan ahead with the child. The
answers ranged from 0 for “strongly disagree” to 6 for “strongly
agree,” and the maximum score was 72. Cronbach alpha was
used to measure the internal consistency of the parenting skills
and the child’s and the parent’s emotional symptoms, and these
values were 0.86, 0.81, and 0.79, respectively.

After they finished the program, we asked the parents 3 general
questions about how satisfied they were with the program and
whether they would recommend it to others. They were also
asked 6 questions about whether they had learned new skills
about how to identify their child’s anxiety, act as a positive role
model, cope with their own anxiety and their child’s anxiety,
manage daily routines, and plan ahead with the child.

Statistical Analyses
The baseline survey was completed by 602 participants (524/602
[87.0%] of them were parents), and 189 (31.4%) also completed
the postprogram survey.

We studied the potential differences in baseline measures
between those who completed the intervention and those who
did not. Pearson chi-square tests or Fisher exact tests were used
for categorical variables, and Student t tests were used for
continuous variables. Statistical significance was based on a
2-sided P<.05. All the statistical analyses were performed with
SAS version 9.4 (SAS Institute, Cary, NC).

Ethical Issues
The Ethics Committee of the Hospital District of Southwest
Finland approved the study (Turku University Hospital Ethical
Board Journal number: 14/1801/2020). Participation in the study
was voluntary and could be discontinued at any time. The
requirements relating to information security were considered
carefully when collecting, storing, analyzing, and archiving the
data. Research codes were used, and no individuals could be
identified from the results.

Results

About 9000 individuals visited the study website, 602 filled in
the baseline survey, 468 (468/602, 77.7%) started the
intervention, and 196 (196/602, 32.6%) completed all 7 themes.
The postintervention survey was completed by 189 (189/602,
31.4%) of the participants who completed the baseline survey
(Table 2).

We found that 77 (77/189, 40.7%) participants went through
the material by logging in just once, 46 (46/189, 24.3%) by
logging in twice, 34 (34/189, 18.0%) by logging in 3 times, and
32 (32/189, 16.9%) by logging in 4 times or more. The mean
time that it took to complete the whole program was 73 minutes.
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Table 2. Participants who completed each phase of the program and the study.

After iCBT, n (%)iCBTa themes (1-7)b, n (%)Baseline, n (%)Sample

7654321

189 (31.4)196
(32.6)

214
(35.5)

240
(39.9)

283
(47.0)

340
(56.5)

378
(62.8)

412
(68.4)

602 (100)Number of completers

aiCBT: internet-based cognitive behavioral therapy.
bThe participants could only proceed to the next theme or the postintervention survey if all the previous parts of the study were completed.

There were no significant differences between those who
finished the study and those who discontinued at some point
after filling in the baseline survey, when it came to education
level, family structure, emotional symptoms, or self-reported
parenting skills (Multimedia Appendix 2). The same was true
for the child’s gender, child’s emotional symptoms, and whether
the child attended day care or school. The mean age of the
participants was slightly higher for those who finished the study
than those who did not (42.2 years vs 40.4 years), and the
participants were more likely to be another caregiver, rather
than a parent (30/189, 15.9% vs 32/413, 7.8%). In addition,
sensitivity analyses showed no significant differences in any of
the background factors between those who finished the study
and those who discontinued at some point after filling in the
baseline survey. This included the analysis that just comprised
parents.

Almost three-quarters (138/189, 73.0%) of those who completed
the intervention and postintervention survey were satisfied with
the program, and even more (153/189, 81.0%) reported that
they would recommend the program to others (Table 3).

Most of those who finished the postintervention survey reported
that they learned about childhood anxiety (146/189, 77.2%) and
the skills they needed to calm themselves (141/189, 74.6%) and
their child (157/189, 83.1%). In addition, 48.7% (92/189) of
them reported that they had learned how to organize their daily
routines better, and 53.0% (100/189) reported that they had
learned how to improve the way they planned days with their
child. The results remained almost the same when the sensitivity
analyses focused on just parents rather than all participants.

Table 3. Participants’ satisfaction with the intervention and whether they learned new skills (n=189).

Missing, n (%)Disagree, n (%)Do not agree or disagree, n (%)Agree, n (%)Questionnaire items

General satisfaction

7 (3.7)2 (1.1)14 (7.4)166 (87.8)Program was easy to use

7 (3.7)7 (3.7)37 (19.6)138 (73.0)Was satisfied with the program

7 (3.7)5 (2.7)24 (12.7)153 (81.0)Would recommend the program to others

Developed better skills with regard to:

7 (3.7)13 (6.9)23 (12.2)146 (77.2)Knowledge about their child’s anxiety

7 (3.7)3 (1.6)27 (14.3)152 (80.5)How to show a positive example

7 (3.7)14 (7.4)27 (14.3)141 (74.6)Ways to calm themselves down

7 (3.7)9 (4.7)16 (8.5)157 (83.1)Ways to calm the child down

7 (3.7)25 (13.2)65 (34.4)92 (48.7)Organizing daily routines

7 (3.7)18 (9.5)64 (33.9)100 (53.0)Planning days together with the child

Discussion

Principal Findings
To our knowledge, this is the first paper to describe a universal
digital parenting intervention that aims to improve parental
skills so that they can help their children to cope with anxiety
during the COVID-19 pandemic. In general, single-session
interventions have been shown to be effective in treating anxiety,
conduct problems, and posttraumatic stress disorders in children
and adolescents [15,16,23]. Single-session, digitalized parenting
interventions have also been effective in improving self-reported
parenting practices [17]. Most of the parents who completed
both the Let’s Cope Together program and postintervention
survey were satisfied with the intervention and would

recommend it to others. Most parents also reported that they
had acquired knowledge about their children’s anxiety and had
learned skills to calm themselves and their child down. Half of
the parents reported that they learned how to organize daily
routines and plan ahead better with their child.

The number of participants in this study was rather low, despite
our substantial efforts to inform the target population about the
study through online resources, including social media and
digital news, schools, and day care centers. About 9000
individuals visited the study website, but only 602 registered
and completed the baseline questions. Of these, about one-third
finished the program and answered the postintervention
questions.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e26438 | p.427https://www.jmir.org/2022/4/e26438
(page number not for citation purposes)

Korpilahti-Leino et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


There are a number of possible explanations for the low number
of participants. Numerous other channels have provided support
to help children and parents handle the psychosocial stress of
the pandemic. These include digital news, interviews, and blogs
that provide advice from experts, such as psychologists or
psychotherapists. There are also several chat and telephone
services run by third-sector organizations. It is likely that asking
participants to provide personal data may have significantly
decreased the number of participants, especially as there have
been other sources of anonymous help. In addition, some of the
services that were available also included human guidance,
which was not the case with our program. The pandemic started
relatively late in Finland, in comparison to a number of
European countries, which meant that the government had more
time to prepare. As a result, the number of people who have
had the virus, been hospitalized, or died has been among the
lowest in the world, as a proportion of the whole population. It
is possible that the controlled situation in Finland reduced the
need for help and that was reflected in the low participation
rates.

It has been generally acknowledged that there are low
participation rates in universal interventions. For example,
Sampaio et al [24] found that less than 15% of the people who
were eligible to take part in a universal program for the parents
of preschoolers participated. Another study, by March et al [25],
found that about 20% of those that logged on to a website that
provided iCBT for youth anxiety did not start the program and
about 30% dropped out during the first 2 sessions. It is also
common for participants to fail to complete all modules of
universal programs, for example due to a lack of time, technical
problems, or no need for the support provided by the
intervention [26].

There are some important questions that need to be answered,
including who participates in programs and who benefits the
most from them. It is understandable that families who do not
experience the problems that the intervention tackles are not
motivated to participate. In the present study, we did not find
differences between those who did and did not finish the
program, with regards to emotional symptoms, self-reported
parenting skills, or sociodemographic characteristics. However,
we were only able to study those who filled in the baseline
questionnaire. The average baseline scores for emotional
symptoms and self-reported parenting skills could be considered
quite good already, and it might be that high-functioning
families were over-represented. It is likely that parents who are
already aware of, and able to think about, their children’s
feelings may be more motivated to take part in digital, universal
programs that require initiative and active participation. At the
same time, lower functioning families could need more direct
human motivation and support, which was not available in the
present study, due to an uncontrollable number of potential
participants. Further research is needed on the importance of
human guidance with regard to how effective digital
interventions are among different groups of participants. In
addition, the characteristics of the participating parents might
have had an impact on the completion rates in the present study.
For example, the iCBT was based on material that was primarily

developed by our study group for children under 13 years of
age. It may be possible that this younger focus made the parents
of adolescents less motivated to complete the program and the
study.

At the same time, universal, digital interventions with no human
guidance may be cost-effective when they are delivered to those
who are willing to participate and able to benefit from the
intervention. That is why it is crucial to study how the content
and delivery of interventions should be developed, so that they
respond to the individual needs of different families. However,
the pressure posed by the worsening pandemic, during the spring
2020 development phase, meant that we were not able to study
the needs and preferences of the end users, with regard to both
the content and delivery methods, before the iCBT was
launched. It might have had positive effect on the participation
rate if we had been able to do this.

Strengths and Limitations
The limitations of the study included the pre-post test design
instead of a randomized controlled trial and the limited number
of questions that were specifically developed for the present
study. As this was a feasibility study, we only measured general
satisfaction and the participants’ experience with learning new
skills straight after the program. As the pandemic eases, we will
report further feedback, including follow-up results on changes
in anxiety symptoms. Additionally, we did not have specific
inclusion and exclusion criteria. The program was developed
for parents, but other adults caring for children could take part.
It is possible that participants, particularly those who completed
the posttest, were more interested and motivated to learn new
skills and more satisfied with the program. These issues limit
the interpretation and generalizability of the findings. However,
the study design was simple and nonselective and contained a
limited number of short questions to encourage participation.
The strengths of the study included the considerable previous
experience of the multidisciplinary team that developed the
intervention. This included CBT therapists, child psychiatrists,
information technology personnel, and experienced family
coaches with special training in delivering digital interventions.

Conclusion
The internet-based Let’s Cope Together single-session parenting
intervention helped families to cope with parenting demands
during the COVID-19 pandemic. It is likely that we could face
similar pandemics or other global crises in the near future.
Developing and researching the effectiveness and
implementation of universal digital interventions provide
important preparation for managing future crises. Enhancing
parenting skills is an important goal, as it increases the resilience
of families with young children. The impact of current and
future crises on mental health is substantial, particularly for
those who have been affected most by the current pandemic.
These include those with mental health and parenting problems,
children and adolescents, immigrants, and frontline staff.
Digitally delivered, evidence-based interventions can provide
inexpensive, low-threshold help for large populations when
face-to-face interventions are unavailable or not feasible.
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Abstract

Background: The use of digital interventions can be accurately monitored via log files. However, monitoring engagement with
intervention goals or enactment of the actual behaviors targeted by the intervention is more difficult and is usually evaluated
based on pre-post measurements in a controlled trial.

Objective: The objective of this paper is to evaluate if engaging with 2 digital intervention modules focusing on (1) physical
activity goals and action plans and (2) coping with barriers has immediate effects on the actual physical activity behavior.

Methods: The NoHoW Toolkit (TK), a digital intervention developed to support long-term weight loss maintenance, was
evaluated in a 2 x 2 factorial randomized controlled trial. The TK contained various modules based on behavioral self-regulation
and motivation theories, as well as contextual emotion regulation approaches, and involved continuous tracking of weight and
physical activity through connected commercial devices (Fitbit Aria and Charge 2). Of the 4 trial arms, 2 had access to 2 modules
directly targeting physical activity: a module for goal setting and action planning (Goal) and a module for identifying barriers
and coping planning (Barriers). Module visits and completion were determined based on TK log files and time spent in the module
web page. Seven physical activity metrics (steps; activity; energy expenditure; fairly active, very active and total active minutes;
and distance) were compared before and after visiting and completing the modules to examine whether the modules had immediate
or sustained effects on physical activity. Immediate effect was determined based on 7-day windows before and after the visit,
and sustained effects were evaluated for 1 to 8 weeks after module completion.

Results: Out of the 811 participants, 498 (61.4%) visited the Goal module and 406 (50.1%) visited the Barriers module. The
Barriers module had an immediate effect on very active and total active minutes (very active minutes: before median 24.2, IQR
10.4-43.0 vs after median 24.9, IQR 10.0-46.3; P=.047; total active minutes: before median 45.1, IQR 22.9-74.9 vs after median
46.9, IQR 22.4-78.4; P=.03). The differences were larger when only completed Barriers modules were considered. The Barriers
module completion was also associated with sustained effects in fairly active and total active minutes for most of the 8 weeks
following module completion and for 3 weeks in very active minutes.
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Conclusions: The Barriers module had small, significant, immediate, and sustained effects on active minutes measured by a
wrist-worn activity tracker. Future interventions should pay attention to assessing barriers and planning coping mechanisms to
overcome them.

Trial Registration: ISRCTN Registry ISRCTN88405328; https://www.isrctn.com/ISRCTN88405328

(J Med Internet Res 2022;24(4):e35614)   doi:10.2196/35614

KEYWORDS

digital intervention; Fitbit; weight; weight loss maintenance; physical activity; fitness; exercise; goal setting; action planning;
coping planning; control trial; secondary analysis; RCT; randomized controlled trial; long-term effect; short-term effect; immediate
effect; sustained effect

Introduction

Digital behavior change interventions (DBCIs) hold the promise
of providing personalized and adaptive treatments to improve
health. It is already possible to track individual user interactions
with DBCI components at a high level of detail and fidelity,
such as when and for how long users are accessing them. The
evidence linking use to intervention outcomes is mixed, and the
relationships are not straightforward. Further, the type of
engagement required for effects may also vary across different
types of interventions [1,2].

User engagement with the real-world behaviors that a DBCI is
attempting to influence, the macro-level engagement [1], is
more difficult to determine. Traditionally, behavioral changes
are verified using questionnaires or laboratory measurements
conducted intermittently, with measurement points several
months apart and the risk of reporting bias. At that point, it is
impossible to prove causation between specific intervention
components and change. Monitoring the immediate effects of
DBCI components would enable active process evaluation of
interventions and contribute greatly to tailoring effective,
adaptive, and personalized interventions. For example, if an
intervention component has an immediate effect on the user’s
behavior, the component could be repeated after a while to
amplify the effect. If a component does not lead to an expected
effect for a user, it could be switched off and an alternative
intervention could be launched to create an adaptive intervention
[3].

Research on behavior change techniques has revealed the
positive effects of self-regulatory techniques on physical activity
behavior. Core self-regulatory techniques are self-monitoring
of behavior and feedback; goal setting, that is, identification
and formulation of a physical activity goal; action planning,
that is, specification of the goal in a detailed plan for the
performance of the behavior (context, frequency, duration, and
the intensity of the activity); and coping planning, that is,
identification of barriers to physical activity and planning ways
to overcome them using, for example, an “if, then” approach
[4-6].

This study focuses on a web-based toolkit for weight loss
maintenance, consisting of various modules based on behavioral
self-regulation and motivation theories, as well as contextual
emotion regulation. The objective of this study was to
investigate whether intervention modules aimed at increasing
physical activity through goal setting and action planning, and

coping planning had immediate and sustained effects on the
physical activity behavior of users. This was a secondary
analysis of the data from a European Commission Horizon
2020–funded NoHoW project.

Methods

Ethics Approval
The trial was registered with the ISRCTN registry
(ISRCTN88405328). Ethical approval was granted by local
institutional ethics committees at the Universities of Leeds
(17-0082; 27 February 2017), Lisbon (17/2016; 20 February
2017) and the Capital Region of Denmark (H-16030495; 8
March 2017).

Study Procedures
The NoHoW trial (ISRCTN88405328) was an 18-month,
3-center, 2-by-2 factorial, single-blinded, randomized controlled
trial, evaluating a digital weight loss maintenance intervention.
The participants were required to be aged ≥18 years, have a
verified ≥5% weight loss in the last 12 months with current
weight at least 5% below their highest weight, and have had a

BMI of ≥25 kg/m2 before weight loss. A total of 1627
participants were recruited and randomly assigned to one of the
following four arms: (1) control or self-monitoring (n=400), (2)
motivation and self-regulation (n=403), (3) emotion regulation
(n=416), and (4) combined arm (n=408). All participants
received activity trackers (Fitbit Charge 2) to be worn
throughout the trial, weight scales (Fitbit Aria), and access to
the web-based NoHoW Toolkit (TK) tailored to their respective
arm. Participants in intervention arms were encouraged to
complete 18 intervention modules in the TK during the first 6
months of the trial. The participants received weekly emails
during the first 18 weeks as reminders recommending visiting
a specific module. A detailed description of the trial is presented
by Scott et al [7]. The TK design and content are presented in
detail by Marques et al [8].The motivation and self-regulation
and combined arms had 2 modules focusing on physical activity:
physical activity goal (Goal) and physical activity barriers
(Barriers). The Goal module (see Multimedia Appendix 1 for
screenshots) addressed goal setting and action planning,
contained information on how to set goals, and had a form to
set a goal and detailed plan for either the number of steps per
day or other type of physical activity. The estimated duration
to complete the Goal module was 10 minutes. The Barriers
module (see Multimedia Appendix 2 for screenshots) was
introduced later in the intervention and contained a testimonial
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on potential barriers of physical activity and an interactive
exercise for identifying personal barriers and creating a coping
plan to deal with them. The estimated duration to complete the
Barriers module was 8 minutes.

Analysis
Visits to the Goal and Barriers modules were identified based
on log files of the TK. The duration spent in the modules was
calculated based on log events signifying entering and leaving
the module. A module visit was considered complete if it lasted
at least 33% of the estimated duration of the module (ie, 3.3/10
min for the Goal module and 2.6/8 min for the Barriers module)
or if the duration of the visit could not be determined due to a
missing end event. The threshold of 33% was determined by
intervention designers as the minimum time required to become
exposed to the behavior change mechanisms in these modules.

Daily summaries provided by Fitbit were used as the physical
activity metrics and included daily steps; activity energy
expenditure; active minutes categorized to fairly active, very
active, and total active minutes; and distance. Activity metrics
were averaged over the 7 days prior to visiting the modules and
7 days after visiting them. Days with less than 1000 steps were
considered missing data and were not included. A similar
threshold has been used in several previous studies (eg, [9,10]).
It was also required that the 7-day periods contained at least 4
days of activity data. The immediate effects are presented both
for all visits to the modules and for complete visits. If an
immediate effect was found, maintenance of the effects was
evaluated for 8 weeks following the module visits, considering
only complete module visits. A comparison of overall changes
in activity metrics between the first and sixth month of the study
is presented in Multimedia Appendix 3.

As most of the physical activity metrics had skewed
distributions, nonparametric methods were used. Median and
interquartile ranges were calculated, and nonparametric tests

(Wilcoxon signed-rank test) were used for comparisons. All
analyses were conducted with Matlab R2017a (Mathworks) and
SPSS Statistics software (version 26; IBM Corp). Statistical
significance was set at P<.05.

Results

User Statistics
The modules were available for 811 participants (ie, the
participants randomized to the motivation and self-regulation
and to the combined arms). Of the 811 participants, 498 (61.4%)
visited the Goal module (252/403 motivation and self-regulation
and 246/408 combined), and 406 (50.1%) participants visited
the Barriers module (217/403 motivation and self-regulation
and 189/408 combined). There were 628 visits to the Goal
module, of which 309 were complete visits. The Barriers module
had 514 visits, with 345 complete. The background
characteristics of the visitors and nonvisitors of these modules
are presented and compared in Multimedia Appendix 3.

Immediate Effects of Modules
The Goal module was first visited a median of 55 days (IQR
48-64) after the first login to TK, and the Barriers module was
first visited a median of 98 days (IQR 91-110) after the first
login. Tables 1 and 2 present the median and IQR for the activity
metrics before and after visiting the Goal and Barriers modules,
respectively. Visiting the Barriers module increased very active
and total active minutes.

When only completed module visits were included, the results
for the Goal module remained nonsignificant. For the Barriers
module, the effects remained and became slightly stronger (for
very active minutes: before median 22.4, IQR 10.1-41.0 vs after
median 25.0, IQR 10.1-46.1; P=.007; and for total active
minutes: before median 42.6, IQR 22.4-73.4 vs after median
46.6, IQR 21.8-79.4; P=.008).

Table 1. Activity metrics before and after visiting the Goal module.

P valueaAfter, median (IQR)Before, median (IQR)

.629638 (7354-12,425)9637 (7383-12,485)Steps

.741274 (987-1640)1276 (997-1632)Energy (kcal)

.6918.3 (11.0-32.5)18.9 (10.2-33.3)Fairly active (min)

.3926.4 (12.6-44.8)23.9 (12.2-44.8)Very active (min)

.4448.3 (26.6-76.5)46.6 (25.1-75.4)Total active (min)

.606.8 (5.1-8.7)6.8 (5.1-8.9)Distance (km)

aWilcoxon signed-rank test.
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Table 2. Activity metrics before and after visiting the Barriers module.

P valueaAfter, median (IQR)Before, median (IQR)

.709119 (7202-12,382)9449 (7240-12,112)Steps

.271260 (943-1611)1211 (990-1585)Energy (kcal)

.1518.9 (9.6-33.8)16.7 (9.7-31.9)Fairly active (min)

.04724.9 (10.0-46.3)24.2 (10.4-43.0)Very active (min)

.0346.9 (22.4-78.4)45.1 (22.9-74.9)Total active (min)

.686.4 (4.9-8.7)6.7 (4.9-8.5)Distance (km)

aWilcoxon signed-rank test.

Table 3 presents the 8-week maintenance of the Barriers module
effect for the 3 active minute metrics based on completed
module visits only. Total active minutes and fairly active
minutes were higher than before module completion for most

of the 8-week period following the module. Also, very active
minutes remained higher for 3 weeks after module completion.
Values that significantly differed from the before value were
denoted.

Table 3. Median (IQR) values for active minutes categories before and after the Barriers module based on completed modules.

Total active (min), median (IQR)Very active (min), median (IQR)Fairly active (min), median (IQR)

42.6 (22.4-73.4)22.4 (10.1-41.0)15.9 (9.4-29.4)Before

46.6 (21.8-79.4)a25.0 (10.1-46.1)a18.4 (9.2-33.3)Week 1 after

45.6 (26.4-75.7)b26.6 (12.0-45.0)b19.1 (10.9-31.8)aWeek 2 after

44.6 (25.3-78.2)a24.4 (11.9-45.6)a18.6 (10.2-34.6)bWeek 3 after

47.2 (25.2-76.8)a23.1 (12.0-43.2)18.1 (11.6-37.0)bWeek 4 after

44.7 (25.7-72.3)24.4 (11.9-42.1)19.6 (10.6-30.6)aWeek 5 after

45.3 (27.1-78.5)a23.6 (12.4-41.2)19.6 (11.4-33.3)bWeek 6 after

44.4 (27.6-74.4)c24.0 (12.0-40.9)20.3 (11.2-32.7)bWeek 7 after

46.1 (26.7-73.4)23.7 (11.2-42.3)20.3 (11.2-31.7)aWeek 8 after

aP<.01, Wilcoxon signed-rank test.
bP<.001.
cP<.05.

Discussion

Principal Results
This paper investigates the immediate changes in measured
physical activity after visiting 2 web-based intervention modules
targeting physical activity goals and action planning (Goal),
and coping planning (Barriers). The Barriers module had a
significant but small, immediate effect on very active and total
active minutes during the week after visiting the module. When
only completed module visits were considered, increases were
larger. Module completion was also associated with sustained
increases in all categories of active minutes, of which fairly
active minutes and total active minutes were sustained for most
of the 8-week period following module completion, and very
active minutes for the first 3 weeks. Coping planning, addressed
in the Barriers module, has previously been identified as a core
self-regulation technique that can directly impact behavior (eg,
[11,12]), and our findings support this effect for physical
activity. The Goal module did not show similar effects on
physical activity. One explanation for the differences in the

results is that the coping planning activity in the Barriers module
asked participants to identify barriers and strategies to overcome
them in the immediate future (following week), while in the
Goal module participants were asked to set a goal to increase
their activity moderately in an unspecified timeframe.

Strengths and Limitations
The strengths of this study include the large number of
participants and the ability to monitor the exposure to specific
intervention techniques as well as the subsequent behavior.

The reliability of the variables may be affected by differences
in individual wear times of the trackers. This was mitigated by
setting a threshold of 1000 steps to consider the day valid. There
is also a known tendency for Fitbit (and other trackers) to
overestimate the amount of moderate to vigorous activity
[13,14]. Furthermore, we used multiple observations for some
volunteers to maximize the sample size. Although the rank-based
nonparametric tests could not accommodate a random effect to
account for the multiple observations, we checked an analysis,
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which averaged the observations per participant and found that
the results and conclusions were the same.

The timing of the modules may have impacted the results.
Although the order of visiting the modules was not technically
restricted, the Goal session appeared earlier in the intervention
flow and was visited by more participants than the Barriers
session. It is thus possible that participants visiting the Barriers
session were more committed to the intervention and, therefore,
more likely to adhere to behavioral guidance as well. Further,
engagement was only assessed based on log files and not by
the quality of the action and coping plans done by the user, or
the enactment of these.

Future Work
As far as we know, no prior research to which we can directly
compare these results exists. This shows the need for more

research to examine the direct and immediate as well as
longer-term effects of engaging with DBCI content on the
enactment of the target behavior. Specifically, such work
constitutes an important step toward identifying which behavior
change techniques can have a differential impact on physical
activity. This knowledge can, in turn, contribute to optimizing
DBCIs in an adaptive and personalized way.

Conclusions
A self-regulation–based intervention module addressing physical
activity barriers induced a significant increase in active minutes,
and the effect was stronger when the module was completed.
Module completion was further associated with sustained
increases, especially in fairly active and total active minutes.
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Abstract

Background: Prevalence rates for lifetime cannabis use and cannabis use disorder are much higher in people with attention
deficit/hyperactivity disorder than in those without. CANreduce 2.0 is an intervention that is generally effective at reducing
cannabis use in cannabis misusers. This self-guided web-based intervention (6-week duration) consists of modules grounded in
motivational interviewing and cognitive behavioral therapy.

Objective: We aimed to evaluate whether the CANreduce 2.0 intervention affects cannabis use patterns and symptom severity
in adults who screen positive for attention deficit/hyperactivity disorder more than in those who do not.

Methods: We performed a secondary analysis of data from a previous study with the inclusion criterion of cannabis use at least
once weekly over the last 30 days. Adults with and without attention deficit/hyperactivity disorder (based on the Adult Attention
deficit/hyperactivity disorder Self-Report screener) who were enrolled to the active intervention arms of CANreduce 2.0 were
compared regarding the number of days cannabis was used in the preceding 30 days, the cannabis use disorder identification test
score (CUDIT) and the severity of dependence scale score (SDS) at baseline and the 3-month follow-up. Secondary outcomes
were Generalized Anxiety Disorder score, Center for Epidemiological Studies Depression scale score, retention, intervention
adherence, and safety.

Results: Both adults with (n=94) and without (n=273) positive attention-deficit/hyperactivity disorder screening reported
significantly reduced frequency (reduction in consumption days: with: mean 11.53, SD 9.28, P<.001; without: mean 8.53, SD
9.4, P<.001) and severity of cannabis use (SDS: with: mean 3.57, SD 3.65, P<.001; without: mean 2.47, SD 3.39, P<.001; CUDIT:
with: mean 6.38, SD 5.96, P<.001; without: mean 5.33, SD 6.05, P<.001), as well as anxiety (with: mean 4.31, SD 4.71, P<.001;
without: mean 1.84, SD 4.22, P<.001) and depression (with: mean 10.25, SD 10.54; without: mean 4.39, SD 10.22, P<.001).
Those who screened positive for attention deficit/hyperactivity disorder also reported significantly decreased attention
deficit/hyperactivity disorder scores (mean 4.65, SD 4.44, P<.001). There were no significant differences in change in use (P=.08),
dependence (P=.95), use disorder (P=.85), attention deficit/hyperactivity disorder status (P=.84), depression (P=.84), or anxiety
(P=.26) between baseline and final follow-up, dependent on positive attention-deficit/hyperactivity disorder screening. Attention
deficit/hyperactivity disorder symptom severity at baseline was not associated with reduced cannabis use frequency or severity
but was linked to greater reductions in depression (Spearman ρ=.33) and anxiety (Spearman ρ=.28). Individuals with positive

J Med Internet Res 2022 | vol. 24 | iss. 4 |e30138 | p.439https://www.jmir.org/2022/4/e30138
(page number not for citation purposes)

Ahlers et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:joachim.ahlers@wisemed.ch
http://www.w3.org/Style/XSL
http://www.renderx.com/


attention deficit/hyperactivity disorder screening were significantly less likely to fill out the consumption diary (P=.02), but the
association between continuous attention deficit/hyperactivity disorder symptom severity and retention (Spearman ρ=−0.10,
P=.13) was nonsignificant. There also was no significant intergroup difference in the number of completed modules (with: mean
2.10, SD 2.33; without: mean 2.36, SD 2.36, P=.34), and there was no association with attention deficit/hyperactivity disorder
symptom severity (Spearman ρ=−0.09; P=.43). The same was true for the rate of adverse effects (P=.33).

Conclusions: Cannabis users screening positive for attention deficit/hyperactivity disorder may benefit from CANreduce 2.0
to decrease the frequency and severity of cannabis dependence and attenuate symptoms of depression and attention
deficit/hyperactivity disorder-related symptoms. This web-based program’s advantages include its accessibility for remote users
and a personalized counselling option that may contribute to increased adherence and motivation to change among program
users.

Trial Registration: International Standard Randomized Controlled Trial Number (ISRCTN) 11086185;
http://www.isrctn.com/ISRCTN11086185

(J Med Internet Res 2022;24(4):e30138)   doi:10.2196/30138

KEYWORDS

attention deficit/hyperactivity disorder; ADHD; cannabis; cannabis use disorder; CANreduce; web-based self-help tool; online
tool; online health; mental health; digital health; anxiety; depression

Introduction

The worldwide prevalence of attention deficit/hyperactivity
disorder is estimated to be 5% in children and up to 4% in adults
[1-3]. Lifetime prevalence rates for cannabis use are rising [4],
with current rates of 26% in Europe [5], 46% in the United
States [6], and 28% in Switzerland (4). Lifetime cannabis use
is significantly more common in people with attention
deficit/hyperactivity disorder (66.1%) than in those without
(46.9%); similarly, cannabis use disorders are significantly more
common in people with attention deficit/hyperactivity disorder
(23.5%) than in those without (8%) [7].

Cannabis is predominantly seen as a safe drug in Western
societies [8]. Life satisfaction and stress do not seem to predict
the initiation, cessation, or severity of cannabis use in young
adults [9,10]; however, research indicates a higher prevalence
of various mental health symptoms in cannabis users, such as
depression, anxiety [10-13], and attention deficit/hyperactivity
disorder, with increased severity in certain populations such as
those in the Czech Republic and France [14-16].

In addition, meta-analyses have documented that attention
deficit/hyperactivity disorder alone is linked to high comorbidity
rates of mental health symptoms, such as anxiety disorders [17]
and depression [18], across all life stages.

Recent research [19] showed a causal genetic link between
attention deficit/hyperactivity disorder and lifetime cannabis
use and emphasizes the hereditary nature of both entities.
Specifically, the heritability of attention deficit/hyperactivity
disorder is estimated at 70%-80% and of cannabis use initiation
at 40%-48% [19].

Cognitive behavioral therapy is an effective treatment option
for adults with attention deficit/hyperactivity disorder [20].
Furthermore, web-based cognitive behavioral therapy has been
shown to be more effective for cannabis users with attention
deficit/hyperactivity disorder than for those without [21]. In
addition, the first study [22] that assessed a web-based
intervention for people with attention deficit/hyperactivity

disorder found it to be successful alleviating attention
deficit/hyperactivity disorder symptoms.

There is evidence that integrated cognitive behavioral
therapy—a combination of 2 research-based cognitive
behavioral therapy methods (one for substance use disorder and
one for attention deficit/hyperactivity disorder)—performs
significantly better than regular addiction treatment, such as
cognitive behavioral therapy alone, among attention
deficit/hyperactivity disorder patients with cannabis use disorder.
Patel et al [23] found that, in adolescents with attention
deficit/hyperactivity disorder, comorbid cannabis use disorder
is associated with a 90% lower likelihood of successful attention
deficit/hyperactivity disorder treatment outcomes than that
without comorbid cannabis use disorder. A recent randomized
controlled trial revealed that, compared to regular substance use
disorder cognitive behavioral therapy, integrated cognitive
behavioral therapy resulted in significantly greater improvement
in attention deficit/hyperactivity disorder symptoms in patients
with substance use disorder and attention deficit/hyperactivity
disorder [24].

Given the high comorbidity rates of attention
deficit/hyperactivity disorder and substance use disorder,
findings with respect to individuals with attention
deficit/hyperactivity disorder and substance use disorder are
promising and should be further evaluated to improve treatment
outcomes for individuals with attention deficit/hyperactivity
disorder and comorbid cannabis use disorder.

Among studies assessing web-based treatments designed to
reduce cannabis use, none has considered whether adults with
attention deficit/hyperactivity disorder were included or whether
attention deficit/hyperactivity disorder is a potential moderator
of treatment effectiveness.

Web-based interventions are known for removing barriers
against seeking help for addictions, particularly stigmatization
and inadequate access to treatment facilities [25]. Even though
there is a lack of comparable studies using web-based programs
to guide cannabis users with attention deficit/hyperactivity
disorder through their process of reducing or quitting substance
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use, the effect of cannabis use on persons with attention
deficit/hyperactivity disorder and the characteristics of this
subgroup of cannabis users have been investigated. Soler Artigas
et al [19] discovered a causal relationship between attention
deficit/hyperactivity disorder and cannabis use, based on the
identification of specific loci predisposing individuals to these
traits, which showed that patients with attention
deficit/hyperactivity disorder have a 7.9-fold increase in the
odds of using cannabis than persons without this condition.
Wallace et al [26] revealed that the symptoms associated with
attention deficits—such as low scores on neuropsychological
performance tests—were likely attributable to cannabis use
itself rather than to attention deficit/hyperactivity disorder.
Brandt et al [27] retrospectively investigated clinical parameters
that correlated with cannabis use among respondents with and
without attention deficit/hyperactivity disorder in the National
Epidemiologic Survey on Alcohol and Related Conditions, and
although 14.3% of the respondents with attention
deficit/hyperactivity disorder used cannabis, only 4.3% of those
without attention deficit/hyperactivity disorder used cannabis.
There was also a significantly higher prevalence of psychiatric
and personality disorders in respondents with attention
deficit/hyperactivity disorder who consumed cannabis than in
those who did not [27]. Patel et al [23] retrospectively evaluated
patient data from adolescents with attention deficit/hyperactivity
disorder and comorbid cannabis use disorder and observed this
patient group’s increased need for acute care. A similar study
[28] revealed that a perception exists, among attention
deficit/hyperactivity disorder–patient web-based forum
participants, that cannabis is beneficial and reduces symptoms
associated with the condition.

Several recent meta-analyses [25,29-31] have demonstrated the
overall effectiveness and great potential of web-based prevention
and treatment interventions for cannabis use reduction but that
such studies have typically been plagued by high dropout rates.
Thus, further analysis of web-based interventions seeking to
reduce cannabis use in adults with comorbid attention
deficit/hyperactivity disorder is warranted.

In a recent 3-arm randomized controlled trial (CANreduce 2.0
study) [32], we examined the effects of an enhanced self-guided
web-based intervention tool with a social presence in
treatment-seeking adults who overuse cannabis. The social
presence included an eCoach for supportive accountability and
human support to enhance adherence to the eHealth intervention.
We found moderate to medium effects in the reduction of
cannabis use days and significant effects influencing secondary
cannabis related outcomes, as well as reducing general anxiety
disorder symptoms, when compared to an internet-as-usual
control group [33].

Previously published studies [27,34-36] have demonstrated that
individuals with attention deficit/hyperactivity disorder may be
particularly at risk of using cannabis, that the severity of
cannabis involvement is significantly associated with greater
endorsement of attention deficit/hyperactivity disorder
symptoms [34], and that diagnosis of any psychiatric disorder
is significantly higher among those with attention
deficit/hyperactivity disorder and concurrent cannabis use [27].
Furthermore, cannabis use has been shown to interact with and

decrease the beneficial effects of commonly prescribed
medication for individuals with attention deficit/hyperactivity
disorder [35]. In addition, cannabis use severity seems to worsen
attention deficit/hyperactivity disorder symptoms [36].
Therefore, we anticipated that individuals screening positive
for attention deficit/hyperactivity disorder might particularly
benefit from the CANreduce 2.0 intervention compared to
individuals without attention deficit/hyperactivity disorder
symptoms.

The aim of this study was to gain insights into the impact of
attention deficit/hyperactivity disorder symptoms on outcomes
when individuals who overuse cannabis participate in a
web-based intervention, in terms of the program’s efficacy
reducing cannabis use, while also examining how severity is
affected. In particular, we sought to answer the following
question: Does attention deficit/hyperactivity disorder severity
correlate with change in cannabis consumption posttreatment?
Secondary outcomes were changes in attention
deficit/hyperactivity disorder symptom severity, intervention
adherence and retention, and how safe the intervention was
perceived to be. We hypothesized (1) that the CANreduce 2.0
intervention would reduce cannabis use and associated mental
health problems (ie, depression and anxiety) in participants
whether they screened positive or negative for attention
deficit/hyperactivity disorder; (2) that participants screening
positive for attention deficit/hyperactivity disorder would benefit
to a greater extent, in terms of cannabis use reduction, than those
screening negative for attention deficit/hyperactivity disorder;
and (3) that baseline attention deficit/hyperactivity disorder
symptom severity would correlate with intervention-related
changes in other outcomes.

Methods

Study Design
We conducted secondary analysis of the CANreduce 2.0 data
set [33]. The sample was extracted from the 2 active intervention
arms (n=367), excluding all individuals in the internet-as-usual
group because the study’s purpose was not to determine whether
either active intervention was effective relative to a control
condition but to compare the degree of effect in patients
screening positive versus screening negative for attention
deficit/hyperactivity disorder. These 367 adults included 94
young adults who screened positive and 273 who screened
negative for comorbid attention deficit/hyperactivity disorder.
For our analysis, participants with attention deficit/hyperactivity
disorder in the 2 active intervention arms were pooled, as were
those who screened negative.

In the original 3-arm RCT, 2 active arms with an
adherence-focused, guidance enhanced, web-based self-help
intervention with and without a mostly automated personal
eCoach were compared with a nonactive arm (waiting-list
controls with access to internet services as usual). The concept
of adherence-focused guidance stems from observations that
guided self-help programs are more effective than programs
without guidance, based on the supportive-accountability model
[37]. Each of the 2 active interventions consisted of 8 modules
specifically developed to decrease cannabis use and reduce
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symptoms of common mental disorders such as attention
deficit/hyperactivity disorder, anxiety, and depression. Module
content was based on the strategies of motivational interviewing
and cognitive behavioral therapy. Study participants were
assessed after the intervention, by comparing their baseline
characteristics with reports obtained at the 3-month follow-up
assessment. Retention of participants in these subgroups was
evaluated weekly until the end of the intervention.

Recruitment
Recruitment took place from August 2016 through December
2018. Potential participants were recruited via the CANreduce
websites [38,39] and associated health-related websites linked
to the study. Recruitment also was achieved through
advertisements in relevant internet forums and newspapers (or
web-based versions thereof) and search engine website
advertisements. The recruitment process was not attention
deficit/hyperactivity disorder–specific—recruitment was neither
addressed to persons with attention deficit/hyperactivity
disorder, nor performed in attention deficit/hyperactivity
disorder-related institutions, websites, or forums. After
completing the 3-month follow-up survey, participants were
offered either a voucher (30€, approximately US $33.50) or the
choice to donate the equivalent amount to charity.

Consent Procedure, Registration, and Randomization
Participants could register on the website and had to provide
only minimal personal data (email address; a phone number to

be contacted, if follow-up questionnaires were not filled out;
and basic demographic data), in accordance with the CANreduce
2.0 research protocol.

Inclusion and Exclusion Criteria
Interested individuals initially were informed about the purpose,
background, and structure of the study. They were provided
with information on the inclusion and exclusion criteria (Table
1), followed by information on ethical safe-guards (the right to
withdraw at any time, confidentiality) and on data protection
and safety arrangements. Informed consent consisted of
activating several check boxes that restated important study
points and clicking a consent submission button. Potential
participants who stated they were in any psychosocial or
psychiatric treatment for their cannabis use disorder were
excluded. There was no question exploring previous face-to-face
attention deficit/hyperactivity disorder diagnostic or related
medication, since the rate of participants receiving current
psychiatric or pharmacological treatment for adult attention
deficit/hyperactivity disorder was expected to be low. Those
still interested and eligible were then asked to register on the
website and complete a baseline assessment, after which they
were randomized by a computer algorithm in a 1:1:1 ratio into
1 of the 3 study arms (2 active, 1 control). Participants in study
arms 1 and 2 were introduced, step by step, to their intervention,
while those in study arm 3 were informed that they would be
granted access to the intervention after they completed their
follow-up assessment 3 months later.

Table 1. Inclusion and exclusion criteria with rationales.

RationaleCriterion

Inclusion

Ensure knowledge of procedures and declaration
of consent

Informed consent via a web form

Ensure minimum age of participationAt least 18 years old

Include participants with less than daily cannabis
use and increase validity

Cannabis use at least once weekly over the last 30 days

Ensure access to the interventionInternet access at least once weekly and a valid email address

Ensure that participants understand the informa-
tion provided

Good command of the German language

Exclusion

Avoid confounding treatment effectsParticipation in other psychosocial or pharmacological treatments for the reduction or cessation
of cannabis use

Prevent individuals with such problems from en-
tering the study

Current pharmacologically treated psychiatric disease or any history of psychosis,
schizophrenia, bipolar type I disorder, or significant current suicidal or homicidal thoughts

Study Interventions
CANreduce version 1.0 [40,41] had already been shown to be
effective at reducing cannabis use by combining an automated
self-help program (web-based psychoeducation modules with
a consumption diary) with the opportunity for individual chat
counseling, both of which were grounded in motivational
interviewing, self-control practices, and classical cognitive
behavioral therapy. However, there were difficulties with
adherence, retention, and high dropout rates.

The current version (CANreduce 2.0) was designed to overcome
these difficulties, with the implementation of additional
adherence-focused guidance—feedback on demand and
enhanced adherence monitoring mainly through motivational
automated emails with weekly reminders, encouragement, and
suggestions for further self-help module interventions, and the
constant opportunity for participants to ask any questions they
might have throughout their participation in the web-based
program.
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The 2 active study arm groups received the same level of
enhanced support, but only study arm 1 received specific
enhancements with a social presence, based on Mohr’s
supportive accountability model [37]. This involved more
intimate, personally addressed emails, texts, and videos from a
constantly visualized eCoach, with the intention of creating a
more personalized atmosphere, greater alliance between the
user and eCoach, and a more considerate and caring
participant–counselor connection, and with no explicit need for
a certified therapist as constant backup.

Modules, Dashboard, and Consumption Diary
The CANreduce 2.0 self-help intervention consists of 8 modules
that encompass motivational interviewing techniques, traditional
cognitive behavioral therapy, self-control practices, and social
problem-solving [32]. Modules 1 and 2 are an introduction to
the program and its application, helping program users to work
through and identify individual triggers and triggering situations,
so they can avoid unintentional cannabis use (motivational
interviewing techniques [42], cognitive behavioral therapy
approach to relapse prevention [43]). In Modules 3-5, skills and
techniques are taught to enhance social relationships, restore
sleeping patterns, deal with ruminations (behavioral activation
approach [44]), and overcome situations considered risky for
relapse, such as feelings of discouragement (cognitive behavioral
therapy approach for relapse prevention [43] and to handle
cravings [45]). By establishing rules and rituals and applying
mindful positive thinking, self-talk, envisioning consequences,
and distraction techniques, the program’s aim is for users to
persevere in their attempts to reduce their cannabis consumption.
Modules 6-8 teach problem solving (social problem-solving
approach [46]) and rejection skills to help users resist cannabis
use that exceed their individual cannabis consumption plan
(based on cognitive behavioral therapy [45]); to meet challenges
in daily life, such as manifestations of depression; and, upon
program completion, to provide them with the opportunity for
a personalized review (motivational interviewing techniques
[43]).

The advanced version of CANreduce (2.0) is particularly tailored
to patients with a common mental disorder such as attention
deficit/hyperactivity disorder, to enhance program adherence
and achieve better outcomes via improved module content that
focuses on dis–related problems. These include associated
common mental disorder symptoms such as depressed mood,
and problem-solving skills (Module 6), as well as excessive
ruminations and poor sleeping habits (Module 3). In addition,
to help participants with attention deficit/hyperactivity disorder
who are known to be easily distracted, coping strategies (such
as focusing on cravings and letting them come and go) are
evaluated (Module 4).

The concept of adherence-focused guidance was implemented
to help participants who screened positive for attention
deficit/hyperactivity disorder focus on the tasks in the modules.
As an element of adherence monitoring, automated emails for
motivation and emails for information on feedback on demand
were sent to the participants.

The web-based program has a dashboard as its starting point
that includes an overview of all 8 modules, providing useful

information on a chronological timeline with follow-ups and
data acquisition. Program users are advised to fill in their
consumption diary at least once weekly, wherein participants
in both active study arms were asked to define their individual
standardized joint (on the basis of 36 photographs with specific
cannabis doses) and their cannabis reduction goals at baseline.
Participants could choose from 6 different fictional companions
to accompany them through the program by communicating
written thoughts and questions for further encouragement and
reflection.

Ethics and Data Protection
The study was conducted in accordance with the Declaration
of Helsinki, the European Directive on medical devices
93/42/EEC, and the ISO Norm 14155 and ISO 14971 of Swiss
Law and Swiss Regulatory Authority requirements [32]. The
study was approved by the ethics committee of the Canton of
Zurich (2016-00264) and is registered (ISRCTN11086185).

Outcome Measures and Instruments
Sociodemographic data that were obtained included sex, age,
country of origin, and highest level of education. Baseline
characteristics pertaining to substance use included the number
of cannabis joints consumed over the preceding 7 days, years
of cannabis use, age at which regular cannabis use started, years
of cannabis use, and any other substances consumed over the
30 days immediately preceding the study.

The study’s primary outcome was change in the number of days
in which cannabis was consumed over the preceding 30 days
according to the timeline follow-back method [47], which was
compared between baseline and the 3-month follow-up
assessment. Secondary outcomes were changes in the Severity
of Dependence Scale (SDS) score, which can range from 0 to
15, with a score >4 indicating cannabis dependence [48];
cannabis use disorder identification test score (CUDIT), which
can range from 0 to 40, with a score ≥ 8 indicating hazardous
cannabis use and a score ≥12 indicating possible cannabis use
disorder [49]; symptoms (cut off score >14) reported using the
ADHD Self-Report scale (ASRS) version 1.1, which can range
from 0 to 24 [3]; depression cut off score >16, using Center for
Epidemiologic Studies Depression (CES-D), which can range
from 0 to 60 [50]; anxiety, using the Generalized Anxiety
Disorder scale (GAD) cut off score >10, which can range from
0 to 21 [51]; and Posttraumatic Stress Disorder short screening
scale score, which can range from 7 to 28, with a cutoff sum
score ≥4 suggesting posttraumatic stress disorder. Additional
outcomes of interest were participant retention throughout the
course of the study (defined as each person’s weekly diary
completion rate), level of adherence to the intervention (defined
as the number of modules each person completed), and any
perceived adverse effects that participants attributed to the
program. Study outcomes are described in greater detail
elsewhere [31].

Statistical Analysis
Sociodemographic parameters and baseline clinical
characteristics were compared between those screening positive
and negative for attention deficit/hyperactivity disorder, using
Pearson chi-square analysis for categorical variables, analysis
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of variance for continuous variables, and the Kruskal-Wallis H
test for ordinal variables.

Main outcomes of interest were compared between baseline
and 3-month follow-up using paired t tests within each
group—individuals with attention deficit/hyperactivity disorder
(screened positive) and individuals without attention
deficit/hyperactivity disorder (screened negative). An ASRS
score >13 was considered attention deficit/hyperactivity disorder
positive. Linear regression analyses were conducted with
attention deficit/hyperactivity disorder screening group
allocation as the predictor variable, controlled for the baseline
value of the respective outcome variable to compare the
individuals with attention deficit/hyperactivity disorder and
individuals without attention deficit/hyperactivity disorder
screen groups. To identify associations between attention
deficit/hyperactivity disorder symptom severity and reductions
in the primary and secondary outcomes after the intervention,
Spearman rank correlation coefficients were calculated. The
Fisher exact (2-tailed) test was used to compare the occurrence
of adverse effects between individuals who screened positive
and individuals who screened negative for attention
deficit/hyperactivity disorder. Rates of retention, adherence,
and perceived adverse effects were compared between
individuals with attention deficit/hyperactivity disorder and
individuals without attention deficit/hyperactivity disorder
screen using 2-tailed paired t tests. We used intention-to-treat
analysis. Missing values were imputed by means of chained
equations with 20 sets of imputations [32]. The criterion for
statistical significance was P<.05, and all inferential testing was
2-tailed.

Results

Baselines Characteristics of the Study Participants
Participants were predominantly male (263/367, 71.6%). The
mean age was 27.9 years old (SD 7.5 years). No significant
differences in age (P=.15) or the highest level of education
(P=.36) between individuals with and without attention
deficit/hyperactivity disorder were detected. The largest
percentage of participants were from Switzerland (140/367,
38.1%), followed by Austria (134/367; 36.5%) and Germany
(91/367, 24.7%).

All participants screened higher than the cutoff value (CUDIT
≥8) for cannabis use disorder. In the group with attention
deficit/hyperactivity disorder, both the CUDIT and the SDS
score were significantly higher (P<.001) than those in
individuals screening negative. Scale scores for common mental
disorder were also significantly higher (anxiety: P<.001;
depression: P<.001; posttraumatic stress disorder: P=.005) in
individuals with attention deficit/hyperactivity disorder than in
those without.

The mean age of participants when they first started using
cannabis was 20.0 years (SD 5.3 years), with a mean 7.9 years
(SD 6.7 years) since the start of cannabis use. There were no
statistically significant differences between groups for either
starting age (P=.45) or duration of use (P=.31). Over the 7 days
preceding the CANreduce 2.0 intervention, participants smoked
a mean of 21.9 standard joints (SD 15.8 joints) per week. All
participants reported cannabis consumption within the preceding
30 days, and 37% (134/367) reported risky alcohol use, which
was defined as the consumption of 5 or more standard drinks
on a single occasion (Table 2).
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Table 2. Baseline characteristics of the study participants, by group and overall.

P value

F test (df1,df2) or

chi-square (df)aAll (n=367)

Without atten-
tion deficit/hy-
peractivity disor-
der (n=273)

With attention
deficit/hyperac-
tivity disorder
(n=94)Characteristic

.450.58 (1)aSex, n (%)

104 (28.3)74 (27.1)30 (31.9)Female

263 (71.6)199 (72.8)64 (68.0)Male

.152.10 (1,365)27.9 (7.5)28.2 (7.5)26.9 (7.5)Age, mean (SD)

.3613.16 (5)aHighest education level, n (%)

26 (7.0)16 (5.8)10 (10.6)Compulsory school

63 (17.1)46 (16.8)17 (18.0)Apprenticeship

114 (31.0)79 (28.9)35 (37.2)Middle school

55 (14.9)44 (16.1)11 (11.7)Higher professional education

93 (25.3)76 (27.8)17 (18.0)University

16 (4.3)12 (4.3)4 (4.2)Not stated

.660.82 (2)aOrigin, n (%)

140 (38.1)101 (36.9)39 (41.4)Switzerland

91 (24.7)67 (24.5)24 (25.5)Germany

134 (36.5)103 (37.7)31 (32.9)Austria

2 (0.5)2 (0.7)0 (0)Unknown

.142.16 (1,365)21.9 (15.8)21.2 (16.2)24.0 (14.4)Number of cannabis joints in preceding 7 days, mean (SD)

.034.76 (1,365)25.4 (6.1)25.0 (6.4)26.6 (4.9Number of days cannabis (≥1 joint) was consumed in preced-
ing 30 days, mean (SD)

.311.03(1,365)7.9 (6.7)8.1 (6.9)7.3 (6.1)Duration cannabis use (in years), mean (SD)

.450.58 (1,365)20.0 (5.3)20.1 (5.2)19.6 (5.5)Age of onset of regular cannabis use (in years), mean (SD)

<.00141.10 (1,365)20.6 (5.7)19.6 (5.6)23.7 (4.6)Cannabis Use Disorder Identification Test score, mean (SD)

<.001438.60 (1,365)10.7 (4.0)9.0 (2.9)15.8 (1.9)Adult ADHD Self-Report scale score, mean (SD)

<.00131.01 (1,365)7.6 (3.2)7.1 (3.1)9.1 (3.0)Severity of Dependence Scale score, mean (SD)

<.00139.40 (1,365)21.7 (10.7)19.8 (10.5)27.4 (9.1)Center for Epidemiological Studies Depression scale score,
mean (SD)

<.00155.90 (1,364)7.6 (4.9)6.6 (4.5)10.7 (4.9)Generalized Anxiety Disorder scale score, mean (SD)

.0058.18 (1,118)12.9 (4.8)12.2 (4.8)14.9 (4.5)Posttraumatic Stress Disorder Short Screening scale score,
mean (SD)

Years of substance use

.311.03 (1,365)7.9 (6.7)8.1 (6.9)7.3 (6.1)Cannabis, mean (SD)

.301.08 (1,332)5.1 (6.4)5.3 (6.5)4.5 (6.2)Alcohol, mean (SD)

.420.66 (1,318)1.7 (3.8)1.8 (4.0)1.4 (3.1)Alcohol, hazardous consumptionb, mean (SD)

<.00111.15 (1,316)0.4 (2.1)0.2 (1.1)1.1 (3.8)Cocaine, mean (SD)

Substance use in last 30 days, n (%)

N/AN/Ac367 (100)273 (100)94 (100)Cannabis

.610.26 (1)a287 (78.2)213 (78.0)74 (78.7)Alcohol

.540.38 (1)a134 (36.5)99 (36.2)35 (37.2)Alcohol, hazardous consumption

.390.73 (1)a24 (6.5)16 (5.8)8 (8.5)Tranquilizer
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P value

F test (df1,df2) or

chi-square (df)aAll (n=367)

Without atten-
tion deficit/hy-
peractivity disor-
der (n=273)

With attention
deficit/hyperac-
tivity disorder
(n=94)Characteristic

.102.73 (1)a50 (13.6)32 (11.7)18 (19.1)Cocaine

.152.05 (1)a72 (19.6)49 (17.9)23 (24.4)Amphetamines

.231.44 (1)a25 (6.8)22 (8.0)3 (3.1)Hallucinogens

N/AN/A0 (0)0 (0)0 (0)Heroin

N/AN/A1 (0.2)1 (0)0 (0)Methadone

.370.79 (1)a13 (3.5)8 (2.9)5 (5.3)Other substances

aA chi-square test was used where indicated.
bHazardous alcohol consumption is defined as 5 or more standard drinks (50 mL of spirits, 150-200 mL of wine, or 330-450 mL of beer) per day at
least 3 days a week [52].
cN/A: not applicable.

Main Outcomes
Both individuals with attention deficit/hyperactivity disorder
(mean difference 11.53, SD 21.87; P<.001) and individuals
without attention deficit/hyperactivity disorder (mean difference
8.53, SD 9.4; P<.001) reported a significant reduction in days
in the preceding month on which ≥1 joint was consumed.
Likewise, a significant decrease was apparent in both the
reported severity of dependence score (with: mean difference
3.57, SD 3.65, P<.001; without: mean difference 2.47, SD 3.39,
P<.001) and cannabis substance use disorder score (with: mean
difference 6.38, SD 5.96, P<.001; without: mean difference
5.33, SD 6.05, P<.001).

A similar pattern was evident for both anxiety (GAD
score—with: mean difference 4.31, SD 4.71, P<.001; without:
mean difference 1.84, SD 4.22, P<.001), and depression (CES-D
score—with: mean difference 10.25, SD 10.54, P<.001; without:
mean difference 4.39, SD 10.22, P<.001). However, the decrease

in ASRS score was significant for the group with attention
deficit/hyperactivity disorder (mean difference 4.65, SD 4.44;
P<.001) but that for the group without attention
deficit/hyperactivity disorder was not (mean difference 0.83,
SD 4.10; P=.19).

There were no significant differences in change in use (P=.08),
dependence (P=.95), use disorder (P=.85), attention
deficit/hyperactivity disorder status (P=.84), depression (P=.84),
and anxiety (P=.26) between baseline and final follow-up,
dependent on ASRS score >14 (ie, having attention
deficit/hyperactivity disorder) (Table 3 and Table 4).

Attention deficit/hyperactivity disorder symptom severity at
baseline was not associated with reduced cannabis consumption
(P=.19), severity of dependence (P=.14), or cannabis use
disorder scores (P=.69); however, more severe attention
deficit/hyperactivity disorder symptoms at baseline were
associated with greater reductions in depression (P<.001) and
anxiety (P<.001) after the intervention (Table 5).

Table 3. Comparison between outcomes at baseline and at the 3-month follow-up (intention-to-treat analysis)

With attention deficit/hyperactivity disorder (n=94)Without attention deficit/hyperactivity disorder (n=273)Outcome

95% CIEffect size,
Cohen d

Follow-up,
mean (SD)

Baseline,
mean (SD)

95% CIEffect size,
Cohen d

Follow-up,
mean (SD)

Baseline,
mean (SD)

0.59 to 0.940.7715.05 (9.76)26.59 (4.93)0.70 to 1.311.0116.49 (10.04)25.00 (6.40)Number of days
cannabis (≥1 joint)
was consumed in pre-
ceding 30 days

0.47 to 0.820.655.55 (2.86)9.13 (3.02)0.51 to 1.110.814.63 (3.02)7.10 (3.06)Severity of Depen-
dence Scale

0.33 to 0.670.5017.34 (5.87)23.72 (4.61)0.58 to 1.180.8814.26 (6.40)19.59 (5.65)Cannabis Use Disor-
der Identification Test

0.41 to 0.750.5811.15 (4.40)15.80 (1.88)−0.05 to 0.520.248.17 (4.01)9.00 (2.95)Adult ADHD Self-
Report scale

0.57 to 0.920.7517.16 (10.03)27.41 (9.06)0.30 to 0.880.5915.38 (9.96)19.77 (10.53)Center for Epidemio-
logical Studies Depres-
sion scale

0.59 to 0.930.766.37 (3.56)10.68 (4.87)0.17 to 0.750.464.71 (3.53)6.57 (4.49)Generalized Anxiety
Disorder scale
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Table 4. Regression analysis of changes in cannabis consumption, attention deficit/hyperactivity disorder, depression, and anxiety 3 months after
initiating the intervention (intention-to-treat analysis, n=282)

P valuet value95% CIB (SE)Outcome variable

.08−1.73−7.18 to 8.58−3.72 (2.14)Number of days cannabis (≥1 joint) was consumed in preceding 30 days

.950.05−1.31 to 1.390.03 (0.68)Severity of Dependence Scale

.850.18−1.48 to 7.160.26 (1.41)Cannabis Use Disorder Identification Test

.840.201.38 to 5.540.20 (1.03)Adult ADHD Self-Report scale

.840.201.38 to 5.540.20 (1.03)Center for Epidemiological Studies Depression Scale

.261.111.24 to 3.400.89 (0.80)Generalized Anxiety Disorder scale

Table 5. Spearman rank correlation coefficients for baseline attention deficit/hyperactivity disorder symptom severity versus primary and secondary
outcome change scores.

P valuet value95% CISpearman ρOutcome variable

.191.31−0.07 to 0.330.14Number of days cannabis (≥1 joint) was consumed in preceding 30 days

.141.49−0.04 to 0.260.11Severity of Dependence Scale

.690.39−0.16 to 0.240.04Cannabis Use Disorder Identification Test

<.0014.330.19 to 0.460.33Center for Epidemiological Studies Depression Scale

<.0013.57−0.13 to 0.420.28Generalized Anxiety Disorder scale

Retention
Figure 1 shows the rate at which participants made entries into
the consumption diary from week 1 through week 6 after
baseline, and at the final follow-up assessment for both study
groups. A significant intergroup difference was apparent at the
final 3-month follow-up assessment, with a lower percentage

of individuals having filled out the diary in the individuals with
attention deficit/hyperactivity disorder than the individuals
without attention deficit/hyperactivity disorder screen group

(χ1
2=5.21, P=.02). Overall, there was no significant association

between baseline attention deficit/hyperactivity disorder
symptom severity and retention rate (ρ=−0.10, P=.13).

Figure 1. Retention throughout the study period of participants who screened positive for attention deficit/hyperactivity disorder (ADHD) (blue) versus
those who screened negative (red).

Participant Adherence
There was no statistically significant difference (t159.27=0.96,
P=.34) in the number of modules completed among those
screened positive for attention deficit/hyperactivity disorder

(mean 2.10, SD 2.33) and those who screened negative (mean
2.36, SD 2.36). There also was no significant association
between the magnitude of decrease in attention
deficit/hyperactivity disorder symptoms and the number of
completed modules (ρ=−0.09, P=.43).
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Safety
Of 55 individuals who completed the questionnaire on adverse
intervention effects, 44 (80%) answered that they had not
experienced any negative effects during the study, while 7
people (12.7%) answered that an adverse effect had affected
them somewhat negatively, 3 people (5.4%) answered that an
adverse effect had affected them quite negatively, and 1 person
(1.8%) an adverse effect had affected them to a great extent.
There was no significant difference in the percentage of
individuals screening positive with attention deficit/hyperactivity
disorder and individuals screening negative with attention
deficit/hyperactivity disorder who reported adverse effects
(P=.33).

Discussion

Principal Results
In this study, we aimed to evaluate whether the CANreduce 2.0
program can reduce cannabis use in adults who screen either
positive or negative for attention deficit/hyperactivity disorder,
and whether individuals screening positive might benefit more
from the program than those screening negative. Furthermore,
we aimed to determine whether individuals with a positive
attention deficit/hyperactivity disorder screen and more severe
attention deficit/hyperactivity disorder symptoms might benefit
most from the CANreduce 2.0 program. The study’s main
finding was that participation in the CANreduce 2.0 program
reduced cannabis consumption from baseline to follow-up, both
among individuals who screened positive and individuals who
screened negative for attention deficit/hyperactivity disorder.
Both SDS scores and CUDIT scores, indicating that the severity
of dependence (both groups: P<.001) and frequency of cannabis
use (both groups: P<.001), respectively, also were significantly
lower after participation in the program; however, no significant
differences (SDS: P=.14; CUDIT: P=.69) in the magnitude of
reduction in these scores were apparent between participants
who screened positive for attention deficit/hyperactivity disorder
and those who screened negative. Similarly, psychological
comorbidities—such as anxiety and depression—also improved
after program participation, with significant changes observed
in both the attention deficit/hyperactivity disorder positive and
negative screening groups (P<.001). Participants with more
severe attention deficit/hyperactivity disorder symptoms at
baseline exhibited a greater reduction in depression and anxiety
than those with milder symptoms. The rate of retention was
significantly less (P=.02) in the individuals with attention
deficit/hyperactivity disorder group at the end of the study period
3 months after starting the program, while attention
deficit/hyperactivity disorder symptom severity was not
significantly associated with the retention rate (P=.13). Those
screening positive for attention deficit/hyperactivity disorder
and those screening negative did not significantly differ in their
adherence to the program (P=.43) or the number reporting
adverse events (P=.33).

Although cannabis is a widely used psychoactive substance that
may induce dependency and cause associated problems, many
users do not seek help at outpatient addiction centers. Reasons
for this include the relative inaccessibility of treatment centers,

fear of stigmatization, and inadequate awareness that treatment
is needed [40]. Web-based self-help programs have yielded
beneficial results for alcohol and tobacco users [53-56], but
information on the efficacy of such programs for cannabis users
is limited. Users with comorbid psychiatric diseases, such as
attention deficit/hyperactivity disorder, might particularly benefit
from web-based self-help with adherence-focused guidance, as
their attention deficit/hyperactivity disorder could innately
aggravate their ability to adhere to a program lacking such
support. However, no significant differences between the 2
screening groups in our study (those screening positive vs
negative for attention deficit/hyperactivity disorder) were
evident, in terms of reducing cannabis consumption (P=.08),
the severity of dependence (P=.95), cannabis substance use
disorder (P=.85), anxiety (P=.26), or symptoms of depression
(P=.84), as all these outcomes were reduced similarly in the 2
groups. Hence, the program appears to provide similar benefits
to cannabis users who screen positive and those who screen
negative for attention deficit/hyperactivity disorder, which is
contrary to our expectation of a particular benefit for users with
attention deficit/hyperactivity disorder.

Participants who screened positive for attention
deficit/hyperactivity disorder filled out the consumption diary
to a lesser extent over the course of follow-up. It is, therefore,
possible that participants screening positive for attention
deficit/hyperactivity disorder used the intervention less than
those without attention deficit/hyperactivity disorder over time
and, as such, the program’s effects might have been blunted in
that group. At the same time, there were no differences in
adherence between the 2 groups, which means that, over the
course of the intervention, those screening positive and negative
for attention deficit/hyperactivity disorder participated in the
program to roughly the same degree. This is an encouraging
outcome, as it potentially indicates that individuals with attention
deficit/hyperactivity disorder can, indeed, participate in and
adhere to a web-based remote intervention such as CANreduce
2.0. However, it was our assumption that those with more
attention deficit/hyperactivity disorder symptoms would profit
most from adherence-focused guidance. This assumption of
ours was based on the beneficial effect of guidance in
internet-based interventions [57] and the known deficits of
individuals with attention deficit/hyperactivity disorder
regarding impulse inhibition, working memory, organization,
and planning skills [58].

Unfortunately, no conclusion can be drawn regarding possible
withdrawal symptoms in our study; we did not assess withdrawal
symptoms because we had previously found [50] that the vast
majority of persons reduced their cannabis use slowly and
gradually, and probably with no or only occasionally very mild
withdrawal symptoms occurred.

In our study sample, we observed differences in the completion
rates for individual modules in the CANreduce 2.0 program
between participants who screened positive versus negative for
attention deficit/hyperactivity disorder. Baseline differences
between these groups in their CUDIT, ASRS, SDS, CES-D,
and GAD-7 scores might explain these differences, given that
individuals screening positive for attention deficit/hyperactivity
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disorder entered the program with higher scores for all these
measures.

Overall, the only significant difference between those with
attention deficit/hyperactivity disorder and those without
attention deficit/hyperactivity disorder was the reduction in
mean attention deficit/hyperactivity disorder score between
baseline and final follow-up (P<.001); however, individuals
with attention deficit/hyperactivity disorder had higher initial
attention deficit/hyperactivity disorder severity scores, which
could explain this difference in the degree of improvement. That
the severity of attention deficit/hyperactivity disorder-specific
symptoms was reportedly reduced after the intervention is highly
relevant, because it indicates that a cannabis-specific
intervention can lead to reduced attention deficit/hyperactivity
disorder severity. However, this might be a cannabis
dose–dependent and not a simple direct effect, and verifying
this would require controlled pharmacological research. That
attention deficit/hyperactivity disorder severity at baseline was
inversely correlated with the extent of change in comorbid
anxiety and depression indicated that potential effects of the
program might have been overlooked, as a result of the
allocation of participants based on predefined threshold of
symptoms.

The mean number of completed modules was very low for both,
individuals who screened positive for attention
deficit/hyperactivity disorder severity (mean 2.10, SD 2.33) and
individuals who screened negative for attention
deficit/hyperactivity disorder severity (mean 2.36, SD 2.36).
This number is low because approximately one-third of
participants only logged in briefly, worked through the first
module, and never logged in again. These early dropouts are a
common problem in web-based interventions [59], especially
with interventions that set the hurdles for study participation
low (exclusively web-based recruitment, broad inclusion criteria,
and only a web-based baseline questionnaire).

On the other hand, a sizeable proportion of participants stayed
in the program for the first 2 weeks and then worked through a
large number of the modules. Nevertheless, efforts should
continue to find ways to reduce the high dropout rates
experienced with this web-based program. The next steps to
improve the program could be, for example, identifying through
qualitative interviews the background and evaluations of the
program by participants screening positive versus those
screening negative for attention deficit/hyperactivity disorder.

Limitations
This study has certain limitations that must be considered. First,
there were baseline differences between the 2 study groups,

including a higher number of cannabis use days in those
screening positive for attention deficit/hyperactivity disorder.
Second, the follow-up duration of 3 months might have been
too short to establish any long-term effectiveness of the
CANreduce 2.0 program; a longer period of follow-up could
provide insights into how well program users retain whatever
benefits they appear to achieve from the program. Third, the
influence of personalized counseling on the observed outcome,
being just one component of the program, cannot be ascertained.
Fourth, formally diagnosing attention deficit/hyperactivity
disorder requires at least one detailed face-to-face assessment;
but given that this study targeted individuals who overuse
cannabis in the general population who were not otherwise in
treatment for their cannabis use, we had no choice but to rely
on a web-based attention deficit/hyperactivity disorder screening
instrument and no actual person-to-person contact. Fifth,
potential, unrecognized confounders might have resulted from
individuals not being randomly assigned to the 2 study groups
of interest—those screening positive versus negative for
attention deficit/hyperactivity disorder—and any one of these
potential confounders could have biased results. Sixth, our
analyses were limited by a sample size that was powered for
the main study and not specifically for comparisons of those
screening positive versus negative for attention
deficit/hyperactivity disorder. Seventh, 2 items in the ASRS
screening tool, which we used to measure attention
deficit/hyperactivity disorder symptoms, might be prone to
elevated scores in heavy cannabis users who do not suffer from
attention deficit/hyperactivity disorder. False-positive results
could, thereby, result from potential overlap of symptoms
between attention deficit/hyperactivity disorder and cannabis
use. Specifically, this refers to the items measuring appointment
or obligation forgetfulness and task avoidance or delay.
Furthermore, our decision to apply the ASRS [60] to measure
attention deficit/hyperactivity disorder symptoms was based on
our need to keep the assessment time brief. However, more
extensive scales exist such as the KATE [61] or CAARS [62]
would have most likely provided more reliable results.

Conclusions
The CANreduce 2.0 program appeared to benefit both
individuals with and without attention deficit/hyperactivity
disorder similarly. This web-based program offers a personalized
counselling option designed to increase intervention adherence
and may provide a viable option to reach cannabis users
remotely, including those with attention deficit/hyperactivity
disorder, and improve both psychiatric comorbidities and overall
condition.
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Abstract

Background: Road traffic injury is a pressing public health issue in Tanzania. Increasing helmet use among motorcycle drivers
can help reduce the burden due to road traffic injuries in the country. Helmet adherence can be supported through mobile health
interventions.

Objective: The aim of this study is to evaluate the comparative impact of two different types of SMS text messaging reminders
on motorcycle helmet use.

Methods: Participants were 391 commercial motorcycle taxi drivers in Dar es Salaam, Tanzania. Participants were randomized
into three groups, each receiving a different set of messages: (1) social norming messages aimed at emphasizing society’s positive
stance on helmet wearing, (2) fear appeal messages that emphasized the dangers of riding without a helmet, and (3) control group
messages, which included basic road safety messages unrelated to helmet use. Every participant received the control messages.
Adherence to helmet use was evaluated by self-report through surveys conducted at baseline, 3 weeks, and 6 weeks.

Results: At 6 weeks, the odds of self-reporting consistent helmet use were estimated to be 1.58 times higher in the social norming
group than in the control group (P=.04), though this difference was not significant after accounting for multiple testing. There
was little difference between fear appeal and control group recipients (odds ratio 1.03, P=.47). Subgroup analysis suggests that
both fear appeal and social norming message types might have been associated with increased helmet use among participants
who did not consistently wear helmets at baseline (odds ratio 1.66 and odds ratio 1.84, respectively), but this was not significant
(P=.11 and P=.07, respectively). Among those who were consistent wearers at baseline, the social norming messages performed
better than the fear appeal messages, and this difference reached traditional significance (P=.03), but was not significant after
accounting for multiple testing.
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Conclusions: The use of SMS text messaging reminders may improve helmet use among motorcycle drivers when framed as
social norming messages. Given that nearly half of the drivers in our sample did not consistently wear their helmets on every
trip, strategies to increase consistent usage could greatly benefit public safety.

Trial Registration: ClinicalTrials.gov NCT02120742; https://clinicaltrials.gov/ct2/show/NCT02120742

(J Med Internet Res 2022;24(4):e27387)   doi:10.2196/27387

KEYWORDS

road traffic injury; behavior change; SMS reminders; mobile health; vehicle safety; mHealth; SMS; traffic injuries; transportation;
public transportation; safety; automotive; automotive safety

Introduction

Road traffic injury is a pressing public health issue in Tanzania.
According to the Global Burden of Disease 2017 Study, road
traffic injury is the fourth leading cause of disability-adjusted
life years for men aged 15-49 years in Tanzania [1]. Men are
particularly at high risk of road traffic injury because nearly all
drivers of motorcycle taxis (“bodabodas” in Kiswahili, or
“bodas” for short), a major form of public transportation in the
country, are men.

Studies have shown that helmet use can significantly reduce
disability and death resulting from road traffic injuries [2].
Research conducted in Tanzania has shown that a lack of helmet
wearing increases the probability of fatality in a motorcycle
accident [3]. Efforts have been made by the Tanzanian
government to develop tighter helmet use laws [4]. However,
adherence to helmet use has remained dangerously low
throughout the country [5,6]. This is partly because enforcement
of laws is so limited [4].

One promising intervention to promote helmet wearing is the
use of persuasive SMS text messaging reminders delivered to
boda drivers. There is substantial evidence that mobile health
interventions using SMS text messaging can lead to behavior
change. For instance, in the largest study of its kind, texts
reminding participants not to smoke significantly increased the
likelihood that someone in a smoking cessation program would
stop smoking [7]. Other studies have shown that text reminders
can dramatically improve adherence to medication regimens
[8,9]. Because of the high prevalence of cell phone and SMS
text messaging use in Tanzania, especially among young people,
the context is appropriate for such an intervention [10]. We
implemented an innovative program that delivers SMS text
messages to boda drivers over a 6-week period, reminding and
persuading them to wear their helmets. To date, no program
like this has been rigorously evaluated via randomized trial.
The literature suggests that it takes approximately 21-42 days
to form a new habit, so a 6-week study period was determined
to be a sufficient time period to measure changes in helmet use
[11,12]. The rate of consistent helmet wearing at the study’s
6-week endpoint is the primary outcome of interest.

A key goal of this study is to measure which type of message
leads to the greatest increase in helmet use. Messaging based
on the social norming model, which promotes behavior change
by informing the target population of how most people behave
[13], could potentially be a more effective way of
communicating road safety messages, particularly for men,

compared to appealing to a fear of negative health outcomes,
which is a longstanding health communication method. Findings
from two recent studies support this idea by showing that road
safety advertisements with threats of social consequences, such
as the threat of losing one’s driving license, were more effective
at changing young males’ driving behaviors than were
advertisements depicting harsh physical consequences [14,15].
The fear appeal method, while historically prominent in the
field of public health, has more recently been shown to be
ineffective in leading to behavior change, especially among
young men [16]. For example, a study by Woolley et al [16]
demonstrated that men often dissociate their own speeding
behaviors from a social problem and therefore perceive related
fear appeals as being directed more toward others than
themselves. This is consistent with a broader trend in the
psychology of aging literature wherein younger adults are more
motivated by potential rewards than loss aversion, a balance
that reverses in older adulthood [17]. In this study, we aimed
to test social norming and fear appeal messages against a control
and against each other to see which, if either, has a greater
impact on helmet use. Our trial implementation was successful
and our results tentatively favor one type of message over the
other.

Methods

Study Design
We conducted a randomized controlled trial to evaluate the
impact of an SMS text messaging program on helmet use among
boda drivers in Dar es Salaam, Tanzania. Participants were
recruited in a convenience sample from the population of boda
drivers in 3 districts in Dar es Salaam. Boda drivers were
approached at boda stands with 3 or more boda drivers waiting
for clients. The inclusion criteria required participants to be ≥18
years old, own a mobile phone with SMS text messaging
capabilities, demonstrate the ability to retrieve SMS text
messages, and have access to a helmet. Preintervention power
calculations indicated that 385 participants would be needed to
detect a 20 percentage point increase in consistent helmet use
over an anticipated baseline of 32.4% being consistent users.
In total, 391 participants were recruited. There were no
incentives to join the study.

All participants were informed that they would receive 3 SMS
text messages per week. A prestudy questionnaire indicated that
the best time to deliver SMS text messages was between 6 AM
and 7 AM, during off-peak hours. Participants were randomized
into one of three study arms, with each group receiving a
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different type of message: (1) social norming (eg, “Most of your
peers properly wear their helmet every day – do you?”); (2) fear
appeal (eg, “If you do not wear your helmet while driving, you
will increase your chances of injury”); and (3) control, which
included basic road safety messages (eg, “This is a short
reminder to not speed while driving your boda”). Groups 1 and
2 received the control messages in addition to their
group-specific messages. The information in the group-specific
messages was designed to be both motivational and accurate,
and was based on a literature review of motorcycle helmet use
and road safety in Tanzania and the surrounding region.
Participants received the intervention between May and June
2014. Texts were delivered in the local language, Kiswahili,
using a mass-messaging platform called MightyText. Texts
were sent Monday, Wednesday, and Friday mornings. For the
complete message list and the literature source [2,18-23] for
each message, see Multimedia Appendix 1.

Randomization proceeded in a 4-step process that created
matched triplets of drivers and randomly assigned one member
from each triplet to each study arm. First, a logistic regression
of baseline consistent helmet use on demographic and
driving-habit covariates was used to create a propensity score
for predicting baseline helmet use. Second, participants were
stratified into two groups: those who at baseline reported they
had consistently worn their helmet on all trips in the past two
weeks, and those who reported inconsistent use. Third, within
the two strata, triplets were made, beginning by grouping the 3
individuals with the lowest use, then the next 3 lowest, and so
on, in the same “propensity triplet.” Only one individual with
the highest score remained unmatched into a triplet. Finally, for
each triplet, an integer from 1 to 6 was randomly drawn with
replacement. Each integer represented one of the 6 permutations
by which 3 (ordered) individuals may be assigned (one each)
to 3 different treatments: ABC, ACB, BAC, BCA, CAB, and
CBA. The individuals in the triplet were thereby simultaneously
assigned to an arm of the study, with one member in each
treatment arm. The last individual with the highest score was
similarly assigned, and treated as the lowest score in their own
triplet.

Matching in this fashion had two aims. First, it created equally
sized treatment arms, which maximized statistical power across
the planned group comparisons. Second, it was intended to

balance the drivers’ unobservable propensity to wear helmets
across treatment arms by ensuring that baseline helmet use and
predicted helmet use were balanced across treatment arms.
Stratification assured that equal numbers of consistent wearers
and inconsistent wearers were in each study arm, and matching
into triplets based on close propensity scores prior to random
assignment assured that estimated propensity to consistently
wear helmets was also balanced across treatment arms. Matching
on a propensity score constructed from observable covariates
has been shown to be sufficient to remove bias from all
covariates used to construct the propensity score [24]. Though
this technique was originally conceived to improve causal
inference in observational studies, matching on relevant
covariates before treatment assignment in randomized
experiments is now a common practice that can increase
efficiency of estimation and the power of hypothesis tests [25].
Moreover, inadvertently matching on irrelevant covariates prior
to a random assignment does not harm statistical efficiency or
power [25].

Participant adherence to helmet use was captured through
self-report surveys at baseline, at the 3-week midpoint of the
experiment, and at 6 weeks (conclusion of the experiment).

Ethics Approval
This study was approved by the Institutional Review Board
(Committee for the Protection of Human Subjects) at Dartmouth
College, United States (00024570), and the Ethics Review
Committee at Muhimbili University of Health and Allied
Sciences, Tanzania.

Study Population Baseline Characteristics
The baseline characteristics of the study population are shown
in Table 1. The mean age of participants was 28 years, all
participants were men, and a majority had at most an elementary
level education. At baseline, approximately 53% (207/391) of
participants claimed that they wore their helmet on every trip,
which was more than the 32% anticipated from previous
literature review, on which our power calculations were based.
There were no statistically significant differences across
treatments for any observed variable. Self-reporting of consistent
helmet wearing was perfectly balanced across treatment arms
by the stratified design of the randomization method.
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Table 1. Balance check for all observed baseline variables.

P valueTest statisticaControlFear appealSocial normingBaseline variable

.79X2(4)=1.71District (n=391), n (%)

42 (32.3)48 (36.6)51 (39.2)District 1

62 (47.7)61 (46.6)55 (42.3)District 2

26 (20)22 (16.8)24 (18.5)District 3

.43F=0.8627.9 (5.9)27.6 (6.7)28.6 (6.4)Age, years (n=384), mean (SD)

.75X2(2)=0.57Education (n=375), n (%)

90 (72)85 (69.1)86 (67.7)Elementary or none

35 (28)38 (30.9)41 (32.3)Junior high or above

.93X2(2)=0.1584 (65.6)85 (67.5)83 (65.4)Currently married (n=381), n (%)

.83X2(2)=0.3781 (63.3)82 (66.1)79 (62.7)Has children (n=378), n (%)

.13X2(2)=4.05124 (98.4)126 (100)128 (100)Cell phone self-owned (n=380), n (%)

.56F=0.594.93 (2.2)5.28 (3.2)5.19 (2.4)Household size (n=386), mean (SD)

.59X2(4)=2.81Primary driving setting (n=380), n (%)

30 (24.4)29 (22.3)25 (19.7)Urban/downtown

23 (18.7)32 (24.6)24 (18.9)Suburban/residential

70 (56.9)69 (53.1)78 (61.4)Both equally

.81X2(6)=3.00Night driving frequency (n=389), n (%)

36 (27.7)42 (32.3)34 (26.4)Never

45 (34.6)43 (33.1)41 (31.8)Sometimes

33 (25.4)26 (20)32 (24.8)Usually

16 (12.3)19 (14.6)22 (17.1)Always

>.99X2(2)=0.0169 (53.1)69 (52.7)69 (53.1)Wears helmet consistently (n=391), n (%)

.74X2(6)=3.55Speeding frequency (n=390), n (%)

20 (15.4)18 (13.9)15 (11.5)Never

36 (27.7)42 (32.3)41 (31.5)Sometimes

70 (58.9)64 (49.2)65 (50)Usually

4 (3.1)6 (4.6)9 (6.9)Always

.19X2(6)=8.71Weekend driving (n=391), n (%)

7 (5.4)3 (2.3)9 (6.9)Never

33 (25.4)36 (27.5)21 (16.2)Sometimes

32 (24.6)33 (25.2)30 (23.1)Usually

58 (44.6)59 (45.0)70 (53.9)Always

aChi-square tests were conducted for all variables except for the age and household size variables, for which an analysis of variance was conducted.

Statistical Methods
The primary outcome of the study was self-reported adherence
to helmet use as measured by the question, “In the past week,
how often did you wear your helmet: (1) Every trip; (2) Not
every trip.” We compared the adherence rate between
experimental groups and between each experimental group and
the control. A secondary outcome was heterogeneity of treatment
effect by baseline helmet use habits.

A reliance on self-reports potentially introduces measurement
error due to possible social desirability bias. Because helmet
use is legally required, participants may have reported wearing
them more frequently so as to be viewed positively. We aimed
to overcome the social desirability bias by ensuring that the
survey responses were anonymous. One indication that this
strategy may have been successful is shown in survey
respondents’ self-reported frequency of speeding; interestingly,
56% (218/390) of respondents were willing to admit to
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exceeding speed limits “frequently” or “always.” Another 30%
(129/390) reported speeding at least “sometimes.” Speeding
would be expected to be subject to the same social desirability
bias as helmet use, but many respondents were willing to
self-report this behavior in the anonymous survey.

To investigate the effect of treatment arm assignment, several
logistic regressions of consistent helmet use on treatment
assignment were run. All statistical analyses were performed
using R (version 3.0.2; R Foundation for Statistical Computing).
All specifications were structured to estimate an intent-to-treat
effect. For all group comparisons in all specifications, statistical
significance of group difference was performed by permutation
analysis as follows. First, the specification was run on all data
using the true treatment assignment. The analysis was then rerun
with each triplet of individuals (falsely) rerandomized with
replacement to one of the 6 possible permutations of treatment
assignments for that triplet. Performing this analysis with many
permutations wherein analyzed treatment assignments have no
relation to the intervention or associated outcomes recreates the
distribution of the null hypothesis in which treatment and
outcomes are unrelated. The analysis was run with 5000-10,000
permutations (depending on the specification), and significance
was assessed by the percentage of runs in which the null
distribution yielded results of larger magnitude than that of the
true treatment assignment. Permutation tests have been shown
to be valid for conducting any test of a null hypothesis of no
treatment effect within an experimental sample, conditional on
the single requirement that treatment has been randomly
assigned [26].

Results

Our intervention was delivered over a 6-week period, with
helmet use measurement at week 3 and week 6. The primary
outcome of interest is the proportion of self-reported consistent

helmet use at week 6. Unadjusted levels of reported helmet use
for each group at both time points are shown in Table 2.

The final row represents the difference between a group’s week
6 difference from control and the group’s baseline difference
from control.

Potential heterogeneity of effect by randomization strata was
investigated by analyzing participants in two subgroups based
on whether they were or were not consistent helmet wearers at
baseline. Intervention effects had strong potential to be different
in magnitude between these strata because the mechanism of
effect was necessarily different between these groups. Among
already consistent wearers, the only possible mechanism of
effect is maintenance of adherence; conversely, for the
inconsistent wearers, the only possible mechanism is promotion
of adherence among the not yet adherent. Knowledge about
heterogeneity or consistency of effect is important for future
targeting of interventions. Unadjusted results are shown in Table
3.

The results in Table 2 show that the fear appeal and control
groups had little change over the 6-week period. However, the
group receiving social norming SMS text messages showed a
final 11.1% lead over the control group in consistent helmet
wearing despite their initial equal levels.

The results in Table 3 potentially indicate even more striking
differences between treatment arms. Among drivers always
wearing their helmets at baseline, the social norming arm had
9.6% more drivers stay consistent than the control arm, and the
fear appeal group actually had 8.3% fewer drivers stay
consistent, potentially denoting a detrimental effect of fear
messages in this subgroup. Among drivers that began as
inconsistent helmet wearers, 36% (18/50) of the control group
became consistent helmet wearers, but the gains in the fear
appeal and social norming arms were even larger (28/58, 48.3%
and 29/57, 50.9%, respectively).

Table 2. Drivers reporting helmet use every trip (all time points).

Social normingFear appealControlObservations

69/130 (53.1)69/131 (52.7)69/130 (53.1)Baseline, n/N (%)

0.0–0.4ReferenceDifference from control, %

70/122 (57.4)62/117 (53)62/113 (54.9)Week 3, n/N (%)

2.5–1.9ReferenceDifference from control, %

74/116 (63.8)63/118 (53.4)58/110 (52.7)Week 6, n/N (%)

11.10.7ReferenceDifference from control

11.11.1ReferenceWeek 6 difference in differences
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Table 3. Drivers reporting helmet use for every trip at 6 weeks, by baseline answer.

Social normingFear appealControlHelmet use

Subgroup: baseline “consistent wearers”

45/59 (76.3)35/60 (58.3)40/60 (66.7)Week 6, n/N (%)

9.6–8.3ReferenceDifference from control

Subgroup: baseline “inconsistent wearers”

29/57 (50.9)28/58 (48.3)18/50 (36)Week 6, n/N (%)

14.912.3ReferenceDifference from control

Hypothesis testing of group-level differences was performed
with logistic regression and P values were generated via
nonparametric permutation testing to account for the correlations
induced by the multistep randomization process. Regressions
unadjusted for any covariates are shown in Table 4, which tests
the odds ratios associated with the risk differences presented in
Table 2 and Table 3. The first two columns display test results
of whether each treatment arm statistically differed from the
control arm. The final column of Table 4 shows tests of whether
and how the effects of the two treatment arms statistically differ
from each other. The first row of Table 4 presents these tests
using all observations. The second and third rows present these
same tests within the two subgroups of baseline “always
wearers” and baseline “inconsistent wearers.” Whether there
was a heterogeneous effect of treatment assignment by this
baseline subgrouping is displayed in the last row of Table 4,
which tests for effect modification by taking the ratio of the
odds ratios between the subgroups and testing whether this ratio
is significant via permutation.

In comparing the two intervention arms to the control arm,
1-sided tests of significance were used, justified by the strong
a priori expectation that the two message types would only
encourage, not discourage, helmet wearing. However, because
we had no such a priori expectation that one messaging
intervention would work better than the other, a 2-sided test
was used whenever comparing the social norming and fear
appeal groups.

Using all observations in an unadjusted analysis, participants
in the social norming arm had odds of consistently wearing their
helmet that were 1.58 times the odds of the control group, which
was the strongest measured association. Jointly testing all three
possible group comparisons among all participants is this study’s
primary, trial-registered outcome, and it was preplanned to use
a Holm-Bonferroni correction to account for this multiple
testing. The 1-sided P value of .04 comparing the social norming
arm to the control arm was not enough to satisfy the
Holm-Bonferroni cutoff for simultaneously testing 3 null
hypotheses, which requires that the most significant of 3 P

values be less than or equal to .05/3 (.0167) to set a maximum
Type I family-wise error rate of .05.

Within the subgroup of participants that started as consistent
helmet wearers, neither intervention arm differed significantly
from the control arm. The social norming group was measured
to have 2.30 times the odds of the fear appeal group of
consistently wearing their helmets (P=.03). However, this is
nonsignificant under the Holm-Bonferroni correction for
simultaneously testing 3 group differences in this subset. In the
subgroup of participants that were not consistent users at
baseline, both intervention arms outperformed the control group,
but their gains, while perhaps clinically meaningful in size, were
not statistically significant at a threshold of P<.05. Finally, the
lowest section of Table 4 investigates whether the same message
arms had different effects between the two subgroups (baseline
“always wearers” and baseline “inconsistent wearers”). Although
the measured effects had seemingly large differences across
subgroups, these differences had P values well above .05.

After the unadjusted analysis, the same set of logistic regressions
was performed including a set of demographic factors and
baseline driving habits as controls. These controls were marital
status, driving setting (primarily downtown or primarily
suburban portions of the city), frequency of driving at night,
and frequency of driving on the weekend. This list of controls
was somewhat smaller than originally intended for several
reasons. Originally, age and whether the driver had children
were intended to be included in the controls, but strong
multicollinearity between age, marital status, and having
children precluded using all three simultaneously. Marital status
was deemed to be the best summary indicator of the three as its
effect was most consistent and interpretable across
specifications. In addition, large amounts of missingness in
self-reported income precluded its inclusion as a control
variable. Table 5 reports the results of the adjusted logistic
regressions.

The results in Table 5 follow those in Table 4 with relatively
minor deviations. Given that the included variables were part
of the original propensity score matching, it is unsurprising that
their inclusion fails to alter the analysis in any meaningful way.
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Table 4. Pairwise treatment group comparisons of odds of consistent helmet wearing (using coefficient results of unadjusted logistic regression).

Social norming: fear appeal
group comparison

Social norming: control group
comparison

Fear appeal: control group compari-
son

Subgroup analysis

All observations

1.541.581.03Odds ratio

.12c.04b.47bP valuea

Subgroup: baseline “always wearers”

2.301.610.70Odds ratio

.03c.11b.81bP valuea

Subgroup: baseline “inconsistent wearers”

1.111.841.66Odds ratio

.80c.07b.11bP valuea

Subgroup effect modification

2.070.870.42Ratio of odds ratios

.21c.82c.16cP valuea

aAll P values determined by permutation analysis.
bOne-sided test.
cTwo-sided test.

Table 5. Pairwise treatment group comparisons of odds of consistent helmet wearing (using coefficient results of covariate-adjusted logistic regression).

Social norming: fear appealSocial norming: controlFear appeal: controlSubgroup analysis

All observations

1.551.571.01Odds ratio

.12c.06b.49bP valuea

Subgroup: baseline “always wearers”

2.541.580.62Odds ratio

.03c.15b.86bP valuea

Subgroup: baseline “inconsistent wearers”

1.031.901.84Odds ratio

.93c.08b.09bP valuea

Subgroup effect modification

2.460.830.34Ratio of odds ratios

.15c.76c.07P valuea

aAll P values determined by permutation analysis.
bOne-sided test.
cTwo-sided test.

Discussion

Principal Findings
The results of our study show that social norming messages are
potentially effective at increasing helmet use among motorcycle
taxi “boda” drivers in Dar es Salaam, Tanzania. Over the 6-week
period, the group receiving social norming SMS text messages
showed an increase in helmet use from 53.1% to 63.8%, and
that increase achieved traditional significance (P<.05) when

compared to the control group (P=.04). However, accounting
for multiple testing, we cannot reject the null of no association,
as this P value is above the required P≤.0167 to maintain a
family-wise Type I error rate of at most .05 when making 3
group comparisons. In contrast, the fear appeal and control
groups showed little change over the 6-week period.

Although the main finding shows that the group receiving social
norming messages increased helmet adherence the most, though
not to a statistically significant degree, the findings also suggest
that responsiveness to messages may also have been determined
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by participant baseline response. Specifically, for those who
reported not wearing helmets all the time at baseline, both social
norming and fear appeal messages were associated with higher
adherence after the 6-week study period compared to the control
group. Though shy of statistical significance due to the power
limitation of restricting the sample, the associated odds ratios
imply a near doubling of the odds of consistent usage, and the
close similarity of the odds ratios between the two treatment
arms suggests that initially inconsistent wearers are equally
sensitive to both types of messages. However, among those who
reported consistent helmet wearing at baseline, those recipients
of social norming messages maintained high levels of adherence,
while those receiving fear appeal messages actually decreased
their level of consistent wearing compared to the control.
Although neither treatment is associated with a statistical
difference from the control in this subgroup, the combination
of a positive association in the social norming arm and a
deleterious association in the fear appeal arm results in a
traditionally significant improvement of the social norming arm
over the fear appeal arm (odds ratio 2.30, P=.03). However,
this association does not meet the Holm-Bonferroni requirement
of P≤.0167.

These findings have important potential implications for policy
makers as well as other stakeholders in road safety. Because
social norming messaging overall showed a potentially greater
association with consistent helmet use than fear appeal
messaging, it could be strategic for regulators and
nongovernmental organizations focusing on road traffic safety
to use social norming messages for any mass message or media
campaigns to promote road safety and behavior change among
drivers. However, a larger and more highly powered study would
be required to confirm this differential association. Finally,
intervention designers should note that behavior change may
take some time to set in among drivers; group-level differences
were noticeable at 6 weeks, but not after 3 weeks.

Limitations
There are several limitations to this study. First, self-reports
introduce the possibility of social desirability bias among the
respondents thanks to the legal requirement that helmets be
worn at all times. A second potential bias in this study is simply
recall bias. Our main outcome question asks for an estimate of
helmet use in the past week of boda driving. It is possible that
drivers had difficulty remembering with accuracy the level of
helmet wearing during that time. However, we believed that
asking about behavior over the past week was a reasonable
amount of time to ensure accuracy of estimates. Moreover, the
recall burden is much lower when recalling consistency than
when recalling the number of times something occurred or other
numeric answers. Third, while the results can be useful in a
Tanzanian urban context, they may not be applicable to other
contexts. Fourth, the study was conducted in a convenience
sample. The representativeness of the sample for Dar es Salaam
boda drivers is left unknown. Fifth, our study measures effects
of the intervention right after completion of the 6-week trial.
How long measured effects persist into the future is unknown.
Finally, our study is focused on helmet usage, while the ultimate
goal of such an intervention is better health and safety for drivers
on the road. This study was not structured or powered to detect
differences in health outcomes by treatment arm, and further
research would be necessary to determine if such a messaging
intervention would improve health outcomes for drivers.

Conclusions
Though the evidence is not fully conclusive, this study suggests
that SMS text messaging reminders can be an effective way to
improve helmet use among motorcycle drivers. Specifically,
social norming messages appear to be more effective than fear
appeal messages when trying to increase helmet use among
boda drivers. Furthermore, for drivers who already wear their
helmet consistently, fear appeal messages may actually have a
detrimental effect on helmet use. Future research should further
investigate whether social norming messages are more effective
than fear appeals when trying to change behavior.
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Abstract

Background: In obesity management, whether patients lose ≥5% of their initial weight is a critical factor in clinical outcomes.
However, evaluations that take only this approach are unable to identify and distinguish between individuals whose weight
changes vary and those who steadily lose weight. Evaluation of weight loss considering the volatility of weight changes through
a mobile-based intervention for obesity can facilitate understanding of an individual’s behavior and weight changes from a
longitudinal perspective.

Objective: The aim of this study is to use a machine learning approach to examine weight loss trajectories and explore factors
related to behavioral and app use characteristics that induce weight loss.

Methods: We used the lifelog data of 13,140 individuals enrolled in a 16-week obesity management program on the health care
app Noom in the United States from August 8, 2013, to August 8, 2019. We performed k-means clustering with dynamic time
warping to cluster the weight loss time series and inspected the quality of clusters with the total sum of distance within the clusters.
To identify use factors determining clustering assignment, we longitudinally compared weekly use statistics with effect size on
a weekly basis.

Results: The initial average BMI value for the participants was 33.6 (SD 5.9) kg/m2, and it ultimately reached 31.6 (SD 5.7)

kg/m2. Using the weight log data, we identified five clusters: cluster 1 (sharp decrease) showed the highest proportion of participants
who reduced their weight by >5% (7296/11,295, 64.59%), followed by cluster 2 (moderate decrease). In each comparison between
clusters 1 and 3 (yo-yo) and clusters 2 and 3, although the effect size of the difference in average meal record adherence and
average weight record adherence was not significant in the first week, it peaked within the initial 8 weeks (Cohen d>0.35) and
decreased after that.

Conclusions: Using a machine learning approach and clustering shape-based time series similarities, we identified 5 weight
loss trajectories in a mobile weight management app. Overall adherence and early adherence related to self-monitoring emerged
as potential predictors of these trajectories.

(J Med Internet Res 2022;24(4):e29380)   doi:10.2196/29380
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Introduction

Background
The worldwide prevalence of overweight or obesity has doubled
since 1980 [1]. In the United States, the prevalence of obesity
has increased dramatically among both adults and children [2].
Meanwhile, epidemiologic research has identified high BMI
values as a risk factor for an expanding set of chronic diseases,
including cardiovascular disease, diabetes mellitus, kidney
disease, and several cancers [1].

There is a need for effective obesity interventions that can reach
large population sectors at low cost. With 66% of the world’s
population owning tablets or smartphones [3], web-based
interventions can facilitate the implementation of wide-reaching,
self-directed approaches to tackle obesity. Self-directed
interventions require minimal contact with professionals and
empower participants to control and regulate their thoughts
themselves [4]. Relevant guidelines and systematic reviews
have widely recognized self-directed interventions as effective
intervention techniques for obesity treatment [5]. Several studies
have examined the effectiveness of self-directed interventions
[5-10] and have suggested that such approaches could be used
to deliver improved and personalized care while reducing health
care costs [5].

Weight Loss and Its Predictors
Individuals who lose 5%-10% of their initial weight are
generally considered as responding to their obesity treatment:
these proportions are clinically associated with improvement
in cardiovascular risk factors [11]. In several weight loss
intervention trials, participants who lost 5%-10% of their initial
weight by the end were considered responders [12-14].
However, this approach does not distinguish between individuals
with widely varying weight changes and those who steadily
lose weight throughout the intervention period. Furthermore,
little is known about patterns of individual week-to-week weight
changes and about how these changes may relate to weight loss
achievement (or a lack thereof) [14]. Such evidence could shed
light on the relationship between weight loss and its predictors
from a longitudinal perspective and would be of potential use
in tailoring weight management and behavior change
interventions, especially for groups at risk of suboptimal
outcomes [15].

Research has yet to outline weight loss trajectories in individuals
who have participated in self-directed interventions using mobile
phones. Therefore, this study aims to (1) identify weight loss
trajectories and (2) explore factors related to behavioral and
health care app use characteristics eliciting weight loss.

Methods

Study Design and Participants
In this retrospective study, we obtained deidentified user log
data from Noom, Inc, which provides mobile app services.
Noom is a mobile-based wellness app that focuses on behavior
changes to enable weight loss. Through this app, users can
receive personalized and one-on-one coaching from health

experts and self-monitor their food intake and exercise.
Coaching encourages users to record their weight on a weekly
basis and meals on a daily basis. In addition, this app enables
users to record their energy intake with higher reliability than
professional software [16]. Users select the volume of their
intake or units from which calorie intake can be measured. By
spurring users to record their meals, exercise sessions, and
weight, this app keeps them aware of their weight status and
dietary patterns. This program was modeled after the Diabetes
Prevention Program, sponsored by the National Institute of
Diabetes and Digestive and Kidney Diseases, where participants
received 16 weeks’ worth of content over the first 6 months.
There is additional curriculum past the 16-week mark to support
users for approximately 1 year.

The retrospective cohort for this study included 93,814 users
in the United States who were enrolled in the coaching program
provided by Noom from August 8, 2013, to August 8, 2019. To
target users with the same intervention duration, we only
included those users who participated in the program for 16
weeks. Among these, we excluded app users without weight
records because we could not evaluate their outcomes. We also
excluded users with a height <125 cm or >230 cm, which is a
loosened criterion of US Census protocol and these cutoff points
correspond to 0.01% or 99.99%, respectively, of height
distribution of our cohort [17]. Next, we excluded users with
age data not meeting the inclusion criteria, such as young users
or those who did not enter their age when signing up. To focus
on individuals who needed to manage their weight, we included
adult users with a BMI higher than the criterion for overweight

(≥25 kg/m2), which could potentially pose health problems such
as cardiovascular disease based on the recommendations of the
Centers for Disease Control and Prevention [18]. In addition,
because this app (Noom) can include users who are underweight
and want to gain weight from dietary management, this allowed
us to focus on individuals who would be classified as
overweight. Furthermore, we selected users with weight records
available during the last week of the program or between the
end of the program and 1 week after the end of the program to
identify the final outcome of the weight loss program. Finally,
we excluded users with inconsistent weight records that showed

a difference in BMI of ≥3.5 kg/m2 between consecutive time

points within 1 month or of ≥7.0 kg/m2 between consecutive
time points within 2 months [19].

Data Acquisition and Preprocessing
We obtained deidentified log data for the users’ dietary log,
steps, weight, texting records (server logs of messages sent to,
and received from, the coach absent any content), and
demographic characteristics from Noom. Initially, we reviewed
data for 93,814 users from five tables—meal logs, text sent and
received log, step logs, weight logs, and user profile—and we
extracted and included for analysis data for users who fulfilled
the study criteria.

Dietary logs comprised records in which users entered details
about consumption time and names of dishes. Weight logs
contained manually entered records of their weight. Step logs
included passive data automatically collected from the users’
mobile devices. Message logs comprised server records of
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message transmission when user messages were sent to, or
received from, coaches.

In detail, from an individual i at a Ti length of univariate time
series li, we obtained an i time series with a heterogeneous length

(li ∈
Ti). For a time series with a length <30 observations,

linear interpolation was adopted because previous research
suggested that linear interpolation of weight can estimate
missing data [20]. As a moving average can make a time series
shorter, the time series needs to be elongated in advance. Thus,
for the long length of time series, we sampled values with the
same interval and obtained the same length for each time series
by resampling. In doing so, we were able to alleviate noise in
the time series stemming from within-observer variability; for
example, when weight was not measured at the same time every
day, we smoothed the data after applying a centered moving
average with a window size of 15 observations and finally
obtained a time series with a length of 16 observations [21].

Exponential moving average methods such as double
exponential smoothing or Holter-Winter smoothing were not
considered because these methods use the most recent past
value, which is often indicative of the near future rather than
the remote past. Furthermore, these methods are more
appropriate for economic indicators that entail a trend or
seasonality in a long-term perspective [22,23]. To reduce time
series noise in the distance between 2 time series, rather than
considering the long-term trend or slope over time, a simple
moving average was adopted, especially considering that this
weight loss program was conducted only for a short period of
16 weeks.

Furthermore, we performed mean-variance scaling to normalize
the weight range for each user by adjusting the mean of the time
series as 0 and the SD as 1. Subsequently, to identify weight
loss trajectories, we performed k-means clustering with dynamic
time warping (DTW), which is considered the distance between
2 time series. k-means clustering is one of the most commonly
used algorithms for partitioning clusters in which each cluster
has a centroid (prototype), which reflects the mean value of its
objects (Multimedia Appendix 1) [24].

This clustering algorithm minimizes the total distance between
all objects in a cluster and the centroid. In this algorithm, we
used DTW as the distance between 2 objects to calculate the
total sum of distances. DTW is a similarity measure between
time series that considers the shape of 2 time series [25,26].
Using DTW, we could cluster time series with similar patterns
of change, regardless of the time points of the weight records
[24]. As k-means clustering requires researchers to choose the
number of clusters (called k), the quality of clusters may vary
by k [27]. To evaluate the quality of clusters, we used elbow
methods by inspecting the total sum of distances in all clusters
(inertia) through a comparison of the number of clusters from
2 to 10 (Multimedia Appendix 2) [28,29].

Outcome
Our primary objective is to identify weight loss trajectories over
16 weeks among mobile app users who are overweight. The

secondary objective is to determine factors related to behavioral
and app use characteristics eliciting weight loss.

We defined both initial and final weights. Initial weight does
not refer to the weight the user entered when signing up to use
the app. Rather, it represents the first weight entered in the
period before coaching and 1 week after the commencement of
coaching. This first weight logged is closer to the users’ actual
initial weight because they may not have measured their actual
weight before entering it during registration. Before coaching,
they may have tended to underestimate their weight. Final
weight refers to the last weight measured at week 16 (the last
program week) or last weight measured at week 17 only if the
user did not enter their weight at week 16. We defined final
weight in terms of the percentage of weight loss after 16 weeks
(stable weight [<2% change], gain of >2%, loss of 2%-5%, loss
of 5%-10%, loss of 10%-15%, and loss of >15% compared with
initial weight) [30].

Statistical Analysis
To identify behavioral and app use characteristics in each
cluster, we first applied the Kolmogorov-Smirnov test to identify
the normality of distribution. According to these results, we
performed the Kruskal-Wallis test for normally distributed
variables and 1-way ANOVA for normally distributed variables.
We used ANOVA for continuous variables to identify whether
the means in each k group were equal (H0:μ1 = μ2 , ... , = μK)
and the Kruskal-Wallis test to determine whether population
medians were equal (null hypothesis) [31].

The chi-square test was used to identify whether the distributions
of categorical variables in each group were equal. Among the
clusters, we chose three (clusters 1, 2, and 3) that showed a
converging pattern over 8 weeks and compared the use
characteristics of these 3 clusters before and after 8 weeks. To
identify differences in app use and behavioral characteristics
among these clusters, we compared characteristics by week,
from week 1 to week 16, using 2-sample, 2-tailed t tests and
ANOVA.

For each comparison, effect sizes were calculated depending
on the type of variable and number of groups compared to
determine the possibility of type 1 statistical error. As the
statistical significance was not adequate enough to compare
groups of a large population, which will almost always
demonstrate a significant difference because of statistical power,
we additionally calculated effect sizes referring to the magnitude
of group differences as means or proportions [32]. For
continuous variables, Cohen d was calculated when 2

independent means were compared and eta squared (η2) was
calculated when >2 independent means were compared
(ANOVA) [33,34]. For categorical variables, phi (Φ) was
calculated for a 2×2 contingency table and Cramer V was used
for >2 categories [35].

In this study, a 2-sided P value of <.05 and an effect size greater

than small, depending on its type (η2≈0.01: small, Cramer
V≈0.01: small, and Cohen d≈–0.20 to +0.20: small), were
considered significant. Statistical analyses were performed with
Python (version 3.68; Python Software Foundation) and with
the tslearn (version 0.4.1) library [36,37].
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Ethics Approval
This study was approved by the institutional review board at
Advarra (Columbia, Maryland, United States; CR00123125).
The deidentified nature of the retrospective log data made
obtaining informed consent unnecessary.

Results

Overview
Of the 93,584 unique users who have used Noom, 14,203
(15.18%) were excluded for the following reasons: did not

participate in weight loss program, did not enter weight records,
target weight more than initial weight, or height out of range.
Of the remaining 79,381 users, 7459 (9.40%) were excluded
because they were not overweight or they did not meet the age
criteria, leaving 71,922 (90.60%) users. Of these 71,922 users,
58,635 (81.53%) were excluded for not completing the program,
leaving 13,287 (18.47%) users. Finally, of these 13,287 users,
147 (1.11%) with inconsistent weight records were excluded,
leaving 13,140 (98.89%) users who had exhibited adherence to
the app (Figure 1).

Figure 1. Process of selection of eligible users.

Baseline Characteristics
At baseline, the proportion of female users (12,093/13,140,
92.03%; Table 1) was larger than that of male users

(1047/13,140, 7.9%). The average age of the users was 43.9
(SD 10.9) years, and the average height was 166.4 (SD 7.4) cm.

Overall, the mean initial BMI was 33.6 (SD 5.9) kg/m2, which

decreased to 31.6 (SD 5.7) kg/m2 on average.

Table 1. Baseline characteristics (N=13,140).

ValuesVariables

Sex, n (%)

12,093 (92.03)Female

1047 (7.9)Male

43.9 (10.9)Age (years), mean (SD)

166.4 (7.4)Height (cm), mean (SD)

93.2 (18.1)Initial weight (kg), mean (SD)

33.6 (5.9)Initial BMI (kg/m2), mean (SD)

87.6 (17.2)Final weight (kg), mean (SD)

31.6 (5.7)Final BMI (kg/m2), mean (SD)

–5.7 (5.5)Weight loss (kg), mean (SD)

–2.0 (1.9)BMI loss (kg/m2), mean (SD)
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Weight Loss Trajectories
We explored the optimal number of clusters (k) by changing
the number of clusters from 2 to 10. Using elbow methods with
visualization, we determined the optimal number of clusters (k)
to be 5 (Multimedia Appendix 2) for clustering users with
adherence. Each user was assigned to a cluster: 85.96%
(11,295/13,140) of the users were assigned to cluster 1, followed
by 6.34% (833/13,140) assigned to cluster 2. Users in cluster 1
(sharp decrease) exhibited a decrease in their weight without
plateaus. Users in cluster 2 (moderate decrease) initially showed
a sharp reduction in weight, after which the slope of weight loss
plateaued. Users in cluster 3 (yo-yo) exhibited a decrease in
weight, but in the middle of the program, they exhibited a gain
in weight. Although cluster 2 (moderate decrease) and cluster
3 (yo-yo) exhibited convergence in weight loss patterns for the
initial 8 weeks, users in cluster 2 maintained their weight,
whereas those in cluster 3 gained weight after 8 weeks. Users
in cluster 4 (stable or increase) gained weight, and those in
cluster 5 (other) did not show a convergence pattern because of
the partitioned-clustering approach (Figure 2).

There were no significant differences in medians of the initial

BMIs of the clusters (η2<0.001; P=.43). However, there was a

significant difference in weight reduction class (Cramer
V=0.241; P<.001). In cluster 1 (sharp decrease), of the 11,295
users, 4541 (40.20%) exhibited weight loss of 5%-10%, which
was the largest proportion among the clusters. In addition, this
cluster comprised the largest proportion of users recording
weight loss ranging from 10% to 15% (2206/11,295, 19.53%).
In cluster 2 (moderate decrease), of the 833 users, 281 (33.7%)
exhibited weight loss of 2%-5% (Table 2).

Furthermore, the 5 clusters showed different use characteristics
in terms of frequency of meal and weight record adherence

(η2=0.056; P<.001, and η2=0.024; P<.001, respectively). Cluster
1 users recorded their meals and weight most frequently (median
18.5, IQR 4.1 times per week and median 4.9, IQR 1.8 times
per week, respectively), followed by cluster 2 users for meal
record adherence (median 16.1, IQR 5.2 times per week). Cluster
2 users entered their weight a median of 4.4 (IQR 1.8) times
per week.

The median number of sent and received messages among the

clusters did not show a significant difference (η2<0.001; P=.12,

and η2=0.001; P=.001, respectively). However, there was a

significant difference in the median number of steps (η2=0.002;
P<.001).

Figure 2. Clustered weight loss trajectories using k-means with dynamic time warping. Each black line signifies an individual user’s weight loss
journey. The red line represents the weight loss trajectory of each cluster.
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Table 2. Comparison of app use and behavioral characteristics among the 5 clusters (N=13,140).

Effect sizeaP valueClustersVariables

Cluster 5 (other),
n=227

Cluster 4 (stable
or increase),
n=401

Cluster 3 (yo-yo),
n=384

Cluster 2 (mod-
erate decrease),
n=833

Cluster 1 (sharp
decrease),
n=11,295

<0.001.4332.0 (7.4)33.5 (7.5)32.6 (6.7)32.6 (7.5)32.5 (7.7)Initial BMI (kg/m2), medi-
an (IQR)

0.241<.001Weight loss class, n (%)

25 (11.01)124 (30.92)94 (24.48)96 (11.52)438 (3.87)Gained >2%

102 (44.93)195 (48.63)205 (53.39)331 (39.74)1107 (9.80)Stable

72 (31.72)52 (12.97)62 (16.15)281 (33.73)2454 (21.73)Lost 2%-5%

4 (1.76)6 (1.50)10 (2.60)19 (2.28)2206 (19.53)Lost 10%-15%

2 (0.88)8 (2)0 (0)8 (0.96)549 (4.86)Lost >15%

0.056<.00116.2 (6.7)15.5 (6.1)15.1 (6.2)16.1 (5.2)18.5 (4.1)Meal record adherence
(records per week), median
(IQR)

0.024<.0013.6 (2.7)4.162 (2.3)4.0 (2.0)4.4 (1.8)4.9 (1.8)Weight record adherence
(n per week), median
(IQR)

<0.001.121.9 (1.8)1.9 (1.7)1.9 (1.4)2.1 (1.6)2.1 (1.6)Sent messages (n per
week), median (IQR)

0.001.0012.8 (1.954)2.8 (1.925)2.8 (1.5)3.0 (1.6)3.0 (1.7)Received messages (n per
week), median (IQR)

0.002<.0014809.6 (3974.8)5070.0 (3944.5)5101.5 (3943.0)5190.6 (3979.2)5469.2 (4236.7)Steps (per day), median
(IQR)

aEffect size was calculated using eta squared (η2) for continuous variables and Cramer V for categorical variables (η2≈0.01: small, η2≈0.09: moderate,

and η2≈0.25: large; Cramer V≈0.01: small, Cramer V≈0.30: moderate, and Cramer V≈0.50: large).

Weight Regain and Steady Loss
By the middle of the 16-week program, clusters 1, 2, and 3
showed similar weight loss slopes. However, after this point,
the trajectory of cluster 3 showed a rebound. Therefore, we
further compared the characteristics of these clusters.
Longitudinal app use and behavioral characteristics of clusters
1, 2, and 3, including weight record, meal record, and steps, as
well as messages sent and received, were plotted over 16 weeks
(Figure 3). Overall, although no differences were observed in
both meal and weight record adherence among the clusters in

the first week, a significant difference peaked within the initial
8 weeks (Figures 3A, 3B, and 3C). The Cohen d values of
clusters 1 and 2 were maintained between 0.17 and 0.28 even
after 8 weeks, and there was a drastic decrease after 15 weeks;
however, those of clusters 2 and 3 peaked at 4 weeks and
decreased thereafter. Among these clusters, adherence peaked
between 2 and 4 weeks and then showed divergence on average,
with the highest adherence maintained in the clusters 1, 2, and
3, in that order (Multimedia Appendix 3). In contrast, there were
no significant differences in average daily steps or messages
sent and received for the entire 16-week period.
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Figure 3. Comparison of longitudinal app use and behavioral characteristics for individual clusters. (A) Eta squared from analysis of variance test with

clusters 1, 2, and 3. (B) Cohen d from t test between clusters 1 and 3. (C) Cohen d from t test between clusters 2 and 3 (η2≈0.01: small, η2≈0.09:

moderate, and η2≈0.25: large; Cohen d≈–0.20 to +0.20: small, Cohen d≈0.50: moderate, and Cohen d≈0.80: large).

Discussion

Principal Findings
In this retrospective study, we examined the weight loss
trajectories of a large population of individuals who completed
a mobile app intervention program. Using a machine learning
approach and applying a clustering method and shape-based
time series similarity, we found 5 primary clusters. By
comparing the use characteristics of each cluster, we found that
meal and weight record adherence affected weight trajectory
more than the sent and received messages and daily steps.

To evaluate the validity of the clusters, we assessed both
cross-sectional and longitudinal differences in use characteristics
indicative of cluster attributes, as well as basic clustering validity
indices such as inertia. In doing so, we noted that the magnitude
of self-monitoring–related app use, such as adherence to
recording one’s meals and weight, depended more on clustering
membership, especially between individuals with a steady
weight loss and those who initially lost weight but later regained
it. Longitudinally, app use between steadily losing or regaining
weight differed greatly after initial use. During the first week,
almost all users showed high adherence to the app; however,
divergence in adherence began to appear from week 2. Cohen
d values for meal and weight adherence between cluster 2
(moderate decrease) and cluster 3 (yo-yo) peaked at week 4 and
gradually decreased until the end of the program. Although
clusters 2 and 3 similarly showed high adherence to recording
meal and weight until week 3, adherence decreased at the end
of the program (Multimedia Appendix 3): adherence decreased
more steeply in cluster 3 than in cluster 2. From these results,
we discerned that cluster membership depended largely on how
users maintained app and program adherence, reflecting a
willingness to perform self-monitoring, from week 3 onward.

Unlike studies that used a variable-centered approach, which
assumes that a set of average parameters can be estimated for
all individuals drawn from a population, this study was based
on a person-centered approach, categorizing individuals into
common subpopulations and determining whether subgroups
of similar participants exist [38]. Although our method did not

assume any parameters, we found 5 subpopulations that showed
differences in use patterns. Our method is consistent with
previous research demonstrating that it is necessary to divide
an entire population into subgroups and then perform more
detailed analysis, rather than to analyze the entire population
as a single group [14,39,40]. Considering the well-recognized
heterogeneity of weight loss outcomes and variability of
outcomes in the intervention period, these results lay the
foundation for the design of an obesity management program
using mobile phones [41].

Identification of Weight Loss Trajectories
Previously, to discover patterns of weight loss, research has
applied statistical clustering methods, principal component
analysis, and latent class analysis. In doing so, three primary
weight loss patterns over time have been proposed (modest loss,
moderate loss, and substantial loss) [14,42-44]. Most of these
analyses were based on on-site interventions, although some
studies focused on weight loss trajectories using samples from
clinical trials. As there might be gaps in the efficacy of
interventions between a clinical trial setting and a real-world
setting [45], our results, which were obtained using a large data
set, could be considered to broadly reflect a real-world context
[46]. Thus, our study expounds on previous evidence of
mobile-based interventions by considering the shape, and
calculating the similarity, of time series with DTW and by
comparing the behavioral characteristics of individual app users.

The methods used in this study can be adopted in research
related to long-term weight loss or maintenance. It is known
that it can be difficult to keep weight off because of various
reasons, such as having an obesogenic environment or difficulty
in managing physiological responses to weight loss [47]. In
addition, hurdles such as the occurrence of a weight loss plateau
appear during long-term maintenance. For long-term weight
management, it may be possible to identify long-term weight
loss trajectories using our method as a patient-centered approach.
Although some studies have attempted to identify long-term
weight loss trajectories in on-site management [48,49], no study
has examined long-term weight trajectories using nonparametric
analyses. Further research identifying weight loss plateaus or
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rebounding trajectories in the long term could reveal factors
contributing to, or mitigating, long-term weight loss.

Application of Weight Loss Trajectories
Obesity management using mobile health technology enables
the design of just-in-time adaptive interventions for behavioral
support that directly correspond to needs determined by using
real-time data collected from user records [50]. Given the use
of time series clustering at each week, our method was able to
infer membership in a time series despite the different number
of observations on each device. Using these data on membership
at each time point, clinicians or counselors can estimate what
a user’s weight trajectory might look like. Accordingly, by
providing feedback, they can support the user to self-monitor
their weight timely.

Nevertheless, when the scale of 2 time series shows a large
difference (eg, weight time series of users weighing 170 kg vs
those weighing 70 kg), DTW, the distance between 2 time series,
may be increased. To measure only the shape of a time series
and not actual weight values, our method reflects factors that
may be contributing to weight loss by rescaling. In this study,
we comprehensively clustered weight loss patterns among
participants who needed to lose weight (ie, those in the preobese
or higher category) by adjusting the weight scale.

In addition, research has shown that weight loss trajectories can
be related to clinical indicators associated with comorbidity,
wherein weight loss patterns corresponded with improvements
in blood pressure, triglyceride, and blood glucose levels [49].
Similarly, our approach provides added clinical meaning beyond
mere weight loss. In addition, researchers have demonstrated
that it is possible to predict the amount of weight a user will
lose at the end of a program using interpretable artificial
intelligence (AI), which can be used in the coaching process
[51]. With explainable AI–used adherence as a feature,
adherence becomes a contributing factor to weight loss.
Furthermore, the membership of a cluster is interpreted as a
contributing factor; for example, membership of cluster 3
(yo-yo) contributed to weight loss, but users in this cluster
gained weight after 8 weeks. Interpreting the AI results, coaches
can consult with users about their current app use, trajectory,
and predicted weight loss, allowing them to intervene early in
a program to improve otherwise suboptimal outcomes.

Use Factors Related With Weight Loss
In this study, although individuals were not classified by
variables related to self-monitoring, the results revealed that
two variables (meal and weight record adherence) showed an
association with weight loss after clustering. Among behavioral
strategies, self-monitoring is recommended for maintaining lost
weight, even when using mobile apps [19,52,53]. It has been
posited that self-monitoring serves as the initial step in a
feedback loop that includes observation and recording,
self-evaluation, and self-reinforcement, which can help
individuals decide to adjust behaviors [54]. Individuals with a
high meal adherence may review their dietary behavior more
frequently and arrive at opportunities for self-evaluation and
self-reinforcement.

Although we did not explicitly show that weight loss of 5% to
10% would be suitable as a cutoff for responders, our findings
indicated that among individuals who used the app, those who
adhered to the app more regularly lost more weight, which could
be regarded as a weight loss response. Nevertheless, our findings
also showed that the weight trajectory can rise again if
compliance is not maintained, despite being high initially.
Sufficient evidence suggests that early weight loss can be a
predictive factor for long-term weight loss [55-58]. Similarly,
our results showed that an early use pattern can also be a
predictive factor for weight loss outcomes in a 16-week
program. This study compared a group that lost and regained
weight with a group that exhibited a moderate decrease in
weight. The 2 groups showed a difference in app adherence
after only 2 weeks, and this difference increased continuously
for 8 weeks. In line with our results, a previous study also
showed that early intervention affects short- and long-term
weight loss in a weight loss program, although it did not
examine web-based or mobile programs [59].

Limitations
Our study includes some inherent limitations because of its
selection of participants and the retention rate, which could pose
a selection bias. First, the participants in this study had
purchased a subscription to a weight loss program. As our
sampled participants may have had a higher intention to lose
weight than individuals who use free web-based interventions,
the former may have exhibited a relatively higher retention rate
than the latter. The average 30-day retention rate for health and
fitness apps in the United States is 3.4% and that for mental
health apps is 3%-8% [60-62]. Considering these values, some
selection bias may have occurred in this study.

Second, this work may have introduced latent sampling bias
through the process of participant selection because of the
criterion by which we included only users with weight records
during the last week of the program or between the end of the
program and 1 week after the end of the program. Although it
was necessary to include this criterion to identify the final
outcome of the weight loss program, it may have led to the
inclusion of users who may have been more compliant and more
likely to be successful with weight loss. Therefore, our findings
need to be interpreted considering these limitations. In addition,
our participants were selected from users who entered their
records as a minimal requirement, which could affect the
interpretation and generalization of our findings. For example,
because some of the users who did not enter their records
showed nonadherence, the factors related to use patterns may
not predict their weight trajectories. Our results may be reliable
for users who have at least minimal adherence. If the inclusion
criteria were stricter, such as recording all 3 meals 1 day per
week or recording 1 meal per day per week, approximately 3000
or 15,000, respectively, of the participants would have been
additionally excluded. Therefore, we set inclusion criteria that
required 1 recording of a meal per week as a condition for
minimal self-monitoring.

In addition, our participants consisted of 92.03%
(12,093/13,140) women and 7.9% (1047/13,140) men. Although
it can be thought that there may be a bias in the selection process
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of the participants, with a high proportion of women, statistics
for participants in previous studies of mobile weight loss apps
showed high proportions of women [63-65]. Although there are
some magnitudes of difference in the proportion of women
among the participants, our may be adopted in that the statistics
of participants in previous studies were consistent with ours.

In addition, we conducted an experiment to identify whether a
latent selection bias was present in the exclusion of participants
with inconsistent weight in 2 consecutive records (Multimedia
Appendix 4). Despite including these participants, the number
of optimal clusters remained at 5, and each cluster showed the
same 5 shapes presented in this paper. Although the membership
of each cluster differed (clusters with participants with erroneous
records comprised 11,184, 955, 363, 575, and 245 users,
respectively, for clusters 1 to 5, whereas those excluding these
participants comprised 11,295, 833, 384, 401, and 277 users,
respectively), the comparative analysis showed consistent
results, wherein (1) the mean initial BMI did not differ
significantly; (2) after the program, cluster 1 users exhibited
the highest weight loss; and (3) weight and meal record

adherence was relatively higher in clusters 1 and 2 than in the
other clusters.

In terms of data reliability, although we accounted for noise in
the weight loss time series, it was difficult to determine whether
each user had correctly entered meal skipping and weight (data
reliability stems from user entries).

Finally, although sustainable weight loss in the long term is
important in obesity management, we did not explore long-term
outcomes because of missing values from the users’ logs. Thus,
a long-term cohort study is needed to obtain more reliable
evidence on long-term outcomes. Despite these limitations, our
work provides evidence indicating that weight loss trajectories
depend on overall adherence and early adherence to
self-monitoring in a limited observation period (16 weeks).

Conclusions
Using time series clustering, we identified 5 distinct profiles of
weight change over a 16-week weight management intervention
through a mobile app. We found that overall adherence and
early adherence to self-monitoring could be predictive factors
for greater weight loss success.
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Abstract

Background: Sleep disturbances and poor health-related quality of life (HRQoL) are common in people with rheumatoid
arthritis (RA). Sleep disturbances, such as less total sleep time, more waking periods after sleep onset, and higher levels of
nonrestorative sleep, may be a driver of HRQoL. However, understanding whether these sleep disturbances reduce HRQoL has,
to date, been challenging because of the need to collect complex time-varying data at high resolution. Such data collection is now
made possible by the widespread availability and use of mobile health (mHealth) technologies.

Objective: This mHealth study aimed to test whether sleep disturbance (both absolute values and variability) causes poor
HRQoL.

Methods: The quality of life, sleep, and RA study was a prospective mHealth study of adults with RA. Participants completed
a baseline questionnaire, wore a triaxial accelerometer for 30 days to objectively assess sleep, and provided daily reports via a
smartphone app that assessed sleep (Consensus Sleep Diary), pain, fatigue, mood, and other symptoms. Participants completed
the World Health Organization Quality of Life-Brief (WHOQoL-BREF) questionnaire every 10 days. Multilevel modeling tested
the relationship between sleep variables and the WHOQoL-BREF domains (physical, psychological, environmental, and social).

Results: Of the 268 recruited participants, 254 were included in the analysis. Across all WHOQoL-BREF domains, participants’
scores were lower than the population average. Consensus Sleep Diary sleep parameters predicted the WHOQoL-BREF domain
scores. For example, for each hour increase in the total time asleep physical domain scores increased by 1.11 points (β=1.11,
95% CI 0.07-2.15) and social domain scores increased by 1.65 points. These associations were not explained by sociodemographic
and lifestyle factors, disease activity, medication use, anxiety levels, sleep quality, or clinical sleep disorders. However, these
changes were attenuated and no longer significant when pain, fatigue, and mood were included in the model. Increased variability
in total time asleep was associated with poorer physical and psychological domain scores, independent of all covariates. There
was no association between actigraphy-measured sleep and WHOQoL-BREF.

Conclusions: Optimizing total sleep time, increasing sleep efficiency, decreasing sleep onset latency, and reducing variability
in total sleep time could improve HRQoL in people with RA.

(J Med Internet Res 2022;24(4):e32825)   doi:10.2196/32825
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Introduction

Background
People living with rheumatoid arthritis (RA), a long-term
progressive autoimmune disease, experience a significantly
reduced health-related quality of life (HRQoL), which can be
characterized as the impact a condition has on physical,
emotional, and social well-being. People with RA have poorer
HRQoL compared with patients with other rheumatic diseases
[1] and the general population [2]. There are likely numerous
causes for poor HRQoL. RA disease activity is a major
contributor to lower HRQoL, although HRQoL remains
significantly lower than that of the general population, even in
those with well-controlled disease. Sleep disturbances are
common in RA [3] and have been identified by patients as a
possible driver of low HRQoL [4-6].

Studies of sleep in RA have reported less total sleep time, more
waking periods after sleep onset, higher levels of nonrestorative
sleep [5], and increased periods of mini arousal [4]. During a
disease flare, people with RA experience more fragmented sleep,
shorter total sleep time, and lower sleep efficiency [7-9].
However, few studies have determined the relationship between
sleep variables and HRQoL and understanding whether these
sleep disturbances reduce HRQoL remains a challenge. First,

sleep is a multifaceted behavior comprising both objective and
subjective components [10]. Thus, a comprehensive assessment
of sleep health requires measurement of objective and
self-reported sleep domains, including appraisals of sleep quality
and quantitative estimates of sleep continuity and duration [11].
Despite this, it is only subjective sleep which has been
commonly measured in epidemiological studies because,
historically, it has been difficult to objectively measure sleep
outside artificial laboratory settings. Many studies have also
tended to be cross-sectional, despite the high degree of
between-day variability, with individuals fluctuating between
good and poor sleep states [12]. In addition, sleep disturbance
increases the severity of common RA symptoms, including pain,
mood, and fatigue, which are known to cause poor HRQoL [13].
Whether poor HRQoL in people with RA is a direct effect of
sleep disturbance or an indirect consequence of changes in the
severity of pain, mood, and fatigue (Figure 1) is not clear.
Understanding these relationships would inform the
development of interventions to improve HRQoL. Capturing
these complex time-varying data with sufficiently high
resolution to understand these relationships has been made
possible by the widespread availability and use of mobile health
(mHealth) technologies. mHealth technologies, including
smartphone apps and wearables, allow frequent and repeated
remote collection of patient-generated symptoms and other
health data and objective assessments of sleep [14].

Figure 1. Directed acyclic graph for the relationship among sleep, health-related quality of life (HRQoL), pain, mood, and fatigue. The likelihood of
reporting a particular level of health-related quality of life at days 10, 20, or 30 (HRQoLtk) is directly predicted by sleep (Sleeptj) in the previous 10
days (green arrow) as well as the effect of Sleeptj acting through pain (Paintj), mood (Moodtj), and fatigue (Fatiguetj) in the previous 10 days (black
dashed lines). Pain, fatigue, and mood increase the likelihood of each other (black solid lines). The relationship may be confounded by covariates
measured at baseline including age, sex, and disease severity (Covariatestb; orange arrows).
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Objectives
This prospective mHealth study tested the hypothesis that sleep
disturbance (both absolute measures and variability) in people
with RA would predict poor HRQoL. We then tested whether
any observed relationship was explained by the effect of sleep
on pain, mood, and fatigue severity.

Methods

Overview
The quality of life, sleep, and rheumatoid arthritis (QUASAR)
study collected daily data from people living with RA for 30
days. The participants completed a baseline questionnaire and
wore a triaxial accelerometer to assess sleep over the 30-day
study period. On a patient co-designed smartphone app (Figure
S1 in Multimedia Appendix 1) developed in collaboration with
uMotif, participants completed a daily sleep diary; provided
daily reports of the severity of their pain, fatigue, and mood;
and completed a quality of life questionnaire every 10 days after
baseline. QUASAR has been described in detail elsewhere [14],
and the methods are summarized in the following sections.

Participants
Eligible participants included those aged ≥18 years, with RA
(classified as self-reported clinical diagnosis of RA and currently
using disease-modifying antirheumatic drugs [15]), who had
access to an Android or iPhone operating system (Apple Inc)
smartphone or tablet, and who were not employed in shift work.

Recruitment
Participants were recruited from May 1, 2017, to July 13, 2018,
via an email sent to people registered on the electronic mailing
list of the National Rheumatoid Arthritis Society, a UK-wide
patient organization. The email contained an electronic study
information pack, which included a participant information
sheet, a copy of the study consent form, and a link to complete
a web-based screening questionnaire. The screening
questionnaire collected data on study eligibility criteria, contact
information, and consent for further contact. Eligible participants
were telephoned after at least 24 hours of questionnaire
submission to discuss the project. Verbal consent was obtained,
and a study pack (written consent form, baseline questionnaire,
actigraph, and study instructions) was mailed to participants in
time for the agreed study start date.

Data Collected

Baseline Questionnaire
Data were collected on sex (male or female), date of birth (day,
month, and year), and date of RA diagnosis (month and year);

BMI (self-reported weight in kilograms/height in meters2)

categorized as underweight (<18.5 kg/m2), healthy (18.5-24.9

kg/m2), overweight (24.9-30 kg/m2), or obese (>30 kg/m2);
marital status (single, married or with partner, or separated);
smoking (past, never, or current smoker); average weekly
alcohol consumption (none: 0 units, moderate: 1-14 units, and
high: ≥15 units); total number of medication types (range 0-4
from categories of painkillers, disease-modifying antirheumatic
drugs, sleep medications, and others [free text]); and Index of

Multiple Deprivation (English, 2015; Scottish, 2016; or Welsh,
2019, as appropriate) derived from the first part of participants’
postcodes.

Baseline sleep quality was assessed using the Pittsburgh Sleep
Quality Index (PSQI) [16] (score range 0-21, higher scores
indicating worse sleep quality). Insomnia was assessed using
the Sleep Condition Indicator (SCI) [17], and participants
reported physician-diagnosed obstructive sleep apnea (OSA)
and restless leg syndrome (RLS). Anxiety was measured using
the anxiety subscale of the Hospital Anxiety and Depression
Scale (score range: 0-21; categorized as not a case: 0-8,
borderline case: 8-11, and case: 11-21) [18].

Disease severity was assessed using the Routine Assessment
of Patient Index Data 3 (RAPID-3) [19]. The 15-item RAPID-3
measures three domains: physical function, pain, and global
health in the past week. The first 10 items of the physical
function domain were scored, transformed into a 0.3-10 scale
and summed with the pain and global health domains to produce
an overall score of 0-30. RAPID-3 scores are correlated with
the disease activity score 28 and clinical disease activity index
in clinical trials and clinical care [20].

Sleep Assessments

Consensus Sleep Diary

Each morning at 8 AM, participants were prompted via an alert
in the study app to complete the 10-item Consensus Sleep Diary
(CSD), which assesses the quantity and quality of sleep. CSD
is widely considered the gold standard sleep diary [21]. The
CSD variables were time taken to fall asleep (minutes), total
time asleep (hours), and sleep efficiency (proportion of in-bed
time spent sleeping). The CSD also assessed sleep quality
(5-point Likert scale, ranging from 1 [very poor] to 5 [very
good]) and feeling refreshed on awakening (5-point Likert scale,
ranging from 1 [not at all rested] to 5 [very-well rested]).

Actigraphy

Participants were asked to wear the MotionWatch 8 actigraphy
monitor (CamNtech), a Conformitè Europëenne–marked Class
1 medical device, on their nondominant wrist 24 hours a day
for 30 days. MotionWatch 8 was configured to capture limb or
bodily movements in 30-second epochs using a triaxial
accelerometer. Actigraphy has been shown to provide reliable
estimates of sleep compared with polysomnography [22].
CamNtech proprietary software was used to extract the sleep
parameters of interest. Running the software requires the time
participants get in to bed and out of bed in each 24-hour period
to be recorded. In-bed and out-of-bed times were determined
either via self-reported times in the CSD or by manual screening
of actigraphy data (if CSD data were missing). Where manual
screening took place, in-bed times were defined as the time of
peak of activity count data immediately before continuous
activity ceased for the day, and out-of-bed time was defined as
the time of trough of activity count data immediately before
continuous activity began for the subsequent day. To assess
reliability, 20.1% (54/268) of the data streams were inspected
by 2 raters. The actigraph sleep variables were time taken to
fall asleep (minutes), total time asleep (hours), sleep efficiency
(proportion of in-bed time spent sleeping), and fragmentation
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index (the number of interruptions of sleep by physical
movement with higher scores indicating more fragmented sleep).

Pain, Fatigue, and Mood
Participants were prompted once in the morning at 8 AM and
once in the evening at 6 PM to complete the uMotif interface
within the study app (Figure S1 in Multimedia Appendix 1) to
report the presence and severity of their pain, mood, and fatigue
on a 5-point ordinal scale. Pain and fatigue severity were scored
from 1 (none) to 5 (very severe), and mood was scored from 1
(depressed) to 5 (very happy).

HRQoL Measurements
Participants completed the World Health Organization Quality
of Life-Brief (WHOQoL-BREF) scale [23] using the study app
at baseline and on days 10, 20, and 30. The recall period was
10 days to capture the changes since the previous assessment.
Noncompleters received a reminder text to complete the
assessment within 5 days of the original completion date. The
WHOQoL-BREF captures an individual’s HRQoL across 4
independent domains: physical (7 items), psychological (6
items), social relationships (3 items), and environmental (8
items). Domain items, individually scored from 1 to 5, were
summed and transformed into a 0-100 score, with higher scores
indicating better HRQoL [23]. For healthy people, median (SD)
domain scores were physical 76.5 (16.2), psychological 67.8
(15.6), social 70.5 (20.7), and environmental 68.2 (13.8) [24].
To the best of our knowledge, minimal clinically important
differences for the WHOQoL-BREF have not been established
for RA. Others have reported minimal clinically important
differences of approximately 10% in WHOQoL-BREF domain
scores [25].

Ethical Approval
Approval was obtained in April 2017 from the National
Research Ethics Service Committee North West—Liverpool
Central Research Ethics Committee (reference: 17/NW/0217).

Statistical Methods
Participants were eligible for this analysis if they provided
written consent for their data to be analyzed, completed the
baseline questionnaire, returned the actigraph, provided
symptom reports on at least 50% of eligible days, completed
≥50% of the CSDs, and completed the WHOQoL-BREF on at
least two of the three possible follow-up time points. Descriptive
statistics summarizing demographics and baseline measures are
presented as frequencies and medians with IQRs.

Data Preparation
Within the study, data item collection frequencies differed: sleep
and symptoms were measured daily, whereas HRQoL was
measured at baseline and at approximately days 10, 20, and 30.
To preserve temporal ordering, we examined the relationship
between daily sleep and symptom data from baseline to day 10,
from day 11 to 20, and from day 21 to 30, with HRQoL at days
10, 20, and 30.

For the sleep and symptom variables, we calculated the average
score and 2 measures of score variability, intraindividual SD
(iSD), and autocorrelation [26] (Figure 2). The average sleep
and symptom scores were calculated as a simple arithmetic
mean over each 10-day time window. iSD captures the amplitude
of sleep or symptom score fluctuations, with higher values
indicating higher amplitude and therefore increased between-day
variability. Autocorrelation (temporal dependency) assesses the
extent to which sleep or symptom scores can be predicted based
on previous scores. Autocorrelation values ranged from −1
(indicating significant fluctuations around the mean value) to
1 (indicating stable scores at or above or below the mean value).
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Figure 2. Examples of individual participants’ actigraphy assessed daily total sleep time showing average, intraindividual SD (iSD), and autocorrelation
scores over 10 days. In this figure, each panel plots the daily total sleep time for 2 selected participants over 10 days. The 10-day average sleep time is
shown as a straight line. In all, 2 measures of variability of total sleep time across the 10-day period were calculated, the iSD and the autocorrelation.
The individual panels show the following: (A) shows 2 participants with similar average iSD and autocorrelation scores, (B) shows 2 participants with
different average but similar iSD and autocorrelation scores, and (C) shows 2 participants with similar average and autocorrelation scores. The higher
iSD score of participant F reflects the higher amplitude of fluctuations in total sleep time when compared with the low amplitude of fluctuation in the
total sleep time of participant E. (D) shows 2 participants with similar average scores. The autocorrelation score of participant H toward −1 reflects the
fluctuation in total sleep time, whereas the autocorrelation score of participant G toward 1 reflects the day-to-day stability in total sleep time despite a
decrease over the period of observation.

Data Analysis
The data for this study were organized at 2 levels. The first level
was time (within-person), which was nested within the second
level, individuals (between-person). Thus, we used a multilevel
data analysis strategy in all analyses. First, univariable multilevel
models were fitted to investigate the association between the
average sleep scores and each of the 4 WHOQoL-BREF
domains. To avoid multicollinearity, separate models were
constructed for each sleep variable. To estimate the direct effect
of average sleep scores on HRQoL (denoted by the green arrow
in Figure 1), multivariable models were fitted to adjust for
baseline factors (age, sex, Index of Multiple Deprivation,
smoking status, alcohol consumption, marital status, number
of medications, BMI, Hospital Anxiety and Depression
Scale—anxiety subscale, RAPID-3, PSQI, SCI, OSA, and RLS).
The models were then adjusted for sleep variability (iSD and
autocorrelation) and consecutively for pain, mood, and fatigue.
Finally, all variables were entered into the model. The results
are presented as β-coefficients with 95% CIs. The variance in

the outcome explained by fixed (marginal R2) and combined

fixed and random (conditional R2) effects was used to assess
model performance.

All analyses were performed using R (version 3.6.0; R
Foundation for Statistical Computing).

Results

Study Cohort
A total of 9428 emails were sent to the nonmembers and
registered members of the National Rheumatoid Arthritis
Society. In total, 285 participants were recruited for the study
(Figure S2 in Multimedia Appendix 1). Of 285 participants,
268 (94%) provided baseline data, consent, and returned the
actigraph; and 254 (89.1% of recruited participants, 94.8% of
eligible participants) were included in the analysis. The 254
participants provided 6731 person-days of CSD data (88.3% of
the maximum possible; N=7620) and 7299 person-days of
symptom reports (95.8% of the maximum possible; N=7620).
The baseline characteristics of the study cohort are presented
in Table 1. Sleep problems were common, with a median PSQI
score of 11 (IQR 10-12); 32.3% (82/254) of the participants
had probable insomnia (SCI score ≤16), 5.9% (15/254) had
OSA, and 9.4% (24/254) had RLS.
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Table 1. Cohort characteristics.

Participants in analysis (n=254)Participants with baseline data (N=268)Characteristics

206 (81.1)219 (81.7)Sex (female), n (%)

57 (49-64)57 (49-65)Agea (years), median (IQR)

Marital status, n (%)

19 (7.5)21 (7.8)Single

194 (76.4)202 (75.4)Married or with partner

39 (15.3)44 (16.4)Separated, widowed, or divorced

2 (0.8)1 (0.4)Missing

7 (4-8)7 (4-8)Deprivation decilea (1=most deprived, 10=least deprived), median (IQR)

8.4 (3.34-13.8)8.8 (3.6-13.9)Disease durationa (years), median (IQR)

14.2 (8.3-19.3)14.3 (8.3-19.4)Baseline disease activitya (Routine Assessment of Patient Index Data 3),
median (IQR)

3 (2-4)3 (2-4)Number of medicationsa, median (IQR)

82 (32.3)83 (31)Possible insomnia (Sleep Condition Indicator; score ≤16), n (%)

11 (10-12)11 (10-12)Pittsburgh Sleep Quality Indexa, median (IQR)

15 (5.9)16 (6)Sleep apnea (yes), n (%)

24 (9.4)25 (9.3)Restless leg syndrome (yes), n (%)

Smoking, n (%)

21 (8.3)22 (8.2)Current smoker

99 (39)106 (39.6)Ex-smoker

130 (51.2)137 (51.1)Never smoker

4 (1.6)3 (1.1)Missing

Alcoholb, n (%)

102 (40.2)108 (40.3)None

130 (51.2)138 (51.5)Moderate

21 (8.3)21 (7.8)Heavy

1 (0.4)1 (0.4)Missing

BMIc (kg/m2), n (%)

5 (2)5 (1.9)Underweight

88 (34.6)95 (35.5)Healthy

73 (28.7)79 (29.5)Overweight

79 (31.1)81 (30.2)Obese

9 (3.5)8 (3)Missing

Anxietyd (Hospital Anxiety and Depression Scale—anxiety subscale), n (%)

52 (20.5)56 (21)Not case (0 to <8)

138 (54.3)146 (54.5)Borderline case (8 to <11)

62 (24.4)65 (24.3)Case (11 to 21)

2 (0.8)1 (0.4)Missing

aMissing values are not shown.
bNone: 0 units; moderate: 1-15 units; and heavy: ≥16 units.
cUnderweight: <18.5 kg/m2; healthy: 18.5-24.9 kg/m2; overweight: 24.9-30 kg/m2; or obese: >30 kg/m2.
dNot case: 0-8; borderline case: 8-11; and definite case: 11-21.
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Individual participant’s WHOQoL-BREF scores were plotted
separately for each of the 4 domains (Figure 3). The cohort
mean is shown in red, and the mean scores for healthy
individuals are shown in black. At all time points, the mean
scores across all participants were lower, that is, poorer, when
compared with healthy individuals for the physical,
psychological, and social HRQoL domains. The mean score for

the environmental domain was similar for the RA cohort and
general population. There was substantial variability in domain
scores between individuals and change over time within
individuals, with; for example, 20.1% (51/254) of the
participants having a ≥10% decrease in the physical domain
score between consecutive assessments.

Figure 3. Plot of individual participant World Health Organization Quality of Life-Brief (WHOQoL-BREF) domain scores across 30 days. The blue
line is the cohort mean score, the black dashed line is the mean score for healthy individuals.

Participants’ self-reported sleep patterns on the CSD did not
correlate strongly with actigraph data. From baseline to day 10,
the median (IQR) time taken to fall asleep was higher on the
CSD (median 35.6, IQR 15.4-42.4 minutes) when compared
with the actigraph (median 16.1, IQR 6.1-20.6 minutes; Table
S1 in Multimedia Appendix 2), and the correlation between
these 2 measures was weak (Pearson r=0.27; Figure 4).
Similarly, low correlations were found for total time asleep
(r=0.4) although the median total time asleep for both measures

was 7.2 hours, and sleep efficiency (r=0.3) was lower on the
CSD (median 78.0, IQR 71.9-86.9, cf. median 83.3, IQR
80.1-87.7). Participants reported poor sleep quality (median
score 2.0, IQR 1.6-2.5) and did not feel refreshed on wakening
(median score 1.6, IQR 1.1-2.1). The median actigraphy
fragmentation index was 32.3 (IQR 22.0-38.6). These patterns
were similar across days 11-20 and 21-30 (Figure 3; Table S1
in Multimedia Appendix 2).
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Figure 4. Correlation between objective (actigraph) and subjective (Consensus Sleep Diary [CSD]) measured time taken to fall asleep (A), total time
asleep (B), and sleep efficiency (C).

The Relationship Between Sleep and HRQoL and the
Effect of Pain, Mood, and Fatigue

CSD Sleep Variables

Overview

The results of the multilevel models to examine the relationship
between CSD sleep variables and the WHOQoL-BREF domains

are shown in Table 2 and are summarized in the following
sections.
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Table 2. Consensus Sleep Diary and health-related quality of life.a

Multivariable β (95% CI)Univariable β
(95% CI)

Sleep parameter and
quality of life domain

Baseline factors
plus pain, mood,

and fatiguec

Baseline factors

plus fatiguec
Baseline factors

plus moodc
Baseline factors

plus painc
Baseline factorsb

Time taken to fall asleep (minutes)d

0.43 (−0.10 to
0.95)

0.10 (−0.36 to
0.54)

0.13 (−0.34 to
0.58)

0.14 (−0.34 to
0.59)

−0.082 (−0.42 to
0.23)

−0.29 (−0.63 to
0.04)

Environmental

0.02 (−0.49 to
0.51)

−0.41 (−0.88 to
0.03)

−0.19 (−0.68 to
0.25)

−0.47 (−0.97 to

−0.01)e
−0.41 (−0.78 to

−0.09)e
−0.47 (−0.86 to

−0.08)e
Physical

0.13 (−0.40 to
0.66)

−0.25 (−0.73 to
0.22)

−0.22 (−0.72 to
0.24)

−0.47 (−0.99 to
0.01)

−0.55 (−0.91 to

−0.22)e
−0.71 (−1.07 to

−0.35)e
Psychological

−0.26 (−1.06 to
0.57)

−0.65 (−1.38 to
0.07)

−0.70 (−1.44 to
0.04)

−0.60 (−1.34 to
0.12)

−0.53 (−1.06 to

−0.02)e
−0.75 (−1.29 to

−0.21)e
Social

Total time asleep (hours)f

0.23 (−0.96 to
1.46)

0.03 (−0.92 to
1.02)

0.33 (−0.67 to
1.39)

−0.09 (−1.11 to
1.00)

0.36 (−0.48 to
1.27)

0.49 (−0.41 to
1.40)

Environmental

0.14 (−0.94 to
1.22)

0.45 (−0.50 to
1.41)

0.47 (−0.52 to
1.47)

0.39 (−0.64 to
1.42)

0.93 (0.04 to

1.82)e

1.11 (0.07 to

2.15)e

Physical

0.30 (−0.84 to
1.52)

0.01 (−0.99 to
1.04)

0.28 (−0.74 to
1.36)

−0.07 (−1.16 to
1.08)

0.41 (−0.49 to
1.35)

0.45 (−0.52 to
1.43)

Psychological

−0.03 (−1.77 to
1.84)

1.001 (−0.49 to
2.57)

0.88 (−0.68 to
2.57)

0.012 (−1.55 to
1.68)

1.50 (0.18 to

2.93)e

1.65 (0.21 to

3.10)e

Social

Sleep efficiency (%)g

−0.74 (−2.25 to
0.82)

−0.05 (−1.29 to
1.25)

−0.12 (−1.41 to
1.24)

−0.42 (−1.73 to
0.99)

0.48 (−0.426 to
1.45)

1.10 (0.14 to

2.06)e

Environmental

0.01 (−1.36 to
1.43)

1.42 (0.19 to

2.71)e

0.98 (−0.28 to
2.32)

1.22 (−0.08 to
2.60)

2.03 (1.10 to

3.02)e

2.92 (1.81 to

4.05)e

Physical

1.28 (−0.20 to
2.84)

1.67 (0.38 to

3.04)e

1.57 (0.24 to

2.98)e

2.11 (0.71 to

3.61)e

1.80 (0.85 to

2.82)e

2.44 (1.41 to

3.49)e

Psychological

0.823 (−1.45 to
3.20)

2.02 (0.05 to

4.10)e

1.92 (−0.12 to
4.09)

1.53 (−0.50 to
3.72)

2.22 (0.78 to

3.76)e

2.97 (1.44 to

4.50)e

Social

Sleep quality (1-5)

0.10 (−2.21 to
2.54)

0.12 (−1.59 to
1.90)

0.03 (−1.82 to
2.01)

0.31 (−1.46 to
2.23)

−0.05 (−1.46 to
1.47)

1.65 (0.20 to

3.12)e

Environmental

3.13 (1.03 to

5.31)e

3.83 (2.11 to

5.61)e

3.97 (2.16 to

5.81)e

4.06 (2.29 to

5.91)e

4.58 (3.12 to

6.11)e

5.99 (4.34 to

7.69)e

Physical

1.54 (−0.71 to
4.01)

1.12 (−0.68 to
3.09)

1.10 (−0.78 to
3.20)

1.06 (−0.84 to
3.17)

0.95 (−0.55 to
2.58)

2.47 (0.89 to

4.10)e

Psychological

−1.03 (−4.46 to
2.68)

0.21 (−2.55 to
3.15)

−0.22 (−3.15 to
3.00)

−0.25 (−2.97 to
2.69)

0.04 (−2.25 to
2.56)

2.82 (0.44 to

5.24)e

Social

Feeling refreshed (1-5)

−0.85 (−3.07 to
1.56)

−0.38 (−2.09 to
1.44)

−0.05 (−1.80 to
1.88)

0.22 (−1.48 to
2.15)

0.49 (−0.90 to
2.07)

2.12 (0.63 to

3.65)e

Environmental
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Multivariable β (95% CI)Univariable β
(95% CI)

Sleep parameter and
quality of life domain

Baseline factors
plus pain, mood,

and fatiguec

Baseline factors

plus fatiguec
Baseline factors

plus moodc
Baseline factors

plus painc
Baseline factorsb

3.60 (1.58 to

5.65)e

3.44 (1.72 to

5.22)e

4.31 (2.59 to

6.06)e

3.99 (2.31 to

5.76)e

4.57 (3.14 to

6.10)e

6.28 (4.57 to

8.04)e

Physical

1.87 (−0.32 to
4.34)

1.94 (0.18 to

3.93)e

2.13 (0.37 to

4.16)e

2.25 (0.47 to

4.35)e

2.43 (0.98 to

4.15)e

3.73 (2.07 to

5.44)e

Psychological

−1.42 (−4.71 to
2.29)

−0.30 (−3.05 to
2.71)

−0.49 (−3.26 to
2.60)

−0.62 (−3.23 to
2.39)

0.74 (−1.49 to
3.31)

2.97 (0.5 to

5.42)e

Social

aThe relationship between average scores of Consensus Sleep Diary and health-related quality of life.
bAge, sex, Index of Multiple Deprivation, smoking status, alcohol consumption, marital status, number of medications, BMI (self-reported kg/m2),
Hospital Anxiety and Depression Scale—anxiety subscale, Routine Assessment of Patient Index Data 3, obstructive sleep apnea, and restless leg
syndrome.
cSimilar to footnote b, plus intraindividual SD and autocorrelation measures of sleep parameters, pain, mood, and fatigue.
dFor each 10-minute increase in time taken to fall asleep.
eThe results excluding zero.
fFor each 1-hour asleep.
gFor each 10% increase in sleep efficiency.

Time Taken to Fall Asleep

In the unadjusted models, an increase in the time taken to fall
asleep was associated with lower, that is, poorer
WHOQoL-BREF scores. For each 10-minute increase in the
time taken to fall asleep, physical domain scores decreased by
0.47 points (β=−.47, 95% CI −0.86 to −0.08), psychological
domain scores decreased by 0.71 points (95% CI −1.07 to
−0.35), and social domain scores decreased by 0.75 points (95%
CI −1.29 to −0.21). These associations persisted after adjusting
for baseline factors (age, sex, deprivation, smoking status,
alcohol consumption, marital status, number of medications
used, BMI, and anxiety), baseline RAPID-3 scores, baseline
PSQI and SCI scores, OSA, and RLS. When pain was included
in the model, the relationship with physical domain scores was
attenuated but persisted (β=−.05, 95% CI −0.10 to −0.001),
whereas the relationship with psychological and social domain
scores did not persist. When pain, mood, and fatigue were
included in the final model, the time taken to fall asleep was
not significantly associated with any of the WHOQoL-BREF
domains (Table 2). The variability in time taken to fall asleep
was not associated with the WHOQoL-BREF domains (Table
S2 in Multimedia Appendix 2).

Total Time Asleep

An increase in the total time asleep was associated with higher,
that is, better, physical (for each 1-hour increase: β=1.11, 95%
CI 0.07-2.15) and social domain (β=1.65, 95% CI 0.21-3.10)
scores. These associations were independent of baseline factors
but were attenuated and no longer significant when pain, fatigue,
and mood were included in the models. Variability in total time
asleep was an important predictor of WHOQoL-BREF domains
(Table S2 in Multimedia Appendix 2). An increase in the iSD
score, indicating increased variability in the total sleep time,
was associated with poorer physical (for each unit increase:
β=−2.41, 95% CI −4.14 to −0.76) and psychological (β=−2.21,

95% CI −3.96 to −0.38) domain scores. These associations were
not explained by the inclusion of baseline factors, such as pain,
fatigue, and mood, into the models.

Sleep Efficiency

After adjusting for baseline factors, increased sleep efficiency
was associated with better physical (for each 10% increase in
sleep efficiency: β=2.03, 95% CI 1.10-3.02), psychological
(β=1.80, 95% CI 0.85-2.82), and social domain scores (β=2.22,
95% CI 0.78-3.76). However, when pain, fatigue, and mood
were included in the models, there were no significant
associations between the sleep efficiency and HRQoL domains.
The variability in sleep efficiency was not associated with the
WHOQoL-BREF domains (Table S2 in Multimedia Appendix
2).

Sleep Quality

Sleep quality was associated with all 4 WHOQoL-BREF
domains (Table 2). Although most associations were explained
by baseline factors, the association between sleep quality and
the physical domain scores persisted, with a unit increase in the
sleep quality score being associated with a 4.58 (95% CI
3.12-6.11) increase in the physical domain score. This
association was not explained by pain, mood, or fatigue. The
variability in sleep quality was not associated with the
WHOQoL-BREF domains (Table S2 in Multimedia Appendix
2).

Feeling Refreshed

A unit increase in the feeling refreshed score was associated
with better physical (β=4.57, 95% CI 3.14-6.10) and
psychological (β=2.43, 95% CI 0.98-4.15) HRQoL
independently of baseline factors, including disease severity.
The relationship with physical HRQoL persisted when pain,
mood, and fatigue were included in the model. Variability in
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feeling refreshed was not associated with WHOQoL-BREF
domains (Table S2 in Multimedia Appendix 2).

Actigraphy Sleep Variables
Of the actigraph sleep parameters, only total sleep time was
associated with physical domain scores and appeared in the
opposite direction (β=−1.24, 95% CI −2.58 to −0.09; Table S3
in Multimedia Appendix 2). However, this association was
attenuated and not significant when adjusted for pain, mood,
and fatigue.

Model Performance

The marginal R2 values of the final multivariable models ranged
from 33% to 69% (Multimedia Appendix 2).

Discussion

Principal Findings
In this study, we report the findings of a prospective mHealth
study that examined the role of sleep disturbance in people with
RA and its impact on HRQoL. At all assessment points, the
average HRQoL of the cohort was lower than the population
average [24]. We observed consistent patterns of association
between sleep and HRQoL. First, the CSD sleep variables
predicted physical, psychological, and social HRQoL: increases
in the time taken to fall asleep predicted poorer HRQoL, whereas
increases in total time asleep, sleep efficiency, feeling refreshed,
and sleep quality predicted better HRQoL. Increased variability
in total sleep time was associated with poor physical and
psychological quality of life. Second, most of these associations
were independent of sociodemographic and lifestyle factors;
disease activity; baseline medication use; levels of anxiety;
sleep quality (PSQI score); and clinical sleep disorders,
including insomnia, OSA, and RLS. Third, these data clearly
show that the relationship between sleep variables and HRQoL
(with the exception of feeling refreshed, sleep quality with
physical HRQoL, and the relationships with variability in total
sleep time) were mediated via changes in pain, mood, and
fatigue. Finally, there was no consistent pattern of association
between actigraphy-derived sleep variables and HRQoL.

Limitations
There are several limitations to consider when interpreting these
results. First, our study design may have introduced a selection
bias. For example, older age and higher disease severity have
been shown to predict nonparticipation in digital health research
[27]. Bias may have been introduced if nonparticipation was
related to sleep disturbance and, independently of sleep, to
HRQoL. However, our data indicate that this was unlikely to
be the case because the rates of sleep disturbance were within
the expected range. The median PSQI score was 11, which is

comparable with that in other studies of people with RA [28].
The prevalence of poor sleep (PSQI score ≥5) was 90% (data
not shown), which is in line with estimates from previous
studies. Finally, one-third of our sample was classified as having
probable insomnia, which is comparable with other estimates
of patients with arthritis [29]. Our screening for OSA and RLS
was limited, and their impact on RA-HRQoL was unclear in
our study. Engagement in the study was high (241/254, 94.8%)
among those participants who were recruited and successfully
commenced data collection, and a few (14/268, 5.5%) were lost
to follow-up after enrolling in the study. Therefore, it is unlikely
that the loss to follow-up bias had a substantial influence on
our results. Finally, we observed a poor correlation between the
subjective (CSD) and objective (actigraphy) measures of sleep.
The low correlation between subjective and objective measures
is a common observation. They appear to measure different
dimensions of sleep: the correlation between polysomnography
measures of sleep and actigraphy is stronger than that between
polysomnography and sleep diaries [30]. There may be different
underlying biological (eg, inflammatory) and psychological
mechanisms between subjective and objective measures, or
self-reported sleep may reflect the reporting of a more chronic
sleep problem, whereas actigraphy assesses acute sleep changes
[30].

Implications of This Study
The data reported here support our hypothesis that sleep
disturbances predict poor HRQoL in people with RA. Sleep
efficiency was low compared with healthy people [31], and
people with RA spent substantial periods in bed but not asleep.
Optimizing total sleep time, increasing sleep efficiency,
decreasing sleep onset latency, and reducing variability in total
sleep time could improve HRQoL in people with RA. We also
reported that pain, mood, and fatigue mediate these relationships.
There is no high-quality evidence for the effectiveness of
pharmacological [32] or nonpharmacological [33] sleep
interventions in people with RA. The hybrid cognitive
behavioral therapy (CBT) proposed by Tang et al [34] for people
with chronic pain incorporates components of CBT for insomnia
and CBT for pain and has been shown to improve sleep, pain
interference, fatigue, and depression. Our data suggest that
hybrid treatment models that simultaneously address sleep
disturbances and associated symptoms, including pain, mood,
and fatigue, may improve HRQoL in people with RA.

Conclusions
Sleep predicts poor HRQoL independent of disease severity.
Sleep disturbance indirectly impacts poor HRQoL via its effects
on pain, mood, and fatigue. These data should inform the
development of complex interventions to improve sleep-related
HRQoL in people with RA.
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Abstract

Background: The new reality of cybersuicide raises challenges to ideologies about the traditional form of suicide that does not
involve the internet (offline suicide), which may lead to changes in audience’s attitudes. However, knowledge on whether
stigmatizing attitudes differ between cybersuicides and offline suicides remains limited.

Objective: This study aims to consider livestreamed suicide as a typical representative of cybersuicide and use social media
data (Sina Weibo) to investigate the differences in stigmatizing attitudes across cybersuicides and offline suicides in terms of
attitude types and linguistic characteristics.

Methods: A total of 4393 cybersuicide-related and 2843 offline suicide-related Weibo posts were collected and analyzed. First,
human coders were recruited and trained to perform a content analysis on the collected posts to determine whether each of them
reflected stigma. Second, a text analysis tool was used to automatically extract a number of psycholinguistic features from each
post. Subsequently, based on the selected features, a series of classification models were constructed for different purposes:
differentiating the general stigma of cybersuicide from that of offline suicide and differentiating the negative stereotypes of
cybersuicide from that of offline suicide.

Results: In terms of attitude types, cybersuicide was observed to carry more stigma than offline suicide (χ2
1=179.8; P<.001).

Between cybersuicides and offline suicides, there were significant differences in the proportion of posts associated with five

different negative stereotypes, including stupid and shallow (χ2
1=28.9; P<.001), false representation (χ2

1=144.4; P<.001), weak

and pathetic (χ2
1=20.4; P<.001), glorified and normalized (χ2

1=177.6; P<.001), and immoral (χ2
1=11.8; P=.001). Similar results

were also found for different genders and regions. In terms of linguistic characteristics, the F-measure values of the classification
models ranged from 0.81 to 0.85.

Conclusions: The way people perceive cybersuicide differs from how they perceive offline suicide. The results of this study
have implications for reducing the stigma against suicide.

(J Med Internet Res 2022;24(4):e36489)   doi:10.2196/36489
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Introduction

Background
Suicide remains one of the leading causes of death worldwide
according to the latest estimates released by the World Health
Organization [1]. Mental illness stigma refers to the negative
stereotyping of people with mental illnesses that may lead to
discrimination [2]. Although there is often a stigma associated
with all mental illnesses, suicide can be especially stigmatized,
dismissed as “merely attention-seeking gesturers” [3]. Stigma
against suicide can lead to a reduced likelihood of receiving
treatment and an increased risk of death by suicide [4,5].
Therefore, lowering stigma can improve mental health outcomes.
Stigma reduction efforts are more likely to be effective when
targeting specific mental health problems [6-8]. Therefore, it is
crucial to understand the negative stereotypes people often
associate with suicide and then design antistigma campaigns
accordingly.

The internet facilitates self-disclosure and social connection,
giving rise to an emerging form of suicide (ie, cybersuicide).
Unlike the traditional form of suicide that does not involve the
internet (ie, offline suicide), cybersuicide covers a broad range
of internet-mediated suicidal behaviors and phenomena,
including livestreamed suicide [9,10]. The internet increases
people’s willingness to disclose more about themselves and
offers highly interactive platforms for interpersonal
communication (eg, Twitter and Sina Weibo). Therefore, on
the internet, people with suicidal intentions are motivated to
share and communicate their thoughts on suicide with others
and are able to maintain active contact with their social network
in the last moments of life, although members of social networks
do not live close to them. In livestreamed suicide, for example,
through various media (text messages, pictures, videos, and
voice notes), the internet enables people with suicidal intentions
to broadcast their suicides to their entire social network before
death and allows real time interaction between people with
suicidal intentions and their audience. This means that
cybersuicide makes a very personal and private act highly public
and greatly enhances the interaction between people with
suicidal intentions and their audience, which raises challenges
to long-held ideas and beliefs about offline suicide [11-13] and
facilitates the creation of emerging cultures around suicide
[9,10,14,15]. It is well known that social and cultural factors
can influence attitudes toward mental health problems, including
suicide [16-18]. Therefore, it is not surprising that cybersuicide,
which has radically transformed the sociocultural context of
suicide, may lead to changes in audience’s attitudes, suggesting
the need for further examination of the differences in
stigmatizing attitudes across cybersuicides and offline suicides.

The livestreamed suicide is commonly considered as one of the
most notable and representative types of cybersuicide,
particularly in China [9,19]. From 2003 to 2016, at least 193
livestreamed suicide incidents occurred in China [20]. Therefore,
considerable research efforts have been directed toward
understanding the specific types of attitudes associated with

livestreamed suicide. As social media allow users to freely
disclose their feelings and thoughts and include vast quantities
of publicly available data, many studies used human coders to
analyze relevant social media data (eg, posts with relevant
keywords and audience-generated messages related to relevant
suicide incidents) and concluded that the public may react
strongly against livestreamed suicide [21-24]. Besides, a study
found a distinctive type of negative stereotype associated with
livestreamed suicide (ie, false representation stigma, a
misleading belief that people livestreaming their suicides do
not really want to kill themselves) [25], which was not
mentioned in previous studies regarding offline suicide. The
results of these studies imply that the public may react
differently to cybersuicides and offline suicides. However, to
our knowledge, no research has been conducted to directly
investigate the differences in stigmatizing attitudes toward
cybersuicides and offline suicides. Furthermore, attitudes can
manifest not only in specific attitude types (what it says exactly)
but also in linguistic characteristics of language expressions
(how it is said) [26-29]. Recent studies confirmed that
health-related stigmatizing attitudes (eg, Alzheimer disease,
depression, and livestreamed suicide) can be identified by
analyzing linguistic characteristics of expressions in social
media posts [30-32]. More importantly, the differences in
stigmatizing attitudes across mental health problems can be
reflected in different patterns of language use as well [33].
Therefore, apart from the differences in types of stigma, the
differences in the linguistic characteristics of stigmatizing
expressions also need to be investigated.

Objective
To address these concerns by analyzing social media data (Sina
Weibo, a Chinese social media site that is similar to Twitter),
this study attempts to directly and systematically investigate
the differences in stigmatizing attitudes across cybersuicides
and offline suicides in terms of attitude types and linguistic
characteristics, respectively.

It is worth noting that cybersuicide is a new and developing
form of suicide. The public may not be equally familiar with
different types of cybersuicide. In China, because of the
prevalence and media coverage of livestreamed suicide,
compared with other types of cybersuicide, the public is
expected to be more familiar with and more likely to discuss
livestreamed suicide on social media. Therefore, to collect
sufficient social media data for further analysis, this study aims
to consider livestreamed suicide as a typical representative of
cybersuicide and compare it with offline suicide.

Methods

Research Process
The research process included the following three steps: (1)
data collection, (2) data preprocessing, and (3) data analysis.
The data collection and preprocessing procedures are shown in
Figure 1.
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Figure 1. Procedures of data collection and preprocessing.

Data Collection
First, a participant pool of active Weibo users was created.
According to a previous study, 1,953,485 active Weibo users
were identified as potential participants [34]. The application
programming interface (API) platform of Sina Weibo enables
programmatic access to Weibo data that users choose to share
with the public. As Sina Weibo places limits and quotas on API
requests, among all potential participants, 1.06 million active
users with available data were finally included in the participant
pool.

Second, a database of Weibo posts was constructed. In May
2020, using API, a vast amount of publicly available Weibo
posts from 1.06 million active users in the participant pool since
their registration (the 2020 official numbers of monthly and
daily active users: 511 million and 224 million, respectively
[35]), were downloaded.

Third, several relevant Weibo posts were identified through
database searches. To obtain the posts reflecting attitudes toward
cybersuicides and offline suicides, two sets of keywords were
used to search the database, including livestreamed suicide (直
播自杀 and 自杀直播) and suicide (自杀). It is worth noting
that although cybersuicide is a rapidly developing form of
suicide, an overwhelming majority of suicide incidents still
occur offline. For example, between 2003 and 2016, 193
incidents of livestreamed suicide occurred in China [20],
whereas in 2019, the number of suicides in China had reached
116,324 [1]. Therefore, unless otherwise stated, the Chinese
people commonly use the term suicide to refer to traditional
offline suicide.

The process of database searches included the following three
steps: (1) a total of 4460 posts with keywords livestreamed
suicide were searched and obtained (cybersuicide group); (2) a

total of 933,172 posts with keywords suicide (but without
keywords livestreamed suicide) were searched and obtained
(offline suicide group); (3) to balance the number of posts in
each group, using simple random sampling, 4500 posts were
randomly selected from 933,172 posts in the offline suicide
group (cybersuicide: 4460 posts and offline suicide: 4500 posts).

Data Preprocessing
After data collection, preprocessing was performed on the raw
data to prepare them for further analysis.

First, to exclude irrelevant posts and reclassify misclassified
posts, manual scrutiny of the collected data was conducted.

In this study, irrelevant posts were considered as (1) posts that
depicted suicides in fictional works (eg, movies, television
programs, and novels), (2) posts that focused on suicides in
nonhuman animals (eg, dogs), and (3) posts that used
suicide-related keywords for nonsuicidal purposes (eg, making
a bet). After the removal of irrelevant posts, 7244 posts
(cybersuicide: 4460 – 136 = 4324 and offline suicide: 4500 −
1580 = 2920) remained.

Subsequently, 77 posts in the offline suicide group were
reclassified as posts related to cybersuicide (livestreamed
suicide: n=69, 90% posts; suicide game: n=4, 5% posts;
prosuicide website and forum: n=2, 3% posts; and internet
suicide pact: n=2, 3% posts). As this study primarily focused
on livestreamed suicide rather than other types of cybersuicide,
8 posts related to the other 3 types of cybersuicide were excluded
from further analysis.

Therefore, the final sample of this study included 7236 posts
(cybersuicide: 4324 + 69 = 4393; offline suicide: 2920 – 69 –
8 = 2843). The demographic characteristics of the participants
in the final sample are presented in Table 1.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e36489 | p.493https://www.jmir.org/2022/4/e36489
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Demographics of participants.

Offline suicide (n=2843), n (%)Cybersuicide (n=4393), n (%)All Weibo posts (N=7236), n (%)Demographics

Gender

1589 (55.89)2473 (56.29)4062 (56.14)Male

1254 (44.11)1920 (43.71)3174 (43.86)Female

Regions

500 (17.59)812 (18.48)1312 (18.13)North China

108 (3.8)191 (4.35)299 (4.13)Northeast China

947 (33.31)1330 (30.28)2277 (31.47)East China

141 (4.96)233 (5.3)374 (5.17)Central China

544 (19.13)801 (18.23)1345 (18.59)South China

163 (5.73)330 (7.51)493 (6.81)Southwest China

91 (3.2)133 (3.03)224 (3.1)Northwest China

349 (12.28)563 (12.82)912 (12.6)International and unspecified

Second, to extract psycholinguistic features from each of the
7236 posts automatically, the Simplified Chinese version of
Linguistic Inquiry and Word Count software was used. The
Simplified Chinese version of Linguistic Inquiry and Word
Count is a reliable and valid text analysis tool for the automatic
estimation of word frequency in multiple psychologically
meaningful categories, including linguistic processes (eg,
personal pronouns), psychological processes (eg, affective
processes), personal concerns (eg, achievement), spoken
categories (eg, assent), and punctuation categories (eg, periods)
[36]. After feature extraction, the standardized values of
psycholinguistic features were estimated for further analysis.

Data Analysis

Human Coding

To explore the differences in types of stigmatizing attitudes
across cybersuicides and offline suicides, a content analysis was
performed on all 7236 posts to determine whether each of them
reflected stigma. The coding framework was developed based
on expert consensus and available evidence. Specifically, in
this study, a researcher (AL) reviewed relevant studies [25,37]
and then performed an inductive content analysis on all 7236
posts to develop an initial coding framework. Subsequently,
another two researchers (DJ and TZ) provided feedback to
emend the initial framework. Using the amended framework
(Table S1 in Multimedia Appendix 1), 2 independent human
coders were recruited and trained to analyze all 7236 posts. The
levels of agreement between the 2 coders were measured by
Cohen k coefficient, and disagreements were resolved by the
decisions of a researcher (AL). All individuals who participated
in developing the coding framework and performing manual
coding of posts had considerable experience in coding
qualitative materials.

Construction of Classification Models

To explore the linguistic differences in stigmatizing expressions
across cybersuicides and offline suicides, 2 groups of
classification models were built using Waikato Environment
for Knowledge Analysis (version 3.9.4; University of Waikato)

software. Waikato Environment for Knowledge Analysis
provides tools for developing machine learning techniques and
applying them to practical data mining problems.

The first group of classification models was built to investigate
whether linguistic differences existed in the expression of stigma
in general (ie, cybersuicide-related or offline suicide-related
stigma as a whole) between cybersuicides and offline suicides.
The human coding results were considered as the ground truth
for the validation of the classification models. In this study, an
imbalanced data problem existed. For example, the number of
stigmatizing posts belonging to the offline suicide class
(minority class: 588 posts) was obviously lower than those
belonging to the cybersuicide class (majority class: 1556 posts).
Imbalanced data sets pose a challenge for machine learning
modeling, as this problem may result in models with poor
predictive performance, especially for the minority class. To
handle this problem, using simple random sampling, a certain
number of posts were randomly selected from the majority class
to obtain a well-balanced data set. Subsequently, to improve
classification accuracy, a subset of psycholinguistic features
was selected for use in model construction. Specifically, a series
of 2-tailed independent t tests were conducted to compare the
values of all extracted psycholinguistic features between
stigmatizing posts in the cybersuicide and offline suicide groups,
and then effect sizes (Cohen d coefficient) were computed from
the estimated t values. Features that were statistically significant
at .05 and had a Cohen d >0.20 or <−0.20 were considered as
key features. Finally, using four different machine learning
algorithms (Naïve Bayes, support vector machine, multilayer
perceptron neural network, and random forest [RF]), 4
classification models were constructed based on the selected
key features. Using a 5-fold cross-validation technique, the
classification performance of the established models was
evaluated in terms of precision, recall, and F-measure.

It is worth noting that the good classification performance of
models in the first group may be attributed to the existence of
differences in the amount and distribution of negative
stereotypes across cybersuicides and offline suicides rather than
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the existence of linguistic differences in stigmatizing expressions
across cybersuicides and offline suicides. To clarify this issue,
the second group of classification models was built to investigate
whether linguistic differences existed in the expression of certain
negative stereotypes across cybersuicides and offline suicides.
To obtain sufficient data for further analysis, in this study, posts
reflecting two negative stereotypes (ie, stupid and shallow and
glorified and normalized) were examined. Well-balanced data
sets, key features, and classification models were obtained using
the aforementioned methods.

Ethics Approval
The study protocol was reviewed and approved by the
institutional review board of the Institute of Psychology, Chinese

Academy of Sciences (protocol number: H15009). Informed
consent was not obtained, as this study was based on publicly
available data and involved no personally identifiable data
collection or analysis.

Results

Human Coding
The Cohen k coefficients for attitudes and negative stereotypes
reached 0.88 and 0.81, respectively, indicating almost perfect
agreement [38]. The results of human coding are presented in
Table 2.

Table 2. Results of human coding (N=7236).

Offline suicide, n (%)Cybersuicide, n (%)Categories

2843 (100)4393 (100)Attitudes

588 (20.7)1556 (35.4)Stigmatizing

2255 (79.3)2837 (64.6)Nonstigmatizing

588 (100)1556 (100)Negative stereotypes

80 (13.6)114 (7.3)Weak and pathetic

44 (7.5)97 (6.2)Self-centered

129 (21.9)528 (33.9)Stupid and shallow

13 (2.2)387 (24.9)False representation

195 (33.2)148 (9.5)Glorified and normalized

69 (11.7)111 (7.1)Immoral

14 (2.4)59 (3.8)Strange

7 (1.2)24 (1.5)Embarrassing

9 (1.5)40 (2.6)Vengeful

28 (4.8)48 (3.1)Mad

For stigma in general, posts on cybersuicide were more likely
than posts on offline suicide to contain stigmatizing expressions

(χ2
1=179.8; P<.001). Similar results were found for different

genders and regions, including men (χ2
1=66.7; P<.001), women

(χ2
1=121.0; P<.001), North China (NC; χ2

1=37.2; P<.001), East

China (EC; χ2
1=56.4; P<.001), Central China (CC; χ2

1=10.4;

P=.001), South China (SC; χ2
1=37.6; P<.001), and Southwest

China (SWC; χ2
1=11.8; P=.001).

For negative stereotypes, posts on cybersuicide were often coded
as stupid and shallow (528/1556, 33.93%) and false
representation (387/1556, 24.87%), whereas posts on offline
suicide were often coded as glorified and normalized (195/588,
33.2%) and stupid and shallow (129/588, 21.9%). Furthermore,
posts on cybersuicide were more likely than posts on offline

suicide to be coded as stupid and shallow (χ2
1=28.9; P<.001)

and false representation (χ2
1=144.4; P<.001), whereas posts

on offline suicide were more likely than posts on cybersuicide

to be coded as weak and pathetic (χ2
1=20.4; P<.001), glorified

and normalized (χ2
1=177.6; P<.001), and immoral (χ2

1=11.8;
P=.001). Similar results were found for different genders and
regions. Specifically, significant differences in the proportions
of posts coded as weak and pathetic were observed for posts

by women (χ2
1=21.0; P<.001) and from NC (χ2

1=10.6; P=.001)

and EC (χ2
1=3.9; P=.048). Significant differences in the

proportions of posts coded as stupid and shallow were observed

for posts by men (χ2
1=12.6; P<.001) and women (χ2

1=16.0;

P<.001) and from NC (χ2
1=9.1; P=.003), EC (χ2

1=7.9; P=.005),

SC (χ2
1=5.4; P=.02), and SWC (χ2

1=8.0; P=.005). Significant
differences in the proportions of posts coded as false

representation were observed for posts by men (χ2
1=86.4;

P<.001) and women (χ2
1=59.5; P<.001) and from NC (χ2

1=25.5;
P<.001), Northeast China (Fisher exact test: P=.004), EC

(χ2
1=48.2; P<.001), CC (Fisher exact test: P=.006), SC

(χ2
1=16.5; P<.001), SWC (χ2

1=8.1; P=.004), and Northwest
China (Fisher exact test: P=.003). Significant differences in the
proportions of posts coded as glorification and normalized were

observed for posts by men (χ2
1=127.3; P<.001) and women
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(χ2
1=55.1; P<.001) and from NC (χ2

1=37.5; P<.001), Northeast

China (Fisher exact test: P<.001), EC (χ2
1=60.7; P<.001), CC

(Fisher exact test: P=.01), SC (χ2
1=17.6; P<.001), and SWC

(χ2
1=21.5; P<.001). Significant differences in the proportions

of posts coded as immoral were observed for posts by men

(χ2
1=7.8; P=.005) and women (χ2

1=3.9; P=.048) and from EC

(χ2
1=4.8; P=.03) and Northwest China (Fisher exact test:

P=.008). In addition, posts on offline suicide were more likely
than posts on cybersuicide to be coded as mad for posts by

women (χ2
1=5.4; P=.02) and from CC (Fisher exact test: P=.04)

and SC (Fisher exact test: P=.03).

Construction of Classification Models

Stigma in General
For exploring linguistic differences in the expression of stigma
in general between cybersuicides and offline suicides, to achieve
a balanced data set, 600 stigmatizing posts were randomly
selected from posts in cybersuicide group (cybersuicide: 600
posts and offline suicide: 588 posts). A total of 6 key features
were selected for use in the model construction (Table S2 in
Multimedia Appendix 1). The RF model exhibited the best
classification performance (precision=0.86, recall=0.85, and
F-measure=0.85; Table 3).

Table 3. Performance of classification models.

Glorified and normalizedStupid and shallowStigma in generalModels

Naïve Bayes

0.720.720.73Precision

0.720.720.73Recall

0.720.720.73F-measure

Support vector machine

0.790.800.83Precision

0.780.800.83Recall

0.780.790.83F-measure

Multilayer perceptron neural network

0.780.840.85Precision

0.770.830.85Recall

0.770.830.85F-measure

Random forest

0.810.840.86Precision

0.810.840.85Recall

0.810.840.85F-measure

Stupid and Shallow
For exploring linguistic differences in the expression of stupid
and shallow between cybersuicides and offline suicides, to
achieve a balanced data set, a total of 150 stupid and
shallow–related posts were randomly selected from posts in
cybersuicide group (cybersuicide: 150 posts and offline suicide:
129 posts). A total of 4 key features were selected for use in the
model construction (Table S2 in Multimedia Appendix 1). The
RF model exhibited the best classification performance
(precision=0.84, recall=0.84, and F-measure=0.84; Table 3).

Glorified and Normalized
To explore the linguistic differences in the expression of
glorified and normalized between cybersuicides and offline
suicides (cybersuicide: 148 posts and offline suicide: 195 posts),
28 key features were selected for use in model construction
(Table S2 in Multimedia Appendix 1). The RF model exhibited
the best classification performance (precision=0.81, recall=0.81,
and F-measure=0.81; Table 3).

Discussion

Principal Findings
To our knowledge, this study provides the first systematic
analysis of the differences in stigmatizing attitudes toward
cybersuicides and offline suicides. The results of this study have
implications for reducing stigma against suicide.

First, it is necessary to confront and reduce stigma against
cybersuicide. In this study, a large proportion of
cybersuicide-related and offline suicide-related posts were coded
as stigmatizing (1556/4393, 35.42% and 588/2843, 20.68%,
respectively), although most posts about either type of suicide
were not overtly stigmatizing. Cybersuicide allows people with
suicidal intentions to interact with their audience in the last
moments before death. If the audience responds appropriately
to people with suicidal intentions, the likelihood of death would
be reduced [39-41]. The prevalence of stigma may hamper
audience from effectively responding to people with suicidal
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intentions [25,42-44]. Therefore, cybersuicide deserves to focus
on antistigma campaigns.

Second, the public reacts differently to cybersuicides and offline
suicides. In terms of attitude types, in this study, cybersuicide
was observed to carry more stigma than offline suicide
(cybersuicide: 1556/4393, 35.42% and offline suicide: 588/2843,

20.68%; χ2
1=179.8; P<.001), implying that the public may react

more negatively to cybersuicide than to offline suicide. This is
consistent with 2 previous studies that explored audience
responses to cybersuicide and offline suicide incidents [24,45].
Furthermore, compared with offline suicide, cybersuicide was

more likely to be considered as stupid and shallow (χ2
1=28.9;

P<.001) and false representation (χ2
1=144.4; P<.001) and was

less likely to be considered as weak and pathetic (χ2
1=20.4;

P<.001), glorified and normalized (χ2
1=177.6; P<.001), and

immoral (χ2
1=11.8; P=.001). Similar results were also found

for different genders and regions. This indicates that antistigma
campaigns targeting offline suicide may not be effective in
changing stigmatizing attitudes toward cybersuicide, suggesting
the need for public awareness campaigns that specifically target
cybersuicide. In addition, the most notable and obvious
difference between the two types of suicide was found in false
representation stigma (cybersuicide: 387/1556, 24.87% and
offline suicide: 13/588, 2.2%). The misbelief that cybersuicide
is not real may influence stigmatizing responses elicited mainly
by the value judgment of suicide death itself but not by the
perception of suicidal motives, causes, and methods. For
example, the glorification and immorality of suicide represent
two distinct values: that it is right or wrong to deliberately take
one’s own life. However, dismissing cybersuicide as a nonreal
condition contradicts the assumption of such 2 stigmas that
suicide is a real condition. This might be the reason why
cybersuicide was less likely to be considered as glorified and
normalized and immoral than offline suicide. It is also worth
noting that cybersuicide was commonly considered as stupid
and shallow (528/1556, 33.93%) and false representation
(387/1556, 24.87%), whereas offline suicide was commonly
considered as glorified and normalized (195/588, 33.2%) and
stupid and shallow (129/588, 21.9%). According to previous
studies, inappropriate audience responses are associated with
greater false representation stigma [25], and both suicide
ideation and suicide contagion are associated with greater
glorification of suicide [46,47]. This indicates that the reduction
of stigma against cybersuicide may contribute more in
improving audience responses, whereas the reduction of stigma
against offline suicide may contribute more in preventing suicide
attempts.

Apart from the differences in attitude types, linguistic
differences in the expression of stigma between cybersuicides
and offline suicides also exist. Such differences existed not only
at the level of stigma in general but also at the level of negative
stereotypes. In this study, the F-measure values of the
classification models ranged from 0.81 to 0.85. Compared with
other similar studies [48,49], the classification models achieved
satisfying accuracy. These results support the conclusion that
the way people perceive cybersuicide is very different from the

way people perceive offline suicide, implying that cybersuicide
may have a different structure from offline suicide [10].

Third, the use of linguistic analysis methods can facilitate the
identification of suicide-related stigma in mass media. Mass
media is a major contributor to the dissemination of incorrect
information, which may reinforce negative stereotypes
surrounding mental illness [50-52]. It would be greatly helpful
if mass media campaigns were developed to raise public
awareness and challenge the stigma against mental illness.
However, because of the sheer volume of information in mass
media, it is difficult for human coders to identify and analyze
stigmatizing information efficiently, suggesting the need for
automatic detection of stigma. Linguistic analysis methods can
be used to understand language use patterns of stigmatizing
expressions and to construct computational models for the
automatic detection of stigma [30,33,53]. For example, in this
study, stigmatizing expressions of cybersuicide were associated
with more frequent use of words related to leisure (eg, chat)
and work (eg, dissemination), which may be attributed to the
fact that cybersuicide makes suicidal acts highly public and
contradicts the public perception of suicide. By contrast,
stigmatizing expressions of offline suicide were associated with
more frequent use of words related to achievement (eg, hero),
which may be attributed to the higher prevalence of suicide
glorification (cybersuicide: 148/1556, 9.51% and offline suicide:
195/588, 33.2%). The constructed machine learning models
performed well in classifying stigma toward cybersuicides and
offline suicides. This indicates that understanding the linguistic
differences in stigmatizing expressions between cybersuicides
and offline suicides would make automatic detection more
precise. Automatic stigma detection would further improve
antistigma efforts. The dissemination of internet messages can
be helpful in promoting changes in health-related behaviors
[54,55]. However, internet campaigns work best when targeted.
With the help of automatic detection and machine learning
algorithms, it should be easier to efficiently design and deliver
target-specific messages to the population and would promote
public mental health awareness.

Limitations
This study has some limitations. First, this study mainly focused
on the stigma against livestreamed suicide. Therefore, it is
unclear whether these findings are applicable to other types of
cybersuicide. Second, social media users are not representative
of all people in China. Therefore, the findings may not be
applicable to nonusers. Third, the API of Sina Weibo only
allowed us to download posts from a certain number of
registered users. Therefore, these findings should be further
confirmed on a larger scale and in more diverse populations in
the future. Fourth, because of the lack of posts obtained from
people with suicidal intentions, this study cannot analyze the
stigma that people with suicidal intentions put on themselves
(ie, self-stigma). Fifth, because of the lack of information about
user types (eg, celebrities and general users), this study cannot
investigate the differences in attitudes across different types of
users and cannot compare attitude responses elicited by the
deaths by suicide of different types of users.
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Conclusions
This study used a nonintrusive method to directly and
systematically examine the differences in stigmatizing attitudes
toward cybersuicides and offline suicides. The results of this

study support the conclusion that the way people perceive
cybersuicide is very different from the way people perceive
offline suicide and offer insight into the reduction of stigma
against suicide.
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Abstract

Background: For over a decade, digital health has held promise for enabling broader access to health information, education,
and services for the general population at a lower cost. However, recent studies have shown mixed results leading to a certain
disappointment regarding the benefits of eHealth technologies. In this context, community-based health promotion represents an
interesting and efficient conceptual framework that could help increase the adoption of digital health solutions and facilitate their
evaluation.

Objective: To understand how the local implementation of the promotion of an eHealth tool, StopBlues (SB), aimed at preventing
psychological distress and suicide, varied according to local contexts and if the implementation was related to the use of the tool.

Methods: The study was nested within a cluster-randomized controlled trial that was conducted to evaluate the effectiveness
of the promotion, with before and after observation (NCT03565562). Data from questionnaires, observations, and institutional
sources were collected in 27 localities where SB was implemented. A multiple correspondence analysis was performed to assess
the relations between context, type of implementation and promotion, and use of the tool.

Results: Three distinct promotion patterns emerged according to the profiles of the localities that were associated with specific
SB utilization rates. From highest to lowest utilization rates, they are listed as follows: the privileged urban localities, investing
in health that implemented a high-intensity and digital promotion, demonstrating a greater capacity to take ownership of the
project; the urban, but less privileged localities that, in spite of having relatively little experience in health policy implementation,
managed to implement a traditional and high-intensity promotion; and the rural localities, with little experience in addressing
health issues, that implemented low-intensity promotion but could not overcome the challenges associated with their local context.

Conclusions: These findings indicate the substantial influence of local context on the reception of digital tools. The urban and
socioeconomic status profiles of the localities, along with their investment and pre-existing experience in health, appear to be
critical for shaping the promotion and implementation of eHealth tools in terms of intensity and use of digital communication.
The more digital channels used, the higher the utilization rates, ultimately leading to the overall success of the intervention.
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Introduction

Digital Health and Community-Based Health
Interventions
For over a decade, digital health has held promise for enabling
broader access to health information, education, and services
for the general population, all at lower cost [1,2]. The unbridled
development of the digital health market has led to more than
320,000 health apps currently available, including around 10,000
specifically aimed at promoting mental and behavioral health.
In spite of this, adoption rates have been relatively poor, limiting
visibility to their use and overall impact on health [3,4]. In fact,
it is difficult to sort through all the existing eHealth tools to find
evidence-based solutions for user needs. Indeed, an increasing
number of studies on the subject have shown mixed results, and
currently, there is a certain disillusionment regarding its benefits
[5-8].

In recent years, agencies and governments, such as the World
Health Organization (WHO) or the US Federal and Drug
Administration, have elaborated guidelines and regulations in
order to address the rather anarchic growth of eHealth
technologies (eHT) [9-11]. However, it remains essential to
conduct proper evaluations in order to assess overall eHT impact
and benefits.

In this context, community-based health promotion (CBHP)
represents an interesting and efficient conceptual framework,
which could help increase the adoption of digital health solutions
and promote greater opportunities for their evaluation [12,13].
While CBHP had been poorly theorized until very recently, it
can be considered to have two defining characteristics. First, it
is a community-based approach involving both professionals
and local actors that emphasizes the holistic, preventative, and
population levels rather than the pathogenic, curative, and
individual levels. Importantly, it recognizes the social and
organizational contexts in which people live, work, and interact
[13,14]. Second, it relies “heavily on locally available channels
of mass communication…with the potential to reach and change
lifestyle behaviors of entire populations” [15]. Thus, through
large-scale promotions, CBHP could allow eHT to reach more
users, facilitating broader adoption and use within the population
and thereby enhancing the level of evaluation results.

Since the successful development of the WHO Healthy Cities
project [16,17], cities have been considered as one of the most
suitable levels upon which CBHP can be established [18].
Therefore, environments in which CBHP is carried out should
also be taken into full consideration. Further, it has been
well-recognized that health status is influenced by social,
economic, and environmental factors [19]. Thus, at the collective
level, the availability of financial resources and health services,
along with previous experience and expertise in implementing
community-based interventions, can have a major impact on
how CBHP is delivered [20-22]. Meanwhile, at the individual
level, socioeconomic status (SES) and educational levels play
a key role in how CBHP is accepted by the population. In digital
health, particularly disparities in access and utilization patterns,
notably across geographic and socioeconomic groups, have
been highlighted [23]. Several studies have raised the risk of

increasing health inequalities through the so-called “digital
divide” [24-28].

The Case of StopBlues: a French Self-Help Tool to
Prevent Mental Distress and Suicide
StopBlues (SB) is a first-of-its-kind website and mobile
application in France that aims at preventing mental distress
and suicide [29]. It was originally created in 2018 within a
CBHP intervention, carried out in a sample of municipalities
and associations of municipalities (referred to in this paper as
“localities”) where the tool was specifically promoted [29]. The
idea was to anchor SB in local settings by offering the localities
a ready-to-use eHealth tool, along with a promotional toolkit
that they could customize and adapt to local needs. Similarly,
they were invited to take part in the elaboration of the mental
health resource locator included in the SB tool.

In each locality, an appointed delegate acted as the main point
of contact with the research team and centralized the
implementation of promotional actions locally. Two
pre-experimentation meetings gathered the delegates to present
the intervention and the SB tool and provide them with some
suggestions regarding the implementation of promotion.
Subsequently, the choice of promotional tools, the identification
of public places and digital spaces for reaching out to the general
population, as well as the launch date and the length of the
promotion, were left to the discretion of the localities
(Multimedia Appendix 2). This adaptable design added
flexibility to the rigidity of standardized scientific
experimentations [30,31]. Importantly, SB was included in a
full evaluation program, in contrast to the limited research
conducted via controlled trials or in real-world settings to
evaluate the public health impact of eHT and mobile health
applications, in particular [32,33]. The evaluation included a
cluster-randomized, controlled trial (CRCT) [29] associated
with qualitative research in order to better understand the
implementation and identify the optimal conditions to ensure
its utilization.

Objective
The objective of this paper was to analyze and understand how
the implementation of the promotion varied according to the
characteristics of different localities and how those differences
influenced the utilization rate of SB. To this end, we assessed
whether there were distinct profiles of localities based on their
characteristics and promotion implementation patterns and
whether those profiles were associated with a specific usage
intensity of SB.

Methods

Setting
A three-arm, parallel-group CRCT was conducted to evaluate
the effectiveness of the promotion with before and after
observation [29]. 42 localities volunteered to be randomly
allocated to one of the following three arms with a ratio of 1:1:1
(Figure 1; Multimedia Appendix 2):
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1. Arm 1: “the control group” with no promotion (n=15). The
localities included in this group started the promotion of
SB with a one-year lag.

2. Arm 2: “the simple promotion group” with promotion by
the locality only (n=13).

3. Arm 3: “the enhanced promotion group” with promotion
by the locality and through general practitioner (GP) waiting
rooms (n=14).

In total, 27 localities from Arms 2 and 3 that implemented the
promotion of SB directly were included in the present analysis.

Figure 1. The intervention timelines. GP: general practitioner; SB: StopBlues.

Multiple Correspondence Analysis
In order to identify the localities’ profiles and find a potential
association with the utilization rates of SB, a multiple
correspondence analysis (MCA) was run using contextual and
implementation characteristics of the 27 localities included in
the CRCT. An MCA is a descriptive and exploratory statistical
technique that is often used to help with the organization and
classification of large amounts of data [34-36]. Notably, it allows
researchers to deal with the complexity of qualitative data
without impoverishing the richness of the reality [37-39].

In the current study, the MCA technique was also selected for
the purpose of detecting all the possible patterns of relationship
among the considered variables through a geometric approach.
Indeed, each variable (unit of analysis) is located as a point in
a low-dimensional Euclidian space [36,37,40].

Characteristics of the Localities Considered
All the characteristics included in the analysis were based on a
review of the theoretical and empirical literature. Data collection

included socioeconomic and demographic data from institutional
sources, observations and discussions from the delegates'
meetings, questionnaires, and web data extractions from SB
analytic tools via Google Analytics (GA). The characteristics
were divided into three sections:

1. The characteristics that were based on the pre-existing
context.

2. The characteristics that derived from the program itself, its
promotion, and implementation.

3. The utilization rate corresponds to the outcome variable of
the promotion.

For the purpose of the MCA, these characteristics, detailed
below, were transformed into a set of categorical variables. The
characteristics from sections (1) and (2) were used as active
variables that helped generate the MCA. The utilization rate
was not used in the construction of the MCA but was added as
a supplementary variable. The modalities of each variable are
presented in Tables 1-3.
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Table 1. Characteristics of the pre-existing context (context-based characteristics).

Frequency, n (%)DescriptionVariables and modalities (names in multiple correspondence analysis
[MCA] if different)

Level of urbanization and socioeconomic context of the area

6 (27.3)Rural localities with lower levels of SESRural area & low socioeconomic status (SES)

8 (36.4)Urban localities with lower levels of SESUrban area & low SES

8 (36.4)Urban localities with higher levels of SESUrban area & high SES

Local government interest and commitment to health matters

Presence of a local health contract (LHC)

7 (31.8)No LHCNo LHC

15 (68.2)LHC presentLHC

Presence and internal structure of a local mental health council (LMHC)

7 (31.8)No LMHC created at the time of the interventionNot having an LMHC (No LMHC)

4 (18.2)LMHC classified as unstructuredUnstructured LMHC

11 (50)LMHC classified as structuredStructured LMHC

Experience in mental health project/policy (EXPInMH)

7 (31.8)No experienceNo (No EXPInMH)

15 (68.2)Experience in conducting projects in mental healthYes (EXPInMH)
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Table 2. Characteristics of the promotion and its implementation (promotion-related characteristics).

Frequency, n (%)DescriptionVariables and modalities (names in MCA if different)

Delegates degree of understanding of and experience with mental health project as health professionals and coordinators of local mental
health council (LMHC)

Delegate was a health professional

10 (45.5)Delegate was not a health professionalNo (No health prof)

12 (54.5)Delegate was a health professionalYes (health prof)

Delegate was the coordinator of the LMHC

11 (50)Delegate was not the coordinator of an LMHCNo (no coordinator LMHC)

11 (50)Delegate was the coordinator of the LMHCYes (coordinator LMHC)

Provision of additional resources

11 (50)No additional resources were providedNo (no added resources)

11 (50)Promotion at the local level was provided with extra
financial or human resources

Yes (added resources)

Set-up of an ad-hoc working group

13 (59.1)Delegate worked mainly aloneNo (no working group)

9 (40.9)Ad-hoc group created locally to help with the promo-
tion implementation

Yes (working group)

Involvement of general practitioners (GP) (promotion arm)

13 (59.1)“Enhanced promotion group” with promotion by the
locality and through GP waiting rooms

Promotion arm including GP (Promo GP)

9 (40.9)“Simple promotion group” with promotion by the lo-
cality only

Promotion by the locality only (Promo locality)

Intensity and type of promotion

6 (27.3)The number of promotional actions was below 5 and
only traditional means were used

Small & traditional promotion

11 (50)The number of promotional actions was above 5 and
only traditional means were used

Large & traditional promotion

5 (22.7)The number of promotional actions was above 5 and
digital means (websites, social media) were used

Large & digital promotion

Table 3. The outcome variable of the promotion: Utilization rate of StopBlues.

Frequency, n (%)DescriptionUtilization rate of StopBlues
(utilization rate) and its
modalities

6 (27.3)Rate < 25 per 100,000 residents or number of active users < 10 (for rate above 25 per
100,000 residents)

Low

9 (40.9)Rate ≥ 25 and < 50 per 100,000 residents or number of active users < 20 (for rate above
50 per 100,000 residents).

Medium

7 (31.8)Rate ≥ 50 per 100,000 residents and number of active users ≥ 45.High

Characteristics of the Pre-existing Context

The Level of Urbanization and Socioeconomic Context
Of The Area
The geographic area and SES of the localities could have an
impact on the utilization rate of SB. As a result, two
characteristics were considered: the French Deprivation Index
(FDep) and the urban unit, defined by the National Institute for
Statistics and Economic Studies as a continuously built-up area
with a minimum population of 2000 residents [41-45]. Localities

were assigned a low or high SES, based on their FDep quintile:
localities in quintiles 1 and 2 (least disadvantaged) were
considered high SES, and those in quintiles 3 to 5 were
considered low SES. Based on the combination of those two
variables, the localities were grouped into three modalities: a
rural area with low SES, an urban area with low SES, and an
urban area with high SES (only one rural locality, in which the
principal place of promotion was an urban unit, was
characterized by high SES).

J Med Internet Res 2022 | vol. 24 | iss. 4 |e30218 | p.505https://www.jmir.org/2022/4/e30218
(page number not for citation purposes)

Turmaine et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Considering the small number of localities, the number of
categorical variables had to be limited and kept as low as
possible. The goal was to ensure that the MCA did not lead to
misinterpretation with the presence of rare variable modalities
being disproportionately weighted in the model [37,46].

The below characteristics were collected through a questionnaire
that was distributed to the delegates during the first
pre-experimentation meeting and sent out by email to those who
were absent (Multimedia Appendix 3).

Local Government Interest and Commitment to Health
Matters

The Presence of a Local Health Contract

Local health contracts (LHCs) were created in 2009 as a
roadmap with the objective of reducing health inequalities within
a given territory by associating all the relevant local health
actors around local governments and the regional health agency
(RHA). The latter is the public administrative body of the French
State responsible for implementing health policies at the regional
level [47,48]. As a result, the presence of an LHC in a locality
was considered a good indicator of local government interest
and commitment to health matters.

The Presence and Internal Structure of a Local Mental
Health Council

Local mental health councils (LMHCs), similarly to LHCs,
bring together local health and social actors in order to tackle
inequalities in the field of mental health by developing and
implementing public policies [49]. One of the main goals of
LMHCs is to improve mental health through community actions.
Therefore, we hypothesized that their presence would have a
positive impact on the implementation of the promotion [50].

However, there are no formal requirements on how these
structures should run their activities. In fact, where present,
there was great variability in the level of their respective internal
structure. Thus, a distinction had to be made between
“structured” LMHCs, ones that had a roadmap, translated into
concrete actions and annual targets displayed in annual reports,
and “unstructured” LMHCs, without specific actions and targets.
Again, in order to keep the number of analyzed variables low,
the presence and internal structure of LMHCs were merged into
a single variable. Localities were categorized as not having an
LMHC, having an unstructured LMHC, and having a structured
LMHC.

The Experience in Mental Health Project/Policy
We also considered whether or not the locality had previous
experience with conducting projects in mental health,
particularly within the past six months [51]. Indeed, the existing
literature indicates that the implementation of CBHPs requires
a wide range of skills, notably in communication and
management. These core competencies and capacities can be
built and strengthened through multiple experiences [20].

The Delegates Degree of Understanding of and
Experience With Mental Health Projects, as Health
Professionals and Coordinators of LMHC
Two characteristics concerning the delegate profiles were also
considered in the analysis: whether they were health
professionals and, where possible, whether they were
coordinators of the LMHC. The hypothesis behind this was that
the delegates who received their initial education in health and
those who were directly involved in the design and
implementation of mental health programs would have more
experience in conducting mental health projects. We also
assumed that they would benefit from a larger network in the
field [22,52].

Characteristics and Implementation of the Promotion
The next four characteristics were based on data collected
through a web-based questionnaire that was sent to all the
delegates (Figure 1; Multimedia Appendix 4).

The Provision of Additional Resources
We presumed that the availability of resources is an important
factor that can influence the outcome of an intervention [21,22].
This characteristic therefore comprised all additional
resources—human or financial—provided by local governments
or RHAs for the implementation of the promotion.

The Set-Up of an Ad-Hoc Working Group
No compulsory guidelines for the implementation were given;
however, interestingly, some localities put in place dedicated
working groups. We hypothesized that the creation of a working
group was indicative of long-term assimilation of best practices
on collaborative processes, including the ability to co-construct
projects with extended networks of partnerships [21,53]. We
were interested to see if the presence of working groups could
be associated with higher utilization rates.

The Involvement of GPs
Because previous studies have shown that the involvement of
GPs could positively influence the outcome of an intervention
with a focus on primary prevention [16,17,54], the participation
of GPs in the promotion was introduced in the analysis. This
was dependent on the promotion arm of the trial to which the
localities were assigned.

The Intensity and Type of Promotion
We hypothesized that the effectiveness of a promotion would
depend on the number of promotional actions developed: the
more actions put in place, the more effective the promotion
would be. However, effectiveness could also depend on the
variety of these actions. As a result, we postulated that the use
of digital channels (localities website, social media, etc) for
promotion would have a positive impact on effectiveness
because it targeted the users of eHealth tools directly.

The modalities were built according to the number and type of
promotional actions put in place. Therefore, if there were fewer
than five actions, the promotion was classified as “small,” and
if there were five or more actions, the promotion was classified
as “large.” Regarding the type of actions put in place, when
conventional and paper-based promotion materials, such as
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flyers, posters, and leaflets were used, the promotion was
classified as “traditional.” Meanwhile, when three and more
digital means (websites, newsletters, social media, etc.) were
used to promote SB, the promotion was classified as “digital.”

Because no localities with fewer than five promotional actions
(small) used three or more digital means, the localities were
divided into three categories as follows: small and traditional,
large and traditional, and large and digital.

The Outcome of the Promotion: Utilization Rate of
Stopblues
We assessed the effectiveness of the promotion of SB through
SB usage frequency using GA during the two-year
experimentation period. Indeed, previous studies have shown
that information from GA can be used to evaluate promotional
campaigns, determine the geographic distributions of users, and
analyze their use of online tools [55-57]. Data were extracted
at month 24 directly from GA. This provided general data
regarding the users: number (active and new) and location
(country and city).

For the purpose of the analysis, the utilization rate variable was
categorized as follows: low (< 25 per 100,000 residents or
number of active users < 10), medium (between ≥ 25 and < 50
per 100,000 residents or number of active users < 20), and high
(≥ 50 per 100,000 residents and number of active users ≥ 45).

Statistical Analyses
The MCA was performed using all the characteristics of the
pre-existing context and those that derived from the program
itself (the promotion and its implementation) as active variables.
The latter contributed to the construction of a
multiple-dimensional coordinate system. Only the first two
dimensions were considered. All the variables and individuals
were then displayed as plot points in the resulting
two-dimensional coordinate system. The outcome variable, the
utilization rate, was added to the MCA as a supplementary
variable to distinguish whether groups of localities and their
implementation characteristics were associated with different
levels of utilization rate. Finally, the strength of the correlation
between the variables was obtained by running a Pearson
correlation test, using the x- and y-dimensional axis scores of
the variable modalities produced by the MCA (the categorical
variables were transformed into continuous ones). Only
correlations above 0.50 (|r|≥0.50) (moderate positive or negative
correlation) were considered meaningful for the purpose of the
analysis [58], and the statistical significance value was set at
P<.05. All statistical analyses were performed using packages:

FactoMineR (version 2.3), Factoshiny (version 2.3), Factoextra
(version 1.0.6), and Ade4 (version 1.7-16) [59-62] from the
software R version 3.6.3 (R Foundation).

Ethical Considerations
The study was granted ethical approval by the relevant ethics
committees: the French National Institute for Health and
Medical Research (INSERM; approval 15-240 on July 7, 2015),
the French Advisory Committee for Data Processing in Health
Research (approval 15-793 on September 30, 2015), and the
French Data Protection Authority (decision DR-2016-421 on
November 3, 2016) [29].

At the user level, the research, its purpose, and outcomes were
described in an introductory section, and users had to
acknowledge their participation in the intervention by signing
a written informed consent. They were also informed that they
could withdraw their consent at any time. At the locality level,
all local governments signed a convention with the INSERM
promoter.

Results

Multiple Correspondence Analysis: General Features
The analysis was performed on 22 localities out of the 27
included in the two arms of the CRCT promoting SB: 9/13
(69.2%) and 13/14 (92.9%) in the simple and the enhanced
promotion groups, respectively. Three localities dropped out,
and two failed to provide data regarding the characteristics
necessary for the analysis. Among those localities that dropped
out and did not complete the study, two abandoned the study
before the beginning of the trial, citing political difficulties and
excessive workload, while the third locality terminated its
participation when the appointed delegate left her position and
was not replaced.

The total inertia of the MCA model was equal to 1.3. The first
two dimensions accounted for 43.1% of the cumulative projected
inertia: 23.6% of projected inertia (inertia = 0.307/1.3) for the
first dimension (dimension 1) and 19.5% (inertia = 0.254/1.3)
for the second (dimension 2) and displayed distinct groups
(Figure 2). These dimensions were therefore considered the
most relevant for the analysis.

The contributions of the variables for the first two dimensions
are presented in Table 4. The closer the value is to 1, the more
the variable contributes to the definition of the dimension (1
being the maximum value). The values above the inertia are
considered high and meaningful.
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Figure 2. Biplot of the explored variable modalities and typology of the localities.
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Table 4. Contribution of active variables.

MeanDimension 2 (axis 2/y-axis)Dimension 1 (axis 1/x-axis)

Contribution (%)DiscriminationContribution (%)DiscriminationName of the variables

0.56214.0610.357a24.9760.766aLevel of urbanization and socioeconomic context of the
area

0.0390.0000.0002.5430.078Presence of a local health contract (LHC)

0.64527.0190.686a19.6610.603aPresence and internal structure of a local mental health
council (LMHC)

0.0723.6230.0921.6950.052Experience in mental health project/policy

0.0602.6390.0671.6950.052Delegate was a health professional

0.32523.7890.604a1.4670.045Delegate was the coordinator of the local mental health
council

0.0981.0630.0275.4780.168Provision of additional resources

0.2724.0960.10414.3460.440aSet-up of an ad-hoc working group

0.1938.2710.2105.7060.175Involvement of GPs

0.54015.4390.392a22.4320.688aType and intensity of promotion

2.803100.0002.539100.0003.067Total

21.55019.53023.580% of projected inertia

0.2540.307Inertia

aThe italicized values are considered high and meaningful (above the inertia).

Three Different Profiles of Localities and Their
Respective Promotion Implementation
The MCA identifies three distinct groups of localities
characterized by different implementation profiles (Figure 2).

In the MCA plot, the statistical strength of the relationship
between the variable modalities is determined by their spatial
proximity and their location within the quadrants. The closer
the variables are to each other, the stronger the relationship

among the localities sharing these features. At the same time,
the greater the distance of a modality from the intersection of
the axes, the stronger its significance in the interpretation of
results.

Four variables specifically helped shape the groups (Tables 4
and 5): the level of urbanization and socioeconomic context of
the area in which the localities were situated; the presence and
internal structure of LMHCs; the intensity and type of promotion
implemented; and the set-up of an ad hoc working group.
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Table 5. Correlations between meaningful variables in both dimensions.

SB utiliza-
tion rate

Type and intensi-
ty of the promo-
tion implemented
in the localities

Set-up of an ad-hoc
working group

Delegate was the co-
ordinator of the local
mental health coun-
cil

Presence and inter-
nal structure of a lo-
cal mental health
council

Level of urbanization
and socioeconomic
context of the area

Variables

1Level of urbanization
and socioeconomic
context of the area

Dimension 1: r=0.626

P=.002; dimension 2:
r=0.291

P=.02

Presence and internal
structure of a local
mental health council

Dimension 1:
r=0.061

P=.82; dimension 2:
r=0.711

P<.001

Dimension 1: r=0.289

P=.22; dimension 2:
r=0.073

P=.14

Delegate was the coor-
dinator of the local
mental health council

Dimension 1: –
r=0.092

P=.68; dimension 2:
r=0.092

P=.68

Dimension 1:
r=0.499

P=.02;

dimension 2: –
r=0.027

P=.76

Dimension 1: r=0.448

P=.29; dimension 2:
r=0.252

P=.26

Set-up of an ad-hoc
working group

Dimension 1:
r=0.712

P<.001;

dimension 2:
r=0.235

P=.60

Dimension 1: –
r=0.057

P=.83;

dimension 2:
r=0.265

P=.22

Dimension 1:
r=0.674

P<.001;

dimension 2:
r=0.659

P=.002

Dimension 1: r=0.651

P=.001;dimension 2:
r=0.216

P=0.33

Type and intensity of
the promotion imple-
mented in the locali-
ties

1Dimension 1:
r=0.651

P<.001;

dimension 2:
r=0.676

P=.003

Dimension 1:
r=0.660

P<.001;

dimension 2:
r=0.534

P=.01

Dimension 1:
r=0.000

P=1.0;

dimension 2:
r=0.000

P=1.0

Dimension 1:
r=0.650

P<.001;

dimension 2:
r=0.321

P=.27

Dimension 1: r=0.790

P<.001;

dimension 2: r=0.436

P=.04

SB utilization rate

Privileged Localities Investing in Health With
High-Intensity and Digital Promotion
A first group (Group 1 in Figure 2) located in the upper left
quadrant is comprised of the eight most urbanized and wealthiest
localities (L1, L3, L4, L7, L9, L11, L14, and L16).

These localities were characterized by strong supportive
environments with solid networks of local health service
organizations, such as LMHCs, and significant experience in
mental health project management and policy implementation.
Moreover, the delegates were mostly health professionals and
coordinated the LMHCs.

The promotion pattern of SB in those localities was
characterized by the investment of additional
resources—financial, material, or human—and a working group
aimed at coordinating the local implementation. They also
included digital strategies in the promotion. Besides, they tended
to more frequently involve GP waiting rooms as promotion
channels for SB.

Urban but Less Privileged Localities With Little
Experience in Health Policy Implementation Investing
in High-Intensity and Traditional Promotion
The second group (see Group 2 in Figure 2), located in the lower
quadrants of the plot, includes ten localities (L5, L6, L8, L10,
L13, L15, L16, L17, L18, and L19).

These were mostly situated in an urban area with low SES and
had no experience in conducting projects in mental health,
indicating that the environment was less supportive. This was
illustrated notably by the absence of an LMHC. Additionally,
in most cases, the appointed delegates from these localities were
not health professionals. Yet, they still managed to put in place
a large-scale traditional promotion, backed by the set-up of a
working group.

Rural Localities With Little Experience in Addressing
Health Issues and Low-Intensity Promotion
This third group (see Group 3 in Figure 2), located on the upper
right quadrant, is comprised of five localities (L2, L12, L20,
L21, and L22) mostly situated in rural areas with low SES levels.
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Here, the environment was the least supportive, as illustrated
by the fact that their LMHC was not structured with a clear
roadmap. The localities also lacked experience in conducting
mental health projects, and their appointed delegates were not
health professionals.

In this group, the promotion pattern of SB was characterized
by no investment of additional resources. They implemented a
low-intensity promotion, defined by a few actions put in place,
and did not create a working group for the purpose of the
promotion.

Association Between Localities Groups and Utilization
Rate of SB
The addition of the utilization rate to the MCA as a
supplementary variable displayed a strong relationship between
the profiles of the localities and the utilization of SB (Figure
2).

The privileged localities investing in health with high-intensity
digital promotion were associated with the highest utilization
rates. The urban, but less privileged localities, with little
experience in health policy implementation and investing in
high-intensity traditional promotion, were associated with
medium utilization rates. Finally, rural localities with little
experience in addressing health issues and low-intensity
promotion were associated with the lowest utilization rates.

Besides, correlations between the meaningful variables,
displayed in Table 5, were determined from the coordinate x-
and y- dimensional axis scores. In dimension 1, the SB
utilization rate was strongly correlated with the level of
urbanization and socioeconomic context of the area, the LMHC
(presence and internal structure), the set-up of an ad-hoc
working group, and the type and intensity of the promotion
implemented in the localities. In dimension 2, the SB utilization
rate was also strongly correlated with the type and intensity of
the promotion and, to a lesser extent, with the set-up of an
ad-hoc working group.

Discussion

Principal Findings
Three distinct promotion patterns emerged, according to the
profiles of localities, that were associated with the utilization
rates of SB. These patterns were identified in the MCA, where,
given the small number of localities included in the analysis,
only correlations above 0.50 (|r|≥0.50) were considered
significant. From highest to lowest utilization rates, the
promotion patterns are listed as follows:

The urban “privileged localities investing in health” that
implemented high-intensity promotion with a digital component
demonstrated a greater capacity to take ownership of the project,
understand its ins and outs, and anticipate potential challenges.

The “urban but less privileged localities” that, despite having
relatively little experience in health policy implementation,
managed to implement a high-intensity, traditional promotion.

The “rural localities with little experience in addressing health
issues” that implemented low-intensity promotion could not

overcome the challenges associated with their context-based
characteristics (low SES, rural setting, and unstructured LMHCs,
in particular).

Overall, contextual characteristics related to local government
interest and commitment to health matters and the experience
in mental health policy implementation were decisive to the
success of the intervention and utilization of SB. Localities that
were deeply involved in the structuring of health programs and
with greater experience managed to implement promotional
campaigns that resulted in higher utilization rates. The presence
of dedicated local health service organizations to help with the
implementation of public health interventions was crucial,
although not sufficient to guarantee their success. Indeed, they
also needed to be structured, with a roadmap that was translated
into concrete actions and annual targets. As previously noted,
this shows that the collaboration between local partners
represents a fundamental parameter to tackle public health issues
within a community [63]. Hence, dedicated structures, like
LHCs and LMHCs, could not handle problems when
pre-existing shortcomings, such as lack of resources or local
partners, were not addressed in the first place [48].

Localities where working groups were implemented had higher
SB utilization rates, indicating the importance of being able to
not only mobilize existing partners but also organize the
implementation processes of an intervention. Stronger networks
and a history of partnerships between local stakeholders could
more naturally lead to a greater willingness to work together
and, thus, collaborate in working groups [21,53,63].

Finally, the involvement of GPs in the promotion was globally
associated with higher SB utilization rates. More precisely, 75%
of the localities characterized by high utilization rates were
included in the enhanced promotion group that involved GPs.
This is consistent with previous literature findings regarding
the important role of primary care in the prevention of suicide
[16,17,54].

Among the findings related to the program itself, the type of
promotion was particularly noteworthy. The implementation of
a digital promotion was associated with the highest SB
utilization rates. Other researchers have already pointed out the
utility of digital marketing and, more specifically, the use of
social media to promote health [23,64,65]. In effect, it seems
logical to use the internet to promote eHealth tools. This is
notably true when considering eHT in mental health care.
Indeed, because of the stigma associated with mental illness,
people with poor mental health are more likely to use the internet
to find information and possible solutions to their problems
[66-68]. Likewise, social media have many advantages such as
cost-effectiveness, 24/7 availability, and potential broad
audience reach. They also allow for interactive engagement
[69,70].

In addition, those who support the utilization of eHT in mental
health have previously acknowledged the benefits of employing
digital channels for user engagement [71,72]. However,
notwithstanding the growing body of literature on social media,
the evaluation of the effectiveness of their utilization in health
is lacking [73,74]. In fact, to our knowledge, this is the first
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study in a French setting that confirms the potential of social
media for the promotion of eHT.

Another important factor to be considered is the population
targeted by the promotion. Regarding the sociodemographic
context of the implementation, we notably found that the more
deprived and rural the localities were, the lower the utilization
rates of SB. Previous studies have highlighted similar results,
where promotion interventions were less effective among
populations with lower SES [27,28,75]. Two reasons for this
can be put forward: First, these populations generally lack access
to health information and do not have the ability to interpret
and process the information [27]. This explains why the
segments of a population with the lowest incomes tend to be
less likely to benefit from preventive care. Second, they are less
likely to use eHealth tools, such as mobile health apps, either
because of lack of adequate access or lack of skills and training
[1,76,77].

Several studies have stressed that the effectiveness of health
promotion interventions varied between rural and urban settings
[78-80]. Indeed, rural communities face many specific
challenges related to the difficulty of accessing a range of health
care services and an increasing shortage of health professionals
[71,78]. However, to have a deeper understanding of the
differences between rural and urban areas in terms of SB
utilization rates, three factors should be carefully examined.
Firstly, rural localities tend to cover larger and more remote
areas; therefore, the implementation of a homogenous and
uniform promotion is more challenging [71,79,81]. Secondly,
while digital health promotion could be a solution to engage
and reach the rural populations [71], these areas are still
characterized by poorer broadband access, which can limit the
adoption of eHT [82,83]. Thirdly, rural populations tend to be
older than urban ones [84,85]. Previous studies have indicated
that older adults have more limited access to technology in
general and, consequently, tend to possess poorer digital health
literacy skills than younger age groups [86-88].

Thus, lower digital literacy levels are amplified through the
joint effect of SES and age in rural localities. This supports the
idea raised by Frohlich and Potvin that population-level
approaches to eHT should be complemented with interventions
focusing directly on vulnerable populations in order to alleviate
the digital divide [89].

Limitations
Limitations in this study are primarily due to the sample size
of localities, the data used, and the method of the MCAs.

The analysis was conducted on a sample size of only 22
localities. While no rule exists regarding the minimum number
of observations needed to run an MCA, small sample sizes affect
the reliability and interpretation of the results [38,46]. However,
Di Franco [46] indicates that a sufficient sample consists of 20
observations per single active categorical variable, and CRCTs
that involve less than 30 clusters [90,91] are also commonly
used in the assessment of interventions in prevention.

Other limitations of this study are related to the data used to
perform the MCA. The first is associated with how the delegates
responded to the self-report questionnaires that were used to

collect data on the type and intensity of promotion that they
implemented in their locality. Possible classical information
biases can arise, such as social desirability or recall biases.
Social desirability bias is the tendency to overreport more
socially desirable attributes and behaviors and underreport
attitudes that are perceived as socially undesirable [92]. In recall
bias, the study participants do not remember their previous
actions related to the question that was asked [93].

A second limitation involves the use of GA to obtain the user
statistics. Because GA models are calculated at the country
level, Google states that metrics are not always accurate,
“particularly for campaigns that target small geographical areas,
such as a single city or zip code” [94]. However, one can assume
that this lack of accuracy is evenly distributed across the arms
of the trial.

Regarding the MCA method itself, only correlations |r|≥0.50
were considered significant, whereas the significance threshold
for the coefficient correlation in exploratory and MCAs can be
lowered to |r|≥0.30 and still be meaningful [95,96]. However,
considering the small number of localities included in our
analysis, we decided to keep the threshold at |r|≥0.50 in order
to avoid any misinterpretation [97].

On a more general level, the benefits of the MCA utilization to
transform qualitative data into quantitative data can also be its
pitfall. Indeed, by simplifying the contained data, we can also
lose the complexity of information and not fully understand the
ins and outs of the situation [38,98]. This is why further analysis
based on a more qualitative approach should be carried out in
order to complement the methodology and deepen the findings.

Conclusions
The use and dissemination of the StopBlues eHealth tool
depended heavily on the promotion that was conducted.

The urban and SES profiles of localities, along with their
investment and pre-existing experience in health, appear to be
critical for shaping the implementation of the promotion of the
SB eHealth tool in terms of intensity and use of digital
communication. The more digital channels used, the higher the
utilization rates, ultimately leading to the overall success of the
intervention.

Digital communication, and more specifically, social media,
seem to be powerful tools for engaging hard-to-reach
populations. This raises the question of the information and
communication technology skills and digital literacy, along with
the attitudes towards new technologies, of the professionals in
charge of the promotion of eHT. They should be trained in order
to be receptive and proactive in the use of eHT to the benefit
of the greatest number of people.

Further, to broaden the outreach, other innovative means and
promotional strategies should be considered to reinforce and
back up promotion campaigns of eHT initiated at the local level.
New web-based marketing techniques, where the user could be
informed of useful and targeted interventions at the very moment
they are “engaging in information-seeking behavior through
online search inquiry” [99], could open up entirely new
perspectives in the way public health interventions are built.
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This is particularly the case in the field of mental health, where
online information-seeking behaviors are widespread due
notably to the fear of stigma [66,67]. However, further research

is needed to understand how to avoid eHT becoming a source
of social and health inequalities, such that it may be leveraged
for social good.
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Abstract

Background: Patients with chronic pain often experience insomnia symptoms. Pain initiates, maintains, and exacerbates insomnia
symptoms, and vice versa, indicating a complex situation with an additional burden for these patients. Hence, the evaluation of
insomnia-related interventions for patients with chronic pain is important.

Objective: This randomized controlled trial examined the effectiveness of internet-based cognitive behavioral therapy for
insomnia (ICBT-i) for reducing insomnia severity and other sleep- and pain-related parameters in patients with chronic pain.
Participants were recruited from the Swedish Quality Registry for Pain Rehabilitation.

Methods: We included 54 patients (mean age 49.3, SD 12.3 years) who were randomly assigned to the ICBT-i condition and
24 to an active control condition (applied relaxation). Both treatment conditions were delivered via the internet. The Insomnia
Severity Index (ISI), a sleep diary, and a battery of anxiety, depression, and pain-related parameter measurements were assessed
at baseline, after treatment, and at a 6-month follow-up (only ISI, anxiety, depression, and pain-related parameters). For the ISI
and sleep diary, we also recorded weekly measurements during the 5-week treatment. Negative effects were also monitored and
reported.

Results: Results showed a significant immediate interaction effect (time by treatment) on the ISI and other sleep parameters,
namely, sleep efficiency, sleep onset latency, early morning awakenings, and wake time after sleep onset. Participants in the
applied relaxation group reported no significant immediate improvements, but both groups exhibited a time effect for anxiety
and depression at the 6-month follow-up. No significant improvements on pain-related parameters were found. At the 6-month
follow-up, both the ICBT-i and applied relaxation groups had similar sleep parameters. For both treatment arms, increased stress
was the most frequently reported negative effect.

Conclusions: In patients with chronic pain, brief ICBT-i leads to a more rapid decline in insomnia symptoms than does applied
relaxation. As these results are unique, further research is needed to investigate the effect of ICBT-i on a larger sample size of
people with chronic pain. Using both treatments might lead to an even better outcome in patients with comorbid insomnia and
chronic pain.

Trial Registration: ClinicalTrials.gov NCT03425942; https://clinicaltrials.gov/ct2/show/NCT03425942

(J Med Internet Res 2022;24(4):e29258)   doi:10.2196/29258
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insomnia; chronic pain; comorbid; CBT-i; RCT; web-based CBT; pain; online health; online treatment; digital health; mental
health; rehabilitation
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Introduction

Background
Pain conditions are the leading cause of disability and disease
burden in the world [1]. In Europe, 19% of the adult population
experiences moderate to severe chronic pain [2]. Acute pain is
a common symptom of other diseases; however, chronic pain
is widely regarded a disease or diseases [3].

Patients with chronic pain often experience insomnia. However,
depending on the measures and definitions used, the prevalence
rates differ considerably. An earlier study by our group [4]
showed that 65% of patients in a specialized pain clinic scored
>14 points on the self-report Insomnia Severity Index (ISI),
which corresponds to moderate or severe insomnia [5]. Several
studies have shown that sleep disturbances increase the risk of
developing chronic pain conditions over time [6-8], that poor
sleep increases pain levels the next day, and that pain can lead
to more insomnia [9-11]. A recent study demonstrated that
patients with chronic pain with atypical bedtime habits (12:01
AM to 8:59 PM) experienced higher pain levels, greater activity
interference, and higher consumption of prescribed opioids than
those with regular bedtime habits (9 PM to midnight) [12].
These results suggest that a misalignment of the circadian
rhythm can exacerbate chronic pain.

According to a 2-process model [13], sleep is governed by the
circadian rhythm and a homeostatic sleep-wake process. When
these processes interact optimally, sleep occurs when we have
been awake long enough and it is night (ie, the circadian drive
for wakefulness is low). Sleep restriction therapy is a common
component of cognitive behavioral therapy for insomnia (CBT-i)
and is hypothesized to target these 2 processes [14,15]. The
American Academy of Sleep Medicine recommends using
CBT-i as the first-line intervention not only for chronic insomnia
but also for comorbid insomnia [16]. Several studies have shown
that CBT-i is efficacious for treating insomnia co-occurring
with chronic pain [17,18].

Typically, CBT-i consists of several components such as a sleep
diary, stimulus control, sleep restriction, and advice regarding
sleep hygiene [19]. Some treatment manuals also include
relaxation training and cognitive interventions to cope with
worry, maladaptive thoughts, and depressive symptoms [19].
In addition, cognitive interventions such as cognitive
restructuring were not included because the knowledge about
what maladaptive thoughts are specific to patients with chronic
pain is lacking [20-22]. No consensus exists regarding the
components needed for successful treatment; however, the use
of stimulus control or sleep restriction predicts outcomes [23].
As stimulus control is based on classical conditioning, patients
are told that the bedroom should only be used for sleep or sex
to associate the bed with sleep rather than wakefulness. Patients
are also instructed to leave the bedroom if they do not fall asleep
within a predefined period, usually between 15 and 20 minutes.

Because access to therapists offering CBT-i is limited,
internet-delivered treatments are a promising alternative [24].
Standardized internet treatments could potentially increase the
availability of nonpharmacological insomnia treatment in

primary care as well as in specialized pain clinics. Open-source
and evidence-based treatments will improve care by addressing
a common aspect of chronic pain, that is, insomnia symptoms.
In addition, the implementation of internet-based cognitive
behavioral therapy for insomnia (ICBT-i) has immense potential
in terms of cost-effectiveness, as the time per patient is shorter
than face-to-face CBT-i [25,26]. Previous work from members
of our group on persons with insomnia disorder showed that
CBT-i provided via the internet (ICBT-i) has comparable
outcomes to cognitive behavioral therapy (CBT) provided in a
group setting [27]. ICBT-i can take various forms with respect
to treatment content and therapist support. Today, there are
several studies on fully atomized treatments based on artificial
intelligence [28,29]. It has been demonstrated that therapist
support, usually via written messages, increases the effect of
CBT-i [30]. However, there is no available data on ICBT-i
targeting insomnia symptoms in patients with chronic pain.

Objectives
This randomized controlled trial (RCT) investigates the
acceptability of an ICBT-i treatment and assesses whether
ICBT-i is more effective than internet-administrated applied
relaxation (active control condition) in reducing insomnia
symptoms (as measured by the ISI) comorbid to chronic pain.
In addition, this RCT investigates the effects of ICBT-i on sleep
diary measures, pain intensity, anxiety, depression, pain-related
disability, and perceived health. Negative effects were also
monitored and reported. Our primary hypothesis is that
compared with an active control condition, ICBT-i would lead
to greater reductions in insomnia symptoms at the end of
treatment. We also hypothesized that ICBT-i would be superior
to an active control condition in terms of improvement in
symptom-related sleep diary measures, pain intensity, anxiety,
depression, pain-related disability, and perceived health. In
addition, the improvements gained from treatment are
hypothesized to be maintained for 6 months after treatment.

Methods

Design

Participants and Study Procedure
This randomized controlled parallel-group study was conducted
in Sweden and followed the CONSORT (Consolidated Standards
of Reporting Trials) eHealth Checklist (Multimedia Appendix
1). The trial was registered at ClinicalTrials.gov
(NCT03425942). Participants were selected via the Swedish
Quality Registry for Pain Rehabilitation, a survey distributed
during all first visits at the Pain and Rehabilitation Centre,
Linköping University Hospital, Sweden. The Swedish Quality
Registry for Pain Rehabilitation contains data on pain (intensity,
duration, and spreading), psychological strain, and the ISI. An
estimated effect size of 0.6 and an α of .05, gave a sample of
at least 40 participants per study condition [27,31]. An
anticipated dropout of one-third resulted in the expected need
for a total sample of 120 participants.

Participants with an ISI score of >14 (moderate to severe
insomnia symptoms) and aged 18-65 years were asked to
participate in the trial either by their physician or via postal
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invitation. Retrospective analyses were performed to identify
former patients with an ISI score of >14 over the previous 2
years. If interested, participants registered on the website and
completed another survey covering anxiety and depressive
symptoms, demographic and physiological variables, current
insomnia symptoms, pain characteristics, pain-related disability,
and perceived health. Again, a cutoff score of >14 points on the
ISI was used as an inclusion criterion. This measurement was
considered as baseline. Participants were also asked to rate their
average pain intensity during the previous week on a numeric
rating scale as part of the baseline assessment. Finally, they
were asked, “For how long have you had your pain problem?”
The following predefined answers were provided: (1) less than
3 months, (2) 3 months to 1 year, (3) 1 to 3 years, (4) 3 to 5
years, or (5) >5 years. Participants who gave responses (2) to
(5) were included in the study. When this strategy had been
applied, the study sample consisted of 54 participants, and the
decision was made to end recruitment and analyze that smaller
sample.

When informed consent was provided, a staff member called
the participant to set up a telephone interview within 5 days
from registration on the website. The interview included the
Mini International Neuropsychiatric Interview [32] (Swedish
translation version 7.0.0) to cover psychiatric comorbidity and
to identify bipolar disorder and psychoses, which were the
absolute exclusion criteria. In addition, the telephone interview
was used to evaluate whether the participant fulfilled the
diagnostic criteria for insomnia disorder according to the
Diagnostic and Statistical Manual of Mental Disorders, 5th
Edition (Table S1 in Multimedia Appendix 2) [33] and to assess
other inclusion and exclusion criteria. These criteria are detailed
in Table S2 in Multimedia Appendix 2. All cases were evaluated
by an inclusion and exclusion committee consisting of 2
experienced psychologists and 1 psychiatrist, when required.

Additional telephone interviews were conducted after treatment
and after 6 months to evaluate the fulfillment of the criteria for
insomnia disorder (Table S2 in Multimedia Appendix 2).

Randomization and Blinding
Included participants were randomized via random.org in blocks
of 34 participants to either the ICBT-i group or the applied
relaxation group. This procedure was performed to ensure equal
numbers of participants in each arm after the first postal survey.
Thereafter, participants were added to a randomized list
consecutively (ensuring an equal sample size after 34 additional
participants). Participants were blinded to the experiment or
control and were told that they were assigned to 1 of the 2
treatments. Allocation was conducted after the inclusion and
exclusion committee met, and participants were notified the
week before treatment started. The therapists were not blinded.

Ethics Approval and Consent to Participate
The study was approved by the ethical review board in
Linköping (dnr. 2014/191-31). An additional application to the
ethical committee was submitted (dnr. 2017/511-32) to enable
invitation of patients further back in time. The participants also
provided informed consent as directed by the World Medical
Association Declaration of Helsinki.

Interventions
The description of the activities per session for both
interventions is provided in Table S3 in Multimedia Appendix
2. Both treatment arms were provided with weekly home
assignments. The rationale for the interventions and information
about sleep were provided via SMS text messaging or
PowerPoint (Microsoft Corp) presentations with speaker voice;
participants were free to choose modality based on preference.
Treatments were always initiated on Mondays, as the
participants were gaining access to a new treatment module.
They were instructed to hand in their home assignments the
next Sunday to receive feedback or therapist support within 48
hours. Handing in-home assignments was mandatory to gain
access to the next treatment module, and no treatment lasted
longer than the agreed 5 weeks.

Experimental Group
The ICBT-i treatment conducted is a novel treatment developed
by TW and PM and provided via the internet platform iterapi.se
[34]. The treatment is based on the most well-established CBT
principles for the treatment of insomnia (ie, sleep restriction
and stimulus control) [35,36]. The first week focused on a short
treatment rationale and registration of current sleep patterns
(sleep diary). On the basis of the sleep diary data, an individually
designed sleep prescription (bedtime) was calculated and applied
during the second week. The prescription was equal to the
calculated average total sleep time, but no shorter than 4 hours
a night. The prescribed sleep time was maintained for the rest
of the treatment unless the sleep efficiency exceeded 85% or
sunk below 75%; then, the prescribed sleep time was adjusted
to 15 to 30 minutes a week. High sleep efficiency resulted in
more time in bed and low sleep efficiency resulted in less time
in bed (although not <4 hours/night). The third module taught
stimulus control, which is based on classical conditioning.
Participants were told to use the bedroom only for sleep and
sex. That is, activities such as watching television, reading, and
social media consumption were not to be conducted in the
bedroom. In addition, the participants were told to go to bed
only when sleepy and to get out of bed and leave the bedroom
when unable to sleep. Similarly, the participants were told not
to sleep in places other than the bedroom or outside the
prescribed bedtimes. If stimulus control is implemented, it will
restrict time in bed, similar to sleep restriction.

Week 4 was dedicated to daytime activity. Advice regarding
activity balance was provided. This advice is based on the
research conducted by Andrews et al [37], who found that
patients with chronic pain who engage in irregular daytime
activities experience poor sleep the same night. Daytime
sleepiness can lead to inactivity; however, excessive activity
can increase pain and hinder the ability to wind down before
bedtime. The advice aims to facilitate a healthy level of daytime
activity to promote sleep and create a contrast between daytime
activities and nighttime rest. The last week focused on
maintaining behavior changes and preventing relapse. Generally,
the aim is to keep the intervention as brief as possible while
maintaining the main part of the treatment effect. Therefore,
some usual CBT-i components were excluded, such as
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behavioral activation, scheduled worry time, and cognitive
restructuring.

Applied Relaxation Control Condition
The internet-based control condition is a slightly modified
version of the well-established applied relaxation techniques
developed by Öst [38]. This method was chosen because it is a
common treatment component that has a credible and applicable
rationale for the treatment of both insomnia [39,40] and chronic
pain [41,42]. Furthermore, applied relaxation is an active and
rather time-consuming treatment that is supposed to control for
time spent, measurement effects, and therapist support. The
manual was adapted so that the length of treatment matched
that of the experimental group (5 weeks). In addition to a short
rationale and registration of current sleep patterns (sleep diary),
the first week focused on progressive relaxation and
diaphragmatic breathing. Participants were told to practice for
15 minutes twice a day and to keep a log for registration and
evaluation. In the following week, time was shortened to 7
minutes twice a day. During the third week, participants were
taught conditioned relaxation, and exercises were 2 to 3 minutes
long. Differentiated relaxation aims only to activate the muscles
required to perform a specific task (ie, other muscles can be
relaxed). This was the focus of the fourth week of the study.
During the fifth week, participants were taught quick relaxation.
As this technique can result in relaxation in just a few seconds,
it can be applied several times throughout the day and at
bedtime.

Therapist Support
Both treatment arms had therapist support every week of
treatment. Support was provided via written messages in the
treatment platform. Therapists (master’s students in psychology
or senior psychologists) provided problem solving and feedback
on weekly tasks and ensured the correct implementation of
treatment components. Because therapist support is one of the
factors that contribute to treatment outcome [30], there was no
restriction of therapist support, as it did not include components
from the other treatment arm. The master’s students were
supervised by senior psychologists trained in CBT (TW and
PM). In a few cases, telephone calls were used to solve technical
problems or to reach participants who did not respond to written
messages. The same therapists provided both treatments, and
the participants were distributed because of the randomization.
Because the treatment content was standardized in both
treatment arms, no measures of therapist fidelity were collected.

Demographic and Physiological Variables
Age, sex, height (in cm), weight (in kg), and educational level
were recorded at baseline. The duration of pain and sleep
problems were measured using two questions: How long have
you had pain problems? How long have you had sleep problems?
For pain problems, five predefined answers were provided: <3
months, 3 months to 1 year, 1 to 3 years, 3 to 5 years, and >5
years. For sleep problems, six predefined answers were
provided: <1 month, 1 to 3 months, 3 months to 1 year, 1 to 3
years, 3 to 5 years, and >5 years. Finally, participants were
asked about the debut of pain or sleep problems: the pain
problems preceded the sleep problems, the sleep problems

preceded the pain problems, both arose at the same time, and
they did not know.

Primary Outcome: Insomnia Severity
The Swedish version of the ISI was used to quantify perceived
insomnia severity. The ISI, a valid instrument with excellent
internal consistency, captured the severity and impact of
insomnia symptoms [5,43]. The psychometric properties of the
Swedish version have also been evaluated in patients with
chronic pain [44]. Cronbach α for the ISI in our sample was
.67. The ISI is rated on a 5-point Likert scale (0-4) and has a
maximum total score of 28. In this study, the ISI was measured
at baseline, at the end of every week during treatment (T1-T5),
and at the 6-month follow-up. Morin et al [5] suggested that a
minimally important difference of >7 points be used in treatment
studies.

Secondary Outcomes

Sleep Parameters Assessed by Responsive Sleep Diary
All participants were asked to complete a sleep diary throughout
the treatment and for 1 week at the 6-month follow-up. These
data were used to calculate the sleep-specific outcomes, that is,
sleep onset latency (SOL), wake time after sleep onset (WASO),
time in bed, sleep efficiency, and early morning awakenings
(EMA), according to Buysse et al [45]. Every measure is based
on the mean value form all registered nights that week. The
patient interface presents the time in bed, total sleep time, and
sleep efficiency for every night and the mean values for every
week.

Sleepiness
Sleepiness was measured using the Karolinska Sleepiness Scale
(KSS), which is a 9-graded scale that measures the level of
sleepiness at a particular time during the day [46]. Every other
step is labeled as follows: 1=very alert, 3=alert, 5=neither alert
nor sleepy, 7=sleepy (but not fighting sleep), and 9=very sleepy
(fighting sleep). The KSS is correlated with several
electroencephalogram measures (eg, α-activity, r=0.40) and
behavior variables (eg, mean reaction time on the psychomotor
vigilance task, r=0.57) related to sleepiness. As test-retest
reliability depends on the time of day, the KSS was sent to
participants via SMS text messaging at 11 AM every day during
treatment. If the participants did not answer the question within
60 minutes of receiving the SMS text message, the value was
reported as missing. The KSS was added to the sleep diary to
capture nonrestorative sleep and daytime symptoms.

Anxiety
The Generalized Anxiety Disorder–7-item (GAD-7) scale was
used to measure anxiety symptoms [47]. The GAD-7 measures
symptoms of generalized anxiety disorder but is also highly
correlated with more general anxiety measures [47]. Each item
has an answer response ranging from 0 to 3 and is scored with
respect to the frequency of the symptom during the previous 2
weeks: not at all, several days, more than half the days, and
nearly every day. This gives a total score of 0 to 21. Optimal
sensitivity/specificity ratio for detecting generalized anxiety
disorder is obtained with a cutoff score of ≥10. The GAD-7 has
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shown excellent internal consistency (Cronbach α=.92) [47].
The Cronbach α for the GAD-7 in our sample was .88.

Depression
The Patient Health Questionnaire–9 items (PHQ-9) was used
to measure depression [48].

The PHQ-9 is a 9-item self-rating scale reflecting the Diagnostic
and Statistical Manual of Mental Disorders, 4th Edition, criteria
for major depressive disorder [48]. Each item ranges from 0 to
3 points and is scored with respect to the frequency of the
symptom during the last 2 weeks: not at all, several days, more
than half the days, and nearly every day. This gives a total score
of 0 to 27. The PHQ-9 has shown excellent internal consistency
(Cronbach α=.86-.89) [48] and strong correlations with other
well-established depression scales such as the Beck Depression
Inventory II (r=0.84) and the Montgomery-Åsberg Depression
Rating Scale (r=0.79) [49]. The Cronbach α for the PHQ-9 in
our sample was .82. Optimal sensitivity/specificity ratio for
detecting depression is obtained with a cutoff score of ≥10.

Pain Intensity
The participants were asked to rate their average pain intensity
during the previous week on a numeric rating scale ranging
from 0 (no pain) to 10 (worst imaginable pain). This scale has
provided good validity in experimental conditions [50].

Number of Anatomical Pain Regions
The participants were presented with a list of 36 anatomical
regions covering the entire body and were asked to mark all
regions where they experienced pain. A total score index was
calculated (total score=0-36) [51].

Pain Disability
The Pain Disability Index (PDI) was used to measure the
self-reported pain-related disability [52]. The PDI has high
internal consistency (Cronbach α=.85) in patients seeking
specialized pain care [53]. Minimal important change depends
on baseline scores [54] (eg, baseline values 28-42 require a
decrease of at least 15 points). The Cronbach α for the PDI in
our sample was .81.

Health-Related Quality of Life
The Health Visual Analog Scale from the European Quality of
Life instrument was used to measure the current state of
self-estimated health [55]. The item consists of a 100-point
thermometer-like vertical scale with defined end points (worst
imaginable health condition and best imaginable health
condition). Higher values indicate better health, whereas lower
values indicate worse health [55,56].

Potentially Adverse and Unwanted Events
The Negative Effects Questionnaire (NEQ), used to assess the
side effects of psychological treatment, consists of 32 items
with three parts [57]: an initial yes or no question regarding the
occurrence of the negative effect in question and a rating of the
impact of the negative effect using a 5-point scale (not at all to
extremely). The patient also judges whether the negative effect
was caused by the treatment. In this RCT, the NEQ was used
to screen for and quantify the most common negative effects

attributed to the treatment. There is no consensus in the scientific
community on how to present results for negative effects, as
definitions and measures vary. Generally, it is recommended
to provide the frequencies of the negative effects that have
occurred the most. The NEQ has good internal consistency
(α=.95) and six factors: symptoms, quality, dependency, stigma,
hopelessness, and failure [58].

The Cronbach α for the NEQ in our sample was .80.

Compliance
The number of treatment modules with submitted tasks or
worksheets was reported as median values and their IQR.
Modules with submitted tasks or worksheets were used as
proxies for treatment compliance. This definition did not require
full completion of all tasks or worksheets of a module, and any
answer (in addition to a sleep diary) was interpreted as a result
of working with the treatment content from that module.

Credibility
Credibility and expectations were measured several times to
evaluate the design of the single-blinded control condition. At
week 3, the participants answered the following question: to
what extent do you think this treatment will be helpful in
reducing your sleep problems? The participants answered the
question on a 6-point scale with the following end points: the
treatment will not help at all and the treatment will help to a
large extent. At week 5 and follow-up, the participants answered
the following question: how likely is it that you would
recommend this treatment to a relative or friend with the same
kind of problem? The participants answered the question on a
6-point scale with the following end points: not likely at all and
very likely. At follow-up, the participants also answered the
following question: to what extent do you think this treatment
has been helpful in reducing your sleep problems? The
participants answered the question on a 6-point scale with the
following end points: the treatment has not helped at all and the
treatment has helped to a large extent. The results were also
reported as median values and IQR.

Statistics
The analysis was based on the intention-to-treat principles and
the assumption that data were missing at random. Data
processing and statistics were performed using the statistical
package IBM SPSS Statistics (version 26.0; IBM Corp), the
software R (version 4.0.3), and JAMOVI (version 1.2.27). In
addition, 2-sided statistical tests were used, and a P<.05 was
considered significant. Average weekly scores for the sleep
diary parameters were calculated using R software. Minor
corrections were applied to the sleep diary data to account for
missing data and input errors: missing durations (but not
timestamps) for otherwise filled entries were replaced with
zeros; bed and sleep time were ordered so that the former always
came before the latter; k=9 entries with negative sleep time
(primarily due to mathematically impossible wake durations)
were omitted; and k=8 entries obviously incorrectly inputted as
timestamps were manually recoded as durations.

For descriptive analysis, we used mean values with SDs or
median with IQR for continuous variables after normality testing
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and number with percentage (n, %) for categorical variables.
Whenever feasible, owing to the different time point
measurements across outcomes, mean changes for both primary
and secondary outcomes were applied before and after treatment
and 6-month follow-up. For example, for the sleep diary and
KSS measurements, preassessments were not available.

To examine the immediate (week 5) and long-term (6-month
follow-up) treatment effects on the ISI and secondary outcomes,
separate mixed models for repeated measures with treatment,
time, and the interaction of treatment by time were performed
with random intercept and random slope (whenever appropriate)
using an unstructured covariance matrix. The examination of
the variance of the slope for time was significant; therefore, a
model with random slopes for time with multiple time points
fitted the data, and a model with fixed slopes was more
appropriate for time with 2 time points. Time was modeled as
a numeric variable (0-4 and 0-1), and both linear and quadratic
trajectories were considered; the latter was chosen when
modeling revealed a significant trajectory. The Akaike
information criterion was used to assess model fit: the smaller
the Akaike information criterion value, the better the model fit
[59]. All available time points were included in the models. On
the basis of the principle that data were missing at random, all

linear mixed models were run with restricted maximum
likelihood estimation, which can produce unbiased estimators
[60].

Results

Descriptive Results
Of the 677 former patients who received postal invitations, 188
(27.8%) participants were identified as eligible at their first
visit. Of these 188 participants, 86 (45.7%) completed the
web-based assessment, and 54 (28.7%) were included and
randomized (Figure 1). Table 1 presents the characteristics of
the sample. The mean age for the total sample was 49.3 (SD
12.3; range 21-67) years, 37% (20/54) had a university degree,
and most participants were women (45/54, 83%). Until this
point, no participant had been aware of their allocated
intervention (ICBT-i or applied relaxation). Eventually, 30
participants were allocated to the ICBT-i group and 24 to the
applied relaxation group. The mean age for the ICBT-i group
was 48.2 (SD 11.1; range 27-66) years, and that for the applied
relaxation group was 50.6 (SD 13.6; range 21-67) years. At the
6-month follow-up, 77% (23/30) of the participants in the
ICBT-i group and 63% (15/24) of the participants in applied
relaxation group (ie, the control group) responded.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) 2010 flow diagram. ICBT-i: internet-based cognitive behavioral therapy for
insomnia; ISI: Insomnia Severity Index.
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Table 1. Baseline characteristics of the study sample.

Total (N=54)ARb (n=24)ICBT-ia (n=30)Characteristics

49.3 (12.3)50.6 (13.6)48.2 (11.1)Age (years), mean (SD)

45 (83)22 (92)23 (77)Female, n (%)

25.9 (5.4)24.5 (5.2)27.0 (5.3)BMI, mean (SD)

20 (37)8 (33)12 (40)University education, n (%)

20.9 (3.1)20.3 (2.8)21.4 (3.3)ISIc, mean (SD)

7.8 (4.7)8.3 (5.4)7.4 (4.2)GAD-7d, mean (SD)

13.9 (4.9)14.4 (5.7)13.5 (4.4)PHQ-9e, mean (SD)

6.7 (1.7)7.1 (1.8)6.3 (1.6)Pain intensity NRSf, mean (SD)

14.5 (9.9)15.7 (9.8)13.6 (10.0)NPRg, mean (SD)

40.5 (10.9)41.3 (10.3)39.9 (11.6)PDIh, mean (SD)

43.7 (17.2)43.3 (17.7)43.9 (17.1)EQ5-VASi, mean (SD)

34 (63)14 (58)20 (67)Duration of pain problems >5 years, n (%)

42 (78)19 (79)23 (77)Duration of sleep problems >5 years, n (%)

32 (59)14 (58)18 (60)The pain problem preceded the sleep problem, n (%)

aICBT-i: internet-based cognitive behavioral therapy for insomnia.
bAR: applied relaxation.
cISI: Insomnia Severity Index.
dGAD-7: Generalized Anxiety Disorder–7 items.
ePHQ-9: Patient Health Questionnaire–9 items.
fNRS: Numeric Rating Scale.
gNPR: number of pain regions.
hPDI: Pain Disability Index.
iEQ5-VAS: European Quality of Life 5-Dimension Visual Analog Scale.

Dropout Analysis
Comparisons between dropouts and completers revealed that
participants who dropped out were more likely to be older, had
lower education and pain disability, and had higher levels of
depression and anxiety (Table S4 in Multimedia Appendix 2).

Primary Outcome
At the posttreatment phase, the mean improvement in the ICBT-I
group was 8.4 (SD 4.7), and the mean improvement in the
applied relaxation group was 5.0 (SD 5.4). The mixed model

showed a significant immediate interaction effect (time by
treatment) on the ISI, such that the ICBT-i group showed a
greater rate of improvement (Figure 2 and Table 2). At follow-up
for the ICBT-I group, the mean change score was 6.7 (SD 5.4);
for the control group, the mean change score was 6.1 (SD 5.2).
At the 6-month follow-up, there was no difference between
treatments according to the ISI (Table S5 in Multimedia
Appendix 2). Figure 3 shows the between-group effect sizes
based on random effects (Cohen d) for all outcomes at week
5-and follow-up.
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Figure 2. Sleep measures for internet-based cognitive behavioral therapy for insomnia (ICBT-i) and applied relaxation over time. Baseline data are
presented only for Insomnia Severity Index (ISI). The active treatment period is illustrated by dots, and follow-up data are illustrated by diamonds. Note
that y-axes are not illustrated from 0.
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Table 2. Mixed models for ISIa from baseline to week 5 and for weekly sleep diary and KSSb scores from the beginning of the treatment (week 1) to
the end of the treatment (week 5).

P valueEstimate (SE; 95% CI)

ISI

<.001 d19.66 (0.70; 18.2 to 21.0)Intercept (AICc 1414.2)

.221.14 (0.94; −0.69 to 2.98)Treatment

<.001−1.02 (0.23; −1.47 to −0.55)Time (week 5)

.02−0.72 (0.31; −1.33 to −0.11)Time (week 5)×treatment

Sleep onset latency

<.00153.03 (7.37; 38.5 to 67.4)Intercept (AIC 2022.4)

.34−9.52 (9.62; −28.1 to 9.60)Treatment

.890.68 (5.00; −9.13 to 10.4)Time (week 5)

.50−0.58 (0.88; −2.32 to 1.14)TimeQe (week 5)

.04−13.77 (6.55; −26.5 to −0.09)Time (week 5)×treatment

.042.38 (1.15; 0.13 to 4.63)TimeQ (week 5)×treatment

Wake time after sleep onset

<.00173.24 (17.59; 38.7 to 107.7)Intercept (AIC 1957.3)

.90−2.27 (18.77; −39.0 to 34.5)Treatment

.24−5.23 (4.57; −14.4 to 3.43)Time (week 5)

.470.29 (0.41; −0.50 to 1.09)TimeQ (week 5)

<.001−20.98 (5.96; −32.6 to −9.30)Time (week 5)×treatment

<.0014.45 (0.53; 0.53 to 3.41)TimeQ (week 5)×treatment

Total sleep time

<.001336.75 (20.93; 295.7 to 377.7)Intercept (AIC 2239.3)

.961.37 (27.30; −52.1 to 54.9)Treatment

.115.77 (3.57; −1.22 to 12.7)Time (week 5)

.84−0.92 (4.67; −10.1 to 8.23)Time (week 5)×treatment

Sleep efficiency

<.00163.49 (3.71; 56.2 to 70.7)Intercept (AIC 1500.6)

.860.79 (4.46; −7.96 to 9.55)Treatment

.141.34 (0.90; −0.43 to 3.12)Time (week 5)

.810.03 (0.16; −0.27 to 0.35)TimeQ (week 5)

<.0018.29 (0.18; 5.97 to 10.6)Time (week 5)×treatment

<.001−1.44 (0.20; −1.85 to −1.03)TimeQ (week 5)×treatment

Early morning awakenings

<.00130.40 (6.18; 18.3 to 42.5)Intercept (AIC 1834.3)

.269.80 (8.53; −6.91 to 26.5)Treatment

.870.36 (2.16; −3.87 to 4.58)Time (week 5)

.008−0.93 (0.35; −1.63 to −0.25)TimeQ (week 5)

<.001−20.65 (2.82; −26.1 to −15.2)Time (week 5)×treatment

<.0014.50 (0.46; 3.60 to 5.41)TimeQ (week 5)×treatment

KSS

<.0016.15 (0.21; 5.73 to 6.56)Intercept (AIC 585.8)

.82−0.07 (0.28; −0.49 to 0.62)Treatment
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P valueEstimate (SE; 95% CI)

.002−0.18 (0.06; −0.29 to −0.07)Time (week 5)

.330.07 (0.07; −0.07 to 0.21)Time (week 5)×treatment

aISI: Insomnia Severity Index.
bKSS: Karolinska Sleepiness Scale.
cAIC: Akaike information criterion.
dItalics indicates statistically significant results.
eTimeQ: time quadratic.

Figure 3. Effect sizes (random effects) for internet-based cognitive behavioral therapy for insomnia (ICBT-i) and applied relaxation at week 5 and
6-month follow-up. EMA: early morning awakenings; EQ5-VAS: European Quality of Life 5-Dimension Visual Analog Scale; GAD-7: Generalized
Anxiety Disorder–7 items; ISI: Insomnia Severity Index; KSS: Karolinska Sleepiness Scale; NPR: number of pain regions; NRS: Numeric Rating Scale;
PDI: Pain Disability Index; PHQ-9: Patient Health Questionnaire–9 items; SE: sleep efficiency; SOL: sleep onset latency; TST: total sleep time; WASO:
wake time after sleep onset.
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Sleep Parameters
The mean values for sleep parameters at the posttreatment and
follow-up periods are shown in Figure 2. The mixed model
shows a significant time (quadratic)-by-treatment immediate
effect on SOL, WASO, sleep efficiency, and EMA during the
active treatment phase. Compared with the applied relaxation
group, the ICBT-I group showed a more rapid increase in sleep
efficiency and a more rapid decrease in EMA, SOL, and WASO
(Table 2). At the 6-month follow-up, there was no statistically
significant time-by-treatment effects on sleep diary measures
when n dropped to 5 in the control group (Table S5 in
Multimedia Appendix 2). Figure 3 shows the between-group
effect sizes based on random effects (Cohen d) for all outcomes
at week 5-and follow-up.

Daytime Sleepiness
The mean KSS values are shown in Figure S1 in Multimedia
Appendix 2. The mixed models revealed either no treatment or

time-by-treatment immediate effect on KSS (Table 2). That is,
both treatment arms changed over time (active treatment phase),
but there was no significant difference in the slope at any time
point. Figure 3 shows the between-group effect sizes based on
random effects (Cohen d) for all outcomes at week 5-and
follow-up.

Other Secondary Outcomes
The mean values and their SDs at week 5-and follow-up are
presented in Table S6 in Multimedia Appendix 2. No significant
differences based on mixed models were found for most of the
secondary outcomes with 2-time measurements (before vs after
the treatment; Table 3). At follow-up, the mixed models showed
significant time effects for PHQ-9 (depression) and GAD-7
(anxiety) versus those at week 5 (Table S7 in Multimedia
Appendix 2). Figure 3 shows the between-group effect sizes
based on random effects (Cohen d) for all outcomes at week 5
and follow-up.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e29258 | p.530https://www.jmir.org/2022/4/e29258
(page number not for citation purposes)

Wiklund et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. Mixed models for secondary outcomes from baseline to week 5.

P valueEstimate (SE; 95% CI)Outcomes

GAD-7a

<.001 c8.25 (0.94; 6.42 to 10.1)Intercept (AICb 591.2)

.52−0.81 (1.25; −3.28 to 1.64)Treatment

.09−1.81 (1.05; −3.87 to 0.24)Time (week 5)

.90−0.16 (1.38; −2.88 to 2.55)Time (week 5)×treatment

PHQ-9d

<.00114.17 (1.07; 12.3 to 16.5)Intercept (AIC 618.0)

.54−0.88 (1.44; −3.71 to 1.94)Treatment

.002−3.92 (1.18; −6.23 to −1.61)Time (week 5)

.920.15 (1.56; −2.91 to 3.22)Time (week 5)×treatment

Pain Intensity NRSe

<.0017.16 (0.34; 6.50 to 7.83)Intercept (AIC 369.4)

.06−0.87 (0.46; −1.76 to 0.03)Treatment

.16−0.42 (0.30; −1.00 to 0.16)Time (week 5)

.470.25 (0.39; −0.48 to 1.06)Time (week 5)×treatment

NPRf

<.00115.71 (1.92; 11.9 to 19.5)Intercept (AIC 670.7)

.43−2.08 (2.58; −7.14 to 2.99)Treatment

.12−1.49 (0.95; −3.35 to 0.36)Time (week 5)

.231.51 (1.25; −0.93 to 3.96)Time (week 5)×treatment

PDIg

<.00141.30 (2.42; 36.5 to 46.1)Intercept (AIC 764.6)

.66−1.43 (3.24; −7.79 to 4.93)Treatment

.25−2.44 (2.09; −6.53 to 1.65)Time (week 5)

.76−0.85 (2.76; −6.26 to 4.56)Time (week 5)×treatment

EQ5-VASh

<.00143.33 (3.60; 36.3 to 50.4)Intercept (AIC 856.1)

.890.63 (4.84; −8.84 to 10.1)Treatment

.393.13 (3.60; −3.93 to 10.2)Time (week 5)

.493.32 (4.77; −6.02 to 12.7)Time (week 5)×Treatment

aGAD-7: Generalized Anxiety Disorder–7 items.
bAIC: Akaike information criterion.
cItalics indicates statistically significant results.
dPHQ-9: Patient Health Questionnaire–9 items.
eNRS: Numeric Rating Scale.
fNPR: number of pain regions.
gPDI: Pain Disability Index.
hEQ5-VAS: European Quality of Life 5-Dimension Visual Analog Scale.

Treatment Credibility
Treatment credibility measures are presented in Table S8 in
Multimedia Appendix 2. There were no significant group

differences at week 2 (end of week 2 of treatment), week 5 (after
the treatment), or follow-up.
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Compliance
The median for completed modules was 4.5 (IQR 3-5) for the
ICBT-i group and 4 (IQR 1.75-5) for the control group. The
difference between the modules was not statistically significant
(P=.46).

Negative Effects
The most frequently reported negative effect in both the
treatment arms was increased stress. In the ICBT-i group, the
second most reported negative effect was the experience that
the treatment did not suit the patient. In contrast, the second
most reported negative effect in the applied relaxation control
condition was that participants stopped believing that there was
available help. Table S9 in Multimedia Appendix 2 provides a
comprehensive description of the negative effects.

Discussion

Principal Findings
In this study, we investigated the effects of ICBT-ion insomnia
severity and other sleep and pain-related parameters in patients
with chronic pain. Our results suggest that ICBT-i decreases
insomnia severity and related nighttime symptoms. In particular,
we found that the ICBT-i group, compared with the applied
relaxation group, had greater immediate improvements in
insomnia symptoms as measured by ISI, WASO, sleep
efficiency, and EMA. The immediate effect (within-subject) of
ICBT-i on ISI was clinically significant according to definition
by Morin et al [5]. After 6 months, the group means approached
each other, and no differences were confirmed on ISI (or other
sleep parameters). Overall, our findings are consistent with
previous studies suggesting that CBT-i delivers posttreatment
improvements in insomnia and sleep symptoms, irrespective of
the format [61-65]. However, further research is needed to
investigate the effect of ICBT-i on a larger sample size of people
with chronic pain.

Strengths and Limitations
The strengths of this study are its randomized design with an
active control condition, low posttreatment attrition rate (13%),
and clinical context. However, the attrition rate at follow-up
was higher (30%). However, this study has several limitations.
First, the small sample size makes it underpowered to detect
small changes in pain and other symptoms and to adjust for
confounders or to perform subgroup analyses, for example, by
sex or educational level. The response to study invitations was
surprisingly weak despite the invitations being directed to
current and former patients identified with moderate to severe
insomnia symptoms. This weak response might have been due
to the relatively extensive treatments and commitment behavior
changes require. Therefore, our results should be interpreted
with caution owing to the underpowered nature of the study.
This study also lacked objective sleep measures, such as
accelerometer-based biosensors, a method that was excluded
because of the priority to keep the treatment and assessment as
brief as possible. The inclusion of these biosensors would also
have made participation more complicated, with an increased
risk for nonparticipation or dropout. Furthermore, our sample
consisted primarily of women (45/54, 83%); therefore, a

selection bias should not be ignored, regardless of the
randomization procedure. This sex skew might be due to fact
that insomnia symptoms are more common in women (aged
>45 years) [66] and that the source of recruitment consisted of
approximately 68.3% (123/180) women [4]. However, our
results may still be considered ecologically valid. In addition,
this study stands out with respect to the treatment length.
Unpublished data from a previous treatment study by members
of our group showed that SOL was the shortest after 5 weeks
of treatment; therefore, 5 weeks/modules were chosen in this
study. This study continued for another 2 weeks, but because
an aim of this study is to develop a brief ICBT-i intervention,
we decided to end the active treatment phase after 5 weeks. It
can be argued that this was premature and that the treatment
effect was limited by this decision. It is also possible that the
effects of ICBT-i would have been better consolidated and
maintained if treatment, sleep monitoring, and therapist support
had lasted longer. Despite lower baseline ISI values, Jungquist
et al [67] achieved a larger decrease in absolute number (13
points) on the same outcome measure after their 8-week CBT-i
treatment. It may also be argued that the design of the active
control condition, with a specific treatment factor (ie, applied
relaxation), decreased the contrast with the experimental
condition [68].

On the basis of these data, it is impossible to rule out whether
the lack of time-by-treatment effect at follow-up is a result of
a power issue or whether the 2 treatment conditions are equally
effective in reducing insomnia symptoms in the long term. Given
that 78% (42/54) of the sample had a sleeping problem duration
of >5 years, explanations such as regression to the mean or
spontaneous recovery are less likely. It cannot be ruled out that
some overlap exists between treatment arms; therefore, the
observed improvements, at least in part, may be due to common
factors between the 2 arms. Both arms had access to the
responsive sleep diary, calculating total sleep time, time in bed,
SOL, WASO, EMA, and sleep efficiency. This could lead to
unintentional behavior change in the control condition through
the participants’ own inferences of aggregated sleep data,
although the addition of a wait-list control could have offered
a valuable reference category. In contrast, a wait-list would have
increased the power problem even more, given that further
recruitment would not be possible. No measures of therapist
fidelity were collected, but the standardized treatment content
in both treatments, along with the supervision of therapists,
helped maintain treatment fidelity [69]. However, differences
in therapist support may exist, although the same therapists
provided both treatments. Moreover, the participants in the
control condition completed fewer treatment modules, which
may constitute a major limitation. In addition, because blinding
is problematic in this research field, it is also plausible to assume
that there is a substantial risk of contamination between both
treatment arms. Finally, the results from the 6-month follow-up
were rather uncertain, as the response rate declined considerably.
This decline is especially true for sleep parameters based on the
sleep diary data.

In addition, there are some general limitations related to internet
treatments. [70]. Although a therapist alliance seems possible
to establish, the ability to monitor the patients’ progress and
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setbacks seems to be limited by this format. Consequently, the
ability to make adaptations is limited, particularly when the
treatment content is predefined. This study offers therapist
support that likely contributes to increased adherence, which
has been reported to be poor in previous studies. The exclusion
of non-Swedish speakers and people lacking internet connections
is another limitation related to this format.

Comparison With Previous Work
We found that immediate effects on ISI were larger in ICBT-i,
but over the follow-up period, initial gains seemed to decline,
but the applied control condition continued to improve. This
finding was not unexpected, as results from a meta-analysis
also illustrated that the long-term effects of CBT on insomnia
are unclear [71]. Moreover, both treatments may be effective,
but through different mechanisms and in different time
perspectives. Applied relaxation targets arousal, which could
hinder or interrupt sleep [38], whereas ICBT-i targets increasing
the sleep homeostatic sleep load and establishing a sound
circadian rhythm [35,36,72]. Therefore, we can speculate that
a combination of both these treatments, which is common in
CBT-i, would lead to an even better outcome. Notably, despite
our intention to control for treatment extent, the applied
relaxation group as a comparison arm completed a slightly less
treatment content than the ICBT-i group. Furthermore,
immediate time-by-treatment effects were found for the sleep
parameters WASO, sleep efficiency, and EMA. SOL reached
significance only at 1 time point. Changes from baseline are
comparable with those of other studies, except for EMA, which
previous studies failed to show any improvement or did not
report [67]. The total absence of long-term time-by-treatment
effects is likely, which could be explained by this study’s
inability to collect sleep diary data at follow-up, especially from
participants in the control condition.

This study also highlighted that both web-based treatments
improved psychological outcomes (depression and anxiety)
over time, making these findings difficult to interpret. One may
argue that both conditions improved these symptoms during the
follow-up period, but unfortunately, the design of this study did
not include any measure of the extent to which participants
continued to apply the methods taught throughout treatment. It
is also possible that medication titration might have affected
these outcomes, as the medication was not specifically addressed
in both conditions. Of the 30 participants in the experimental
condition and 24 in the control condition, 29 (97%) and 23
(96%) at baseline reported taking prescription medication for
their symptoms (including pain killers, benzodiazepine receptor
agonists, or antidepressants), respectively. In addition, no
exploratory analysis could be applied because changes in
medication after the follow-up period were not monitored.

In contrast, none of the treatments had a significant effect on
the number of pain regions or pain intensity at the posttreatment

or follow-up period. Despite high initial values and clear
immediate effect on insomnia severity (at least in ICBT-i), no
time or time-by-treatment, effects on pain measures were found.
These findings are supported by previous research in this field,
which suggests that the effects of CBT-ion pain-related
outcomes are highly unreliable [73]. The nonsignificant effects
on pain measures may also be due to the strong correlation
between insomnia and pain intensity. If the correlation is strong,
a treatment effect on pain intensity is more likely than if a weak
(but significant) correlation has been observed between the 2
variables [55,56]. In addition, two meta-analyses by Tang et al
[17] and Selvanathan et al [74] also found overall small effects
on pain intensity. Again, the lack of results in this study could
be a consequence of the small sample size and low power. An
alternative interpretation is that insomnia symptoms in
participants with long-standing conditions can be improved
without necessarily affecting pain intensity.

Finally, the most reported negative effect in both treatment arms
(item 2: I felt like I was under more stress) was also the most
frequent in several other CBT studies on different diagnoses
[58]. The second most reported negative outcome in the active
control condition (item 19: I stopped believing that there was
available help) was excluded in the revised version of the NEQ
because of poor goodness of fit [58]. It is also possible that this
item expresses the absence of an expected treatment effect in
nonresponders, rather than a negative effect of treatment.
Interestingly, 22% (7/30) of the participants in the ICBT-i group
and 17% (4/24) of the controls reported more problems with
sleep (item 1). The item does not indicate whether this refers
to long- or short-term problems; however, the impact of these
negative effects seems to be limited to the means presented
here.

Conclusion and Clinical Implications
Compared with applied relaxation, ICBT-i led to a greater
decline in insomnia symptoms. Treatment gains were largely
preserved over 6 months, but the group difference decreased as
the control condition continued to improve over this period.
Furthermore, applied relaxation was more successful in reducing
comorbid anxiety and depressive symptoms in the long term.
Further studies are needed to examine whether a combination
of ICBT-i and applied relaxation leads to even larger reductions
in insomnia symptoms or what necessary components of ICBT-i
work best for insomnia in patients with chronic pain.
Nevertheless, it was possible to achieve clinically significant
improvement in insomnia symptoms via this brief 5-week
internet treatment. If our finding that a brief CBT-i intervention
(possibly in combination with applied relaxation) affects
insomnia in patients with chronic pain can be confirmed in
larger studies, this intervention may be practically applicable
in the clinical setting. This could be an important advance in
the treatment arsenal, as a large proportion of patients with
chronic pain also experience insomnia.
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Abstract

Background: A few studies have identified the frequency and correlates of online consultations with doctors or therapists.
However, there is a lack of studies using nationally representative data from middle-aged and older adults in Germany.

Objective: This study aims to determine the frequency and correlates of online consultations with doctors or therapists in
Germany.

Methods: For this study, cross-sectional data were taken from the nationally representative German Ageing Survey (DEAS;
n=3067 in the analytical sample; age range 46-98 years). As part of the DEAS, a short survey was conducted between June 8 and
July 22, 2020, examining the everyday life and living conditions among these middle-aged and older individuals during the
COVID-19 pandemic. The frequency of online consultations with doctors or therapists served as the dependent variable (daily,
several times a week, once a week, 1-3 times a month, less often, and never). Multiple logistic regressions were performed.

Results: In sum, 10.02% (381/3806) of individuals with access to the internet had online consultations with doctors or therapists.
Multiple logistic regressions showed that the likelihood of using online consultations with doctors or therapists (compared with
those never using such services) was positively associated with higher education (compared with medium education; odds ratio
[OR] 1.31, 95% CI 1.01-1.70), living with a partner in the same household (compared with single; OR 1.53, 95% CI 1.05-2.22),
poorer self-rated health (OR 1.42, 95% CI 1.16-1.74), increased loneliness (OR 1.45, 95% CI 1.10-1.90), and increased satisfaction
with life (OR 1.30, 95% CI 1.03-1.64).

Conclusions: Study findings suggest that a non-negligible proportion of about 1 out of 10 individuals aged 46 years and over
had online consultations with doctors or therapists. However, compared with other countries, this proportion remains small.
Knowledge about the correlates of (non)use may assist in identifying corresponding individuals. In times of reshaping the health
care system, these efforts in online consultations with doctors or therapists may contribute to addressing patient needs. Moreover,
increased use of such services may reduce the risk of getting infected with SARS-CoV-2 by reducing social contact.

(J Med Internet Res 2022;24(4):e29781)   doi:10.2196/29781

KEYWORDS

online consultations; doctor; therapists; telehealth; COVID-19; SARS-CoV-2; digital health

Introduction

In the last 2 decades, with better access to the internet, and more
high-speed connections, online consultations with doctors or
therapists have grown continually [1]. Online consultations can

improve patient outcomes via increased access to care and
medical information [1]. Furthermore, online consultations can
increase job satisfaction and work-life balance among physicians
[2]. Moreover, there is an increased need for online consultations
due to increased economic costs, poor access in rural areas, and
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demographic aging, with an increasing number of individuals
in old age suffering from various chronic illnesses.

During the COVID-19 pandemic, the use of online consultations
sought to reduce unnecessary social contact by reducing the
number of in-person consultations [3]. This can reduce the risk
of getting infected with SARS-CoV-2, which is key among
older adults with risk factors for more severe experiences of
COVID-19 [4].

Online consultations with doctors or therapists can, for example,
be used for issuing sick notes or care of patients after surgery.
A recent systematic review recommended use of such
consultations in orthopedics [5]. Additionally, it has been shown
that patient satisfaction with video consultations was high to
very high during the COVID-19 pandemic [6].

It should be noted that the term doctor (arzt) in Germany refers
to physicians, while the term therapists (therapeut) commonly
refers to psychological or medical psychotherapists, as well as
other therapists (eg, occupational therapists or physical
therapists). According to the German Medical Association, the
total number of currently working physicians (registered with
state medical associations) was around 409,000 in 2020 [7].
The physician density (inhabitants per working physician) varies
between the states in Germany—from 133 (Hamburg) to 248
(Brandenburg) [7]. In Germany, around 12,000 specialists
worked in psychiatry and psychotherapy in 2020 [8] and around
48,000 psychological psychotherapists worked in 2019 [9].
Moreover, around 203,000 individuals work as physical
therapists in Germany (data from 2019) [10] and around 59,000
individuals work as occupational therapists (data from 2017)
[11]. Regional differences are present (eg, between rural and
urban areas and between certain states) [10].

It may be worth describing online consultations with doctors
or therapists in Germany. Certain video consultations have been
included in the outpatient medical fee schedule (EBM) applied
for patients who are members of a statutory health insurance
(approximately 90% of the population) in Germany since April
2017. Moreover, members of a private health insurance (around
10% of the population) can use online consultation as it is in
accordance with the medical fee schedule used for privately
insured patients (GOÄ). According to the National Association
of Statutory Health Insurance Physicians (KBV) [12], around
25% of doctors’offices offered video consultations in Germany
in March 2020, whereas only 2% offered such services in 2017.
Furthermore, around 3000 hours of online consultations were
conducted in 2019, whereas 1.4 million hours of online
consultations were conducted in the first half of 2020 [12].
Besides, 3 out of 4 online consultations were conducted in the
field of psychotherapy in the first half of 2020. Additionally,
around 12% of the general practitioners (GPs) offered online
consultations in the second quarter of 2020 [12]. Online
consultations are valued by GPs, medical specialists, and
hospital doctors in Germany [13]. However, it is agreed that
they cannot substitute care in various specialties, such as hand
surgery, but rather complement care [14].

In Germany, there is still a general lack of data on the frequency
of online consultations with doctors or therapists based on
nationally representative samples of middle-aged and older

adults. Because of this lack in knowledge, our aim was to
determine the frequency and correlates of online consultations
with doctors or therapists based on nationally representative
data from Germany. We would like to note that identifying the
correlates of such online consultations was an explorative aim
of this study (without any prespecified hypotheses). Knowledge
about the use of online consultations is important for policy
makers. For example, based on this knowledge, strategic
planning could be established and implemented to identify and
support nonadopters of online consultations. This could assist
in improving the uptake of online consultations.

Methods

Sample
Data for this study were taken from the German Ageing Survey
(DEAS; a nationally representative sample of individuals aged
40 years in Germany). As part of the DEAS, a short survey was
conducted between June 8 and July 22, 2020, examining the
everyday life and living conditions among these middle-aged
and older individuals during the COVID-19 pandemic. This
survey was addressed to all panel participants who had taken
part in previous DEAS waves at least once. Thus, the basis for
this survey was all willing panel participants who could still be
reached from the baseline samples 1996 to 2014 (from 1996:
539 individuals; from 2002: 525 individuals; from 2008: 1549
individuals; from 2014: 2210 individuals). Thus, individuals
were at least 46 years old in the survey conducted in 2020.

In sum, 4823 individuals who had already participated in 1 or
more former waves were included in this short survey (paper
and pencil interview) with a response rate of 56.5%, which is
comparable to other survey studies in Germany [15]. Of the
included sample, 3806 individuals had access to the internet
and filled out the dependent variable (analytical sample in
regressions analysis: n=3067; reduction in sample size can be
explained by missing data in the independent variables, as
listwise deletion was used in regression analysis [16]). Further
details regarding the DEAS study are given elsewhere [17].

Dependent Variables
Individuals with access to the internet (ie, individuals who
reported “yes” when asked whether he or she has access to the
internet) were asked to report the frequency of “consultations
with doctors or therapists via an online platform” (daily, several
times a week, once a week, 1-3 times a month, less often, and
never). It was dichotomized (0=never; 1=otherwise including
daily, several times a week, once a week, 1-3 times a month,
and less often). This variable served as the dependent variable.

Independent Variables
We included socioeconomic, lifestyle-related, health-related,
COVID-19–related factors, and psychosocial factors as
independent variables. With regard to socioeconomic factors,
we included age, sex, educational level (International Standard
Classification of Education 97 [ISCED-97] [18]: low, medium,
or high education), employment status (employed, retired,
non-employed), living situation (single, with partner in
household, with partner without a common household), having
at least one child (no or yes), migration background (no or yes),
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monthly household net income (in Euros), region (West
Germany or East Germany), and type of district (large cities,
urban cities, urban-rural districts, rural districts).

With regard to lifestyle factors, we included engagement in
physical activities and the frequency of walks (in both cases:
daily, several times a week, once a week, 1-3 times a month,
less often, never). With regard to health-related factors, we
included self-rated health (from 1=very good to 5=very bad)
and depressive symptoms (10-item Center for Epidemiological
Studies-Depression [CES-D] scale [19] score ranging from 0
to 30, with higher scores reflecting more depressive symptoms).
In this study, Cronbach alpha for the CES-D was .85. The
CES-D has favorable psychometric characteristics [20].

With regard to COVID-19–related factors, we included the
following variables: feeling that the COVID-19 crisis posed a
threat to oneself (from 0=not at all a threat for me to 10=extreme
threat for me); infection among people in one’s own personal
environment with the coronavirus (yes, no, don’t know); one’s
own infection with the coronavirus (yes, no, don’t know); and
the feeling that one can influence an infection with the
coronavirus (from 1=not at all to 7=entirely). With regard to
psychosocial factors, we included life satisfaction (Satisfaction
with Life Scale [SWLS] by Diener et al [21], which includes 5
items, scored from 1 to 5, where higher values correspond to
greater satisfaction with life) and loneliness (6-item De Jong
Gierveld Loneliness Scale [22]; scored from 1 to 4, with higher
values reflecting higher loneliness levels). In this study,
Cronbach alpha for the SWLS was .87 and that for the De Jong
Gierveld Loneliness Scale was .79. Both tools (loneliness [23]
and life satisfaction [24]) have favorable psychometric
properties.

Statistical Analysis
In a first step, sample characteristics were computed, stratified
by the use of online consultations with doctors or therapists

(unpaired t tests and chi-square tests were used, as appropriate).
Subsequently, multiple logistic regressions were conducted to
identify the correlates of use of online consultations with doctors
or therapists. Statistical significance was set at P<.05. Stata 16.1
(StataCorp) was used to perform statistical analyses.

Ethics Approval
Written informed consent was obtained from all individual
participants included in the study. An ethics vote was not
deemed necessary according to criteria for the need of an ethical
statement. This is in line with the German Research Foundation
guidelines. All procedures performed in studies involving human
participants were in accordance with the ethical standards of
the institutional or national research committee and with the
1964 Helsinki declaration and its later amendments or
comparable ethical standards.

Results

Description of the Sample
Stratified by the use of online consultations with doctors or
therapists, sample characteristics are presented in Table 1. In
the total sample, the average age was 67.6 years (SD 9.7; range
46-98 years) and 49.31% (1877/3806) of the individuals were
female. Overall, 10.02% (381/3806) of the individuals with
access to the internet had online consultations with doctors or
therapists.

In bivariate analysis, individuals using online consultations with
doctors or therapists significantly (at least P<.05) differed from
those who had never had an online consultation in terms of sex,
living situation, presence of children, self-rated health,
depressive symptoms, feeling that the COVID-19 crisis poses
a threat to oneself, and loneliness. Further details are given in
Table 1.
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Table 1. Sample characteristics stratified by the use of online consultations with doctors or therapists (German Ageing Survey, fifth wave, n=3806).

P valueb

Have had online consultations
with doctors or therapists

(n=381)a

Never had online consultations
with doctors or therapists

(n=3425)aTotal (n=3806)aCharacteristics

.03Sex

213 (11.04)1716 (88.96)1929Men

168 (8.95)1709 (91.05)1877Women

.3768.0 (10.2)67.6 (9.6)67.6 (9.7)Age (years), mean (SD)

.10Educational level (ISCED-97c classification)

14 (13.46)90 (86.54)104Low (ISCED 0-2)

151 (8.95)1536 (91.05)1687Medium (ISCED 3-4)

216 (10.72)1798 (89.28)2014High (ISCED 5-6)

.78Employment status

113 (9.45)1083 (90.55)1196Employed

246 (10.20)2166 (89.80)2412Retired

14 (9.79)129 (90.21)143Non-employed

.01Living situation

52 (7.06)685 (92.94)737Single

303 (10.63)2548 (89.37)2851With partner in the same household

19 (11.31)149 (88.69)168With partner without a common household

.006Having at least one child

18 (5.61)303 (94.39)321No

347 (10.48)2964 (89.52)3311Yes

.11Migration background

356 (9.83)3267 (90.17)3623No

24 (13.56)153 (86.44)177Yes

.744384.9 (7690.7)4152.6 (12,778.0)4175.8 (12,363.9)Household net income, mean (SD)

.21Region

285 (10.39)2457 (89.61)2742West Germany

96 (9.02)968 (90.98)1064East Germany

.92Type of district

104 (9.83)954 (90.17)1058Large cities

145 (10.08)1293 (89.92)1438Urban cities

74 (9.61)696 (90.39)770Urban-rural cities

58 (10.74)482 (89.26)540Rural districts

.41Engagement in physical activities

47 (10.35)407 (89.65)454Daily

151 (10.82)1244 (89.18)1395Several times a week

74 (10.53)629 (89.47)703Once a week

23 (9.09)230 (90.91)2531-3 times a month

63 (9.32)613 (90.68)676Less often

21 (6.93)282 (93.07)303Never

.33Frequency of walks

78 (10.96)634 (89.04)712Daily
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P valueb

Have had online consultations
with doctors or therapists

(n=381)a

Never had online consultations
with doctors or therapists

(n=3425)aTotal (n=3806)aCharacteristics

155 (10.71)1292 (89.29)1447Several times a week

53 (8.14)598 (91.86)651Once a week

26 (9.39)251 (90.61)2771-3 times a month

58 (10.14)514 (89.86)572Less often

8 (6.56)114 (93.44)122Never

<.0012.6 (0.8)2.4 (0.8)2.4 (0.8)Self-rated health (scored from 1=very good to
5=very bad), mean (SD)

<.0019.2 (5.1)8.1 (4.7)8.2 (4.7)Depressive symptoms (10-item Center for Epidemi-
ological Studies-Depression scale; scored from 0
to 30, with higher values reflecting more depressive
symptoms), mean (SD)

.024.3 (2.3)4.0 (2.1)4.0 (2.1)Feeling that the COVID-19 crisis is a threat for
oneself (scored from 0=not at all a threat for me to
10=extreme threat for me), mean (SD)

.19Infection among people in one’s own personal
environment with coronavirus

35 (11.40)272 (88.60)307Yes

323 (9.66)3022 (90.34)3345No

18 (13.95)111 (86.05)129Don’t know

.79Own infection with the coronavirus

2 (11.76)15 (88.24)17Yes

352 (9.92)3195 (90.08)3547No

24 (11.27)189 (88.73)213Don’t know

.314.5 (1.5)4.6 (1.4)4.6 (1.4)Feeling that I can influence an infection with the
coronavirus (scored from 1=not at all to 7=entirely),
mean (SD)

<.0012.0 (0.5)1.9 (0.5)1.9 (0.5)Loneliness (6-item De Jong Gierveld loneliness
scale; scored from 1 to 4, with higher values reflect-
ing higher loneliness levels), mean (SD)

.673.9 (0.7)3.9 (0.7)3.9 (0.7)Life satisfaction (Satisfaction with Life Scale;
scored from 1 to 5, with higher values correspond-
ing to greater satisfaction with life), mean (SD)

aData are presented as n or n (%) unless stated otherwise.
bP values were based on independent unpaired t tests and chi-square tests, as appropriate.
cISCED: International Standard Classification of Education 97.

Regression Analysis
The findings of multiple logistic regressions with experience
of an online consultation(s) with doctors or therapists as the
outcome measure are shown in Table 2. Multiple logistic
regressions showed that the likelihood of having online
consultations with doctors or therapists (compared with never
using such services) was positively associated with higher
education (compared with medium education; odds ratio [OR]

1.31, 95% CI 1.01-1.70), living with a partner in the same
household (compared with single; OR 1.53, 95% CI 1.05-2.22),
poorer self-rated health (OR 1.42, 95% CI 1.16-1.74), increased
loneliness (OR 1.45, 95% CI 1.10-1.90), and increased
satisfaction with life (OR 1.30, 95% CI 1.03-1.64). Other
socioeconomic, lifestyle-related, health-related, and
COVID-19–related factors did not achieve statistical
significance (P>.05).
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Table 2. Determinants of online consultations with doctors or therapists. Results of multiple logistic regression analysis (German Ageing Survey, short

survey).a

Online consultations with doc-
tors or therapists, OR (95% CI)

Independent variables

0.86 (0.66-1.11)Sex: Women (reference: men)

1.01 (0.99-1.03)Age

Educational level (ISCED-97b classification)

1.39 (0.66-2.92)Low education (reference: medium education)

1.31c (1.01-1.70)High education

Employment status

0.83 (0.55-1.24)Retired (reference: employed)

0.88 (0.44-1.76)Non-employed

Living situation

1.53c (1.05-2.22)With partner in the same household (reference: single)

1.52 (0.79-2.93)With partner without a common household

1.58d (0.95-2.63)Having at least one child: Yes (reference: no)

1.11 (0.63-1.95)Migration background: Yes (reference: no)

1.00 (0.99-1.01)Household net income (in €1000)e

0.88 (0.64-1.21)Region: East Germany (reference: West Germany)

Type of district

0.84 (0.56-1.26)Large cities (reference: rural districts)

0.77 (0.51-1.16)Urban cities

0.79 (0.52-1.20)Urban-rural cities

Engagement in physical activities

1.22 (0.79-1.87)Several times a week (reference: daily)

1.17 (0.72-1.88)Once a week

0.87 (0.47-1.64)1-3 times a month

0.89 (0.54-1.48)Less often

0.59 (0.30-1.18)Never

Frequency of walks

1.01 (0.71-1.44)Several times a week (reference: daily)

0.81 (0.52-1.25)Once a week

0.87 (0.50-1.52)1-3 times a month

1.12 (0.72-1.73)Less often

0.73 (0.29-1.82)Never

1.42f (1.16-1.74)Self-rated health (from 1=very good to 5=very bad)

1.02 (0.99-1.06)Depressive symptoms (10-item Center for Epidemiological Studies-Depression scale, from 0 to 30, with higher
values reflecting more depressive symptoms)

1.03 (0.97-1.09)Feeling that the COVID-19 crisis poses a threat to oneself (from 0=not at all a threat for me to 10=extreme threat
for me)

Infection among people in one’s own personal environment with coronavirus

0.86 (0.56-1.31)No (reference: yes)

1.57 (0.78-3.18)Don’t know

Personal experience of infection with the coronavirus
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Online consultations with doc-
tors or therapists, OR (95% CI)

Independent variables

0.08 (0.00-1.73)No (reference: yes)

0.07d (0.00-1.59)Don’t know

0.97 (0.89-1.07)Feeling that one can influence an infection with the coronavirus (from 1=not at all to 7=entirely)

1.45g (1.10-1.90)Loneliness (6-item De Jong Gierveld loneliness scale; from 1 to 4, with higher values reflecting higher loneliness
levels)

1.30c (1.03-1.64)Life satisfaction (Satisfaction with Life Scale; from 1 to 5, with higher values corresponding to greater satisfaction
with life)

0.04d (0.00-1.52)Constant

3067Observations

0.04Pseudo R2

aMissing values were handled using listwise deletion. Outcome: 0=never using online consultations with doctors or therapists; 1=using online consultations
with doctors or therapists.
bISCED-97: International Standard Classification of Education 97.
cP<.05.
dP<.10.
e€1 = US $1.10.
fP<.001.
gP<.01.

Discussion

Principal Findings
In sum, 10.02% (381/3806) of the individuals with access to
the internet had used online consultations with doctors or
therapists. Regressions showed that the likelihood of having
used online consultations with doctors or therapists (compared
with never using such services) was positively associated with
higher education, living with partner in the same household
(compared with single), poorer self-rated health, increased
loneliness, and increased satisfaction with life.

Previous Research and Possible Explanations
To date, only a few international studies have reported the
frequency of online consultations with doctors or therapists
based on nationally representative samples. For example, 46.1%
of GP services were provided using such consultations (video
and telephone) in Australia in early May 2020 [25]. Moreover,
44% of respondents supported using online consultations for
medication abortion among adults in the United States during
the COVID-19 pandemic [26]. In general, the quite high
proportion of individuals using online consultations with doctors
or therapists (compared with the time prior to the pandemic in
Germany) found in our study is in accordance with recently
conducted research covering the adult population in Germany
during the pandemic [27]. Because of the high proportion of
online consultations, we assume that, in most cases, online
consultations replaced physical meetings. However, because
these data were not available in the data set used in our study,
future research is required to clearly distinguish between
different types of online consultations with doctors or therapists
(ie, replacing or complementary to in-person consultations).

This high proportion supports the conclusion made by Wosik
et al [28], who stressed the rise of virtual care. In international
comparison (eg, compared with other European countries),
Germany still lags behind [29]. By contrast, consumer-enabled
and connected health technologies are widespread in the
Netherland and Nordic countries.

To date, some studies have described the frequency and
correlates of online consultations with doctors or therapists. For
example, it has recently been shown that older, female, or poorer
patients had used video consultations less frequently [30] in the
United States. A greater reluctance to use online consultations
with doctors was also reported among individuals with a lower
educational attainment in Denmark [31].

Given that individuals filled out the questionnaire in June or
July 2020, it appears plausible that those with poorer self-rated
health had a greater likelihood of using online consultations,
compared with those who did not use online consultations, as
these individuals were in need of care and around 1.4 million
hours of online consultations were made in Germany during
the first half of 2020 [12].

Compared with single individuals, individuals living with a
partner in the same household had a greater likelihood of using
online consultations. This might be explained by the fact that
partners may urge the individuals to use such services [32] when
individuals are in need of care. Moreover, they could assist
when technical difficulties arise. Furthermore, they may seek
to protect their partner from possible infection with
SARS-CoV-2.

The association between higher education and an increased
likelihood of using online consultations appears to be plausible.
This is due to the fact that higher education is often associated
with lower computer anxiety and better computer skills [33].
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With regard to other correlates, it was particularly surprising
that COVID-19–related factors were not significantly associated
with the outcome measure. It seems that other factors (ie,
education, health, and psychosocial factors) are important for
the outcome measure. Future research is required to clarify the
association between COVID-19–related factors and the use of
online consultations with doctors or therapists.

At first glance, it may seem contradictory that both higher
loneliness and greater life satisfaction are associated with a
greater likelihood of using online consultations. However,
previous research has also demonstrated a link between
increased loneliness and an increased number of GP visits
[34]—for example, to address social needs in higher age [35].
Furthermore, the association between life satisfaction and online
consultations may be explained by the fact that life satisfaction
is positively associated with an increased use of preventive
health care services (eg, in women: higher likelihood of
obtaining a mammogram, x-ray, or pap smear; in men: higher
likelihood of obtaining a prostate examination) [36].
Additionally, higher life satisfaction is associated with higher
meaning in life (ie, a sense of comprehension and significance
in life [37]) [38]. In turn, a higher meaning in life [39] is
associated with more frequent health care use (GP and specialist
visits) and an increased use of preventive health care services
[40]. Individuals with high life satisfaction and high meaning
in life may particularly value their lives and may use health care
services (curative and preventive) to stay healthy for as long as
possible [40].

Strengths and Limitations
Some strengths and limitations of this study should be
considered. This is the first study identifying the frequency and
correlates of online consultations with doctors or therapists
among individuals in the second half of life in Germany.
Additionally, a nationally representative sample (data collection
during the pandemic) was used. While the outcome measure
had a high face validity, future studies are needed to distinguish
between online consultations with doctors (including the medical
specialty) or therapists (eg, psychotherapists, occupational
therapists, or physical therapists). For example, it may be the

case that online consultations with doctors differ from online
consultation with therapists (eg, in terms of the reason for the
consultation, the objective, and the average duration). Online
consultations may also differ between, for example, physicians
and psychological or medical psychotherapists. Differences
may also exist between occupational therapists and physical
therapists regarding online consultations. Moreover, other
domains of health care use (eg, outpatient physician visits or
hospital stays) and other health-related factors (eg, chronic
conditions) were not assessed in this short survey. A small
sample selection bias has been identified in the DEAS study
[41]. However, the distribution of family status, family
composition, labor force participation, and educational level is
very close to the distribution in the German population [41].
Furthermore, this study examined patient-related factors,
whereas more studies are required to investigate
physician-related factors such as practice size [42] or region
(rural vs urban [43]) when identifying the correlates of online
consultations with doctors or therapists.

Conclusions
Findings of this study suggest that a non-negligible proportion
of around 1 in 10 individuals aged 46 years and over had online
consultations with doctors or therapists. However, compared
with other countries, there is still room for improvement
(regarding the proportion of online consultations by
community-dwelling individuals aged 46 years and over in
Germany). Examination and comparison of the characteristics
of adopters and nonadopters of online consultations could assist
in strategic planning and improve uptake of online consultation.
Future research in other countries is required.

With regard to Germany, it may be beneficial to strongly
intensify efforts linked to broadband infrastructure in Germany,
which has clear potential for improvement and still lags behind
other countries. A good quality and stable connection, as well
as perhaps monetary incentives for both patients (eg, cost
savings) and doctors/therapists (eg, remuneration incentives)
may assist in increasing the proportion of online consultations.
Furthermore, strategies to reduce computer anxiety, particularly
among the oldest old, may assist in this.
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Abstract

Background: The recent shift to video care has exacerbated disparities in health care access, especially among high-need,
high-risk (HNHR) adults. Developing data-driven approaches to improve access to care necessitates a deeper understanding of
HNHR adults’ attitudes toward telemedicine and technology access.

Objective: This study aims to identify the willingness, access, and ability of HNHR veterans to use telemedicine for health
care.

Methods: WWe designed a questionnaire conducted via mail or telephone or in person. Among HNHR veterans who were
identified using predictive modeling with national Veterans Affairs data, we assessed willingness to use video visits for health
care, access to necessary equipment, and comfort with using technology. We evaluated physical health, including frailty, physical
function, performance of activities of daily living (ADL) and instrumental ADL (IADL); mental health; and social needs, including
Area Deprivation Index, transportation, social support, and social isolation.

Results: The average age of the 602 HNHR veteran respondents was 70.6 (SD 9.2; range 39-100) years; 99.7% (600/602) of
the respondents were male, 61% (367/602) were White, 36% (217/602) were African American, 17.3% (104/602) were Hispanic,
31.2% (188/602) held at least an associate degree, and 48.2% (290/602) were confident filling medical forms. Of the 602
respondents, 327 (54.3%) reported willingness for video visits, whereas 275 (45.7%) were unwilling. Willing veterans were
younger (P<.001) and more likely to have an associate degree (P=.002), be health literate (P<.001), live in socioeconomically
advantaged neighborhoods (P=.048), be independent in IADLs (P=.02), and be in better physical health (P=.04). A higher number
of those willing were able to use the internet and email (P<.001). Of the willing veterans, 75.8% (248/327) had a video-capable
device. Those with video-capable technology were younger (P=.004), had higher health literacy (P=.01), were less likely to be
African American (P=.007), were more independent in ADLs (P=.005) and IADLs (P=.04), and were more adept at using the
internet and email than those without the needed technology (P<.001). Age, confidence in filling forms, general health, and
internet use were significantly associated with willingness to use video visits.

Conclusions: Approximately half of the HNHR respondents were unwilling for video visits and a quarter of those willing lacked
requisite technology. The gap between those willing and without requisite technology is greater among older, less health literate,
African American veterans; those with worse physical health; and those living in more socioeconomically disadvantaged
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neighborhoods. Our study highlights that HNHR veterans have complex needs, which risk being exacerbated by the video care
shift. Although technology holds vast potential to improve health care access, certain vulnerable populations are less likely to
engage, or have access to, technology. Therefore, targeted interventions are needed to address this inequity, especially among
HNHR older adults.

(J Med Internet Res 2022;24(4):e32570)   doi:10.2196/32570
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Introduction

Background
The onset of the COVID-19 pandemic led to sudden and
dramatic changes in the delivery of health care in the context
of social distancing and lockdown decisions. Telemedicine has
emerged as a solution to caring for patients who are medically
complex during the pandemic [1]. Institutions have diverted
resources toward purchasing necessary telemedicine equipment
and expansion of technological infrastructure and hastily
implemented telemedicine training sessions for providers [2,3].
Telemedicine reimbursement models also saw formula
adjustments. For example, the Centers for Medicare and
Medicaid Services (CMS) insurance models changed in March
2020 to reduce the costs of telemedicine [4], and the CMS issued
waivers that allowed providers to care for patients remotely
without financial penalties [5]. These factors have contributed
to the accelerated implementation of telemedicine across health
care systems [2,3].

The Veterans Affairs (VA) has been a leader in integrating the
use of technology into health care. The implementation of
telemedicine technologies and new programs at the VA has
accelerated in recent years to expand access to more veterans.
Since 2018, the VA’s Anywhere to Anywhere initiative expanded
the scope of telehealth so that care can be delivered via
telehealth across state borders and even in the veterans’ homes
[6]. During the COVID-19 pandemic, similar to other health
care systems, the VA moved rapidly to leverage its telemedicine
capabilities to provide needed care to veterans at home [2,7].
A major pivot by the VA during the COVID-19 pandemic was
the rapid adoption and use of the VA’s telemedicine platform,
Veteran Video Connect (VVC), which allowed most visits to
be done via telemedicine at home. VVC is a videoconferencing
application for veterans and their providers. It securely connects
veterans to their health care team from any internet-enabled
computer, tablet, or mobile device. In the face of this public
health emergency, the VA also suspended previous Health
Insurance Portability and Accountability Act compliance
requirements to allow providers to connect with patients on
non–public-facing technology if VVC was not working or at
overcapacity [8].

Nevertheless, despite the rapid pivot to telemedicine, there have
been valid concerns regarding patient-level challenges to wider
implementation and integration of technology into health care.
Using 2018 data from the National Health and Aging Trends
Study of community-dwelling adults, Lam et al [9] estimated
that approximately one-third of the older adults in the United
States were not ready for video visits, which is largely attributed

to inexperience with technology. Individuals who face barriers
to accessing care in person are also likely the same individuals
who face challenges accessing telemedicine and include those
who are older and minority; have lower educational attainment,
lower income, and self-reported poor health status [9-11]; and
live in rural areas [9,12-14]. Therefore, disparities in health care
access risk exacerbation by the ongoing shift to adopt
telemedicine [9,11], especially among the highest risk patients
with the most complex clinical scenarios [9,12].

Objective
To develop data-driven approaches and understand how best to
deploy telemedicine to increase access to care for older adults
who are complex and frail, it would be beneficial to form a
deeper understanding of their attitude toward using video visits
for receiving health care. Using a population health approach,
the VA identifies a subgroup of veterans called high-need,
high-risk (HNHR) veterans, who represent the VA population
that would qualify for Medicare’s demonstration of home-based
primary care (HBPC; ie, independence at home) [15]. The
primary aim of this study is to evaluate HNHR older veterans’
willingness, access, and ability to use video visits for health
care purposes. Our secondary aim is to characterize the
willingness for telemedicine in the context of their physical,
emotional, and social determinants. Our hypothesis is that
among HNHR older adults, the access and ability to use video
visits would be lower than that shown previously among
community-dwelling adults [9].

Ultimately, this paper seeks to add to the ongoing efforts to
provide actionable data that may help health care systems
leverage telemedicine as a means of increasing access to health
care. We can expect the increased reliance on telemedicine to
be sustained, and increasing our understanding of the factors
contributing to digital disparities will help identify targeted
interventions to address the identified challenges to telemedicine
for HNHR patients, who are also the patients most likely in
need of support.

Methods

Overview
This cross-sectional observational study was part of a larger
quality improvement study to better define the needs of HNHR
veterans in the Miami VA Healthcare System. Here, we analyzed
the willingness, technology access, and ability to use video
visits in the HNHR veteran group.
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Study Population
The VA Geriatrics and Extended Care Data Analysis Center
uses population health VA data to identify HNHR veterans who
are medically complex and functionally impaired and at the
highest risk for hospitalization and long-term institutionalization
and, therefore, eligible for HBPC. The criteria for the Geriatrics
and Extended Care Data Analysis Center HNHR designation
include hospitalization in the prior 12 months and medical
complexity measures that include the 13-condition JEN Frailty
Index (JFI) [16] score ≥6, suggesting dependency in ≥2 activities
of daily living (ADL), and NOSOS (VA version of the CMS
measure to project cost). Patients were excluded if they had
end-stage renal disease; were enrolled in HBPC or medical
foster home; had received hospice, palliative care, or nursing
home care in the past 12 months; or lived >60 minutes away
from the closest VA primary care site as VA HBPC programs
were less likely to be available at this distance [15].

Over a 1-year period that extended from October 2017 to
September 2018, 2543 Miami VA Healthcare System veterans
were listed as HNHR. Of those 2543 veterans, 1300 (51.12%)
were randomly selected and sent a questionnaire via the US
Postal Service. The mailings were sent in two waves: May 2018
and November 2018. The questionnaires were conducted by
mail only once, with no reminders to improve the response rate.
An additional group of 173 HNHR veterans scheduled for a
geriatric frailty clinic appointment completed the questionnaire.

Questionnaire Design and Variables
We designed a questionnaire to assess physical health, including
frailty—with the Fatigue, Resistance, Ambulation, Illnesses,
and Loss of Weight scale [17]—physical function, mobility,
ADL [18], instrumental ADL (IADL) [19], and homebound
status [20]; assess mental health using the Patient Health
Questionnaire [21] for depression screening and perception of
aging [22]; and assess social support, social isolation [23], and
transportation. We assessed for willingness to use video visits
for VA health care; among those willing to use video visits, we
asked about access to the video-capable technology.
Furthermore, we assessed the ability to use technology by asking
about comfort in performing an internet search and using email.
We also asked about My HealtheVet use and access and the
desired mode of communication with VA. The used questions
were either study specific, validated, or modified from validated
questions. The details of the questionnaire are presented in Table
1. We have tried to segment and label our variables into those
that relate to the level of the patient’s need for telehealth versus
barriers and facilitators that we can do something about,
although this distinction is somewhat arbitrary and case
dependent, as only some of the factors are addressable some of
the time. Physical and mental health characteristics may often
relate to the level of patient need for telehealth but may also
present a barrier, whereas the social and technology
characteristics are the surrounding factors that act as facilitators
or barriers, depending on the situation.
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Table 1. Survey components.

DetailsSourceIndicator

Demographics

Highest level of education completedStudy specificEducation

Confidence filling medical forms; score ranged from 1 to 5, with a higher score indicating
more confidence; a score of 5 was considered health literate

Question to identify patients
with inadequate health literacy

Health literacy [24]

Physical health (need or barrier)

The 5-item FRAIL scale includes fatigue, resistance, ambulation, illness, and weight
loss. The final score ranges from 0 to 5 and represents frail (score 3-5), prefrail (score
1-2), and robust (score 0) health status. A score of 3 to 5 was considered a positive
screen.

5-item FRAILa scaleFrailty [17]

Self-rated general health; scores ranged from 1 to 5, with a higher score indicating better
self-rated general health

Modified from the Stanford
Chronic Disease Self-Manage-
ment Program Questionnaire

General health [25]

Scores for self-rated physical status ranged from 1 to 10, with a higher score indicating
better physical status

Self-rated physical statusSelf-rated physical
status

Issues with walking, stepping, and balance; assistive devices used; number of falls in
the past year; barriers to exercise; pedometer use

Study specificWalking, falls, and
exercise

Barthel ADL score (range 0-100), with a higher score indicating greater independenceBarthel index for ADLADLb [18]

Lawton IADL score (range 0-8), with a higher score indicating greater independenceLawton score for IADLIADLc [19]

Individuals were categorized as homebound, semihomebound, and not homebound
based on their responses to how often they left their home, how much help they had in
leaving their home, and how much difficulty they had in leaving their home in the pre-
vious month, similar to the reference study.

Determining homebound status
as part of a mobility question-
naire using validated questions
from the National Health and
Aging Trends Study

Homebound status
[20]

Mental health (need or barrier)

PHQ-2 scores ranged from 0 to 6; a score ≥3 is considered positive for the likelihood
of depression

PHQ-2dDepression screen
[21]

The 5-question scale (range 0-5) was treated as a binary variable. For the first (feeling
worse as I get older) and third (feeling useless as I get older) questions on the scale,
the responses strongly disagree, disagree, somewhat disagree were scored as 0,
whereas the responses somewhat agree, agree, strongly agree were scored as 1. The
responses to the second (as much pep as last year), fourth (as happy as when I was
younger), and fifth (things are better than I thought it would be) questions were scored
in a reverse manner. A higher score indicated a negative perception of aging.

Attitude Toward Own Aging
subscale of the Philadelphia
Geriatric Center Morale Scale

Self-perception of ag-
ing [22]

Social characteristics (facilitator or barrier)

Having a formal or informal caregiver; caregiver’s distance from homeStudy specificSocial support

Scoring was performed as the following: married (no=0; yes=1), meeting and talking
to close friends and relatives (<3 times a week=0; ≥3 times a week=1), participation in
religious meetings or services (<4 times a year=0; ≥4 times a year=1), and attend
meetings of the clubs or organizations (never or does not belong=0, all the responses=1).
Scores were summed: 0 or 1 being the most isolated category, and 2, 3, or 4 formed the
other 3 categories of increasing social integration.

Berkman–Syme Social Net-
work Index

Social isolation [23]

Trouble with transportation, delayed physicians’appointments because of transportation
troubles, and travel time from home to their physician

Questions assessing transporta-
tion barriers

Transportation [26]

Technology (facilitator or barrier)

Willingness to use video visits with VAe providers; access to video-capable equipment
among those willing to use video visits; ability to do an internet search and use email;
My HealtheVet enrollment and use; preferred mode of contact

Study specificTechnology willing-
ness, access, and abili-
ty

aFRAIL: Fatigue, Resistance, Ambulation, Illnesses, and Loss of Weight.
bADL: activities of daily living.
cIADL: instrumental activities of daily living.
dPHQ-2: Patient Health Questionnaire-2.
eVA: Veterans Affairs.
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Additional measures obtained from VA records included the
Care Assessment Needs score (VA measure for hospitalization
and mortality risk) [27] and the Hierarchical Condition
Categories score [28]. We also obtained the Area Deprivation
Index (ADI), an established measure of socioeconomic
disadvantage at the census tract level, from the Neighborhood
Atlas [29].

Statistical Analysis
Descriptive characteristics were presented as frequency
(percentage) for categorical variables and as mean (SD) for
continuous variables. We compared the characteristics of
respondents who were willing to use video visits with those
who were not; among those willing to use video visits, we
further compared those with and without self-reported access
to video-capable technology. The chi-square test was used for
comparing categorical variables, and the 2-tailed t test was used
for comparing continuous variables. We reported all P values
and considered them to be significant when <.05. Multivariable
logistic regression was conducted to identify predictors for
willingness to use video visits. All statistical analyses were
performed using SAS (version 9.4; SAS Institute, Inc).

Ethical Considerations
The Miami VA institutional review board granted this study a
waiver and deemed it as a quality improvement study (reference
number 1360043-3).

Results

Survey Respondents
A total of 1300 HNHR veterans were mailed the questionnaire,
of which 461 (35.46%) were returned. In addition, 102 veterans
filled the questionnaire over the phone and 71 in person in the
frailty clinic, for a total of 634 respondents. Of the 634
individuals returning the survey, 602 (94.9%) respondents
answered the willing to use video visits question. These 602
respondents represent the main focus of our study (Figure 1).
When asked about their willingness to use video visits with
their VA care team, 54.3% (327/602) reported their willingness,
henceforth labeled as willing, whereas 45.7% (275/602) were
not willing to use video visits, henceforth labeled as unwilling.

Figure 1. Flowchart showing completed questionnaires.

The average age of our 602 respondents was 70.6 (SD 9.2; range
39-100) years. Among them, 20.3% (122/602) were aged <65
years, 25.4% (153/602) were aged 65 to 69 years, 25.7%
(155/602) were aged 70 to 75 years, 13.8% (83/602) were aged
75 to 79 years, and 14.8% (89/602) were aged >80 years. Only
0.3% (2/602) of the respondents were female. Approximately
61% (367/602) of the respondents were White, 36% (217/602)
respondents were African American, and 17.3% (104/602) were
Hispanic. Among the 602 responders, 290 (48.2%) were
confident filling medical forms by themselves, and 188 (31.2%)
had at least an associate degree.

Difference Between Respondents by Mail versus In
Person and Telephone
Individuals completing the survey via mail were significantly
more confident filling out medical forms (224/440, 50.9% vs
66/162, 40.7%; P=.03); in significantly worse physical health,
as measured by their JFI (mean 7.2, SD 1.2 vs mean 6.8, SD
1.2; P<.001), Care Assessment Needs scores (mean 94.2, SD
6.8 vs mean 91.6, SD 8.1; P<.001), and the total number of
Hierarchal Condition Categories conditions (mean 5.7, SD 2.4
vs mean 4.9, SD 1.9; P<.001); and significantly more socially
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isolated (Social Networking Index of 1.5, SD 1.1 vs 1.7, SD
1.1; P=.049). There were no other differences between those
veterans who completed the mailed survey versus those
completing the survey by phone or in person.

Furthermore, we compared the willingness to use video visits
between veterans who finished the survey in person and those
who did not, and the difference was not significant (P=.13).
Although more veterans reported no trouble for transportation
in those who filled out the survey in person (52/80, 65%) than
those who did not (321/531, 60.5%), the difference was not
statistically significant (P=.05). Similarly, the difference in the
percentage of veterans who missed an appointment owing to
transportation between those who filled out the survey in person
and not in person was not significant (P=.28).

Difference Between Respondents Who Were Willing
Versus Unwilling to Use Video Visits
We characterized the differences between 54.3% (327/602)
patients willing (to use video visits) versus 45.7% (275/602)
patients unwilling (to use video visits), as shown in Table 2.
Those who were willing were significantly younger (average
age 68.9, SD 8.8 years) than those unwilling (average age 72.5,
SD 9.1 years; P<.001). There appears to be a sharp drop in
willingness after the age of 75 years.

They were also more likely to have at least an associate
educational degree (120/327, 36.7% vs 68/275, 24.7%; P=.002)
and be more health literate (180/327, 55% vs 110/275, 40%;
P<.001). Those who were willing were more likely to not use
assistive devices for walking (137/327, 41.9% vs 80/275, 29.1%;
P=.002) and less dependent in their IADL (mean 1.8, SD 2.0
vs mean 2.2, SD 2.2; P=.02). Willing veterans reported worse
self-rated general health compared with those of unwilling
veterans (mean 2.8, SD 0.9 vs mean 3.0, SD 1.0; P=.01) and
worse physical status (mean 5.2, SD 2.0 vs mean 5.7, SD 2.2;
P=.004). Willing veterans were also less likely to live in
disadvantaged areas (P=.048).

When asked about their ability to use technology, a significantly
higher number of those willing were able to perform an internet
search if given access to a computer (242/327, 74% vs 109/275,
39.6%; P<.001); were using email (226/327, 69.1% vs 88/275,
32%; P<.001); and were enrolled in the VA’s patient portal,
My HealtheVet (199/327, 60.9% vs 76/275, 27.6%; P<.001).
The willing and the unwilling to use video visits groups differed
regarding the preferred modes of contact (P=.003). Compared
with those unwilling to use video visits, willing veterans were
more likely to prefer contact by the VA via cell phone (189/327,
57.8% vs 129/275, 46.9%) or via My HealtheVet secure message
(24/327, 7.3% vs 10/275, 3.6%) and less likely to prefer contact
by landline home phone (67/327, 20.5% vs 73/275, 26.5%) or
mail (44/327, 13.5% vs 57/275, 20.7%).
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Table 2. Patient characteristics of those willing to use video visits versus not willing to use video visits with their Veterans Affairs care team (N=602).

P valueNot willing to use video visits
(n=275)

Willing to use video visits
(n=327)

All completed surveys for
study

Characteristics

Demographics

Age (years)a

<.00172.5 (9.1; 42-100)68.9 (8.8; 39-95)70.6 (9.2; 39-100)Values, mean (SD; range)

<.001Age group, n (%)a

39 (14.2)83 (25.4)122 (20.3)<65

70 (25.5)83 (25.4)153 (25.4)65-69

67 (24.4)88 (26.9)155 (25.7)70-75

39 (14.2)44 (13.5)83 (13.8)75-79

60 (21.8)29 (8.9)89 (14.8)≥80

.23160 (58.2)207 (63.3)367 (61)White, n (%)

.21107 (38.9)110 (33.6)217 (36)African American, n (%)

.9948 (17.5)56 (17.1)104 (17.3)Hispanic, n (%)

.00268 (24.7)120 (36.7)188 (31.2)Education (at least associate degree)a,
n (%)

<.001110 (40)180 (55)290 (48.2)Confident filling out medical formsa,
n (%)

Physical health

.047.2 (1.2)7.0 (1.2)7.1 (1.2)JEN Frailty Indexa,b, mean (SD)

.2093.9 (7.7)93.1 (7.5)93.5 (7.3)Care Assessment Needs scoreb, mean
(SD)

.295.6 (2.3)5.4 (2.3)5.5 (2.3)Total number of Hierarchical Condition

Categoriesb, mean (SD)

.41121 (44)132 (40.4)253 (42)FRAILb,c scale screen positive (score
≥3), n (%)

.0045.7 (2.2)5.2 (2.0)5.4 (2.1)Self-rated physical status scorea,d,
mean (SD)

.49207 (75.3)237 (72.5)444 (73.8)Issue with walking, stepping, and bal-
ance, n (%)

.00280 (29.1)137 (41.9)217 (36)No prosthetic usea, n (%)

.013.0 (1.0)2.8 (0.9)2.9 (0.9)General health scorea,d, mean (SD)

.2883.1 (21.0)84.9 (19.4)84.3 (20.1)ADLe scored, mean (SD)

.382.4 (2.9)2.2 (2.6)2.3 (2.8)ADL deficitsb, mean (SD)

.025.8 (2.2)6.2 (2.0)6.0 (2.1)IADLf scorea,d, mean (SD)

.022.2 (2.2)1.8 (2.0)2.0 (2.1)IADL deficitsa,b, mean (SD)

.9678 (28.4)91 (27.8)169 (28.1)Homebound or semihomebound, n (%)

Mental health

.0879 (28.77)117 (35.8)196 (32.6)PHQ-2g depression screen positive
(score ≥3), n (%)

.103.1 (1.5)3.3 (1.5)3.2 (1.5)Self-perception of aging score b, mean
(SD)

Social characteristics
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P valueNot willing to use video visits
(n=275)

Willing to use video visits
(n=327)

All completed surveys for
study

Characteristics

.048Area Deprivation Index Scorea,b, n (%)

47 (17.1)66 (20.2)113 (18.8)1-25

60 (21.8)95 (29.1)155 (25.7)26-50

93 (33.8)99 (30.3)192 (31.9)51-75

74 (26.9)64 (19.6)138 (22.9)76-100

.4698 (35.6)106 (31)204 (33.9)Have a caregiver, n (%)

.271.5 (1.1)1.6 (1.1)1.5 (1.1)Social Networking Indexd, mean (SD)

.49175(63.3)198(60.6)373 (62)Having no trouble in transportation, n
(%)

.0670 (25.5)107 (32.7)177 (29.4)Travel time to physician >60 minutes,
n (%)

.1454 (19.6)82 (25.1)136 (22.6)Have delayed physicians’appointments

owing to transportation troubles, n (%)a

Technology abilitya—facilitator, n (%)

<.00188 (32)226 (69.1)314 (52.2)Use emaila

<.001109 (39.6)242 (74)351 (58.3)Able to do an internet searcha

<.00182 (29.8)214 (65.4)296 (49.2)Use email and internet search

<.00176 (27.6)199 (60.9)275 (45.7)Enrolled in My HealtheVet (MHV)a

.003Preferred mode of contacta

73 (26.5)67 (20.5)140 (23.3)By home phone

129 (46.3)189 (57.8)318 (52.8)By cell phone

10 (3.6)24 (7.3)34 (5.6)By MHV secure message

57 (20.7)44 (13.5)101 (16.8)By email

aP<.05 defined statistical significance.
bLower score is better.
cFRAIL: Fatigue, Resistance, Ambulation, Illnesses, and Loss of Weight.
dHigher score is better.
eADL: activities of daily living.
fIADL: instrumental activities of daily living.
gPHQ-2: Patient Health Questionnaire-2.

Differences Between Willing Respondents With and
Those Without Access to Video-Capable Technology
Upon being asked about their access to technology, of the 327
veterans who were willing to use video visits, 248 (75.8%) had
a smartphone or computer with a camera, whereas 69 (21.1%)
did not. The characteristics of these subgroups are presented in
Table 3. Patients with access to the necessary devices were
younger (mean 68.3, SD 8.9 vs mean 71.8, SD 8.6; P=.004),
more health literate (144/248, 58.1% vs 28/69, 41%; P=.01),
and less likely to be African American (73/248, 29.4% vs 33/69,
48%; P=.007) than those without technology access. Veterans
with video-capable technology were more functionally
independent in their ADL (Barthel ADL score: mean 86.4, SD
17.8 vs mean 77.3, SD 24.3, P=.005; number of ADL deficits:
mean 2.0, SD 2.5 vs mean 3.2, SD 3.2, P=.005) and IADL

(Lawton IADL score 6.3, SD 1.9 vs 5.7, SD 2.2, P=.04; and
number of IADL deficits 1.7, SD 1.9 vs 2.3, SD 2.2 and P=.04).
They were less likely to report issues with walking, stepping,
or balance (173/248, 69.8% vs 58/69, 84%; P=.03) and more
likely to not use assistive devices for walking (115/248, 46.4%
vs 18/69, 26%; P=.004). They were less likely to live in
disadvantaged areas (P=.049). They were also less likely to
have trouble with transportation (167/248, 67.3% vs 25/69,
36%; P<.001) and less likely to have delayed their physicians’
appointments because of transportation troubles (54/248, 21.8%
vs 26/69, 38%; P=.01). Veterans with access to a video-capable
device were more likely to be able to use the internet (204/248,
82.3% vs 28/69, 41%; P<.001), use email (196/248, 79% vs
20/69, 29%; P<.001), and be enrolled in My HealtheVet
(173/248, 69.8% vs 17/69, 25%; P<.001).
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Table 3. Patient characteristics by access to a video-capable technology of those willing to use video visits who answered both questions (N=317).

P valueNo access to a video-capable device
(n=69)

Access to a video-capable device
(n=248)

Characteristics

Demographics

Age (years)

.00471.8 (8.6; 55-94)68.3 (8.9; 39-95)Values, mean (SD; range)

.02Age group, n (%)a

12 (17.4)68 (27.4)≤64

14 (20)64 (25.8)65-69

21 (30)66 (26.6)70-74

12 (17)31 (12.5)75-79

10 (14)19 (7.7)≥80

.00734 (49)168 (68)White, n (%)a

.00733 (48)73 (29.4)African American, n (%)a

.379 (13)46 (18.5)Hispanic, n (%)

.5522 (32)91 (36.7)Education (at least associate degree), n (%)

.0128 (41)144 (58.1)Confident filling out medical forms, n (%)a

Physical health

.537.1 (1.2)7.0 (1.1)JEN Frailty Indexb, mean (SD)

.5993.4 (6.7)92.9 (7.0)Care Assessment Needs scoreb, mean (SD)

.725.5 (1.9)5.4 (2.5)Total number of Hierarchical Condition Cate-

goriesb, mean (SD)

.9928 (41)100 (40.3)FRAILc scale screen positive (score ≥3), n (%)

.235.0 (1.8)5.3 (2.0)Physical status scored, mean (SD)

.0358 (84)173 (69.8)Issue with walking, stepping, balance, n (%)a

.00418 (26)115 (46.4)No prosthetic use, n (%)a

.082.6 (0.8)2.8 (0.9)General health scorea,d, mean (SD)

.00577.3 (24.3)86.4 (17.8)ADLe scorea,d, mean (SD)

.0053.2 (3.2)2.0 (2.5)ADL deficitsa,b, mean (SD)

.045.7 (2.2)6.3 (1.9)IADLf scorea,d, mean (SD)

.042.3 (2.2)1.7 (1.9)IADL deficitsa,b, mean (SD)

.6617 (25)70 (28.2)Homebound or semihomebound, n (%)

Mental health

.7526 (38)86 (34.7)PHQ-2g screen positive (score ≥3), n (%)

.113.5 (1.3)3.2 (1.6)Self-perception of aging scoreb, mean (SD)

Social characteristics

.49Area Deprivation Index Scorea,b, n (%)

11 (15.9)54 (21.8)1-25

19 (28)76 (30.6)26-50

25 (36)69 (27.8)51-75

14 (20)46 (18.5)76-100
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P valueNo access to a video-capable device
(n=69)

Access to a video-capable device
(n=248)

Characteristics

.6825 (36)81 (32.7)Have a caregiver, n (%)

.511.5 (1.1)1.6 (1.1)Social Networking Indexd, mean (SD)

<.00125 (36)167 (67.3)Have no trouble with transportation, n (%)a

.9923 (33)83 (33.5)Travel time to physician >60 minutes, n (%)

.0126 (38)54 (21.8)Have delayed physicians’ appointments owing to

transportation troubles, n (%)a

Technology ability, n (%)a

<.00120 (29)196 (79.0)Use of emaila

<.00128 (41)204 (82.3)Able to do an internet searcha

<.00117 (25)187 (75.4)Use email and internet search

<.00117 (25)173 (69.8)Enrolled in My HealtheVet (MHV)a

.03Preferred mode of contacta

20 (29)46 (18.6)By home phone

39 (57)144 (58.1)By cell phone

0 (0)22 (8.9)By MHV secure message

9 (13)34 (13.7)By email

aP<.05 defined statistical significance.
bLower score is better.
cFRAIL: Fatigue, Resistance, Ambulation, Illnesses, and Loss of Weight.
dHigher score is better.
eADL: activities of daily living.
fIADL: instrumental activities of daily living.
gPHQ-2: Patient Health Questionnaire-2.

Number of Willing Respondents With Access and
Ability to Use Video Visits
In our HNHR group, 54.3% (327/602) were willing to receive
care from their VA health care team via video visits (Table 2),
and of those, 78.2% (248/317) had access to video-capable
technology (Table 3). Therefore, 41.2% (248/602) participants
were willing and had the technology for a video visit. Among
the willing 248 patients with access to a video-capable device,
only 204 (82.3%) were likely to be comfortable using
technology when factoring in previous use of the internet or
email (Table 3). Therefore, the percentage of HNHR veterans
with access and ability likely decreases to approximately 33.9%
(204/602).

Multivariable Logistic Regression
Multivariable logistic regression was conducted to give a sense
of the relative importance of different predictors of willingness.
The odds ratios for willingness estimated for age, degree,
confidence in filling out forms, JFI score, self-perception of
health, prosthetics use, general health, IADL score, ADI, use
of email, use of the internet, and My HealtheVet use are
presented in Table 4. As shown in Table 4, age, confidence in
filling out forms, prosthetics use, general health, and use of the
internet were significantly associated with willingness of video
visit use in the multivariable analysis, indicating that they are
the strongest predictors compared with others that were only
significant in the univariate analysis.
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Table 4. Odds ratio for predictors of willingness to use video visits in multivariable logistic regression.

P valueOdds ratio (95% CI)Characteristics

.020.97 (0.95-0.995)Age

.101.39 (0.94-2.07)Education (at least associate degree)

.0461.47 (1.01-2.14)Confidence in filling medical forms

.701.03 (0.89-1.20)JEN Frailty Index score

.150.92 (0.82-1.03)Self-perception of aging

.0031.85 (1.23-2.80)Prosthetics use

.010.72 (0.56-0.92)General health

.601.03 (0.93-1.14)Instrumental activities of daily living score

.060.99 (0.99-1.00)Area Deprivation Index score

.910.98 (0.67-1.43)Use of email

<.0012.34 (1.65-3.34)Use of the internet

.171.29 (0.90-1.85)My HealtheVet use

Discussion

Principal Findings
Our study aimed to identify the readiness of using video visits
for health care by assessing willingness, access, and ability in
older HNHR patients with complex needs, functional limitations,
and a variety of chronic conditions [30]. A little over half were
willing to use video visits, three quarters of those had access,
and only 80% of them were comfortable with technology.
Overall, we believe that only one-third of the HNHR veterans
had the willingness, access, and ability to use video visits for
health care. Therefore, data from our project suggest that among
vulnerable HNHR older adults, the proportion not ready for
video visits may be much higher than the one-third previously
reported for a cross-section of community-dwelling older adults
[9] and likely is approximately two-thirds of the HNHR
veterans.

The access gap between those willing yet without technology
was larger among those who were older, less health literate, or
African American or lived in disadvantaged areas. Veterans
who did not have a device were less healthy, more likely to be
dependent and have transportation challenges, and less
well-versed with using the internet and email. In contrast,
veterans who were willing to use video visits were younger,
more literate, more adept at using technology, more functionally
independent in their IADL, and less likely to live in
disadvantaged areas but had worse self-rated health. Age,
confidence in filling out forms, prosthetic use, general health,
and internet use were significantly associated with willingness
to use video visits in the multivariable analysis. Age is a strong
predictor, and there appears to be a sharp drop in willingness
after the age of 75 years. Moreover, there was a very strong
correlation of both technology access and digital skills on
willingness.

In addition, willingness was correlated with a previous history
of having missed their in person physicians’ appointments
because of issues involving transportation. Although the HNHR
population’s willingness to use video visits represents an

opportunity to address critical access barriers often seen in this
population, these inequities in access to video visits and their
lack of prior technology use warrant further attention, as reliance
on telemedicine visits could exacerbate the gap in access to care
for vulnerable populations. Although there were no differences
in the willingness to use video visits and insignificant differences
in transportation barriers between veterans who finished the
survey in person and those who did not, individuals completing
the survey via mail were more confident filling out medical
forms but in worse physical health and more socially isolated
than those who completed by phone or in person. Although not
significant, these results may be an indirect reflection regarding
the availability of resources for attending in person appointments
and need further inspection.

Owing to the unprecedented challenges to health care during
the COVID-19 pandemic, there has been a substantial increase
in patients’ willingness to use technology to reduce in person
appointments to safeguard against COVID-19 [2]. However,
even as telemedicine willingness increases, not only is it
necessary to address the lack of access to technology in and of
itself but also other strategies to address telemedicine
unreadiness are needed. Some ways of addressing technology
access challenges may be providing necessary equipment and
bandwidth via the health care system [31] or helping patients
acquire affordable devices and broadband internet [11]. In
August 2020, the Assistant Under Secretary for Health for
Clinical Services submitted a memorandum for expanding access
to telehealth for veterans through a digital divide consult. This
consult is available to veterans who do not have a video-capable
device or connectivity for eligibility in participating in the
Lifeline program to receive a loaned device (eg, iPads or
iPhones) for accessing telemedicine in their home or location
of choice. The VA offers tablets and data plans to veterans who
qualify using a digital divide consult and has simplified the use
of technology for video visits by configuring VA-loaned tablets
to allow for a single-use mode [31]. The single-use mode
replaces the complexity of multiple VA functions, features, and
apps on the device with a VVC icon that readily connects the
veteran to a telemedicine medical room [31].
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Strategies are needed to address technology literacy and offer
necessary education and support so that patients may engage
successfully in video visits. Specific outreach efforts need to
target communities that have been found to be less ready for
video visits, including African Americans and those with high
area deprivation scores. More systems need to implement
initiatives that enable trained staff or even volunteers to help
patients navigate the complexities of devices and applications
[4] and programs that enhance self-efficacy, which have proven
successful in the adoption of technology [32]. Other potential
approaches include offering technology education and support,
using nonmedical staff to conduct a mock visit before the actual
visit to train older adults in navigating the technology, using
trained peers or community health workers to provide in-home
training or act as telepresenters for in-home video visits with
high-risk older adults, and encouraging family caregivers and
friends to participate during telemedicine encounters.

Moreover, the presentation of video versus in person visits is
somewhat of a false dichotomy. Video visits may have more
capacity to address multi-morbid diseases, as indicated by longer
visit durations and a larger number of visit diagnoses than those
of telephone visits [33]. However, there is a population that has
significant barriers to both physical (transportation) and video
(digital literacy) interactions. For this group, telephone visits
may be more accessible than video or in person visits and can
potentially be another means of increasing care. For a few
patients, neither telemedicine (telephone or video) nor in person
may be feasible, and home care models such as Medicare’s
Independence At Home and VA’s HBPC may be necessary.

This study has several strengths. A strength of our study is that
it specifically assesses an older, functionally dependent, HNHR
population with complex needs and social isolation. We used
a novel VA set of HNHR older adults and surveyed them about
their attitudes toward telemedicine and their physical, emotional,
and social determinants. In addition to characterizing the
willingness, access, and ability to use video visits for health
care, in the context of their physical, emotional, and social
characteristics, as has previously been done [9,11-13], we
correlated it to frailty status and the neighborhood they reside
in.

However, this study does have several limitations. One of the
limitations is that technology access was only asked for those
who were willing. Had we surveyed our total study sample
regarding access, the proportion of those lacking access would
likely be higher, given the lower use of email and internet and
lower education level and health literacy among the unwilling
veterans. Moreover, we did not explore the reasons driving the
unwillingness to use video visits, explore the subgroup that has
the technology but is unwilling, or include an uncertain response
category for willingness in our survey. Understanding their
barriers and facilitators might provide important insights beyond
affordable access to devices and connectivity and digital skills
[34]. Previous reports suggest that in addition to poor technology
access and literacy, technology unwillingness may be driven
by several other factors, including sensory or memory
impairment [9,12], which we did not assess. The ADI does not
explicitly incorporate neighborhood availability of affordable

broadband, which may be a big factor in whether or not people
use it; however, it may reflect digital redlining [34].

We also did not ask about or compare willingness among those
who had versus did not have prior telehealth visits. Some of the
constructs are somewhat narrowly assessed: specifically, the
social support measure that assesses caregiver presence with an
unvalidated question. However, this was supplemented by the
Berkman–Syme Social Network Index, which takes into account
marital status, frequency of meeting and talking to close friends
and relatives, and participating in religious and club meetings.
Similarly, mental health is assessed with a validated 2-item
depression scale and is therefore supplemented by the 5-item
Self-Perception of Aging scale. Another limitation is that our
population was US veterans and overwhelmingly male. The
gender demographics here reflect that of the VA, where 89.6%
of all veterans are male [35], and not of the general older adult
population. Older female HNHR patients may have different
needs and access challenges than those described in this study.
Moreover, our study was urban and limited geographically to
the Miami area and, thus, may not represent regional variations.
In addition, we did not assess the availability of the caregivers
who may be willing and able to help with the video visit and
may have access to the needed devices. Adjustment for multiple
comparisons tends to increase type II error [36,37]; therefore,
we did not adjust for multiple comparisons. Other limitations
include a relatively low survey response rate. The survey was
also conducted for patients in an integrated health care system,
which may make the findings less generalizable to patients from
other types of systems.

Conclusions
Our results underscore the well-recognized fact that older adults,
a group that uses health care at one of the highest rates, face
significant barriers to accessing needed care, whether it be in
person or telemedicine. Certain characteristics put individuals
within this group at an even higher risk for barriers to care.
Future research is needed to urgently explore ways of mitigating
the identified obstacles to telemedicine among HNHR patients
at a system level and study and address potential barriers such
as concerns about care quality and relationships with physicians
at the patient–provider level [38,39]. Programs for HNHR
patients should address the specific factors identified here to
pave the way for equitable access to health care among high-risk
patients. It is recognized that individuals’ characteristics, as
well as the surrounding social and health care system, are the
most important factors that affect telemedicine adoption [40],
and some may also serve as barriers. Thus, it was difficult to
make a distinction. However, it is important to recognize that
only some of the factors are modifiable; thus, the need to make
a distinction may be less pertinent. These respondents completed
the survey before the COVID-19 pandemic, and it is possible
that the COVID-19 pandemic may have significantly changed
patients’ video acceptance and technology availability as they
may have adopted video for personal and health reasons [2].
Thus, the development of innovative, sustainable strategies to
support and improve care access for this vulnerable population
will help during the COVID-19 pandemic; however, it will also
help better manage HNHR patients and keep them healthy in
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their homes for as long as possible after the COVID-19 pandemic.
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Abstract

Background: Recent shifts to telemedicine and remote patient monitoring demonstrate the potential for new technology to
transform health systems; yet, methods to design for inclusion and resilience are lacking.

Objective: The aim of this study is to design and implement a participatory framework to produce effective health care solutions
through co-design with diverse stakeholders.

Methods: We developed a design framework to cocreate solutions to locally prioritized health and communication problems
focused on cancer care. The framework is premised on the framing and discovery of problems through community engagement
and lead-user innovation with the hypothesis that diversity and inclusion in the co-design process generate more innovative and
resilient solutions. Discovery, design, and development were implemented through structured phases with design studios at various
locations in urban and rural Kentucky, including Appalachia, each building from prior work. In the final design studio, working
prototypes were developed and tested. Outputs were assessed using the System Usability Scale as well as semistructured user
feedback.

Results: We co-designed, developed, and tested a mobile app (myPath) and service model for distress surveillance and cancer
care coordination following the LAUNCH (Linking and Amplifying User-Centered Networks through Connected Health) framework.
The problem of awareness, navigation, and communication through cancer care was selected by the community after framing
areas for opportunity based on significant geographic disparities in cancer and health burden resource and broadband access. The
codeveloped digital myPath app showed the highest perceived combined usability (mean 81.9, SD 15.2) compared with the current
gold standard of distress management for patients with cancer, the paper-based National Comprehensive Cancer Network Distress
Thermometer (mean 74.2, SD 15.8). Testing of the System Usability Scale subscales showed that the myPath app had significantly
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better usability than the paper Distress Thermometer (t63=2.611; P=.01), whereas learnability did not differ between the instruments
(t63=–0.311; P=.76). Notable differences by patient and provider scoring and feedback were found.

Conclusions: Participatory problem definition and community-based co-design, design-with methods, may produce more
acceptable and effective solutions than traditional design-for approaches.

(J Med Internet Res 2022;24(4):e29492)   doi:10.2196/29492

KEYWORDS

cancer care; distress screening; human-centered design; participatory design; Appalachia; mobile phone

Introduction

Background
The COVID-19 pandemic has upended the US health care
delivery system, putting a spotlight on long-standing health and
economic inequities, gaps in care, uneven quality, and
fragmentation in service models [1]. The rapid implementation
and uptake of telemedicine and virtual care in response to the
pandemic has been a positive shift [2-4]; however, existing
flaws in the system remain, and new challenges to reliable
system integration with virtual care are likely, especially in rural
regions [5]. The impact of the pandemic on cancer care is
particularly worrisome because screening and diagnostic testing
have been significantly curtailed or delayed, resulting in
projections of a substantial rise in excess deaths from cancer
[6]. Of particular concern, patients have been reluctant to return
to health care facilities out of concern for exposure to the novel
coronavirus.

These compounding challenges have exposed an imperative to
redesign systems of cancer care that are “anti-fragile” [7]:
resilient, flexible, and democratic. In particular, techniques
associated with human-centered design (HCD), such as
participatory design; community engagement; and the iterative,
collaborative development of sustainable solutions, have been
considered essential in re-establishing trust in a health care
system challenged during the pandemic [8]. In the tradition of
HCD proponents such as von Hippel [9], we believe that
innovation to solve problems requires working with the very
people, in their own context, whom the problem affects. These
are the people who understand the problem best, for whom the
solutions must work, and who possess critical knowledge about
local resources or potential obstacles to success.

This Study
Drawing on recommendations from a 2016 report issued by the
legislatively mandated President’s Cancer Panel [10] and in
the spirit of the Beau Biden Cancer Moonshot, this study
describes a human-centered participatory design approach to
engage patient, caregiver, and community stakeholders in
solving a community-defined problem: here, the problem of
serving rural patients experiencing distress during cancer
treatment. The effort represents the work of an interagency,
public–private partnership called the LAUNCH (Linking and
Amplifying User-Centered Networks through Connected Health)
initiative [11]. As a demonstration project, this study illustrates
not only the richness and creativity that can come from
co-design methods, but also their potential efficacy: our

co-designed intervention outperformed the standard of care in
usability testing.

For the demonstration project, Appalachian Kentucky was
identified as a region that could benefit most from this kind of
participatory design because of both positive and negative
attributes: high cancer burdens, connectivity challenges related
to rural geography, higher poverty rates, increased social capital,
and a historical tradition of community engagement and resource
sharing [12]. According to data from the National Program of
Cancer Registries, cancer incidence [13] and mortality [14] in
Appalachia are among the highest in the nation, and differences
between counties and some unincorporated areas can show even
starker disparities. Appalachia is also home to some of the most
rural and difficult-to-access communities in the United States.
Although these communities may benefit most from
telemedicine and remote care, broadband access and adoption
remain among the lowest in the country [15,16].

During the ethnographic research conducted before this
co-design project, we developed relationships with community
leaders in Appalachian Kentucky and identified communities
where similar initiatives have had success because of high
interest and engagement. Our ethnographic work demonstrated
that community service and collaborative problem solving are
a regular part of the social fabric of many Appalachian
communities [12]. Our ethnographic work also demonstrated
that more top-down approaches to systemic innovation were
likely to fail in the region because of historic exploitation of
the people and the land by outsiders [17].

In this context, we adopted a formal design process with roots
in HCD, which is used to innovate in complex sociotechnical
systems such as health care [18]. This approach may also be
referred to as DesignX [19], co-design [20], or participatory
design [21], each of which has been shown to improve the
efficacy, adoption, and trust of new health services [8]. This
approach is consistent with, and an extension of, scenario-based
design proposed by Carroll [22] and borrows heavily from rapid
contextual design tools that are well reviewed by Holtzblatt et
al [23]. Throughout this paper, we treat co-design and cocreation
as related but distinct concepts. Co-design is a set of techniques
that engage all relevant stakeholders in the formulation, design,
and iterative testing of ≥1 solutions to a given problem.
Cocreation is the overall process of bringing together
stakeholder communities to enable development of co-designed
solutions, which are implemented within, and used by, these
stakeholder communities.

In what follows, we describe the participatory design,
development, and usability testing of a mobile app initially
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framed as a system to facilitate communication about
cancer-related distress among patients, caregivers, and providers.
We situate these processes within a novel framework we refer
to as the LAUNCH Roadmap. We then present results from
formative evaluation of the app and service model.

Methods

People and Context
We first engaged stakeholders in Kentucky through ethnographic
methods described in the study by McComsey et al [12]. These
included semistructured interviews and in situ observations with
patients with cancer and cancer survivors; family and caregivers;
and providers, payers, technologists, and broadband providers.

The purpose of the ethnographic research was to understand the
experience of having cancer in Appalachia, to take inventory
of the health care and connectivity resources supporting cancer
care in rural Kentucky, and to develop a network of local
champions to continue similar projects of inquiry and co-design.

The Participatory Design Process
Our participatory design process included deliberate
opportunities for innovation and iteration of the process itself.
This report details the participatory design process as it emerged
during collaborative problem solving. The LAUNCH Roadmap
combines both novel and proven approaches to participatory
design. This framework is detailed in prior work by the
LAUNCH initiative [11,12] and summarized in this paper in
Figure 1.

Figure 1. LAUNCH (Linking and Amplifying User-Centered Networks through Connected Health) Roadmap. Visual journey of the co-design process:
From problem identification to delivery: Above: Co-design assumes that problem comprehension, innovation, and development codevelop through a
process of participatory iteration. Below: The 7 recursive stages that begin with problem identification, discovery, and definition, followed by ideation,
prototyping, and refinement through deployment.

According to the LAUNCH Roadmap, the innovation process
begins with (1) problem identification, which is an iterative
process requiring (2) contextual discovery and (3) collaborative
problem defining. Next, (4) an ideation step generates potential
solutions, which are further (5) refined and ultimately (6)
implemented and (7) tested (Figure 1). Our process culminated
in a systematic comparison of our outcomes with standard of
care outcomes, a project that is underway at the time of this
writing.

The LAUNCH Roadmap itself was emergent throughout our
process, rather than being an existing framework to be applied
(Table 1). We see the LAUNCH Roadmap as a blueprint that
can be adapted to different contexts and that may emerge in
different forms when iterated upon within the course of any
community co-design project. As design processes must be
tailored to local contexts, frameworks for implementation must
be flexible and follow a bottom-up trajectory of emergence.
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Table 1. LAUNCH (Linking and Amplifying User-Centered Networks through Connected Health) Roadmap activities (identify, discover, define,
ideate, refine, implement, and test).

OutcomeActivityLocation (date)Purpose

Identify

• Formalized interagency partner-
ship; executed memorandum

• LAUNCH kickoff• Lexington, Kentucky
(November 4, 2017)

• Identify the intersection be-
tween connectivity and can- • Quantitative and GISa presen-
cer of understanding between• La Jolla, California (March

3, 2018)
tation on the double burden
of cancer and connectivity FCCb and NCIc to share com-

plementary technical and poli-

cy expertise through C2Hd

• Recruited coalition of local
champions, connectivity

• Local stakeholder meetings• Kentucky (June-September
2018)

• Engage local stakeholders

stakeholders, and friends of
LAUNCH

• Graphical documentation of
stakeholder data and perspec-

• Information gathering from
industry, government, and

• Washington, DC (May 5,
2019)

• Engage national-level stake-
holders

tivesacademic experts
• Meeting summary:

L.A.U.N.C.H. Senior Leader-
ship Think Tank: Exploring the
Future of Connected Cancer
Care in Rural America and
Beyond

Discover

• Studies and reports: Experienc-
ing Cancer in Appalachian

• Ethnographic interviews• Kentucky (June 2018 to
September 2018)

• Understand the experiences
of patients with cancer, can- • Contextual observation
cer survivors, caregivers, and Kentucky and other investiga-• Ongoing coalition building
health and broadband tions on cancer care and con-
providers. Document the nectivity
cancer care and connectivity
infrastructure available in
eastern Kentucky

Define

• Blueprint for year 2 of
LAUNCH

• Tactical meeting dedicated to
reviewing year 1 progress

• La Jolla, California (Novem-
ber 13, 2018)

• Define or redefine the prob-
lem to be solved. Align with
all stakeholders on problem • Concretize objectives
prioritization

Ideate

• Impromptu video pitches by
summit attendees for ideas to

• Connected health community

ideation studio at SOARe
• Pikeville, Kentucky (August

27, 2018)
• Generate ideas from diverse

stakeholders to improve can-
cer experiences in rural Ken- help local patients with cancer• Lexington, Kentucky (Febru-

ary 9, 2019)
Summit

tucky • Four co-designed concepts
with diverse stakeholders: a

• Ideation studio at Markey
Cancer Center• McKee, Kentucky (June 17,

2019) portable cancer resource hub,• Ideation studio at People’s
Rural Telephone Cooperative a digital patient navigator, a

community sourcing tool, and
a wraparound support ecosys-
tem

• Seven co-designed innovation
recipes for helping rural pa-
tients with cancer

Refine
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OutcomeActivityLocation (date)Purpose

• Artistic representations and
video pitches of co-designed
categories, questions, scoring
system, and communication
methods for a new monitoring
tool

• Artistic representations and
video pitches of co-designed
electronic interfaces and ser-
vice models for the new cancer
symptom monitoring tool

• Co-design studios with di-
verse stakeholders

• Lexington, Kentucky (Octo-
ber 7-8, 2019)

• Select best concepts for proto-
typing. Co-design specific
concepts

Implement

• Prototype of a paper-based
distress monitoring tool: You
and Your Well-being

• • Prototype of an electronic
distress monitoring tool: my-
Path

• Prototype of a provider dash-
board and service design for
these new tools

• Remote, real-time develop-
ment of prototypes by expert
designers and developers

• Toronto, Canada and La Jol-
la, California (October 7,
2019)

• Berlin, Germany (October 8,
2019)

• Develop working prototypes
of co-designed concepts

• Iterate on prototypes

Test

• Usability surveys for paper-
based tool, electronic tool, and
provider dashboard

• Informal conversations and
feedback about prototypes

• User-feedback booths in can-
cer center lobby and at
Markey Cancer Center Affili-
ate Network Annual Meeting

• Lexington, Kentucky (Octo-
ber 9-10, 2019)

• Test the usability of the proto-
types

• Collect feedback on the proto-
types

aGIS: geographic information system.
bFCC: Federal Communications Commission.
cNCI: National Cancer Institute.
dC2H: Connect2HealthFCC Task Force.
eSOAR: Shaping Our Appalachian Region.

Identify, Discover, Define

The Changing Face of Cancer Care
Cancer treatments are under constant innovation. Some
examples include the recent development of minimally invasive
surgical techniques, stereotactic radiation therapy, evolving
immunotherapies, and the expanding field of precision oncology.
However, although innovation in cancer treatment has drawn
attention and resources, mechanisms for delivery across the
continuum of diagnosis, staging, treatment, survivorship, and
end of life have not kept pace [24,25]. Care delivery remains
rooted in outpatient clinic visits to assess symptoms and provide
results, requiring patients and caregivers to travel and take time
off from work and family schedules. The logic of current care
delivery is to move patients to information rather than
information to patients. This can cause delays because patients
must learn to navigate a complex care environment to obtain
test results, fill prescriptions, and coordinate referrals to allied
health services.

Symptom management, as well, has not kept pace. As advances
in cancer treatment over the last decade have produced
significant improvements in survival rates and significant
reduction of morbidity [26,27], people with cancer now face

the challenge of managing their disease as a chronic condition,
often with distressing symptoms secondary to the disease
process or treatment effects. Much of the burden of this
symptom management falls on the person with illness and
caregivers outside of the health care system [28].

Furthermore, the burdens of seeking care and managing
symptoms are not equally distributed. People in traditionally
underserved and rural communities are especially affected by
limited access to essential resources. Geographic isolation,
poverty, and transportation challenges, coupled with limited or
no internet connectivity, can impede access to necessary support
services [11,29,30]. Even in cases where broadband and internet
connectivity are available, the challenges of rugged geography
or long distances can cause connections to be unreliable and
unstable. In these cases, novel, innovative methods may be
required to ensure connectivity for critical health-related
functions [31,32].

It is in this context of the changing landscape of cancer care
and emerging technological possibilities that we identified an
opportunity at the intersection of health and connectivity.
Discovery proceeded with 6 weeks of ethnographic fieldwork
conducted in communities and health care facilities across
Appalachian Kentucky [12]. We sought to understand the
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experiences of local patients with cancer, cancer survivors,
caregivers, and health care and broadband providers to inform
problem definition and co-design strategies. We further sought
to document the cancer care and connectivity infrastructure
available in Appalachian Kentucky to build upon and integrate
with existing resources as well as to learn from the shortcomings
of previous solutions.

Definitions of Distress
In particular, our ethnographic work helped us to critically
examine our approach to distress, a term common in the cancer
symptom management clinical lexicon but which proved
uncommon among those who had actually experienced cancer.
However, our participants did speak extensively about the
physical and psychosocial impacts associated with cancer and
pointed to ways they coped with them.

According to the National Comprehensive Cancer Network
(NCCN) Guidelines for Distress Management, distress is defined
as a multifactorial unpleasant experience of a psychological (ie,
cognitive, behavioral, and emotional), social, spiritual, and/or
physical nature that may interfere with the ability to cope
effectively with cancer, its physical symptoms, and its treatment
[33]. Identification and treatment of distress have been shown
to be critically important to improving health outcomes, quality
of life, and adherence to recommended treatments. [34]. For
this reason, distress screening at the time of cancer diagnosis
is the recommended standard of care, and most cancer centers
have shown improvements in routine screening [35].

Barriers to collecting these data have typically been related to
workflow in the outpatient clinical setting. In addition,
communicating results of patient-reported outcomes to providers
has been a challenge, decreasing the impact of the information.
Finally, collecting this sensitive and timely information from
patients in the setting of the waiting room or during triage for
a clinic visit may leave patients reluctant to share their actual
feelings or symptoms, both past and present. In spite of these
obstacles, the Commission on Cancer continues to emphasize
the importance of distress screening as an important facet of

patient care [36]. Commentators have been advocating for the
use of implementation science methods, including those
associated with HCD, to improve the effectiveness, reliability,
and equity of distress screening efforts [37].

Our ethnographic findings indicated that people in Appalachian
Kentucky ascribe different values to personal versus social
suffering. Although personal suffering was considered taboo
because it could cause others to suffer, suffering on behalf of
another person was a source of pride because it indicated the
strength of familial and community relationships. We also found
that participants preferred to speak about this suffering in
colloquial rather than clinical language, both to minimize the
taboo of their personal suffering and to capture some nuance
lacking in clinical terminology. As the LAUNCH stakeholders
began to align on tackling the specific problem of distress
monitoring and symptom management, we also began to align
on more flexible definitions of key terminology and on a method
for integrating the diverse perspectives of patients, caregivers,
and clinicians in problem definition.

Ideate, Refine, and Implement
Methods for ideation, co-design, and development of
low-fidelity prototypes were adapted from the IDEO Human
Centered Design Toolkit [38] and used in LAUNCH Roadmap
activities 4-6 (Figures 1 and 2 and Table 1). Ideation (activity
4) occurred over the course of 3 events in Kentucky described
below. Refinement of concepts and development of prototypes
(activities 5 and 6) were conducted over the course of a 4-day
sprint in Lexington. Prototypes were first described verbally,
then developed with low-fidelity methods such as Post-it Notes
(3M) as well as whiteboards and corkboards. In parallel, a
professional designer (in Toronto, Ontario, Canada), a mobile
app developer (in Berlin, Germany), and a design support group
(in La Jolla, California) worked as a pair design [39] distributed
group to translate the low-fidelity concepts into working
prototypes in 72 hours. These working prototypes were then
iterated upon, in real time, by participants in Kentucky using
web-based collaborative software. Further material can be
viewed in the Multimedia Appendices 1-5.
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Figure 2. LAUNCH (Linking and Amplifying User-Centered Networks through Connected Health) co-design approach in rural Kentucky. The co-design,
cocreation, and testing of the myPath system visualized as staged studios in Kentucky. (1) The initial problem statement counties with double burden
of high cancer rates and low connectivity derived from geographic information system (GIS) observations across the United States. (2) Contextual
inquiry and coalition building in the region was performed to obtain context, refine the problem statement, and develop a network of stakeholders. (3)
Design studio 1 in Lexington focused on problem refinement and early discovery. (4) These findings were presented to a new group in McKee to ideate
and generate low-fidelity concepts (solutions). (5) These concepts were refined in studio 3 to generate a single service design and midfidelity prototype.
(6) In studio 5, high-fidelity, working prototypes were developed in a 2-day sprint. (7) These prototypes were tested in a concurrent, multisite 2-day
usability pilot with diverse stakeholders. GIS: geographic information system; SOAR: Shaping Our Appalachian Region.

Test

Overview
Usability testing (activity 7) was conducted over the course of
2 days at booths at 2 separate locations. A booth was set up at
the outpatient clinic area of University of Kentucky Markey
Cancer Center (MCC) to collect feedback from a convenience
sample, including patients, caregivers, and providers. Another
booth was set up during the MCC Affiliate Network (MCCAN)
Annual Meeting at the Lexington Convention Center held on
October 9-10, 2019. The MCCAN Annual Meeting was attended
by more than 300 cancer providers and researchers from across
Kentucky and provided an excellent venue to collect feedback
from a knowledgeable pool of attendees. Participants who came
to these 2 booths were introduced to the paper versions of the
instruments first, followed by the app versions. Providers and
researchers were also invited to evaluate a digital dashboard
developed specifically for providers receiving myPath data.
Participants were given an opportunity to use these prototypes,
and at the end, to complete a usability questionnaire to evaluate
the respective prototypes against the gold standard, the
paper-based NCCN Distress Thermometer (DT).

Survey Instrument
In all, 3 usability surveys were deployed in the usability testing
booths. The first survey evaluated the paper versions of the two
instruments (NCCN DT vs myPath); the second survey
evaluated the digital versions of the 2 instruments; and the third
survey evaluated the web-based myPath provider dashboard.
In addition to collecting basic demographic data, we used the
System Usability Scale (SUS) [40,41] to measure perceived

usability and learnability of the standard instrument and
co-designed prototypes.

Data Analysis
Descriptive statistics were reported. Independent 2-tailed t tests
were used to compare the app version of myPath with the paper
version of the NCCN DT and test the app version of either
instrument versus the paper version of the same instrument.
Paired t tests were used to compare the SUS scores of the NCCN
DT versus myPath in the same format (either the paper or app
version). A 1-way analysis of variance was conducted to
compare mean SUS scores among different types of users.
Results in multiple post hoc comparisons were adjusted using
the Šidák method [42]. Analyses were performed in SPSS
software (version 27; IBM Corp).

Ethics Approval
This study received ethics approval from the University of
California, San Diego institutional review board (record number
180589).

Results

Kentucky Co-design
We planned and carried out a sequence of community-based,
participatory activities in Kentucky (Figure 2). (1-3) Framing
and contextual inquiry set the stage for participatory design
work. (4) Ideation began in Pikeville, then coalesced at an
ideation studio in Lexington, which engaged patients, providers,
and caregivers to frame problems in cancer care and
conceptualize new strategies to solve these problems. This work
contextualized the next design studio in an Appalachian county
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(Jackson) where community members, patients, and caregivers
were encouraged to brainstorm granular solutions to problems
generated in the Lexington studio or to make practical those
solutions that had been considered. (5) These concepts were
presented at a subsequent co-design sprint in Lexington to select
a lead candidate. (6) We then prototyped and refined this concept
and rapidly developed working interventions to test in the real
world with patients, providers, caregivers, and others. (7) The
outcome of this work was a new software application and service
model developed with participants and delivered to stakeholders
for implementation and formal testing.

Outcomes

Overview
We have summarized the key outcomes of our design process
in Table 1, showing the progression of the co-design activities.
In the following sections, we detail the key findings of the refine,

implement, and test activities in which we developed
paper-based and digital prototypes and conducted usability
testing of the 2 tools.

Paper-Based Prototype Development
As the existing NCCN tool is paper-based, at our design studio
on October 7, 2019, we first developed a comparable paper tool
inspired by co-design and cocreation work from prior studios.
Key findings from these sessions (Table 1) produced the
following requirements (and potential pitfalls of this approach):
(1) compelling user experience, (2) framing the problem from
patient perspective (my wellness and my path vs Distress
Thermometer), (3) framing questions positively, (4) adding
patient-centered questions, and (5) giving feedback and
actionable information upon completion of the survey. The
finalized design of the newly developed instrument is shown
in comparison with the current accepted approach (NCCN DT)
in Figure 3.

Figure 3. Comparison of paper prototypes. The gold standard National Comprehensive Cancer Network (NCCN) Distress Thermometer is shown (top)
with the newly designed paper instrument developed to track patient progress and well-being.

Digital Prototype Development
Certain feedback from the design studios could not be
implemented using paper-based methods alone and required
digitization, for example, to get feedback based on answers and
to communicate patient distress with providers in a timely
manner. In the Lexington co-design studio on October 8, 2019,

we worked with participants to co-design a digital version of
the new paper tool (named myPath by the participants) as well
as a digital version of the NCCN DT (Digital DT [DDT]) not
only to assess incremental improvement from added
functionality, but also to discern the role of digitization alone.
Highlighted user requirements for myPath included compelling
colors, content matching the new paper tool, new summary
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screen giving immediate feedback upon completion, and
actionable insights with instructions and connection to providers.
If patient-reported symptoms or needs through the myPath
mobile app are over a predetermined threshold, an email alert
will be sent to the care team and patients’ reports will be
highlighted on the dashboard for providers to review. The care
team will then decide the best approach to intervene. The
developed DDT and myPath app are shown in Figure 4.

Recognizing the other side of the patient–provider dyad, we
prototyped a provider-centered dashboard meant to integrate
with user-generated data in the myPath app. The key
requirements for the dashboard as developed by the participating
providers were as follows: (1) make it easy and clear to read,
(2) only show critical information, (3) make it clear what has
been done or what needs to be done, and (4) minimize disruption
to provider workflows. The developed dashboard is shown in
Figure 5.

Figure 4. Comparison of digital distress thermometer (left) and myPath app (right).
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Figure 5. Clinical dashboard prototype.

Prototype Testing

Overview
On both days (October 9 and 10, 2019) and at both locations
(MCC clinics and MCCAN Annual Meeting), 86 participants
completed a usability survey. Of the 86 participants, 46 (53%)
evaluated the paper versions of both instruments of the NCCN
DT and myPath, 34 (40%) reviewed the app versions, and 6
(7%) assessed the myPath dashboard. After removing surveys
with missing data in the SUS questions, of the 86 participants,
38 (44%) evaluated the paper versions. Of these 38 participants,
5 (13%) were patients with cancer, 8 (21%) were caregivers,
11 (29%) were providers, there were 12 (32%) others (eg,
technologists, payers, and service providers), and there were 2
(5%) with missing data on this question. Of the 27 participants
who evaluated the app versions, 7 (26%) were patients with
cancer or cancer survivors, 4 (15%) were caregivers, 8 (30%)
were providers, and there were 8 (30%) others. Of the 6
participants who evaluated the dashboard, 4 (67%) were

providers and 2 (33%) were researchers. Overall, more than
half of the participants were aged >50 years, and 96% (83/86)
used a smartphone. Among the 83 smartphone users, 64 (77%)
had an iPhone.

Figure 6 shows the results of usability surveys with participants,
plotted by participant and prototype assessed. We show the sum
and 2 SUS subscales for the digital myPath (App myPath), the
NCCN DDT (App DT), the paper prototype of myPath (Paper
myPath), NCCN DT (Paper DT), and the provider dashboard.
The error bars represent the SDs of the subscales. On average,
the overall SUS scores of both instruments for both the paper
and app versions as well as the dashboard are higher than a
cutoff value at 68-70, showing that both instruments, in either
format, have above-average usability [41,43]. Specific
comparisons, including statistical testing results, are presented
in the next sections. However, because this study was not
designed or powered to detect the differences among
instruments, the comparative results reported here should be
considered preliminary evidence.
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Figure 6. Stacked bar chart of System Usability Scale (SUS) subscales. DT: Distress Thermometer.

myPath App Versus Paper DT
Across participants, the digital myPath app showed the highest
perceived combined usability (mean 81.9, SD 15.2) compared
with the current gold standard of distress management for
patients with cancer, the Paper NCCC DT (mean 74.2, SD 15.8).
Testing of the SUS subscales showed that the myPath app had
significantly better usability than the Paper DT (t63=2.611;
P=.01; Cohen d=0.657, 95% CI 0.148-1.161), whereas the
learnability did not differ between the instruments (t63=–0.311;
P=.76; Cohen d=–0.078, 95% CI –0.571 to 0.416).

App Versus Paper Version of the Same Instrument
To discern differences that could be attributed to content versus
digitization, we compared paper and digital approaches (Figure
6). Here, the digital version of myPath showed a significantly
higher overall SUS score than the paper version (t63=2.345;
P=.02; Cohen d=0.59, 95% CI 0.084-1.092), and this difference
was significant for the usability scale (t63=2.991; P=.004; Cohen
d=0.753, 95% CI 0.24-1.261), although not for the learnability
scale (t63=–0.157; P=.88; Cohen d=–0.04, 95% CI –0.533 to

0.454). However, the difference between the DDT and Paper
DT was not statistically significant (P=.34 and P=.24,
respectively). Across participant roles, providers (mean 92.19,
SD 7.61) reported significantly higher SUS scores (t17=3.164;
P=.006; Cohen d=1.47, 95% CI 0.419-2.488) for the myPath
app than for the paper myPath (mean 77.05, SD 11.82). No
significant difference was found when comparing providers’
ratings of DDT versus Paper DT (t17=0.567; P=.58; Cohen
d=0.263, 95% CI –0.655 to 1.174).

myPath Versus NCCN DT in the Same Format
The paper myPath tool had a slightly lower overall SUS score
(mean 72.8, SD 15.3) than the paper DT (mean 74.2, SD 15.8).
In contrast, the myPath app (mean 81.9, SD 15.2) had a slightly
higher SUS score than the DDT (mean 78.1, SD 17.1). However,
these differences were not statistically significant (P=.60 and
P=.20, respectively). These comparisons were also not
statistically different in the 2 SUS subscales.
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Patients’ Versus Providers’ Ratings of the Same
Instrument
Compared with patients, providers reported higher SUS scores
for all instruments (Figure 6). In the 1-way analysis of variance,
the overall SUS score for the Paper DT differed significantly
between participant roles (F3,32=3.28; P=.03). Specifically,
patients reported a significantly lower overall SUS score than
providers (Cohen d=–24.23, SE=7.85; P=.03; 95% CI –46.24
to –2.21). This difference was mainly seen in the usability
subscale (F3,32=3.21; P=.04) and not the learnability scale
(F3,32=1.902; P=.15). The same test did not show significantly
different SUS scores between participant roles for the paper
myPath, DT, or myPath app.

Discussion

Summary of Results
In this study, we report the results of an ongoing effort to
improve the resilience of an oncology system, and a health care
system in general, that is struggling to provide equitable access
to care for patients both within and outside of the clinical
encounter. Specifically, we identified the problem of remote
distress monitoring for patients with cancer as an emblematic
first step by which a public–private partnership could
demonstrate the value of connected cancer care through
innovative design methods that democratize the development
of solutions. In our efforts, we began with the recognition that
successful implementation of connected health solutions in
real-world settings requires more than providing broadband

access to patients and their care teams. Such an approach
requires a careful restructuring of the local workflows and
communication channels needed to give patients and their
providers the confidence to engage in proactive care irrespective
of physical distance or scheduled appointments. Moreover,
re-engineering workflows is not something that can be done
successfully from the top down; adaptation must be driven by
the very individuals who understand the local context. Moreover,
this process must have testable, objective outcomes to drive
iteration to a clear win state that recognizes both institutional
and individual needs.

To facilitate this local adaptation, we created a design and
implementation framework (Table 2) informed by our collective
experience in human factors, cognitive engineering,
anthropology, public health, health communication, design,
epidemiology, and clinical medicine. The framework began
with a problem-identification stage, which framed geographic
areas for contextual inquiry through the combined triangulation
of epidemiologic data from registries of cancer burden with
industry-level databases on broadband access. The results of
these quantitative studies were then used to guide further
discovery, problem refinement, and ideation through
ethnographic observations, interviews, and semistructured group
meetings in those areas of Appalachian Kentucky struggling
with the double burden of poor cancer outcomes and lack of
access to broadband. These locally co-designed solutions were
then prototyped, refined, and tested as part of an implementation
solution in Appalachian Kentucky. Clinical trials are currently
underway to test the efficacy of these solutions.

Table 2. LAUNCH (Linking and Amplifying User-Centered Networks through Connected Health) framework: lessons learned.

Lessons learnedInnovationStep

Calibration of parameters across data sets took time; once cali-
brated, the resulting geographic maps served to focus commu-
nity efforts

GISa analysis: data sharing across organizations and analytic
teams helped to identify double-burden regions

Identify

Cognitive inquiry proved to be useful for improving wording,
formatting, and sequencing at the individual user level, whereas
the ethnographic work helped address systemic implementation
at the community level

Cognitive ethnography: used a blended methodology combining
cognitively based protocol analysis (focusing on how individuals
perceive, process, and use cancer information) with ethnographic
techniques from medical anthropology designed to elucidate
culture, norms, roles, and values

Discover

Strategic discussions were most productive when they transcend-
ed misaligned incentives to identify mutually agreeable objec-
tives across the full ecosystem of care within the targeted
communities

Tactical refinement: a high-level, cross-sector think tank was
convened to review data and establish priorities in follow-up to
information gathered during the discovery phase

Define

Co-design worked best when it followed a rapid sprint model
for prototyping and then testing the key components needed to
support productive interactions among patients, caregivers, and
clinical teams

Co-design: multi-stakeholder teams of clinical and community
representatives worked in collaboration with technology develop-
ers to co-design an end-to-end system for monitoring and reducing
patients’ distress

Ideate and refine

Effective clinical care within communities requires adaptation
to customize telemedical components using the resources, in-
frastructure, and people available within local ecosystems of
care linked through accountable data structures

Clinical adaptation of reusable components: the LAUNCH devel-
opment process yields a reusable library of technologies and
protocols, which can then be adapted and evaluated locally
within functional systems

Implement

The implementation science needed to customize service
structures in a timely and responsive fashion should adhere to
pragmatic trial evaluation approaches

LAUNCH-PADb: a platform that allows for pragmatic assembly
and testing of crucial components safely within clinical settings

Test

aGIS: geographic information system.
bPAD: Platform for Agile Development.
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Our goal in publishing these results at this time is to give an
indication of how use of the framework could help inform design
decisions from the ground up as communities adapt to the
complex interplay of remote telemedical options and in-person
consultation in a period of intense change in health care. In our
case, the ethnographic work we conducted in collaboration with
MCC and MCCAN highlighted a need to adapt the traditional
verbiage and approach of the NCCN-mandated stress measures
to improve buy-in (adoption) and increase comprehension,
consider a wellness frame (as opposed to a sick frame), and
increase patient and provider engagement. This is just one aspect
of system redesign that may often be overlooked without careful
examination of patients’ (people’s) values and predilections in
the geographic regions in which they are served [16]. Once
these were identified, we engaged in co-design efforts with these
groups to improve how the instrument could address community
prioritized needs in a manner that is locally acceptable, effective,
and sustainable.

The results from our iterative evaluation process showed
incremental improvements in usability and learnability among
patients as we progressed through our iterative development
path from the paper-based NCCN DT to a reworded version of
the paper-based instrument to a digital adaptation of the NCCN
DT and finally to an electronic adaptation of the myPath app.
Providers, on the other hand, seemed to be less comfortable
with the earlier iteration of the paper-based myPath tool than
patients. This seemed to be because clinical staff were more
familiar with the traditional language in the NCCN DT and thus
felt more comfortable with the existing verbiage. Nevertheless,
providers responded with even higher usability and learnability
ratings than patients when exposed to the final electronic version
of the myPath app. Providers also offered extremely high ratings
for the myPath dashboard. From our experience, it seems that
the clinical staff grew more appreciative of the form and intent
of the project the closer it progressed to its final operable format.
The oncology teams were especially taken with the enhanced
capacity the dashboard offered in management of caseloads
across patients.

Implications
When we began our efforts, we relied on an evolving evidence
base in cancer care suggesting that strategic deployment of
remote, point-of-need technologies can offer instrumental gains
for improving medical outcomes, protecting quality of life from
the burden and cost of travel to appointments, and for offering
intervention opportunities well before emergency services may
be needed. In other words, we were following a typical
evolutionary path for implementation in cancer care; one
that—just like telemedicine more generally—would take years
to complete.

Since then, we have watched as the necessities for physical
distancing during the COVID-19 pandemic have pushed policy
makers and health care administrators to move more rapidly on
making connected care an integral part of 21st century medicine.
Changes have included provisions for reimbursement by the

Centers for Medicare & Medicaid Services, a relaxation of
jurisdictional barriers across state lines, a softening of privacy
restrictions under the Health Insurance Portability and
Accountability Act, and the provision of financial incentives
for building out broadband support for medicine within
underresourced communities. It is unclear at this time how much
of this policy change will continue after the pandemic subsides.
What is clear is that a focus on HCD will be crucial as we iterate
forward toward new service models in a rapidly changing and
continuously challenging time. What is also clear is that these
changes in the medical landscape will go well beyond the
benefits they may convey to cancer care; they will be applicable
to all other facets of care as we move to create an antifragile
system for patients and the professionals who care for them.

Strengths, Limitations, and Future Direction
This paper presents a framework for guiding HCD activities at
the community level. It also offers insight into the process of
applying the framework to the specific objective of improving
distress monitoring processes for patients with cancer living in
rural areas surrounding MCC in Lexington. As noted earlier,
these efforts are part of the LAUNCH initiative [11]; therefore,
it is only one part of a larger, unfolding story. Clinical pilot
studies are currently underway to gauge the overall impact that
our HCD efforts are expected to have on system and patient
metrics. The true test of a community-based HCD approach
will not be completely evident until much farther down the line.

Another limitation of this study is that it offers only one example
of how a community-driven design approach could be applied
to meet the needs of an academic medical center serving a
largely rural catchment area. The way to scale the approach, we
believe, is to offer pathways by which other communities around
the country could apply best practices in HCD to their own local
jurisdictions following a true platform-based model of
deployment [44]. Future efforts are planned to create a Platform
for Agile Development (ie, LAUNCH-PAD) to facilitate local
resource matching, knowledge transfer, and a guided application
of HCD resources and data within the local context.

Conclusions
In this work, we described the implementation and testing of a
co-design framework developed to address a global need for
rapid health system innovation that generates effective and
locally sustainable solutions that can scale laterally to promote
resilience in the system. We hypothesized that this antifragile
approach, bridging lead-user innovation with equity, diversity,
and inclusion through co-design, could promote resilience in
rapidly changing and increasingly uncertain times. Through this
process we showed that codeveloped solutions addressing
community-defined problems could be produced quickly, with
broad stakeholder input, balancing goal-oriented, time-limited
development with open and inclusive dialog. In conclusion, we
encourage bringing together people with lived expertise and
diverse and even dissimilar views because this creates the
circumstances and creative outputs required for resilient,
scalable, and locally acceptable solutions.
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Abstract

Background: e-Cigarette device and liquid characteristics are highly customizable; these characteristics impact nicotine delivery
and exposure to toxic constituents. It is critical to understand optimal methods for measuring these characteristics to accurately
assess their impacts on user behavior and health.

Objective: To inform future survey development, we assessed the agreement between responses from survey participants
(self-reports) and photos uploaded by participants and the quantity of usable data derived from each approach.

Methods: Adult regular e-cigarette users (≥5 days per week) aged ≥21 years (N=1209) were asked questions about and submitted
photos of their most used e-cigarette device (1209/1209, 100%) and liquid (1132/1209, 93.63%). Device variables assessed
included brand, model, reusability, refillability, display, and adjustable power. Liquid variables included brand, flavor, nicotine
concentration, nicotine formulation, and bottle size. For each variable, percentage agreement was calculated where self-report
and photo data were available. Krippendorff α and intraclass correlation coefficient (ICC) were calculated for categorical and
continuous variables, respectively. Results were stratified by device (disposable, reusable with disposable pods or cartridges, and
reusable with refillable pods, cartridges, or tanks) and liquid (customized and noncustomized) type. The sample size for each
calculation ranged from 3.89% (47/1209; model of disposable devices) to 95.12% (1150/1209; device reusability).

Results: Percentage agreement between photos and self-reports was substantial to very high across device and liquid types for
all variables except nicotine concentration. These results are consistent with Krippendorff α calculations, except where prevalence
bias was suspected. ICC results for nicotine concentration and bottle size were lower than percentage agreement, likely because
ICC accounts for the level of disagreement between values. Agreement varied by device and liquid type. For example, percentage
agreement for device brand was higher among users of reusable devices (94%) than among users of disposable devices (75%).
Low percentage agreement may result from poor participant knowledge of characteristics, user modifications of devices inconsistent
with manufacturer-intended use, inaccurate or incomplete information on websites, or photo submissions that are not a participant’s
most used device or liquid. The number of excluded values (eg, self-report was “don’t know” or no photo submitted) differed
between self-reports and photos; for questions asked to participants, self-reports had more usable data than photos for all variables
except device model and nicotine formulation.

Conclusions: Photos and self-reports yield data of similar accuracy for most variables assessed in this study: device brand,
device model, reusability, adjustable power, display, refillability, liquid brand, flavor, and bottle size. Self-reports provided more
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data for all variables except device model and nicotine formulation. Using these approaches simultaneously may optimize data
quantity and quality. Future research should examine how to assess nicotine concentration and variables not included in this study
(eg, wattage and resistance) and the resource requirements of these approaches.

(J Med Internet Res 2022;24(4):e33656)   doi:10.2196/33656

KEYWORDS

tobacco; e-cigarette; methodology; internet; photo; survey; self-report

Introduction

e-Cigarettes are devices that heat a liquid to produce an aerosol
for inhalation. The device itself typically consists of a battery,
an electrical heater (eg, an atomizer or coil), a container (eg,
cartridge, pod, or tank) to hold liquid, and a mouthpiece for
inhalation [1,2]. e-Cigarette liquids often comprise nicotine,
propylene glycol, vegetable glycerin, and flavorants, but can
also contain tetrahydrocannabinol, cannabidiol, and vitamins
[1,3-5]. e-Cigarette devices and liquids are highly customizable;
for example, adjustable power and modifiable coils allow users
to alter their device and its settings, and users can mix flavors
in various combinations and proportions [5,6]. In 2014, users
were able to select from >450 e-cigarette device brands available
for sale on the internet [7]. More recent research suggests that
a similar number of device brands existed in 2017. Although
178 of the device brands for sale in 2014 had ceased operation
as of 2017, many were replaced by newly emerged brands [8].
In the same time frame, the number of unique flavors increased
from 7700 [7] to >15,500 [8]. In addition, the number of
websites selling refillable modifiable devices increased from
117 to 190 between 2014 and 2017, whereas the number of
websites selling disposable cig-a-like devices (ie, devices that
look similar to cigarettes) decreased by approximately 50 in the
same period [8]. This demonstrates the popularity of
customizable devices in the market and the quick evolution of
the e-cigarette device and liquid market.

Various constituents that may be associated with negative health
outcomes have been found in e-cigarette liquids and aerosols,
including aldehydes, carbonyls, and heavy metals among others
[9]. e-Cigarette users may have vastly different experiences and
exposures to toxic constituents depending on the duration of
vaping sessions [10], e-cigarette liquid contents [10,11], device
types [12,13], and device settings [6,14]. Evidence also indicates
that these characteristics may be important determinants of
nicotine delivery and influence the risk and severity of
e-cigarette dependence [5,6]. It is important to monitor the use
of these device and liquid characteristics to better understand
e-cigarette use behaviors and patterns and their impact on health
to inform policy decisions about these products. However, the
wide range of products available, their high level of
customizability, and the rapidly evolving marketplace presents
challenges for measurement.

Self-report data in health research can be subject to several
biases (eg, social desirability, recall period, sampling approach,
or selective recall) that affect the validity and reliability of the
data [15]. Although self-reported measures have been shown
to be reliable for assessing cigarette use [16,17], their reliability
for assessing e-cigarette use varies depending on the particular

measure used (eg, number of days in the past 30 days and
sessions per day) [18-20] and their reliability for certain
e-cigarette device characteristics, such as voltage and resistance,
is insufficient [21]. Thus, there is a need to examine novel
methods for assessing e-cigarette device and liquid
characteristics, such as submission and coding of photos of
e-cigarette devices and liquids, to understand the potential
advantages and disadvantages of these data collection methods
and whether various e-cigarette device or liquid characteristics
warrant different approaches to measurement. This study
assessed the agreement between self-report and photo-coded
data for certain e-cigarette device and liquid characteristics to
better understand the potential challenges and advantages of
each approach.

Methods

Study Sample and Protocols
Data were from wave 1 (May 2020 to October 2020) of the
Vaping and Patterns of E-cigarette Use Research study, which
is a US-based longitudinal cohort study following regular vapers
(≥5 days per week) aged ≥21 years through a web-based survey
about e-cigarette use patterns and behaviors. Participants of
wave 1 were recruited via web-based advertisements on
Facebook, Instagram, and Craigslist and flyers and business
cards distributed by vape shops. Advertisements were posted
in 125 US cities selected for their potential to yield respondents
who use e-cigarettes (ie, relatively high population).

After clicking an advertisement, participants were directed to
a web-based survey hosted by Virginia Commonwealth
University’s REDCap (Research Electronic Data Capture;
Vanderbilt University), a Health Insurance Portability and
Accountability Act–compliant secure web application for
building and managing web-based surveys and databases. Before
answering any questions, participants reviewed a consent form
and certificate of confidentiality and were asked if they would
like to continue with the survey. Then, they provided their
contact information (ie, full name, phone number, email address,
mailing address, and date of birth).

In addition to answering survey questions about their use
patterns and behaviors, participants were asked to submit photos
of their most used e-cigarette device and their most used liquid
for that device. Upon completion, participants received US $10
Amazon gift codes via mail. To exclude potential bot activity,
survey responses were reviewed for non-English or Spanish
alphabet (0/2813, 0%), data suggesting inattention or very low
knowledge of e-cigarettes or liquids (eg, indicating that they
are aged 25 years and began vaping at the age of 50 years or
self-reporting JUUL as a disposable device; 38/2813, 1.35%),
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invalid mailing addresses (13/2813, 0.46%), answering the
minimum number of questions (this suggests participant may
have previous knowledge of survey skip logic; 0/2813, 0%),
completing the survey in <5 minutes (24/2813, 0.85%), missing
attention check questions (64/2813, 2.28%), straight lining
(0/2813, 0%), failed or incomplete identity authentication (eg,
did not provide additional information such as utility bill to
confirm identity; 765/2813, 27.2%), or multiple survey attempts
(162/2813, 5.76%). Participants (464/2813, 16.5%) were also
excluded if their device photos were from the internet (as
determined by a Google search describing the image or a Google
Reverse Image Search), submitted multiple times, not of an
e-cigarette device, or taken in a store. JUUL, Vaporesso, and
Voopoo were included as examples in the question prompt for
device brand, and records suspected to be bots or professional
survey takers frequently reported these 3 brands. Therefore, we
decided to consider participants who self-reported one of these
3 brands and submitted a photo of a device that did not match
the reported brand to be invalid. In all, 0.11% (3/2813) of the
records were not reviewed for various reasons (eg, completed
survey after the survey closed) and were excluded from the final
data set.

Upon completion of the data collection wave, participants were
also excluded if they were found to be highly suspicious in a
review of suspicious records (71/2813, 2.52%). Records were
comprehensively reviewed if they had incentives returned to
the sender or contained data issues such as reporting devices
intended for cannabis or oils or beginning to use e-cigarettes
before they were commercially available in the United States.
Records were considered highly suspicious and were excluded
if they contained 1 significant data issue (eg, self-reported liquid
contains cannabis derivatives) or a combination of multiple data
issues (eg, mismatched self-report and photo device or liquid,
patterned responses, or self-reported device or liquid
characteristics that do not match self-reported device or liquid).
A total of 7875 participants completed the screener, of which
4289 (54.46%) participants were eligible. Of the 4289
participants, 2813 (65.59%) participants completed the survey.
Of the 2813 participants, 1604 (57.02%) were excluded after
implementing the strategies listed above to avoid bots and
professional survey takers, resulting in a sample size of 1209
(42.98%). Researchers (EC and JH) used the Google search
engine to search text and markings in submitted photos of
devices and liquids to identify the device brand and model and
liquid brand and flavor by visually matching the submitted photo
with Google search results. Then, the device brand and model
and liquid brand and flavor were searched on Google to identify,
in the following order of priority, manufacturer, academic (ie,
journal articles), retail, and review sites for the given device
and liquid and record information about key characteristics of
the devices and liquids. One site was sufficient for confirming
the information for a characteristic; however, up to 3 sites were
searched for each characteristic before categorizing the
information as missing. If discrepancies were found between
sites for a characteristic, information from the site with highest
priority was used. If the device brand and model or liquid brand
and flavor could not be identified or the information for a
particular characteristic could not be found in the photo or on
the web, this information was considered missing. An initial

round of reliability testing was conducted for this process to
ensure high reliability (≥90%) between researchers.

Ethics Approval
All participants provided informed consent. The institutional
review board at the Virginia Commonwealth University (no
HM20015004) approved the study protocol. The Johns Hopkins
Bloomberg School of Public Health Institutional Review Board
(no 9277) approved reliance on the Virginia Commonwealth
University Institutional Review Board.

Measurements

Device Brand and Model
Self-reported device brand and model were assessed using the
following question: “What is the brand AND model of the
device (eg, JUUL, Vaporesso Luxe, Voopoo Drag 2, etc.)?” As
participants who self-reported JUUL, Vaporesso, or Voopoo
were excluded if their self-reported and photo brand
mismatched, these 3 self-reported brands were excluded from
all device brand calculations (270/1209, 22.33%). Device brand
and model from photos were determined by searching the
identifying text or markings in the submitted photo on Google
and finding a visual match on the web. For all calculations,
device brand and model were assessed individually rather than
as a combined variable.

Device Reusability
Self-reported reusability of the device was assessed using the
following question: “Is the device (1) reusable (ie, you recharge
the device when the battery life is low or at 0%) or (2)
disposable (ie, you discard entire device when the battery life
is low or at 0%)?” For photos, websites obtained from the
Google search conducted for each device were reviewed for
mentions of the device being disposable or reusable. Then, the
records were coded based on the information on the website.

Device Refillability
Self-reported refillability of the device was assessed using the
following question: “When the device runs out of e-liquid, do
you TYPICALLY (1) discard the empty cartridge or pod and
replace with a new and unused cartridge or pod prefilled with
e-liquid or (2) refill the empty tank/cartridge/pod with e-liquid
from a larger container(s) of e-liquid?” Given that disposable
devices cannot be refillable, this question was asked only to
participants who indicated that their device was reusable. The
information on whether the device was refillable or nonrefillable
was obtained from photos by searching the device brand and
model on Google and extracting details from websites.

Visual Representation of Adjustable Settings (Device
Display)
Self-reported presence of a visual representation of adjustable
settings on the device was assessed using the following question:
“Does the device have a VISUAL DISPLAY that allows you
to see the wattage or other vape settings?” Response options
included “yes” and “no.” This question was asked only to
participants who indicated that their device was reusable. For
photos, a visual representation of adjustable settings was defined
as a display (eg, a screen, small light, or dial) that shows

J Med Internet Res 2022 | vol. 24 | iss. 4 |e33656 | p.584https://www.jmir.org/2022/4/e33656
(page number not for citation purposes)

Crespi et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


information about settings that can be adjusted by the user; this
information was confirmed from websites for the given device.

Adjustable Power
Self-reported ability to adjust device power was assessed using
the following question: “Does the device have SETTINGS that
allow you to modify power or vapor volume?” Response options
included “yes” and “no.” This question was asked only to
participants who indicated that their device was reusable. For
photos, a device was considered to have adjustable power if
websites for the given device indicated that the user can
customize the wattage or voltage using a dial or button (not by
changing the coil or other internal parts).

Liquid Type
Liquid type was assessed using participants’ responses to the
following question: “Is your most used e-liquid a (1) customized
flavor blend-mixed yourself, (2) customized flavor blend-mixed
for you by someone else (3) non-customized flavor?” This
question was asked only to users of reusable devices with
refillable pods, cartridges, or tanks; users of disposable devices
or reusable devices with disposable pods or cartridges were
presumed to have noncustomized liquids. Agreement between
photos and self-reports on liquid type was not assessed; rather,
liquid type was used to stratify results by those using customized
and noncustomized liquids.

Liquid Brand
Self-reported liquid brand was assessed using the following
question: “Do you know the brand of the [cartridge or pod (eg,
JUUL, blu, VUSE, etc.]/e-liquid container (eg, Naked 100,
Beard Vape, Milkman, etc.)]? [If yes] please specify the brand.”
As disposable devices do not have separate liquids, this question
was not asked to users of disposable devices. Participants who
indicated that they use a customized flavor blend were also
excluded from this variable as they were not asked about the
brand of their liquid. Photos of the liquids were assessed for
brand by searching any identifying text or markings in the photo
on Google and reviewing websites for a visual match.

Liquid Flavor
Self-reported liquid flavor was assessed using the following
question: “What is the flavor of the [device’s (for disposable
devices)] e-liquid?” Response options included (1) tobacco; (2)
tobacco menthol or menthol; (3) mint; (4) a flavor such as fruit,
candy, alcohol, coffee, vanilla, or other food/drink; and (5) no
flavor. Liquid flavors from photos were identified using flavor
descriptions on the website for the given liquid, and then
categorized using the e-cigarette liquid flavor wheel developed
by Krusemann et al [22]. If a website was unavailable but the
flavor was clearly listed on the container, the photo was used
to code the flavor. Then, the flavors were grouped to match the
survey question on flavors (ie, tobacco, menthol or tobacco
menthol, mint, other, or unflavored).

Nicotine Concentration (mg/mL)
Self-reported nicotine concentration of the liquid was assessed
using the following question: “Do you know how much nicotine
is in the [device’s] e-liquid/flavor blend? [If yes] please specify.”
Respondents indicated whether they reported the concentration

as mg/mL or a percentage. When participants reported nicotine
concentrations as a percentage, the reported value was multiplied
by 10 to obtain the mg/mL; exceptions include JUUL, which
is reported to be 59 mg/mL for their 5% pods and 35 mg/mL
for their 3% pods [23]; NJOY Ace, which is reported to be 58
mg/mL for their 5% pods and 28 mg/mL for their 2.4% pods
[24]; and NJOY Daily, which is reported to be 69 mg/mL (rich
tobacco flavor) or 68 mg/mL (menthol flavor) for their 6% pods
and 51 mg/mL for their 4.5% pods [25]. For photos, nicotine
concentration (in mg/mL) was extracted from photos of the
liquid bottles or from the manufacturer, academic, retail, or
review sites. If the nicotine concentration was not mentioned
on the container and multiple concentrations were available on
the web for the given liquid, concentration was considered
missing for that liquid.

Nicotine Formulation
Self-reported nicotine formulation of the liquid was assessed
using the following question: “Does the [device’s]
e-liquid/flavor blend contain nicotine salts?” Response options
included “yes” and “no.” For photos, nicotine formulation was
coded as either nicotine salt or free-base nicotine. As websites
frequently report when a liquid is a salt but fail to report when
a liquid is free-base and 27 mg/mL was the highest confirmed
free-base nicotine liquid concentration in our sample, liquids
with nicotine concentration ≤27 mg/mL, for which formulation
could not be found on any website, were considered to be
free-base. Liquids (2/1209, 0.17%) with nicotine concentrations
>27 mg/mL, with formulation not found on any website (Vuse
Solo Chai and Glas pods) were investigated further and
considered to be salts because other liquids by the same brand
are exclusively salts, YouTube reviewers indicated the liquid
is likely a salt, or other similar devices frequently use salts.

Liquid Bottle Size (mL)
Self-reported liquid bottle size was assessed using the following
question: “Do you know the bottle size (in milliliters) of your
most used e-liquid/flavor blend that you last purchased? [If yes]
please specify the bottle size (in mL).” This question was asked
only to participants who indicated their device was reusable
and refillable. For photos, bottle size (in mL) was extracted
from photos of the liquid bottles or from the manufacturer,
academic, retail, or review sites. If the bottle size was not
mentioned on the bottle and multiple sizes were available on
the web for the given liquid, bottle size was considered missing
for this liquid.

Statistical Analysis
Percentage agreement, calculated as the number of records for
which self-report and photo data were concordant divided by
the total number of records with available self-report and photo
data, was calculated for the following variables: device brand,
device model, device reusability, device refillability, device
display, adjustable power, liquid brand, liquid flavor, nicotine
concentration, nicotine formulation, and liquid bottle size. As
percentage agreement does not account for agreement expected
by chance, Krippendorff α was also calculated for nominal
categorical variables. This method was chosen for its versatility
in the number of raters and types of data [26,27]. For continuous
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variables, intraclass correlation coefficient (ICC) estimates and
95% CIs were also calculated based on a mean rating (k=2),
absolute-agreement, 2-way mixed effects model [28].

Percentage agreement, Krippendorff α, and ICC calculations
were also stratified by self-reported liquid type (ie,
noncustomized or customized liquid) and self-reported device
type (ie, disposable device, reusable device with disposable
pods or cartridges, or reusable device with refillable pods,
cartridges, or tanks). Calculations were conducted using
Microsoft Excel and Stata (version 16.1; StataCorp).

Results

Sample Characteristics
Among our sample, 34.33% (415/1209) were aged 21-29 years,
36.15% (437/1209) were aged 30-39 years, 19.35% (234/1209)

were aged 40-49 years, and the remaining 10.17% (123/1209)
were aged ≥50 years (Table 1). In addition, 53.02% (641/1209)
of the participants were female, 44.99% (544/1209) were male,
0.99% (12/1209) of participants selected the “Other” option for
gender, and 0.99% (12/1209) of participants selected “prefer
not to answer.” Most participants were White (919/1209,
76.01%), followed by multiracial (133/1209, 11%), Black
(48/1209, 3.97%), “Other” (36/1209, 2.98%), Asian (24/1209,
1.99%), and American Indian/Alaska Native (9/1209, 0.74%)
and 1.99% (24/1209) of the participants selected “prefer not to
answer.” Most participants (1088/1209, 89.99%) used
e-cigarettes 7 days per week. Of the 1209 participants, 713
(58.97%) did not smoke in the last 30 days; the remaining 496
(41.03%) smoked cigarettes ≥1 time in the last 30 days.
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Table 1. Sociodemographic characteristics of survey participants (N=1209).

Participants, n (%)Sociodemographic characteristic

Geographic location

216 (17.87)Midwest

130 (10.75)Northeast

491 (40.61)South

372 (30.77)West

Age (years)

182 (15.05)21-24

233 (19.27)25-29

248 (20.51)30-34

189 (15.63)35-39

146 (12.08)40-44

88 (7.28)45-49

123 (10.17)≥50

Gender

545 (45.08)Male

646 (53.43)Female

10 (0.83)Othera

8 (0.66)Prefer not to answer

Race

9 (0.74)American Indian or Alaska Native only

26 (2.15)Asian or Asian American only

45 (3.72)Black or African American only

4 (0.33)Native Hawaiian or Pacific Islander only

920 (76.09)White only

42 (3.47)Other

134 (11.08)Multiracial

29 (2.39)Prefer not to answer

Ethnicity

129 (10.67)Hispanic, Latino, or of Spanish origin

1061 (87.76)Non-Hispanic, Latino, or of Spanish origin

19 (1.57)Prefer not to answer

Annual household income (US $)

583 (48.22)0-39,999

287 (23.74)40,000-59,999

209 (17.29)60,000-99,999

101 (8.35)≥100,000

29 (2.39)Prefer not to answer

e-Cigarette use (days per week)

74 (6.12)5

26 (2.15)6

1109 (91.73)7

Smoking status
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Participants, n (%)Sociodemographic characteristic

711 (58.81)Nonsmokerb

498 (41.19)Smokerb

aOther gender includes transgender individuals, nonbinary individuals, and so on.
bParticipants were considered non-smokers if they had not smoked in the past 30 days. Participants were considered smokers if they smoked cigarettes
≥1 time in the past 30 days.

Availability of Data for Both Photos and Self-reports
The number of values excluded ranged from 4.88% (59/1209;
device reusability) to 56.49% (683/1209; bottle size; Table 2).
Photo values were excluded if device brand or model or liquid
brand or flavor could not be identified from the photo (ie, no
photo submitted, photo of the liquid was from the internet, poor
quality of the photo, multiple devices or liquids in the photo,
photo was of refillable or third-party pod or cartridge, or no
match was found in Google searches) or the information could
not be found on the internet after identifying the device brand

or model or liquid brand or flavor. Self-reported values were
excluded if the participant self-reported “I don’t know,” skip
logic prevented participant from being asked the given question
(eg, participants who indicated that their liquid was customized
were not asked the brand of their liquid), or the self-reported
response was not able to be cleaned owing to lack of clarity (eg,
liquid brand reported as “local vape shop”). Of the 1209
participants, the resulting sample sizes for calculations ranged
from 47 (3.89% for device model of disposable devices) to 1150
(95.12% for device reusability; Table 3).

Table 2. Excluded values for photos and self-report data by variable (N=1209).

Total, n (%)Both, n (%)Self-report only, n (%)Photo only, n (%)Variables

Excluded be-
cause question
was not asked
to participant

Excluded for

other reasonsa
Excluded be-
cause question
was not asked
to participant

Excluded for

other reasonsa

331 (27.38)0 (0)0 (0)0 (0)289b (23.90)42 (3.47)Device brand

603 (49.88)0 (0)211 (17.45)0 (0)363 (30.02)29 (2.40)Device model

59 (4.88)0 (0)0 (0)0 (0)0 (0)59 (4.88)Device reusability

170 (14.06)8 (0.66)0 (0)111 (9.18)0 (0)51 (4.22)Device refillability

170 (14.06)8 (0.66)0 (0)111 (9.18)0 (0)51 (4.22)Device display

170 (14.06)8 (0.66)0 (0)111 (9.18)0 (0)51 (4.22)Adjustable power

561 (46.40)106 (8.77)26 (2.15)307 (25.39)52 (4.3)70 (5.79)Liquid brand

375 (31.02)0 (0)21 (1.74)0 (0)37 (3.06)317 (26.22)Liquid flavor

434 (35.90)0 (0)63 (5.21)0 (0)50 (4.14)321 (26.55)Nicotine concentration

544 (45.00)0 (0)80 (6.62)0 (0)240 (19.85)224 (18.53)Nicotine formulation

683 (56.49)55 (4.55)37 (3.06)352 (29.11)72 (5.96)167 (13.81)Liquid bottle size

aOther reasons include if the participant self-reported “I don’t know” or the self-reported response was not able to be cleaned owing to lack of clarity
(eg, liquid brand reported as “local vape shop”).
bIncludes records that were excluded because the brand was JUUL, Vaporesso, or Voopoo (n=270).
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Table 3. Sample size for calculations by liquid and device type.

Liquid types, n (%)Device types, n (%)Variables

Customized (n=294)Noncustomized (n=915)RDRc (n=802)RDDb (n=288)DDa (n=119)Overall (n=1209)

233 (79.3)645 (70.5)629 (78.4)141 (48.9)108 (90.8)878 (72.62)Device brand

159 (54.1)447 (48.9)502 (62.6)57 (19.8)47 (39.5)606 (50.12)Device model

272 (92.5)878 (95.9)759 (94.6)280 (97.2)111 (93.3)1150 (95.12)Device reusability

272 (92.5)767 (83.8)759 (94.6)280 (97.2)N/Ad1039 (85.94)Device refillability

272 (92.5)767 (83.8)759 (94.6)280 (97.2)N/A1039 (85.94)Device display

272 (92.5)767 (83.8)759 (94.6)280 (97.2)N/A1039 (85.94)Adjustable power

N/A648 (70.8)397 (49.5)251 (87.2)N/A648 (53.59)Liquid brand

147 (50)687 (75.1)576 (71.8)166 (57.6)92 (77.3)834 (68.98)Liquid flavor

173 (58.8)602 (65.8)553 (68.9)137 (47.6)85 (71.4)775 (64.10)Nicotine concentration

146 (49.7)519 (56.7)498 (62.1)106 (36.8)61 (51.3)665 (55)Nicotine formulation

145 (49.3)382 (41.7)526 (65.6)N/AN/A526 (43.51)Liquid bottle size

aDD: disposable devices.
bRDD: reusable devices with disposable pods or cartridges.
cRDR: reusable devices with refillable pods, cartridges, or tanks.
dN/A: not applicable.

Agreement for Device and Liquid Characteristics
Between Photos and Self-reports
Percentage agreement was high (≥80%) between photos and
self-reports for device reusability, adjustable power, device
display, device refillability, and liquid brand (Table 4). Very
high agreement (≥91%) was also observed for device brand for
all device and liquid types except disposable devices (75%).
Substantial agreement (61%-80%) was found for device model
for disposable devices and refillable devices; however,
agreement was very high (91.2%) for reusable devices with
disposable pods or cartridges, though the sample size for this
calculation was limited (57/1209, 4.71%). Percentage agreement
was high for liquid flavor, though reusable devices with
disposable pods or cartridges had lower agreement (79.5%) than
other device types (≥91.3%). Moderate to substantial agreement

was found for nicotine concentration across device and liquid
types (56.2% for customized liquids to 69% for refillable
devices); however, this agreement was lower than that for other
variables. Percentage agreement varied widely for nicotine
formulation (58.5% for reusable devices with disposable pods
or cartridges to 93.6% for refillable devices), though it was
generally high. Substantial agreement was also found for bottle
size overall (74.3%), though agreement was low for customized
liquids (64.6%).

These results were largely supported by Krippendorff α
calculations; however, agreement based on Krippendorff α was
lower than the percentage agreement for several variables (Table
5). Results from the ICC calculations for nicotine concentration
and bottle size (Table 6) show lower agreement for these
variables than the results of the percentage agreement
calculations.
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Table 4. Results of percentage agreement calculations by liquid and device type.

Liquid types (%)Device types (%)Variables

CustomizedNoncustomizedRDRcRDDbDDaOverall

9491.393.697.97592Device brand

7372.570.391.274.572.6Device model

10098.499.799.39198.8Device reusability

97.896.396.796.8N/Ad96.7Device refillability

9392.892.992.9N/A92.9Device display

90.89592.897.1N/A93.9Adjustable power

N/A86.780.996N/A86.7Liquid brand

92.689.492.779.591.389.9Liquid flavor

60.168.16956.265.966.3Nicotine concentration

90.48593.658.573.886.2Nicotine formulation

64.67874.3N/AN/A74.3Liquid bottle size

aDD: disposable devices.
bRDD: reusable devices with disposable pods or cartridges.
cRDR: reusable devices with refillable pods, cartridges, or tanks.
dN/A: not applicable.

Table 5. Results of Krippendorff α calculations by liquid and device type.

Liquid types (Krippendorff α)Device types (Krippendorff α)Variables

CustomizedNoncustomizedRDRcRDDbDDaOverall

1.9300−0.04.93Device reusability

−0.01.92−0.02−0.01N/Ad.92Device refillability

.83.85.84.13N/A.86Device display

.74.90.82.32N/A.88Adjustable power

.45.79.69.66.61.78Liquid flavor

.76.70.86−0.18−0.14.72Nicotine formulation

aDD: disposable devices.
bRDD: reusable devices with disposable pods or cartridges.
cRDR: reusable devices with refillable pods, cartridges, or tanks.
dN/A: not applicable.

Table 6. Results of intraclass correlation coefficient calculations by liquid and device type.

Liquid types, estimate (95% CI)Device types, estimate (95% CI)Variables

CustomizedNoncustomizedRDRcRDDbDDaOverall

0.16 (0.02 to 0.30)0.20 (0.13 to 0.28)0.18 (0.10 to
0.26)

0.04 (−0.12 to
0.20)

0.01 (−0.14 to
0.18)

0.21 (0.14 to
0.27)

Nicotine concentration

0.47 (0.33 to 0.59)0.35 (0.26 to 0.44)0.38 (0.30 to
0.45)

N/AN/Ad0.38 (0.30 to
0.45)

Liquid container size

aDD: disposable devices.
bRDD: reusable devices with disposable pods or cartridges.
cRDR: reusable devices with refillable pods, cartridges, or tanks.
dN/A: not applicable.
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Discussion

Principal Findings
Although we found substantial to almost perfect agreement
between photos and self-report for all variables measured in
this study, agreement and ICC for nicotine concentration was
substantially lower than those for other variables assessed. As
previous research has identified [29], this may be a result of
participants’ poor understanding of nicotine concentration
labeling and particularly the differences in the units of reported
concentrations (mg/mL vs percentage); some users reported
JUUL pods at a concentration of 5 mg/mL, though JUUL sells
pods at only 35 mg/mL (3%) or 59 mg/mL (5%) [23].

In addition, we found the lowest agreement for device brand
and model for participants who were using disposable devices
and the highest agreement for those using reusable devices with
disposable pods or cartridges. Despite finding the highest
agreement for device brand and model among users of reusable
devices with disposable pods or cartridges, agreement for liquid
flavor was lowest among these users. These differences may be
owing to low knowledge of these characteristics among users
of certain device types or inaccurate or incomplete information
about these characteristics on websites for certain device types.
The wide variation in agreement for nicotine formulation across
device types suggests a need for future research into how to
evaluate the nicotine formulation of a liquid and how to ensure
adequate labeling of nicotine formulation, so that participants’
self-reports can be more accurate. Given that the lowest
agreement was observed in users of disposable devices and
reusable devices with disposable pods or cartridges, it may be
that users of nonrefillable devices tend to be less informed about
the nicotine formulation of their liquid, possibly owing to poor
labeling or lack of concern about nicotine formulation. In
addition, these may be a result of challenges in finding accurate
information about nicotine formulation for disposable devices
and reusable devices with disposable pods or cartridges on
websites. Customized liquids presented a unique challenge in
assessing bottle size, with lower agreement than noncustomized
liquids. This is likely because of challenges in coding the photos
of customized liquids, as users sometimes refill bottles obtained
from previous purchases of brand-name liquids but may be
reporting the quantity of refill rather than the actual size of the
bottle. It is also possible that users of customized liquids have
submitted photos of a noncustomized liquid owing to concerns
that we will be unable to use data from an unlabeled customized
liquid bottle.

Krippendorff α varied from the percentage agreement for certain
variables, which is likely owing to differences in the prevalence
of certain characteristics [26,27]. For example, the prevalence
of reusable devices with disposable pods or cartridges in our
sample with device displays (24/1209, 1.99% for self-report;
2/1209, 0.17% for photo) was low; Krippendorff α can be
affected by extreme values of prevalence for a given measure
[26,27]. In addition, results of the ICC calculations were lower
than percentage agreement for nicotine concentration and bottle
size. As ICC also accounts for the magnitude of the differences
between values that disagree, this suggests that, when the

self-report and photo values for nicotine concentration and bottle
size disagree, the magnitude of the difference between the values
is relatively large.

Disagreement between self-reports and photos may also be
caused by inaccuracies in website data used to code photos
(information about device and liquid characteristics are
sometimes inconsistent across websites), user modifications of
devices in manners inconsistent with manufacturer intended
use of the product (eg, some consumers refill JUUL pods, which
are intended to be disposable [30], with other liquids) [31], or
submission of photos that are not a participant’s most used
device or liquid. These issues present unique challenges in
understanding e-cigarette device and liquid characteristics and
warrant future research into understanding the prevalence of
these issues and opportunities for potential solutions.

It is also important to note that the number of excluded values
differ between self-reports and photos. This is an important
consideration in deciding on an approach as missing values can
reduce the sample size or lead to a requirement for more
resources for recruitment to obtain a sufficient sample size.
When discounting self-reported values that were excluded owing
to the skip logic of the survey, self-reports have more usable
data for all variables except device model and nicotine
formulation. Values were excluded based on the skip logic in
our survey only to avoid asking unnecessary questions or
questions to which users are unlikely to provide reliable
responses. Users of disposable devices (119/1209, 9.84%) were
not asked about their device refillability, adjustable power,
presence of a device display, liquid brand, or liquid bottle size;
users of reusable devices with disposable pods or cartridges
(288/1209, 23.82%) were not asked about their liquid container
size; and users of customized liquids (294/1209, 24.32%) were
not asked the brand of their liquid. Although both self-reports
and photos may produce fairly accurate results for device model
and nicotine formulation, as indicated by the generally high
agreement for these variables, photos may ultimately be superior
to self-reports for device model and nicotine formulation
because they capture more usable data.

The results outlined in this study provide valuable information
about assessing several characteristics of e-cigarette devices
and liquids. The agreement between photos and self-reports was
substantial to very high for all variables included in this study
except nicotine concentration. In addition, photos may provide
more usable data for device model and nicotine formulation,
whereas self-reports may provide more usable data for the
remaining variables: device brand, device reusability, adjustable
power, device display, device refillability, liquid brand, liquid
flavor, nicotine concentration, and liquid bottle size (for users
of refillable devices). However, using both of these approaches
in tandem may allow for higher data quantity and quality, as
values missing from one approach can be supplemented using
the other (ie, values missing from photo data may be filled in
using data from self-reports and vice versa) and data can be
cross-checked between the 2 approaches.

Strengths and Limitations
The strengths of this study include the large sample size, which
allows for analyses of subgroups of participants such as users
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of various device types. In addition, participants were not aware
that they would be required to submit photos for the survey until
after the self-report questions had been answered. Therefore, it
is unlikely that the agreement data were affected as a result of
participants being more accurate in their self-report owing to
knowledge of the photo-uploading part of the study. However,
the reverse may not be true; it is possible that some participants
were more likely to upload photos of the device or liquid they
self-reported because they had already reported information
about the device or liquid.

Although the questions included in the survey were selected
from or based on previously validated questions (eg, PhenX
Toolkit) or established surveys (eg, Population Assessment of
Tobacco and Health and International Tobacco Control survey)
where possible, novel questions were created if a given
characteristic had not been previously assessed or validated (eg,
device reusability). In addition, the rigorous data review
procedures in this study (eg, eliminating participants with very
low knowledge of e-cigarette devices or liquids; photos from
the internet; or photos with a brand that did not match the
self-reported brand for JUUL, Voopoo, and Vaporesso and
requesting a utility bill for participants who failed an initial
identity authentication) may have resulted in a sample with a
larger proportion of highly conscientious participants, and thus,
higher agreement between self-reports and photos than we may
otherwise have seen. JUUL, Voopoo, and Vaporesso were
excluded from device brand analyses. As these were provided
in the question prompt for brand as examples, bots and other
invalid submissions frequently listed these as brand and
submitted photos of other devices. These submissions were
excluded from our analyses and, therefore, any valid
self-reported JUUL, Voopoo, and Vaporesso submissions would
be a match for photo brand. Therefore, the results for brand
calculations cannot be extended to include these 3 brands.
Results should be interpreted carefully with the understanding
that “I don’t know” or missing responses were excluded from
the percentage agreement, Krippendorff α, and ICC calculations;
therefore, the level of agreement found in this study applies
only to complete responses. Self-reported bottle size was
assessed only among users of refillable devices owing to
concerns that participants may not reliably report this
information; therefore, the results for this variable may not
extend to users of disposable devices or reusable devices with
disposable pods or cartridges. Owing to time and resource
constraints, our survey only included questions about and
provided a photo submission option for participants’ most used
device and liquid; it is possible that agreement between

self-report and photo data may vary when asking about users’
alternative devices and liquids. In addition, only 11
characteristics were included in the analyses; results cannot be
applied to other variables such as device wattage, voltage, or
resistance. The distribution of our sample with respect to gender
and race was similar to that of daily e-cigarette users in the
nationally representative Tobacco Use Supplement to the
Current Population Survey; however, participants in our study
were relatively young and had low income. It is possible that
participants from different backgrounds may report more or less
consistently between self-reports and photos. Totally, 89.99%
(1088/1209) of our sample used e-cigarettes on 7 days per week;
this may have selected for more knowledgeable e-cigarette
users. Percentage agreement may be lower in a population that
uses e-cigarettes less frequently as compared with this study.
As we decided not to establish a gold standard between
self-report and photo data, we cannot establish which method
yielded more accurate results. The time requirements for
collecting and processing data for each method also was not
considered in this study.

Conclusions
e-Cigarette device and liquid data from both self-reports and
user-submitted photos can present challenges. The high
agreement between self-reports and photos suggests that these
2 methods yield data of similar accuracy for several variables:
device brand, device model, device reusability, presence of
adjustable wattage, presence of a display, device refillability,
liquid brand, liquid flavor, and liquid bottle size. Self-reports
provided a higher quantity of data than photos for all these
variables except device model and nicotine formulation, for
which photos provided a higher quantity of data. Although
self-reports may be sufficient in certain studies and for specific
variables, using these 2 approaches in tandem presents an
opportunity to optimize the quality and quantity of data as it
allows data to be cross-checked between 2 sources and provides
an additional source when data are missing from one source.
Further research is needed to understand how to assess nicotine
concentration and other variables not included in these analyses
(eg, wattage and resistance), how consistently and accurately
the users of disposable devices and reusable devices with
disposable pods or cartridges report on their liquid bottle size,
the time and resource requirements for successful
implementation of each of these 2 approaches (ie, photos and
self-reports), and potential new innovative techniques for
assessing e-cigarette device and liquid characteristics (eg, video
recordings and daily e-cigarette use diaries).
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Abstract

Background: Sensors embedded in smartphones allow for the passive momentary quantification of people’s states in the context
of their daily lives in real time. Such data could be useful for alleviating the burden of ecological momentary assessments and
increasing utility in clinical assessments. Despite existing research on using passive sensor data to assess participants’
moment-to-moment states and activity levels, only limited research has investigated temporally linking sensor assessment and
self-reported assessment to further integrate the 2 methodologies.

Objective: We investigated whether sparse movement-related sensor data can be used to train machine learning models that
are able to infer states of individuals’ work-related rumination, fatigue, mood, arousal, life engagement, and sleep quality. Sensor
data were only collected while the participants filled out the questionnaires on their smartphones.

Methods: We trained personalized machine learning models on data from employees (N=158) who participated in a 3-week
ecological momentary assessment study.

Results: The results suggested that passive smartphone sensor data paired with personalized machine learning models can be

used to infer individuals’ self-reported states at later measurement occasions. The mean R2 was approximately 0.31 (SD 0.29),

and more than half of the participants (119/158, 75.3%) had an R2 of ≥0.18. Accuracy was only slightly attenuated compared
with earlier studies and ranged from 38.41% to 51.38%.

Conclusions: Personalized machine learning models and temporally linked passive sensing data have the capability to infer a
sizable proportion of variance in individuals’ daily self-reported states. Further research is needed to investigate factors that affect
the accuracy and reliability of the inference.

(J Med Internet Res 2022;24(4):e34015)   doi:10.2196/34015
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Introduction

Background
In mental health care, learning about the trajectories of a
patient’s psychological strain often requires repeated verbal
interactions. Interviewing the patient in person is not always
preferable because of the economic burden posed on clinicians
and patients alike. A substitute for these interviews are
questionnaires that patients answer in pen and paper diaries or
on their mobile devices. Although these methods allow for a
relatively cheap and fine-grained examination of the
participants’ condition, responding multiple times to the same
questionnaire can still be tiring and burdensome for patients,
leading to increased noncompliance. In the last decade,
biomarkers from mobile sensors have emerged as a promising
alternative to infer patients’ psychological conditions (eg,
depression severity). However, thus far, many of the proposed
methods incidentally collect plenty of unrelated private data,
require specialized apps on the patients’ devices, or depend on
the environment (eg, cell phone signal strength). Inferring a
patient’s condition from movement sensors commonly available
in smartphones and recorded only while participants fill out a
questionnaire could be an alternative that has not been explored
so far. Therefore, in this study, we investigated the predictive
capabilities of such sparse data collected during an unrelated
web-based study. Although this method initially relies on
questioning the patient via identical web-based questionnaires,
participant burden could be attenuated in the long run by rotating
questionnaire topics or omitting parts of the questionnaire.

Theoretical Background
In the last 40 years, our understanding of fluctuations and
trajectories of psychological characteristics has benefited greatly
from the adoption of ecological momentary assessment (EMA).
EMA studies typically focus on assessing a person’s state at a
set of moments throughout the day. This schedule is then
repeated over a number of days of interest (see Shiffman et al
[1] for a thorough introduction to the methodology). EMA
moves the assessment closer to the real-life occurrence of
relevant phenomena. For example, it allows for the recording
of mood states before medication is misused [2]. This
fine-grained assessment allows investigations to be conducted
on the interplay between variables in everyday life while
diminishing memory biases [3]. Using EMA across a
considerable length of time consequently allows an investigator
to inspect and monitor the course of an individual’s responses
without requiring direct interaction between the participant and
investigator. Consequently, EMA could be a fruitful tool in
researchers’ and practitioners’ toolsets as it can be used to
discover more about the moment-to-moment changes that are
taking place in a person’s condition. However, answering a
sizable number of questions several times a day over many days
can also be disruptive and time-consuming for EMA
participants. Therefore, concerns have been raised about whether
the burden it imposes on the individual may even undermine
the effort of collecting ecologically valid data [1,4].

Reducing burden in general is of fundamental concern for
research ethics [5] and, thus, in the long run, it is of concern for

patients and practitioners using frequently repeated interviews.
Participant attrition, which can be an outcome of burden, has
been highlighted as a major threat to validity in eHealth research
[6,7]. In the case of EMA methodology, increased burden has
also been linked to reduced data quantity and quality [8,9].
Reasons for the additional burden may vary from study to study,
but sampling frequency and number of items per prompt have
repeatedly been identified as relevant factors [9-13].
Consequently, a common strategy for reducing burden in EMA
studies is to shorten the questionnaire [9,14]. At the same time,
omitting items from a questionnaire can negatively affect the
reliability or validity of the measurement. This poses a dilemma
for using EMA to its full potential in research and clinical
application.

A way to overcome this limitation is to passively collect
behavioral data. With behavioral data, one could attempt to
infer participants’ states without requiring them to explicitly
report their symptoms. Smart devices, which can monitor their
users’ behavior in multiple ways [15], enable researchers to
gather, explore, and leverage such data. Today, many field
studies using EMA or comparable methodologies are already
using smartphones for assessment [13,16]. There have also been
several successful attempts to identify behavioral information
that indicates psychological characteristics, often termed digital
biomarkers or behavioral markers, which comprise the field of
personal sensing [17]. Scholarly articles on the exploration of
passively collected data range from inferring participants’ traits
from their smartphone use [18-20] to inferring momentary
expressions [21]. As the field is quite young, it still comprises
a variety of techniques, operationalizations, and outcomes and
requires more evidence regarding the effectiveness of
approaches and measurement validity (see Mohr et al [17] for
an overview pertaining to mental health). Focusing on the areas
of mental health and well-being, Yim et al [22] recently
reviewed studies that explicitly conducted personal sensing
alongside smartphone-based EMA or substituted passive sensing
for EMA in the context of major depression. Most studies
successfully identified participants with depressive symptoms
and inferred their stress levels or their levels of (negative)
emotion. Consequently, passive sensing appears to be a fruitful
option to overcome burden by passively collecting information
from participant biomarkers. At the same time, the studies
reviewed by Yim et al [22] showed considerable heterogeneity
in terms of the sensor data, how the data were collected, and
which methods were used to analyze the data.

Open Challenges for Alleviating the EMA Burden
With Personal Sensing
Many passive sensing approaches seem to work equally well
for inferring states related to mental health. However, the
heterogeneity in these approaches leaves unclear which
methodological choices should inform a reliable and applicable
approach that could alleviate burden in EMA surveys. For
example, Mohr et al [17] identified open challenges pertaining
to study quality, reproducibility, variability, uncertainty, and
privacy. This investigation addressed 3 of these major
challenges.
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First, passive sensing studies have shown a distinct lack of
agreement on the implemented validation strategies. At the same
time, choosing an inappropriate validation strategy for the
intended application threatens the validity of the inference. In
this vein, Saeb et al [23] investigated the cross-validation
scheme of 64 passive sensing studies that aimed to infer clinical
outcomes. They found that 45% of the studies used a
cross-validation that overestimated the capabilities of the
models. Hence, choosing a correct training and cross-validation
method is of special concern when data from passive sensing
will be used to infer unobserved characteristics of the
participants. One of the most popular methods in the studies
reviewed by Yim et al [22] and Saeb et al [23] is training and
cross-validating the models on a random subset of the entire
sample. However, Saeb et al [23] noted that personalized
models, in which an individual’s past relationships between
indicators and states are used to derive models that can infer
future states based on future indicator data, might be more
appropriate. The viability of such personalized models has only
been explored in a few studies related to EMA [24-26]. For
example, Asselbergs et al [24] collected the self-reported mood
of 27 participants at 5 time points each day over the course of
6 weeks. In addition, the authors unobtrusively logged
information about phone calls, SMS text messages, screen
activation, app use, and camera use. Asselbergs et al [24] used
these data to compute personalized models to infer each
participant’s mood using forward stepwise regression. Within
an error margin of 0.5 around the observed scores, the models
inferred between 55% and 76% of the responses on average.
However, the authors were not able to replicate the rate of 93%
that had been presented in an earlier study [27]. As previous
research has not explored which validation strategy can be
deemed most appropriate for the use case of substituting EMA
responses with collected sensor data, our study compared the
most common approaches of training and cross-validating
models across the entire sample to computing personalized
models for each individual. Furthermore, we contrasted the
performance of 2 popular machine learning algorithms that are
common in passive sensing studies.

A second challenge in determining an appropriate method to
alleviate EMA burden is the variety of available sensors and
other use data. This confronts researchers with countless degrees
of freedom in how features are computed and modeled [17].
Mixing sensors with distinct characteristics (eg, device
orientation and geolocation) might underestimate the importance
of one feature in favor of the other and, thus, lead to a biased
evaluation of the predictive capabilities of a sensor in a certain
setting. This mixing and matching of sensors may further lead
to an unwanted interdependence of sensor readings and person
and environmental characteristics [17]. Cell phone or Wi-Fi
signal strength might not be the same indicator between a city
and a rural area, and battery capacity as an indicator might be
confounded with participants’ choice of smartphone.
Furthermore, Bähr et al [28] raised concerns about several
quality issues related to geolocation data. Unfortunately,
geolocation data have been a favorite for inferring depressive
symptoms. Underestimating the external factors influencing
these data may lead to failed replication when transitioning from
small-scale validation studies to studies with larger and more

diverse samples. For example, Saeb et al [29] were able to train
classifiers to infer the participants’ (N=208) semantic location
(eg, at home, at friends’ place, or at a restaurant) from sensor
data but then could not find a substantial connection to
self-reported depressive symptoms. Besides the possibility that
there may be no such connection, the authors partially attributed
this discrepancy from previous literature to sampling from the
broader American population instead of relying on samples that
had been restricted to a single location (eg, available students).
Such interdependencies between sample and sensor readings
must be considered when choosing sensors that may be capable
of being substituted for or used to complement self-reported
data in a wide variety of studies. To avoid such issues, one could
also restrict the investigation to a set of sensors that are for the
most part independent from environmental interference.
Therefore, in this investigation, we chose data from sensors that
detect device movement, which are common in smart devices.

A third challenge in substituting EMA responses with sensor
data is that the chosen method must not coincidentally inflict
burden in any other way. Most studies investigating mobile
sensing have collected and combined considerable quantities
of data from various sensors throughout the day. This leads to
significant requirements regarding storage and processing
capabilities on the side of the investigators and might inflict
considerable battery drain and unresponsiveness on the
participant’s device [30]. Furthermore, collecting large quantities
of sensor data may encompass information that is inherently
personally identifiable (eg, names of other connected devices)
or that is able to reveal sensitive details about a person (eg,
geolocation) [30]. This level of detail is not necessarily needed
to infer a mental state. For example, a feature Saeb et al [31]
used to infer depression was the distance covered by
participants, not the participants’ actual geolocations. However,
once data with such detail and semantic information have been
collected for a person, the data can be used to reconstruct a large
portion of the person’s daily habits without the need for
elaborate analysis methods [32]. At the same time, practitioners
and participants might overestimate the informational security
of software [33]. Participants might further dismiss privacy
concerns about activity data as part of a boundary management
strategy [34,35]. If the requirements for a certain health
condition or the study incentives outweigh their concerns,
participants might agree to data collection that they would not
have consented to under other circumstances. Therefore, modern
methods should strive to maximize participant privacy at a
technical level. Ideally, data collection methods will ensure this
data sparsity without sacrificing predictive performance or
potential treatment efficacy [36,37]. Therefore, in our
investigation, we chose to restrict the data collection to the times
when participants were responding to their EMA questionnaires.

This Study: Concurrent Sensing

Our approach for tackling the aforementioned challenges
involved restricting sensor dependencies and narrowing
measurement time to a required minimum. Even with such
sparse data, personalized models could be fit to a participant’s
peculiarities within a relatively short amount of time and
accurately infer future self-reports only from future sensor data.
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We chose 2 sensors that are widespread in smartphones: the
acceleration and orientation sensors [38]. These 2 sensors track
how participants move and rotate their devices. As sensor
readings are device-centric, they are mostly independent of
environmental factors such as signal strength. Although
accelerometers and gyroscopes are part of the sensor ensemble
of many studies, it is rather uncommon for them to be used as
the sole source for studies pertaining to EMA. Nevertheless,
previous research has demonstrated that they can be suitable
for detecting participants’ conditions. For example, wireless
accelerometers have been used in medical applications to
monitor Parkinson disease [39]. Data from acceleration and
orientation sensors have also allowed researchers to infer
participants’ emotions [40,41]. Furthermore, Kern et al [42]
showed that the accelerometer data recorded alongside the
survey provided information about survey completion conditions
(eg, whether a participant moved while taking the survey).
Well-being has also historically been linked to posture [43]. In
this regard, Kuhlmann et al [44] explored the possibility of
inferring momentary subjective well-being from smartphone
tilt in a recent preprint and were at least partially successful.
Many more studies have shown that movement-related data can
be used to infer information about the device holder, from
location to personality traits, thus underscoring the predictive
capabilities of such data. Summarizing several of these studies,
Kröger et al [45] recently even voiced privacy concerns about
the accelerometer. Consequently, also for these 2 sensors, there
is a need for solutions that allow sensor data to be collected
more sparsely while retaining meaningful predictive capabilities.

A solution to this problem is to collect data from sensors only
while participants fill out the EMA questionnaire. Data collected
in this way are usually referred to as the paradata of the survey.
According to Kreuter [46], paradata are behavioral by-products
of computer-assisted data collection that are often neglected in
studies. In the past, they have primarily been used to reduce
survey error within the total survey error framework [47]; for
example, by uncovering participants’ insecurity while
responding to particular survey items [48]. In the same manner
that paradata can be collected from web surveys, it is possible
to record sensor readings directly from participants’ web
browsers without relying on additional applications. Such data
are naturally restricted to the moments when participants interact
with the survey. In this way, readings between time points
always correspond to a similar task and are therefore somewhat
standardized. This implicit standardization could be helpful for
reducing heterogeneity in the data. While completing the survey,
participants inevitably move their phones in a particular way.
Thus, it is likely that sensor data collected from moment to
moment also hold a relevant amount of information that is
usually covered up by continuously recorded data. Fluctuations
between time points may be more informative than features
extracted from sensor readings throughout the day. For example,
the change in mean acceleration along a spatial axis while
completing the questionnaire might be indicative of increased
arousal during that particular measurement period. This subtle
information might be discarded in comparison with stronger
signals such as acceleration from walking during the entire day.

In our study, we explored such sensor paradata as a solution for
alleviating burden in EMA methodology. We collected sensor
readings from the accelerometer and gyroscope alongside an
unrelated EMA study. Participants in this study were 158
employees who were recruited to report on factors pertaining
to their work-related stress and after-work detachment 6 days
a week for 3 weeks. We then used those data to train machine
learning models on the first 13 mornings of the data collection
period to infer all of a participant’s self-reported states on the
last 5 mornings based on the sensor data from these days.
Furthermore, this study contrasted personalized models with
between-participant models for the purpose of inferring states.
Personalized (or idiographically weighted) models have already
been demonstrated to be feasible solutions [23-26]. However,
there is no evidence about whether between-participant machine
learning models might not also be a feasible or better solution
when using movement sensor paradata. Finally, we inspected
the results of the algorithms regarding commonalities between
personalized models that may lead to a comprehensible
interpretation of how characteristics of movement are related
to successful inferences. Taken together, this study aimed to
answer the following open questions pertaining to substituting
privacy-friendly personal sensing for EMA responses: (1) Can
future self-reported states be accurately inferred from sparse
accelerometer and gyroscope paradata by models trained on
past data? (2) Do between-person and personalized models
perform differently when inferring such self-reports? (3) Are
there sensor features that are particularly suitable for inferring
states?

Methods

Recruitment
The data for this investigation were collected as part of a
research project by Reis and Prestele [49]. In this project, 158
employees from different professions voluntarily participated
in an experience sampling assessment for 3 weeks. The mean
age of the sample was 41.6 (SD 10.9) years, and 67.1%
(106/158) of the participants were women. Most of the
participants (125/158, 79.1%) worked >36 hours per week. The
participants were further incentivized to complete ≥50% of the
measurement points with a compensation of €30 (US $34.13)
or the opportunity to access 3 weeks of web-based mindfulness
stress reduction training subsequent to the end of the study.

Data Collection and Procedure
After providing informed consent and completing an intake
survey, the participants began the experience sampling
procedure. For each workday during the 3 weeks, the
participants were prompted in the morning, directly after work,
and in the evening to fill out a short questionnaire. On Saturdays,
they were asked to fill out only the morning questionnaire. The
content of the questionnaire varied throughout the day. Further
information about the research project by Reis and Prestele [49]
is provided in the publication and in the corresponding
repository.

Owing to the time-varying nature of the study’s measurement
points, we had to choose a subset of constructs that we would
try to infer from the sensor data. We decided to omit constructs
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that were exclusively related to the participants’ judgments of
their workplace experiences. The remaining constructs were
sleep quality, life engagement, work-related rumination, fatigue,
and mood (with 2 subscales). Fatigue and mood were assessed
at each measurement occasion, whereas the other 3 constructs
were only assessed in the morning. Using all measurement
occasions for those 2 predictors would have made them
incomparable with the other 3 constructs because of a much
larger data corpus (48 instead of 18 measurements) and would
have required the inference of mixed trajectories (from morning
to evening and from day to day instead of from day to day only).
Consequently, we decided to also restrict our mood and fatigue
subsample to the morning measurement occasions. This resulted
in 18 measurements for mood, fatigue, and sleep quality and
15 measurements for the remaining outcomes as those were not
asked about on Mondays. Although all constructs were intended
to be predictors, mediators, or outcomes for the model in the
initial study, this paper refers to all of them as predicted
outcomes of the sensor-related models in this study.

Sensor data were acquired by assessing the JavaScript device
orientation application programming interface of the web
browser at 2 Hz while the participants filled out the

questionnaire, which provided data for the acceleration of the
device on 3 axes and the tilting of the device at 3 angles.
Although the questionnaires could be completed on a website
on any computer, the participants were encouraged to use
smartphones, and the questionnaires were optimized for
presentation on smaller screens. Most participants complied
with this recommendation, resulting in 1995 processable sensor
streams out of 2204 measurements, already excluding missing
or irregular data (eg, streams with an SD of 0, indicating
measurement failure). Overall, adherence in this subsample was
comparable between measurement occasions (Figure 1), with
a visible decline over the course of the assessment. Nevertheless,
the participants completed 15 out of 18 surveys on average
(mean 15.11, SD 4.06). On all measurement occasions, between
65% and 75% of the questionnaires were completed, which is
on par with previous EMA studies [13]. Over the course of the
assessment, there was a noticeable decline in compliance
common to EMA studies [9]. The start of the study and
Saturdays appeared to be the least favored days by the
participants. Consequently, we concluded that compliance in
our sample was comparable with that reported in earlier EMA
studies.

Figure 1. Number of questionnaires completed during the 3 weeks of assessment. Adherence varied throughout the weeks, with a declining trend
toward the end of the assessment.

Measures

Overview
As the sensor paradata for this study were collected alongside
an EMA study, we were restricted to scales that the authors had
chosen for investigating their hypotheses. All the self-reported
measures have been validated and are commonly used in
occupational health psychology. For further information

regarding the underlying research project, please refer to the
article by Reis and Prestele [49].

Fatigue
Momentary fatigue was measured on a 5-point rating scale
ranging from 1 (not at all) to 5 (extremely) using a subset of 4
items from the Profiles of Mood State [50].
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Mood and Arousal
Mood and arousal were assessed on 6 bipolar adjective pairs of
the Multidimensional Mood State Questionnaire
(Mehrdimensionaler Befindlichkeitsfragebogen) [51]. The
participants expressed their momentary mood on a 6-point scale
regarding good mood (feeling well, good, satisfied, or happy)
and tense arousal (feeling tense or restless).

Life Engagement
Life engagement was measured using the Utrecht General
Engagement Scale–3 [52], a shortened version of the Utrecht
General Engagement Scale [53], which is a generalized version
of the Utrecht Work Engagement Scale [54,55], which inquires
about vigor, dedication, and absorption with a single item per
dimension. The participants were asked to report the levels of
life engagement they had experienced the previous evening on
a 5-point rating scale ranging from 1 (not at all) to 5 (extremely).

Rumination
Work-related rumination was assessed with a selection from
the items by Flaxman et al [56] (I worried about things I need
to do at work, I worried about how I would deal with a work
task or issue, and my thoughts kept returning to a stressful
situation at work) that were adapted for state use from the
perseverative cognition scale [57]. The participants reported
the levels of rumination they had experienced the previous
evening on a 5-point rating scale ranging from 1 (not at all) to
5 (extremely).

Sleep Quality
The sleep quality of the previous night was assessed using the
sleep quality subscale of the Standardized Sleep Inventory [58].
The participants rated three adjectives (good, undisturbed, and
ample) on a 5-point agreement scale ranging from 1 (not at all)
to 5 (very much).

Extracted Features
To extract features based on the sensor data [17], we followed
the recommendations of Hoogendoorn and Funk [59], who
proposed that information should be aggregated within
participants by computing descriptives such as central tendency,
range, and variability. These recommendations were targeted
toward working with self-tracking data from wearable activity
trackers, thus resembling our approach of recording part of the
participants’movements while they filled out the questionnaires.
For each measurement occasion, we computed the mean, the
maximum of the absolute readings, the SD, the root mean square
of successive differences, and the SD of successive differences
across all measurements. In addition, we computed
autocorrelations and partial autocorrelations up to a lag of 15.
In our case, autocorrelation features imply that the device was
moved or rotated similarly in a periodic manner (eg, a lag-6
autocorrelation on the z-axis would imply that the smartphone
was similarly accelerated along the z-axis every 3 seconds). We
also extracted the 2 highest-power frequencies from a Fourier
analysis as an additional feature of periodicity in the data.

Statistical Analysis
To investigate relationships between sensor data and outcomes,
the sensor streams were arranged to follow the order of the
scales during the morning assessment, thereby constructing a
continuous sensor stream across all pages of the questionnaire.
We then extracted features from each stream for every
measurement occasion, and these features served as predictor
variables for the later models. The median length of a sensor
recording period across participants and measurement occasions
was 68.00 seconds (5th percentile=35.00 seconds; 95th
percentile=171.00 seconds) if the measurement occasion
included life engagement and rumination and 45.00 seconds
(5th percentile=21.20 seconds; 95th percentile=107.00 seconds)
on days where only fatigue, mood, and arousal were assessed.
Next, we split the data into a training set and a testing set
following a 70%/30% testing scheme along the timeline of the
assessment, resulting in 1455 (mood, fatigue, and sleep) or 1119
(rumination and life engagement) cases in the training set and
543 cases in the testing set. Consequently, we used our models
to infer the last 5 mornings of week 3 from learning the
participants’ idiosyncrasies on all previous mornings of the
assessment. The final data set consisted of 230 variables (ie, 6
outcomes and 224 predictors), which we analyzed with 2
different machine learning algorithms using the caret package
in R (R Foundation for Statistical Computing) with a separate
model for each outcome. After analyzing the complete data set,
individual models were computed for each participant. We then
looked into relationships between self-report characteristics and
feature performance that could have determined the predictive
capabilities of the models.

We evaluated model performance by inspecting the R2 values
of the resulting models that inferred the participants’ states using
values in the testing set. In this way, we could assess how well
the inferred data points recreated the observed data. For
comparability with earlier studies, we further computed the
accuracy criterion by LiKamWa et al [27] and Asselbergs et al
[24] for the personalized models, allowing for an error margin
of 0.5 around the observed value to classify the inferred value
as either correct or incorrect. Finally, we explored the
relationship between the sensor features and outcomes by
clustering feature importance over all outcomes by means of a
latent profile analysis (LPA).

Machine Learning Algorithms
To analyze the sensor features, we chose 2 algorithms suitable
for supervised learning that have been found to be reliable for
different problems: random forest [60] and a penalized general
linear model (GLM) [61]. Random forests make use of decision
trees, whereas the penalized GLM uses regularization to fit a
linear model to the data. The implementations that we chose in
R were ranger (random forests) and glmnet (least absolute
shrinkage and selection operator and elastic net regularized
GLM). All algorithms were trained with their default values in
the caret package and a 10-fold cross-validation of the training
set.
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Ethics Approval
The study received ethics approval from the Ethics Committee
of the Department of Psychology of the University of
Koblenz-Landau (145_2018). Informed consent was obtained
from all individual participants.

Results

Model Performance
Initially, we explored the models’capabilities to infer outcomes
in the complete training sample from the set of 224 predictors.

The models included the features as well as the unique
participant identifier (ie, a character string corresponding to the
respective case) and the measurement occasion identifier (ie,
an integer corresponding to the place of the measurement within
the study) to provide the algorithms with information about the
relationship of the repeated measurements. These results
resemble a common approach in personal sensing in which a
fraction of the entire data set is used to train the models. The
results for all models and outcomes are shown in Table 1.

Table 1. R2 and the root mean square error (RMSE) for all models and outcomes using the full feature set.

Penalized GLMaRandom forestOutcome

RMSER2RMSER2

Training sample

0.850.19 b0.870.16Sleep quality

0.800.280.850.21Fatigue

0.820.330.880.25Good mood

1.010.371.130.24Tense arousal

0.990.221.030.14Life engagement

0.930.391.050.24Rumination

Testing sample

0.900.160.920.12Sleep quality

0.890.290.940.21Fatigue

0.890.350.940.28Good mood

1.070.321.140.23Tense arousal

1.170.251.210.21Life engagement

0.980.401.060.31Rumination

aGLM: general linear model.
bItalics indicate the highest R2 values for each outcome.

In the training sample, the penalized GLM performed best on
all outcome measures. In the testing sample, the penalized GLM
again performed the best followed by the random forest model.

Inspecting the most impactful predictors revealed that each
model chose one or more unique participant identifiers as their
primary source of information. Given that the rating scales
restricted the participants’ answers to ranging between 1 and 5,
we concluded that the models might have identified prototypical
participant trajectories that were able to represent a larger
proportion of the sample. Considering these results, it was
unclear whether the sensor data would provide any meaningful
information about the participants’ states on their own when
the models were trained on between-participant data. Therefore,
we continued the analysis by splitting the predictor set into the
sensor data and the participant identifier.

Omitting the participant identifier resulted in a reduction in the

predictive performance of both models. The R2 values for the
random forests ranged from 0.01 (rumination and life
engagement) to 0.05 (good mood) in the training sample and

was approximately 0.01 in the testing sample for all outcomes.

The R2 values for the penalized GLM ranged from 0.01 (sleep
quality and rumination) to 0.03 (good mood and tense arousal)
in the training sample and ranged from <0.01 (life engagement
and rumination) to 0.01 (all other outcomes) in the testing
sample.

Inspecting the importance of the predictors for the models using
only the identifiers showed that the random forests and the
penalized GLM chose the same participant identifiers to infer
the outcomes except for tense arousal, which both models still
inferred equally well. Such similarities were not found in the
models without the person identifier.

On the basis of these results, it appeared that the sensor data
obtained from the questionnaire were not suitable for training
models that could replace self-reports.

Personalized Models
After analyzing the data for the complete sample, we continued
to train the models on the individual trajectory of each
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participant. Model performance was then evaluated by inferring
the same participant’s responses on the last 5 mornings. We
trained a total of 948 possible models for each algorithm. With
the missing data now weighted against each individual model,
302 models could not be computed using random forests (sleep
quality: 46/302, 15.2%; fatigue: 41/302, 13.6%; good mood:
48/302, 15.9%; tense arousal: 57/302, 18.9%; life engagement:
52/302, 17.2%; rumination: 58/302, 19.2%). Another 283
models could not be computed for the penalized GLM (sleep
quality: 43/283, 15.2%; fatigue: 40/283, 14.1%; good mood:
44/283, 15.5%; tense arousal: 54/283, 19.1%; life engagement:
48/283, 17%; rumination: 54/283, 19.1%). Most (208/302,
75.5%) of the missing models were related to the same 38
participants with very low compliance in the morning
questionnaire.

For all outcomes, the R2 values archived in the testing sample
ranged from 0 to 1 for the random forests and penalized GLMs.
For 75.3% (119/158) of the participants, the models showed an

R2 value of ≥0.18. The descriptive statistics for the R2

distributions are presented in Table 2. Furthermore, we
computed the accuracy criterion used in earlier studies [24,27].
The mean accuracy of the random forest models ranged from
41.37% (SD 30.86%) for life engagement to 51.38% (SD
32.05%) for good mood (sleep quality: mean 46.4%, SD 31.5%;
fatigue: mean 42.4%, SD 29.29%; tense arousal: mean 41.88%,
SD 29.62%; rumination: mean 45.06%, SD 33.78%). The mean
accuracy for the penalized GLM ranged from 38.41% (SD
29.18%) for rumination to 48.19% (SD 31.48%) for good mood
(sleep quality: mean 42.03%, SD 31.46%; fatigue: mean 43.92%,
SD 29.87%; tense arousal: mean 41.19%, SD 28.58%; life
engagement: mean 40.08%, SD 27.42%). On average, between
38.41% and 51.38% of the participants’ answers on the last 5
measurement occasions could be inferred from models trained
on the individual sensor paradata of the first 13 measurements.
Relating the accuracy to the mean compliance of participants
during the last 5 mornings (mean 4.44, SD 0.82), this means
that the models correctly inferred between 1.71 and 2.28 answers
on average.

Table 2. Descriptive statistics for the distributions of R2 values achieved on the testing set. Except for the tense arousal outcome, the penalized general
linear model (GLM) performed better at inferring the last 5 mornings.

100th percentile75th percentile50th percentile25th percentilePercentile 0Values, mean (SD)Outcome

Random forest

10.440.180.0300.27 (0.28)Sleep quality

10.540.210.0500.32 (0.32)Fatigue

10.430.20.0500.28 (0.28)Good mood

10.520.30.100.34 (0.28)Tense arousal

0.990.490.20.0400.3 (0.3)Life engagement

10.410.160.0300.27 (0.29)Rumination

Penalized GLM

10.630.260.0500.35 (0.33)Sleep quality

10.470.210.0500.28 (0.27)Fatigue

10.510.210.0700.3 (0.28)Good mood

10.590.260.0700.34 (0.3)Tense arousal

10.50.260.0700.33 (0.29)Life engagement

10.480.180.0700.31 (0.31)Rumination

Further Analyses Regarding Features and
Performance
To analyze the importance of the features, we summed the
feature importance of all the individual models for each
outcome. The algorithms predominantly used autocorrelations
and partial autocorrelations from both sensors. Both algorithms
tended to harness the higher-order autocorrelations, representing
a correlation of values between 2 and 5 seconds rather than the
lag-1 or lag-2 autocorrelations. The same held true for the partial
autocorrelations. For the penalized GLM, the set of important
features was complemented by the mean acceleration along the
y-axis (vertical movement) for good mood, tense arousal, and
rumination. In addition, the mean acceleration along the x-axis
(horizontal movement) appeared to be important for inferring

tense arousal. The random forest models used the measurement
occasion to infer fatigue, tense arousal, and rumination. The
algorithm also used the maximum acceleration along the y-axis,
the maximum rotation around α (turning the phone to landscape
mode), and the root mean square of successive differences of
the rotation around α to infer good mood. It also used the SD
of the acceleration along the z-axis (moving the phone back and
forth) to infer life engagement. None of the algorithms showed
a pattern that could be interpreted point-blank in terms of posture
or exerted force.

We attempted to identify further similarities between the models
by clustering the predictors based on their importance across
all outcomes. To determine an empirical number of clusters,
we conducted an LPA using the mclust package in R [62].
Inspecting the progression of the Bayesian information criterion
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(BIC) and the integrated completed likelihood for the random
forests, both clustering algorithms favored a 1-cluster solution
(BICEEI=−3828.916; integrated completed
likelihoodEEI=−3828.916) regardless of the cluster
parameterization [62]. We explored this further by testing the
preferred solution of equally sized and distributed clusters (EII
parameterization) with a bootstrap likelihood ratio test, testing
successive cluster solutions for an improvement in model fit.
This analysis also pointed toward a single-cluster solution
(likelihood ratio test statistic1 vs 2=7.98; P=.54).

Contrary to the LPA for the random forests, the results for the
penalized GLMs indicated a solution with multiple clusters.
The BIC peaked between a solution with 5 and 7 clusters, with
5 clusters that were variable in size and rotation (VVE
parameterized) as the favored outcome. However, the cluster
solutions found for the penalized GLM aggregated the features
into clusters of similar performance across all models instead
of clusters targeted at individual outcomes. The cluster

containing the features with the highest importance contained
the most features (n=86) and, therefore, provided no advantage
over the unclustered importance sums.

Furthermore, we explored the relationships between the
variability in the outcomes and model performance. All of the
following correlations are Holm-corrected [63] for multiple
comparisons. Correlation analyses (2-sided) between the square

root–transformed individual models’ R2 results and the
log-transformed variability of the self-report measures revealed
no meaningful results for either algorithm. This was true for all
outcomes as well as for the correlation between performance
and variability within 3 weeks or only within the last week. The
relationships between the (untransformed) model performance
and the 3-week variance are depicted in Figure 2. Next, we

included only results with R2≥0.01 in the analysis to explore
whether more or less variability in the outcomes was correlated
with models that explained ≥1% of the variance. This analysis
also revealed no meaningful relationships.

Figure 2. Scatterplots exploring the relationships between the variability of the outcomes across 3 weeks and the performance of the individual random
forest models. Although some trends were depicted in the plot, we found no substantial correlations between variability and model performance.

We similarly analyzed the relationships between the
questionnaires completed in the first 2 weeks and model
performance. As we were not able to correct the skewed
distribution of the compliance variable (most participants were
very compliant), we calculated a 2-sided percentage bend
correlation [64] as a nonparametric alternative to the Pearson
correlation coefficient. This resulted in a negative relationship
between compliance and model performance for the good mood
outcome (rpercentage bend(99)=−0.32; P=.02).

Finally, we visually inspected the outcome trajectories as well
as the distributions of the sensor feature values between the
25% best-performing models and the 25% worst-performing
models. Both visual analyses revealed no evident differences
between the best- and worst-performing models.

Discussion

Principal Findings
This study examined the utility of sensor paradata that were
passively collected while participants filled out EMA
questionnaires to infer participants’ future self-reported mental
states. Our results suggested that the sparse data collected only
from movement-related sensors allowed us to infer participants’
self-reports on several outcomes related to mental well-being
to some degree. For half of the participants, our models already
performed well on all 6 outcomes. Using the accuracy criterion
by Asselbergs et al [24], the mood-related personalized models
in this study were able to replicate the lower boundary of
previous work. Given that our models relied only on sparse data
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from the 2 movement-related sensors, this result is quite
remarkable. This was even more remarkable given that the
sample in our study was 5 times the size and consisted of a
rather heterogeneous group of employees. This gives us
confidence that further development in this area will refine the
assessment to a point where passive sensing can actually replace
self-reports.

Another result of our exploration was that our approach did not
appear to be suitable for predictions trained on data from all
participants, but it was suitable for modeling the states of the
participants idiographically. The models resulting from training
on the complete data set relied on the peculiarities of
interindividual responses and started treating individual
participant identifiers as the major source of information. Given
the restricted ranges of Likert-type rating scales, deriving
prototypes is a perfectly reasonable approach for capturing a
good portion of the common variance between people, which
could heuristically explain the results of the algorithms.
Consequently, the models based on participant identifiers also
worked, but the information from passive data had little to no
impact on the final models. Another explanation could be that
random variation between participants (eg, sensor readings that
differed by device [44,65]) might have concealed relevant
variance. This supports the point of Saeb et al [23] that models
focusing on inferring future data from the same source should
use personalized models. Consequently, we also advise future
studies to clearly determine and disclose whether their goal is
to classify participants or to infer participants’ future states with
the trained models when choosing on which part of the data
models should be trained and tested. As predicting the
commonalities of a sample might most likely not be the goal of
all studies using passive data and EMA, we suggest that the
default of training between-participant models should be treated
with caution when inferring participant mental states from sensor
data instead of classifying passive data patterns. However, as
demonstrated by Jacobson and Chung [25], such models can
most likely be used to inform personalized models.

A final question we investigated was whether the working
models could be traced back to a pattern of successful predictors
that would be indicative of a certain outcome. In the related
analyses, we found that, despite finding that the algorithms
performed similarly, they treated the data differently. This was
not too surprising as random forests rely on subsets based on
chance and pick up on nonlinear relationships, whereas
penalized GLMs rely on the complete data. For the random
forest models, the LPA suggested a 1-cluster solution regarding
the importance of features, but the LPA of the penalized GLMs
showed no such classification tendencies. Instead, the analysis
clustered indicators according to their impact with respect to
all outcomes. Although both outcomes are semantically
appealing, we would recommend that any interpretation be
adapted with caution in future research on the relationships
between sensor readings and psychometric outcomes.

We also did not find any intuitive relationships between model
performance and the variability of the outcome data, participant
compliance, the trajectory of the outcomes, or the distribution
of the feature values. Although a singular negative relationship
between the collected data and the model performance appeared

to be significant, we assume this to be purely by chance despite
the applied correction. As we asked about both mood subscales
on the same questionnaire page, discovering an effect for only
1 subscale points to the difference in failed models between the
2 outcomes rather than a true correlation with compliance.
Consequently, we would not expect to find this association
between compliance and model performance in future studies.

Potential Applications
We presented evidence that sparse movement sensor data
collected in a privacy-friendly manner contain valuable
information about the participant’s psychological state.
However, so far it has not become explicit how these data might
be used to significantly alleviate participant burden in EMA
studies. At the moment, we envision 2 approaches that may
foster participants’ compliance.

First, researchers might be able to omit arbitrary questionnaires
after the training period. Reducing the length of the assessment
comes with direct benefits for experienced burden and
participant compliance [9]. Researchers would start with all
relevant questionnaires in the survey and attempt to train
personalized models on the relationship between sensor paradata
features and scale values. Once those models are successfully
established for the required number of participants and
constructs, researchers could then omit arbitrary questionnaires
from the survey and infer these missing responses by means of
the trained models and the sensor paradata from the remaining
questionnaires.

Second, researchers might be able to change the content of the
survey during the assessment without compromising the
completeness of the data set. Researchers would start with a
subset of the relevant questionnaires. After training the
personalized models on these data, one or more questionnaires
could be replaced with other questionnaires. The trained models
could then be used to infer the now unobserved constructs.
Furthermore, if personalized models are trained on the added
constructs, the resulting models could be used to infer the
previously unobserved constructs. In this way, longer
assessments could be shortened significantly to reduce the initial
burden. Participants may also find the assessment less
burdensome because of the regularly refreshed novelty.

The latter technique shares similarities with planned missingness
designs [66] where certain items of a scale are randomized
between participants. However, in contrast to planned
missingness, the missing data are not inferred based on the entire
sample’s answering behavior but through the biomarker
provided by the individual participant. Given that further
research can improve the accuracy of our method to the rates
presented by LiKamWa et al [27], rotating questionnaires
flanked by biomarkers might provide data with higher
intrapersonal validity than planned missingness designs.

Both methods will still require an initial period to gather enough
data to train the personalized models. In addition, we also
assume that participants will be required to fill out
questionnaires of a similar format after the training period, thus
adhering to a semistandardized procedure. Other activities that
might be enjoyable for the participants (eg, playing games) but
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require more physical activity might considerably affect the
validity of the computed sensor features. However, these
boundaries of applicability are subject to further systematic
research as well as questions about the quantity of viable
omissions and substitutions, the length of the required training
period, and whether nonrectangular questionnaire formats (eg,
slider bars and swipe choice) are suitable for training the
personalized models.

Limitations and Future Directions
One of the strongest points of this study is that we were able to
demonstrate that models trained on paradata that can be collected
while participants fill out a survey can be used to infer
self-reported states over time. As demonstrated, this can be done
completely unobtrusively alongside an already existing research
project without a dedicated study setting focused on the
exploration of passive data or special laboratory hardware.
However, as this study is still exploratory, we want to emphasize
some limitations that come with the degrees of freedom that the
researchers will use when conducting research on passive data.
As outlined in our theoretical introduction, changing the
parameters may lead to different results in future examinations
on the topic.

First, choosing the same resolution for the sensors (2 Hz) might
be crucial for replicating our results. Smartphone sensors of
movement values are usually able to report up to approximately
100 readings per second (100 Hz). Choosing a frequency that
is appropriate for the task is an important part of analyzing
sensor data [65]. In our study, these rather conservative values
were chosen based on three deliberations targeting the
applicability of the methods presented in this study:

• Sensor output should remain manageable by statistical
software that is typically used in the social sciences. Sensor
readings become big data very quickly, where traditional
data analytic methods might still suffice, but data have to
be handled via external databases. Data preparation then
requires experience with software and programming that
is not part of many medical or social science curricula. For
comparison, the low-resolution sensor readings in this study
already added up to approximately 7.5 million data points.

• Sensor data collection should be applicable to many
different survey frameworks without the need for
proprietary software. This perspective does not comprise
the technical implementation regarding the application
programming interface, which will be the same for all
frameworks; rather, it is concerned with the space required
to save the sensor streams. For example, in this study, we
used the method of temporarily collecting the data per
survey page in a long string of text in the web browser’s
memory and then saved it to the survey’s database. Some
survey frameworks might be limited even further when
storing large chunks of text to a study variable.

• Sensor data collection should not interfere with the main
questionnaire or device use. Collecting large chunks of data
in the web browser’s memory may slow down the
experience of using the questionnaire when older
smartphones are used. As the training of the sensor models
still relies on the self-reported outcomes, unnecessary

dropout owing to inconvenience when completing the
questionnaire should be avoided. In settings where dedicated
apps are used, the sampling frequency could easily be
increased.

Regarding the overall variation in the performance of the
individual models, retrospectively, it would have been preferable
to collect data on the specific devices that might have indicated
some issues related to a family of devices or an operating
system. Therefore, we recommend that future studies should at
least record basic parameters such as screen resolution and the
web browser that was used to rule out some device-specific
issues.

Sensor data are also subject to the same black box problem that
is immanent in any study in which experimenters and
participants rarely meet each other. We do not know exactly
what the participants were doing or experiencing while filling
out the questionnaire. Consequently, a very poor-performing
model might simply originate from a participant’s irregular
behavior when filling out the questionnaire. However, contrary
to the same issues with self-report data, combining sensors with
pretrained classification algorithms might be fruitful for
determining participants’ activity levels for each measurement
and informing the models beyond the aggregated features
[25,42].

Finally, although we were able to validate our method for a
variety of psychological constructs, it is unclear whether this
transitions to all possible time frames and topics. As
demonstrated in our analyses, models will not learn when there
are not sufficient data. This might limit the implementation of
this personalized approach to studies that comprise contexts
with at least 10 to 20 measurement points. Our study was also
unable to answer questions about the underlying processes that
determine a good model or features responsible for being a good
marker regarding the outcomes we investigated. Consequently,
the process between features and mental state itself remains
largely unexplored. As we demonstrated in this study that data
can be acquired almost effortlessly, we encourage future studies
to examine and define the connections between the mind and
the behavior we can record concurrently with the self-report.

Conclusions
In our study, we demonstrated that a few unobtrusively collected
movement sensor data are a capable foundation to train models
that are able to infer a range of psychological constructs with
sizable effects [67]. This study contributes to previous research
by inspecting differences between models trained on
between-person variance and personalized models. Our study
showed that validating such models by inferring participants’
states in an independent data set can prove to be a fruitful
approach. This applies even when relying on a privacy-friendly
small amount of data that were only collected during
measurement occasions of the self-report data collection. Finally,
we expanded on previous work on combining personalized
models with sensor data in the EMA context using a large and
diverse sample. Despite basing our models only on
movement-related sensors, we were able to replicate a
comparable degree of accuracy. This worked best for outcomes
that have already been demonstrated to work well in the

J Med Internet Res 2022 | vol. 24 | iss. 4 |e34015 | p.605https://www.jmir.org/2022/4/e34015
(page number not for citation purposes)

Hart et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


literature (ie, mood) but also showed its potential regarding
other outcomes (eg, life engagement).

Although sensor readings of physiological properties have a
strong root in the history of medicine and psychology, the
exploration of the relationships between everyday fluctuations
in psychometric values and smartphone sensors is still in its
infancy. Much more research on this topic will be required
before it can become a valuable tool in mental health. We

contributed to this goal by demonstrating that the accessible
method of obtaining sparse movement sensor data that we
outlined can be temporally interlinked with EMA studies without
sacrificing accuracy compared with studies with specialized
hardware, software, or a much larger data set. In the future, such
methods might be able to provide valuable insights into the
mental well-being of the participants while reducing burden in
research and clinical application.
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Abstract

Background: The preferred devices to access the internet are changing from personal computers to mobile devices, and the
number of older adults with or without disabilities is rapidly increasing in an aging society. However, little is known about the
moderating effects of disability on mobile internet use among older adults.

Objective: This study aimed to examine the levels of mobile internet use and factors associated with this use among older adults
according to their disabilities. In addition, moderating effects of disability on mobile internet use were investigated.

Methods: This study consisted of a secondary data analysis using the 2020 Digital Divide Survey conducted in South Korea.
The single inclusion criterion was participants being aged 55 years or older; accordingly, 2243 people without disabilities and
1386 people with disabilities were included in the study. Multiple regression analyses considering complex sample designs were
conducted to identify mobile internet use factors and to test the moderating effects of disability on mobile internet use.

Results: Older adults with disabilities used mobile internet less than older adults without disabilities. However, disability status
had moderating effects on the relationships between mobile internet use and (1) operational skills regarding mobile devices
(B=0.31, P=.004), (2) internet use skills (B=1.46, P<.001), (3) motivation to use digital devices (B=0.46, P=.01), and (4) attitude
toward new technology (B=0.50, P=.002). The results revealed that these positive relationships were stronger among older adults
with disabilities than among adults without disabilities.

Conclusions: Although older adults and people with disabilities are considered vulnerable populations regarding technology
adoption, disability creates a stronger association between several determinants and actual mobile internet use. Therefore, policy
makers and practitioners should pay attention to older adults with disabilities to deliver appropriate information-literacy education.
Older adults with disabilities could be the primary beneficiaries of mobile services and new technology.

(J Med Internet Res 2022;24(4):e37127)   doi:10.2196/37127
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Introduction

During the COVID-19 pandemic, most offline activities and
services were transferred online according to the regulations
and guidelines for infectious disease response [1,2]. In particular,
South Korea implemented principles and policies based on
information and communications technology (ICT) to respond
to infectious diseases [3]; because of this, digital transformation

is accelerating in the country. Use of ICT is becoming more
crucial in this highly connected information society. In addition
to these situations, the digital divide—defined as the gap
between ICT users and nonusers in terms of access to or use of
ICT based on their economic, regional, physical, and social
factors—is becoming serious [4]. Discourse around the digital
divide in society has changed the issue from material access to
that of effective use of technology [5,6]. South Korea has
already achieved a highly connected network society through
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high internet penetration; therefore, digital divide issues, such
as skills and benefits from information use, are emerging beyond
material access issues [7].

Among various populations, older adults are less likely to adopt,
diffuse, or use ICT [8]. Therefore, with the prevalence of
non–face-to-face activities and social services, older adults who
do not use the internet are more likely to be disadvantaged [9].
Older adults who are nonusers of the internet face double the
burden, that of digital and social exclusion. They can become
easily isolated, feel lonely, and face many difficulties in using
the digital technologies that pervade daily life compared to
internet users [10]. In addition, older adults generally have poor
health status and are prone to disabilities, such as brain lesions,
visual impairment, and hearing impairment. These disabilities
may impact their technology adoption and mobile internet usage
[11].

In terms of populations with disabilities, there are conflicting
opinions regarding technology use. Previous studies reported
that people who have disabilities experience the digital divide
more frequently [12]. On the other hand, there exists a differing
view that people with disabilities want to use online information
and digital technology to make their voices heard and participate
in the online community [13]. Once people with disabilities can
connect to the internet and mobile accessibility issues are
resolved, the online world can potentially become a physical
barrier–free environment for them [14]. Therefore, digital
technology, including mobile internet use, is considered both a
challenge and an opportunity for people with disabilities [15].

Mobile internet use among older adults and people with
disabilities has risen over time, and these trends increased
dramatically during the COVID-19 pandemic [16,17]. In
addition, the main devices used to access and use the internet
are changing from personal computers to smart mobile devices.
Approximately 91.5% of the total population aged 3 years and
above use mobile internet, and 93.1% of those aged 6 years and
above possess smartphones in South Korea [18]. This means
that everyone who owns a smart mobile device can use ICT
services, regardless of the time and place. Mobile internet use
significantly affects people’s chances to obtain information and
build social capital. Therefore, there is a gap in this regard
between mobile internet users and nonusers [19].

Previous studies revealed many factors associated with mobile
internet use in various dimensions, including social, cultural,
personal, material, and motivational aspects [20]. According to
van Dijk’s digital divide theory, motivation, materials, and skills
are continuously and recursively associated with digital
information usage and participation in society [6]. Moreover,
skills, attitudes, motivation, and internet efficacy are closely
linked to the use of internet information [20]. Many studies
have investigated the relationship between these associated
factors and internet use among people with disabilities and older
adults [16,20]. Some studies have reported that people with
disabilities are less likely to use the internet than those without
disabilities [21,22], and they have compared the digital divide
among people with disabilities and those without [15,21]. One
study reported a moderating effect of disability on smartphone
online activities; however, it examined all age groups, and the

results showed that the moderating effects of disability existed
in the relationships between smartphone online activities and
the attitude and social support factors [16]. However, older
adults may show different patterns of mobile internet usage
compared to other age groups, and the relationship between
mobile internet use and its associated factors could differ
according to their health and disability status [23]. To fill in this
research gap, research regarding older adults’ mobile internet
use according to their disabilities is needed. Even if older adults
were less likely to use the internet than younger adults, many
of their health care needs, such as reliable health information,
could be addressed by information disseminated by the internet.
Therefore, before preparing strategies to facilitate older adults’
mobile use, it may be helpful to understand the relationships
between several factors associated with technology and the
adults’ actual mobile internet use. Accordingly, this study
examined the levels of mobile internet use and its related factors
among older adults based on their disabilities. In addition, it
investigated the moderating effects of disability on mobile
internet use.

Methods

Data and Study Participants
We used data from the 2020 Digital Divide Survey, which was
conducted in South Korea from September to December 2020
through face-to-face interviews using structured questions. This
survey was managed by the Ministry of Science and ICT and
the National Information Society Agency; it has been
implemented annually since 2002. The survey examined the
effectiveness of policy to bridge the digital divide between the
general population and vulnerable populations, such as people
with disabilities, older adults, and North Korean defectors,
among others. These data were collected using a complex survey
design. Older adults were recruited through stratified
proportional sampling; people with disabilities were recruited
through proportional sampling by group characteristics (eg, age,
gender, type of disability, and geographic area). In this study,
people with disabilities were defined as those who were
registered as such according to the national registration process
after medical diagnosis. In terms of disability types, physical,
brain lesion, visual, hearing, and speech disabilities were
included in this survey among the 15 types of disabilities defined
in the Enforcement Decree of the Act on Welfare of Persons
with Disabilities of South Korea [24]. The participants’ only
inclusion criterion in this study was being aged 55 years or
above; therefore, of the 2200 people with disabilities, 871
(39.59%) who were aged below 55 years were excluded, leaving
1329 people. Although the survey for older adults did not
specifically target people with disabilities, a question assessing
the presence of disability was included in the questionnaire.
However, details regarding the types of disability were not
assessed. Therefore, among 2300 older adults without
disabilities, 57 people who answered as having a registered
disability, based on legal standards, were reclassified as people
with disabilities. In the end, 2243 people without disabilities
and 1386 people with disabilities were included in this study.
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Variables

Dependent Variable
The level of mobile internet use was calculated based on three
points:

1. Whether people used the internet recently in the past month
or not and days of use (1 item).

2. Whether people used a variety of internet services (13 items,
including general search, email, online content services,
social networks and cloud services, and information
searches regarding daily life).

3. Whether people used advanced internet services (12 items,
including information generation and sharing, online
networking, and participation in social activities and the
economy).

Items for points 2 and 3 were measured on a 4-point scale. The
level of mobile internet use was calculated by considering item
weights (ie, 0.4, 0.4, and 0.2, respectively, for each of the three
points). The score was calculated based on the guidance
provided by the National Information Society Agency, and the
total score ranged from 0 to 100.

Independent Variables
Independent variables included operational skills regarding
mobile devices, internet use skills, motivation to use digital
devices, and attitude toward new technology. Operational skills
regarding mobile devices were defined as skills for operating
mobile device hardware and software [25,26]; these were
investigated using seven items on a 4-point scale, ranging from
1 (strongly disagree) to 4 (strongly agree). The seven items were
as follows: (1) configuring mobile devices; (2) accessing Wi-Fi
networks; (3) transferring files from mobile devices to personal
computers; (4) transferring files or photos from the participants’
mobile devices to those of other people; (5) installing, deleting,
and updating mobile apps; (6) dealing with malware in mobile
devices; and (7) creating documents on mobile devices. The
possible score ranged from 7 to 28, and Cronbach α was .94 in
this study.

Skills for internet use, also called strategic internet skills, are
comprised of the capacity to access and manage information
using digital devices to reach particular goals [25,26]. They
were measured using four items on a 4-point scale, ranging from
1 (strongly disagree) to 4 (strongly agree). The items were as
follows:

1. I can connect and communicate with others through the
internet and cooperate with them for problem solving and
work.

2. I can exchange opinions about political and social issues
and problems through the internet and participate in various
activities, such as discussion, donation, and solving of
public problems.

3. I can protect myself and others from risk factors associated
with internet use, such as leaking of private information.

4. I can understand others’ opinions, accept different views,
and use the internet responsibly, while not accessing illegal
media or infringing on other people’s rights.

The total score ranged from 4 to 16, and the Cronbach α was
.88 in this study.

The scale for motivation to use digital devices included five
items on a 4-point scale, ranging from 1 (strongly disagree) to
4 (strongly agree). Items were related to participants’ (1)
eagerness to obtain information using digital devices, (2) wish
to become acquainted with many persons through digital
devices, (3) wish to be entertained through digital devices, (4)
need for self-development, and (5) need to express one’s opinion
through digital devices. The total score ranged from 5 to 20,
and the Cronbach α was .88 in this study.

The scale for attitude toward new technology comprised six
items on a 4-point scale, ranging from 1 (strongly disagree) to
4 (strongly agree). The items were as follows:

1. I tend to adapt well to new technology and products.
2. I am confident in using new technology and products by

myself.
3. When I use new technology and products, I do well as

compared with others.
4. I think digital technology is essential to continue economic

activities.
5. I try to learn new technology actively.
6. I think I am a lifetime learner and enjoy the classes needed

to learn new technology.

The total score ranged from 6 to 24, and the Cronbach α was
.88 in this study.

Covariates
The demographic characteristics of age (continuous), gender
(female vs male), education (below vs above high school), living
arrangements (living alone vs with others), household income
(below vs above ₩4,000,000/month; a currency exchange rate
of ₩1=US $0.00082 is applicable), and living areas (urban vs
rural) were selected as covariates [12,20].

Statistical Analysis
Data analysis was carried out using SPSS Statistics for Windows
(version 26.0; IBM Corp). Data were analyzed using complex
sampling analysis considering sample weight. Comparison of
demographic characteristics and variables between older adults
with disabilities and those without disabilities was conducted
using the t test (2-tailed) and Rao‐Scott chi‐square tests. A
multiple regression analysis was applied to examine the
association between independent variables and mobile internet
use. To explore the moderating effect of disability, first, the
covariates, independent variables (ie, operational skills, internet
use skills, motivation, and attitude), and moderator (ie,
disability) were entered into the model as a block. Then, four
interaction terms (ie, operational skills × disability, internet use
skills × disability, motivation × disability, and attitude ×
disability) were entered into each model; therefore, four separate
models were created. Statistical significance was set at the .05
level in all analyses. The slope of the moderation effect of
disability was presented using the EasyFlow Statistics macro
in Excel [27].
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Ethical Considerations
The Korean Statistics Act guaranteed information protection
for all participants, and participants were notified about this
before the survey. This study was a secondary analysis study
using publicly available data; therefore, the Institutional Review
Board (IRB) approved this study as an exempt study (IRB No.
4-2021-1743). All study processes were performed according
to the relevant guidelines and regulations.

Results

Characteristics and Variables of Groups With
Disabilities and Those Without Disabilities
Participants’ general characteristics and independent variables
based on disability status are summarized in Table 1. In terms
of disability types among the group of persons with disabilities,
over half of them (61.85%) were physical disabilities. Most

demographic characteristics differed between the two groups.
The mean age of older adults without disabilities (mean 66.54,
SD 0.18 years) was higher than that of older adults with
disabilities (mean 62.60, SD 0.14 years), and there were more
males in the group of older adults with disabilities. In terms of
education, a higher proportion of older adults without disabilities
had a high educational level (81.43%; ie, high school education
and above) compared with those with disabilities (50.54%). As
for living arrangements, 16.86% of those with disabilities lived
alone, while 8.58% of those without disabilities lived alone.

Regarding independent variables, operational skills regarding
mobile devices (P<.001), internet use skills (P<.001), motivation
to use digital devices (P=.04), and attitude toward new
technology (P<.001) were higher among older adults without
disabilities compared to those with disabilities. Mobile internet
use was also higher in the group without disabilities than in the
group with disabilities (P<.001).
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Table 1. Demographic characteristics and variables of the participants (N=3629).

P valueaF testa,b

(df=1, 3628)
t testa

(df=4498)

Participants without disabilities
(n=2243)

Participants with disabilities
(n=1386)

Characteristic or variable

Type of disability, n (%)c

N/AN/AN/AN/Ad862 (61.85)Physical disability

N/AN/AN/AN/A151 (10.78)Brain lesion

N/AN/AN/AN/A153 (11.36)Visual impairment

N/AN/AN/AN/A133 (9.49)Hearing impairment

N/AN/AN/AN/A30 (2.35)Speech disability

N/AN/AN/AN/A57 (4.17)Not reported

<.001N/A17.19666.54 (0.18)62.60 (0.14)Age (years), mean (SD)

Gender, n (%)c

<.00195.07N/A1199 (53.43)494 (35.27)Female

1044 (46.57)892 (64.73)Male

Educational level, n (%)c

<.001333.32N/A414 (18.57)724 (49.46)Below high school

1829 (81.43)662 (50.54)High school and above

Living arrangements, n (%)c

<.00150.34N/A192 (8.58)231 (16.86)Living alone

2051 (91.42)1155 (83.14)Living with others

Household income (₩e/month), n (%)c

<.001326.85N/A1263 (56.35)1269 (90.84)<4,000,000

980 (43.65)117 (9.16)≥4,000,000

Living area, n (%)c

.500.45N/A2083 (92.85)1255 (92.27)Urban

160 (7.15)131 (7.73)Rural

<.001N/A5.4415.56 (0.12)14.37 (0.18)Operational skills regarding mobile de-

vicesf, mean (SE)

<.001N/A7.017.76 (0.06)7.02 (0.08)Internet use skillsg, mean (SE)

.04N/A2.0512.33 (0.07)12.05 (0.11)Motivation to use digital devicesh, mean
(SE)

<.001N/A5.7813.56 (0.09)12.73 (0.11)Attitude toward new technologyi, mean
(SE)

<.001N/A3.6444.08 (0.61)40.05 (0.93)Mobile internet usej, mean (SE)

aThe t test (2-tailed), F test, and P values for a group are reported in the top row of that group.
bP values related to values in this column were determined using the Rao-Scott chi-square test.
cPercentages are weighted.
dN/A: not applicable; this measure did not apply to this group.
eA currency exchange rate of ₩1=US $0.00082 is applicable.
fScores for operational skills ranged from 7 to 28.
gScores for internet use skills ranged from 4 to 16.
hMotivation scores ranged from 5 to 20.
iAttitude scores ranged from 6 to 24.
jMobile internet use scores ranged from 0 to 100.
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Factors Associated With Mobile Internet Use
Multiple regression analysis was performed to examine the
factors associated with mobile internet use among older adults.
As Table 2 shows, age, household income, living areas,

operational skills regarding mobile devices, internet use skills,
motivation to use digital devices, and attitude toward new
technology were positively related to mobile internet use.
Disability status was not significantly associated with mobile

internet use in model 1. The R2 value of model 1 is 0.705.

Table 2. Factors associated with mobile internet use (N=3629).

Model 1 valuesFactor

P valuet testa (df=4498)B (SE)

.0032.9512.28 (4.16)Constant

<.001–12.46–0.58 (0.05)Age

.17–1.36–0.83 (0.61)Gender (reference: female)

.301.030.83 (0.81)Educational level (reference: below high school)

.460.750.68 (0.91)Living arrangements (reference: living alone)

.04–2.04–1.38 (0.68)Household income

(reference: <₩4,000,000b/month)

.049–1.97–1.77 (0.90)Living area (reference: rural)

.10–1.67–1.31 (0.78)Disability (reference: no disability)

<.00125.602.49 (0.10)Operational skills regarding mobile devices

<.00110.911.85 (0.17)Internet use skills

<.0016.620.89 (0.13)Motivation to use digital devices

<.0014.880.56 (0.12)Attitude toward new technology

aThe t test was 2-tailed.
bA currency exchange rate of ₩1=US $0.00082 is applicable.

Moderating Effects of Disability on Mobile Internet
Use
The regression model to examine the moderating effect of
disability indicated that disability status enhanced the
relationship between independent variables and mobile internet
use. The positive relationship between operational skills
regarding mobile devices and mobile internet use was stronger

among older adults with disabilities than among those without
disabilities (B=0.31, P=.004). These moderating effects were
also found in the relationship between mobile internet use and
internet use skills (B=1.46, P<.001), motivation to use digital
devices (B=0.46, P=.01), and attitude toward new technology
(B=0.50, P=.002; Table 3).

The simple slopes of these relationships are presented in Figures
1 to 4.

Table 3. Moderating effects of disability (N=3629).

R2 (△R2)P valuet testb

(df=4498)

B (SE)Model detailsModel

Numbera

0.706 (0.001).0042.890.31 (0.11)Operational skills regarding mobile devices × disability2

0.710 (0.005)<.0016.641.46 (0.22)Internet use skills × disability3

0.706 (0.001).012.530.46 (0.18)Motivation to use digital devices × disability4

0.706 (0.001).0023.030.50 (0.17)Attitude toward new technology × disability5

aModels 2 to 5 include all variables of model 1 from Table 2 (ie, age, gender, educational level, living arrangements, household income, living areas,
disability, operational skills regarding mobile devices, internet use skills, motivation to use digital devices, and attitude toward new technology).
bThe t test was 2-tailed.
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Figure 1. Simple slopes for the relationship between operational skills and mobile internet use. Respective scores are listed on the axes.

Figure 2. Simple slopes for the relationship between internet use skills and mobile internet use. Respective scores are listed on the axes.
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Figure 3. Simple slopes for the relationship between motivation and mobile internet use. Respective scores are listed on the axes.

Figure 4. Simple slopes for the relationship between attitude and mobile internet use. Respective scores are listed on the axes.

Discussion

Principal Findings
This study examined the factors related to mobile internet use
among older adults through a national representative sample in
South Korea. The moderating effects of older adults’ disability
status on their mobile internet use was also investigated. The
bivariate analysis showed gaps in both sociodemographic
characteristics and level of mobile internet use among older
adults with disabilities and those without disabilities. The level
of internet use among older adults with disabilities was lower

than that among their counterparts. In addition, operational skills
regarding mobile devices, internet use skills, motivation to use
digital devices, and attitude toward new technology were also
low among the group with disabilities.

Previous research has frequently reported differences in the
level of internet use between people with disabilities and the
general population [15,16]. Our study confirmed these gaps by
focusing on mobile devices and the older adult population. The
reason for these results may be that sociodemographic factors
contributing toward access to and use of the internet [28], such
as education, income, and living arrangements, among older
adults with disabilities were poorer than those among older
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adults without disabilities. In addition, most mobile service and
app designs and functions are less intuitive for older adults with
disabilities, causing them to use the internet less than other
populations [29,30]. The South Korean government releases
web accessibility evaluation reports annually to ensure that
technologically vulnerable populations, such as older adults and
people with disabilities, can use the internet comfortably [31].
Although the government has developed standards for web
accessibility and tries to bridge the digital divide, the standards
and efforts to improve mobile web accessibility need to be
reinforced beyond personal computer web accessibility.

In terms of factors related to mobile internet use, the
sociodemographic characteristics of age, household income,
and living area were statistically significant in this study, and
our results were consistent with previous reports [20], except
for disability. Unlike previous studies, which reported that
disability is a determinant of internet use [12,15,21,28], this
study found that disability is not statistically significant when
it comes to using mobile internet. However, another study that
focused on smartphones, and not personal computers, reported
similar results as this study; it found that disability was not a
significant factor related to mobile internet use when using the
multiple regression model [16], which may be because of the
types of devices targeted in each study. These results should be
interpreted cautiously, as mobile devices are more appropriate
than other devices for internet use by older adults, regardless
of their disability status.

Therefore, mobile devices could provide many opportunities to
older adults. Mobile device ownership, including smartphones,
substantially increased among groups of people with disabilities
and those without disabilities, and they became core tools for
both groups. However, many information-literacy education
courses for older adults provided at senior centers in South
Korea focused on traditional personal computers for internet
use [32]. From 2020 onward, the Korean government created
digital competency centers as part of the digital inclusion policy,
aiming for a rapid digital transformation. These are positive
changes that can meet the need for mobile-based
information-literacy education reflecting the trend of mobile
device proliferation. Although these centers provide many
courses [33], tailored interventions for older adults with
disabilities and those without disabilities are still not enough
and need to be expanded.

Other factors, such as operational skills, internet use skills,
motivation to use digital devices, and attitude toward new
technology, were also statistically significant in this study. All
of these factors were reported as determinants of internet use
[20], and our study confirmed that these relationships exist
similarly among older adults with disabilities and those without
disabilities. Many studies regarding the digital divide have
verified that the predictors of internet use among people with
disabilities are similar as those for people without disabilities
[12,16]. This means that an integrated approach to increase
mobile internet use and technology adoption among older adults,
regardless of their disability status, is needed; this approach
should consider common factors, such as skills, motivation, and
attitude toward technology. Many countries, including Australia,
Israel, New Zealand, Singapore, and the United Kingdom, have

presented visions such as a digital readiness blueprint, digital
initiative, and digital inclusion blueprint [34]. New Zealand’s
digital inclusion blueprint identifies motivation, access, skills,
and trust as important factors and raises a concern that people
who do not possess these factors can be excluded from the
digital world [35]. Therefore, these common crucial factors
should be considered by policy makers and practitioners to
ensure that older adults with or without disabilities become
more engaged in mobile internet use and mobile technology.

It was interesting to find that although disability status was not
statistically significant in the multiple regression model, all
interaction effects were statistically significant when we entered
the interaction between variables and disability in each model.
Although older adults with disabilities use mobile internet less
as compared with those without disabilities, if skills, motivation,
and attitude are enhanced through appropriate technology
education, their actual use of mobile internet could be facilitated.
Today, mobile health care via mobile devices has become
prevalent; however, these services have not usually been not
targeted toward people with disabilities [36]. Our results thus
shed light on the possibility that older adults with various health
care needs could be valuable consumers and active users through
an increase in their skills, attitudes, and motivation. These are
positive signals regarding the disability digital divide; however,
mobile accessibility issues and technical barriers should be
resolved first [13,37]. Even though older adults have high levels
of skills, motivation, or positive attitudes toward technology,
if the universal design is not optimized for senior classes, older
adults will not be able to use the technology appropriately. Older
adults, especially those with disabilities, have many health
information needs, and mobile internet use for health purposes
could be helpful in not only managing their health but also
improving their well-being and health-related outcomes [38].
Further, their mobile internet use can be advantageous, such as
by increasing life satisfaction and ensuring social inclusion [39].
Therefore, apart from the common concerns regarding the digital
divide of people with disabilities, policy makers and
practitioners should pay attention to delivering mobile services
and information education to older adults with disabilities,
because older adults with disabilities could be the main
beneficiaries of mobile services and new technology.

Strengths and Limitations
A strength of this study is that it used nationally representative
data from the 2020 Digital Divide Survey in South Korea, a
country that has been ranked high in advanced ICT infrastructure
among the Organisation for Economic Co-operation and
Development countries. Further, this survey was conducted and
managed by reliable professional survey firms and government
institutions. Therefore, our findings are reliable and can be
generalized to other older adults in South Korea. In addition,
the findings will be helpful to other countries that have similar
ICT infrastructure or technology environments.

The study also has several limitations. First, as the survey was
conducted for only five types of disability, it does not encompass
other types, such as developmental disabilities, internal organ
impairments, and mental illnesses. Since internet use levels,
barriers to internet use, and patterns of use could differ according
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to the various types of disability and severity [40], further studies
that include all types of disability are needed. In addition,
variables associated with mobile internet use were limited
because this study involved secondary analysis.

Conclusions
This study examined the levels of mobile internet use, factors
associated with mobile internet use, and moderating effects of
disability on mobile internet use among older adults. The
findings have implications for policy makers, social workers,

and health care providers who intend to deliver services using
mobile internet and technology to improve older adults’ quality
of life. Although older adults and people with disabilities are
considered a vulnerable population, disability creates a stronger
association between several determinants and actual mobile
internet use. Therefore, appropriate information-literacy
education to ensure that older adults engage in mobile internet
use and mobile technology is needed. Accordingly, older adults
with disabilities could be the main beneficiaries of mobile
services and new technology.
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Abstract

Background: The digital Clock Drawing Test (dCDT) has been recently used as a more objective tool to assess cognition.
However, the association between digitally obtained clock drawing features and structural neuroimaging measures has not been
assessed in large population-based studies.

Objective: We aimed to investigate the association between dCDT features and brain volume.

Methods: This study included participants from the Framingham Heart Study who had both a dCDT and magnetic resonance
imaging (MRI) scan, and were free of dementia or stroke. Linear regression models were used to assess the association between
18 dCDT composite scores (derived from 105 dCDT raw features) and brain MRI measures, including total cerebral brain volume
(TCBV), cerebral white matter volume, cerebral gray matter volume, hippocampal volume, and white matter hyperintensity
(WMH) volume. Classification models were also built from clinical risk factors, dCDT composite scores, and MRI measures to
distinguish people with mild cognitive impairment (MCI) from those whose cognition was intact.

Results: A total of 1656 participants were included in this study (mean age 61 years, SD 13 years; 50.9% women), with 23
participants diagnosed with MCI. All dCDT composite scores were associated with TCBV after adjusting for multiple testing (P
value <.05/18). Eleven dCDT composite scores were associated with cerebral white matter volume, but only 1 dCDT composite
score was associated with cerebral gray matter volume. None of the dCDT composite scores was associated with hippocampal
volume or WMH volume. The classification model for differentiating MCI and normal cognition participants, which incorporated
age, sex, education, MRI measures, and dCDT composite scores, showed an area under the curve of 0.897.
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Conclusions: dCDT composite scores were significantly associated with multiple brain MRI measures in a large community-based
cohort. The dCDT has the potential to be used as a cognitive assessment tool in the clinical diagnosis of MCI.

(J Med Internet Res 2022;24(4):e34513)   doi:10.2196/34513

KEYWORDS

Clock Drawing Test; digital; neuropsychological test; cognitive; technology; Boston Process Approach; neurology; Framingham
Heart Study; dementia; Alzheimer

Introduction

The Clock Drawing Test (CDT) is a widely used assessment
tool able to screen for impairment associated with mild cognitive
impairment (MCI) [1] and dementia [2-5]. The most common
instruction for clock drawing asks participants to draw the face
of a clock, put in all of the numbers, and set the hands for 10
past 11. This is followed by asking participants to copy a model
of a clock [3,6]. Multiple cognitive domains are involved in
completion of the test, including graphomotor ability, attention,
syntactic comprehension, visual and semantic memory,
executive function, and visuoconstructional ability [6]. Previous
studies found that CDT performance evaluated by various
manual scoring systems was correlated with a variety of cortical
and subcortical areas on magnetic resonance imaging (MRI),
without showing consistent and specific brain localization [7-9].

A significant innovation is the introduction of a digital CDT
(dCDT), which was jointly developed by the Massachusetts
Institute of Technology and Lahey Hospital & Medical Center,
in collaboration with the Clock Sketch Consortium [10-13]. In
addition to retaining the classic features of the traditional CDT,
including easy, inexpensive, noninvasive administration, the
dCDT captures more than 100 latencies and graphomotor
features for subtle cognitive changes, which would be difficult
or impossible without this technology [12-14]. A recent study
reported that the DCTClock test (a commercial version of the
dCDT) showed excellent discrimination between diagnostic
groups of normal cognition (NC) and MCI or early Alzheimer
dementia [14]. The test was also associated with amyloid β and
tau burden in positron emission tomography scans among NC
participants [14].

In our prior study [15], we validated the psychometric
characteristics of the dCDT against standard paper-pencil
neuropsychological (NP) tests in the community-based
Framingham Heart Study (FHS) [15]. The composite scores
derived from dCDT features were significantly associated with
both NP test results and mild cognitive impairment [15].
Nonetheless, it is unclear whether dCDT composite scores are
associated with MRI measures of atrophy, which have been
used as important markers for cognitive impairment and cerebral
small vessel disease injuries [16-20].

The objectives of this study were to investigate the associations
between dCDT features and MRI measures in the FHS, and to
assess the diagnostic potential of dCDT features as a surrogate
for standard NP tests in the differentiation of MCI from NC that
is validated against MRI measures of neurodegeneration.

Methods

Study Sample
The FHS is a community-based prospective cohort study that
was established in 1948. Three generations of participants have
been enrolled and followed up every 2 to 8 years. Details on
the FHS cohorts can be found in previous publications [21-23].
As part of an ancillary study, participants were invited to
undergo NP assessment and brain MRI scans regularly. The
dCDT has been administered as part of the NP assessment along
with other NP tests since 2011. This study included participants
who completed at least one dCDT and had a contemporary MRI
within 6 months (98.2% had MRI scans on the same day as the
dCDT). Participants with prevalent dementia and stroke were
excluded (n=84). We further excluded participants who were
flagged as having possible cognitive impairment, but were not
reviewed by an expert panel (n=139).

Ethics Approval
The Boston University Medical Campus Institutional Review
Board approved the study procedures and protocols. Written
informed consent was obtained from all participants. All the
data used for this study could be requested through the FHS
research website [24].

Standard NP Tests and the dCDT
In the FHS, standard NP tests were administered and scored to
produce traditional quantitative measures of cognitive
performance [25]. These tests included the Wechsler Memory
Scale [26] Logical Memory—Immediate Recall, Delayed Recall,
and Recognition; Visual Reproduction—Immediate Recall,
Delayed Recall, and Recognition; and Paired Associate
Learning—Immediate Recall, Delayed Recall, and Recognition;
the Wechsler Adult Intelligence Scale [27] Digit Span—Forward
and Backward and Similarities; the Boston Naming Test—30
item version [28]; the Trail Making Test A and B [29]; the
Hooper Visual Organization Test [30]; and Verbal Fluency
(FAS & FAS-Animal) [31,32]. These NP tests measure multiple
cognitive domains of verbal memory, visual memory, attention
and concentration, executive function, abstract reasoning,
language, and visuoperceptual organization. For all tests, higher
scores indicate better performance with the exception of the
Trail Making Test A and B, where a shorter completion time
indicates better cognitive performance.

Since October 2011, FHS participants have been administered
the dCDT with a digital pen during their regular NP test visit
by trained examiners [10-13]. The digital pen measures the pen
position 80 times per second at a spatial resolution of ±0.002
inches [10]. After the dCDT test, the pen was connected to a

J Med Internet Res 2022 | vol. 24 | iss. 4 |e34513 | p.623https://www.jmir.org/2022/4/e34513
(page number not for citation purposes)

Yuan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/34513
http://www.w3.org/Style/XSL
http://www.renderx.com/


computer with preinstalled software that automatically extracted
the drawing information and classified each pen stroke and
associated latencies. An external rater manually examined each
drawing to ensure appropriate classification of strokes using a
user-friendly drag-and-drop interface to correct any
classification error. A total of 105 dCDT features were derived
and used from the entire drawing process, which captured the
strokes, latencies, and spatial relationships as the measures of
drawing efficiency, simple motor functioning, information
processing, and spatial reasoning (Multimedia Appendix 1). As
reported in our previous study [15], we further derived
composite scores based on dCDT features significantly
associated with 18 NP tests, which represented a weighted
combination of dCDT features that were previously associated
with a specific NP test.

Acquisition and Measurement of MRI Variables
The MRI protocol in the FHS has been described previously
[33]. Briefly, participants were imaged using a Siemens 1.5T
field strength machine (Siemens Medical) and a 3-dimensional
T1-weighted coronal spoiled gradient-recalled echo sequence.
All images were transferred to and processed by the University
of California Davis Medical Center for centralized processing.
Segmentation of brain structural MRI was performed by
semiautomated procedures, and the complete information can
be obtained elsewhere [33]. In brief, gray matter, white matter,
and cerebrospinal fluid segmentation were performed using an
expectation-maximization algorithm after skull stripping and
intensity inhomogeneity correction. The hippocampus was
segmented by a multi-atlas hippocampal segmentation algorithm
[34]. White matter hyperintensity (WMH) was segmented on
a combination of FLAIR and 3D T1 images using a modified
Bayesian probability structure [35]. Total cerebral cranial
volume (TCV) was determined by outlining the intracranial
vault lying above the tentorium and was used for correcting the
head size. The primary MRI measure was total cerebral brain
volume (TCBV). Secondary measures were cerebral white
matter volume, cerebral gray matter volume, hippocampal
volume, and WMH volume. All MRI measures were corrected
for head size by calculating the percentage of these volumes
over the TCV. The percent of WMH/TCV was log-transformed
for normality. The WMH volume was used both as a continuous
variable and as a dichotomous variable (large WMH volume
versus no or minimal WMH volume), similar to a previous study
[36]. A large WMH volume (WMH-Large) was defined as a
volume more than one standard deviation higher than the
age-specific mean value.

Case Ascertainment of MCI
The detailed cognitive ascertainment procedure and quality
control in the FHS have been described previously [37,38].
Briefly, participants received NP assessments on average every
4 to 5 years, in addition to their regular research center
examinations. For participants with possible cognitive
impairment, more frequent NP tests were conducted on average
every 1 to 2 years, and neurological examinations were

performed on a subset of these participants. A clinical review
was triggered when there was an indication of a potential
cognitive impairment and/or decline, and was conducted by a
panel consisting of at least one neurologist and one
neuropsychologist. The review panel determined the MCI
diagnosis, which required evidence of a decline in cognitive
performance in one or more cognitive domains, no records
indicating functional decline, and not meeting the criteria for
dementia. Although the Clinical Dementia Rating (CDR) scale
[39] was not formally applied, the review panel used the CDR
scoring scale (0-3) to quantify the severity of impairment; all
MCI cases were given a rating of 0.5.

Statistical Analysis
The dCDT composite scores were derived by linear regression
models based on dCDT features significantly associated with
18 NP tests, which represented a weighted combination of dCDT
features that were previously associated with a specific NP test
[15]. The scores and all MRI measures were normalized with
a mean of 0 and standard deviation of 1. Linear regression
models were used to assess the associations of dCDT composite
scores with MRI measures, adjusting for age, sex, and education.
The same models were also used to test the association between
individual dCDT features and MRI measures. In the sensitivity
analysis, the models were additionally adjusted for vascular risk
factors, including hypertension, diabetes, smoking, and prevalent
atrial fibrillation. Bonferroni correction was used to adjust for
multiple testing in the linear regression models. Significant
associations were claimed if P<.05/N, where N was the number
of tests performed.

Logistic regression models were also constructed to classify
MCI using 4 different sets of predictors. The analysis was
restricted to participants who were 65 years or older at the time
of NP testing (only 1 case was diagnosed before 65 years).
Model 1 included only age, sex, and education. Model 2
included age, sex, education, and MRI measures (TCBV,
cerebral white matter volume, cerebral gray matter volume, and
hippocampal volume). Model 3 included age, sex, education,
and dCDT composite scores. Model 4 included age, sex,
education, MRI measures, and dCDT composite scores. Model
performance was assessed by the area under the curve (AUC).
All statistical analyses were performed using R software version
4.0.3 (R Core Team) [40].

Results

As shown in Table 1, our study sample included 1656
participants (mean age 61 years, SD 13 years; 50.9% women;
42.9% received college-level education or higher) who were
free of dementia or stroke when NP tests were conducted.
Among them, 23 participants were diagnosed with MCI at the
time of or before their NP tests but had not progressed to the
threshold of clinical dementia diagnosis. As expected,
participants with MCI were generally older and had worse
cognitive performance, smaller cerebral volume measures, and
larger WMH volume on MRI than those in the NC group.
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Table 1. Clinical characteristics of the study sample.

NCb (n=1633)MCIa (n=23)Total (N=1656)Variable

61 (13)78 (7)61 (13)Age (years), mean (SD)

829 (50.8)14 (60.9)843 (50.9)Women, n (%)

Education, n (%)

184 (11.3)3 (13.0)187 (11.3)No high school

313 (19.2)6 (26.1)319 (19.3)High school

437 (26.8)3 (13.0)440 (26.6)Some college

699 (42.8)11 (47.8)710 (42.9)College and higher

MRIc measuresd, mean (SD)

1251 (129)1252 (104)1251 (129)Total cerebral cranial volume (cm3)

77.0 (2.9)72.8 (2.5)77.0 (2.9)Total cerebral brain volume (%)

36.3 (2.4)34.3 (2.7)36.3 (2.4)Cerebral white matter volume (%)

40.4 (2.1)37.4 (2.2)40.4 (2.1)Cerebral gray matter volume (%)

0.54 (0.05)0.50 (0.05)0.54 (0.05)Hippocampal volume (%)

−2.35 (1.47)−0.59 (1.38)−2.33 (1.48)Log (white matter hyperintensity volume) (%)

Neuropsychological test scores, mean (SD)

13 (3)10 (4)13 (3)LMie

12 (4)8 (4)12 (4)LMde

10 (1)9 (2)10 (1)LMre

9 (3)5 (2)9 (3)VRif

8 (3)3 (3)8 (3)VRdf

3 (1)2 (1)3 (1)VRrf

15 (3)11 (3)15 (3)PASig

9 (1)7 (2)9 (1)PASdg

10 (1)9 (2)10 (1)PASrg

7 (1)6 (1)7 (1)DSfh

5 (1)4 (1)5 (1)DSbh

31 (13)44 (14)31 (13)Trails Ai (s)

82 (61)219 (159)83 (65)Trails Bi (s)

17 (3)14 (5)17 (3)Similarities

26 (3)23 (4)26 (3)Hooper Visual Organization Test

26 (7)24 (7)26 (7)Boston Naming Test—30 item version

41 (12)32 (12)41 (12)FASj

19 (6)15 (5)19 (6)FAS-Animalj

aMCI: mild cognitive impairment.
bNC: normal cognition.
cMRI: magnetic resonance imaging.
dAll MRI measures were corrected for head size by calculating the percentage of the volumes over the total cerebral cranial volume above the tentorium.
The percentage of white matter hyperintensity volume/total cerebral cranial volume was log transformed.
eWechsler Memory Scale Logical Memory—Immediate Recall (LMi), Delayed Recall (LMd), and Recognition (LMr).
fVisual Reproduction—Immediate Recall (VRi), Delayed Recall (VRd), and Recognition (VRr).
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gPaired Associate Learning—Immediate Recall (PASi), Delayed Recall (PASd), and Recognition (PASr).
hWechsler Adult Intelligence Scale Digit Span—Forward (DSf) and Backward (DSb).
iTrail Making Test A (Trails A) and B (Trails B).
jVerbal fluency test (FAS and FAS-Animal).

As shown in Table 2, all dCDT composite scores (n=18) were
significantly associated with TCBV after adjusting for multiple
testing. Better dCDT performance was associated with larger

TCBV. The effect size of composite scores for visual memory
and visuoperceptual organization tended to be slightly higher
than other dCDT composite scores.

Table 2. Association between digital Clock Drawing Test composite scores and total cerebral brain volume.

P valuecStandard errorEffect sizedCDTa composite scoreb

3.2×10−60.0170.079dCDT_LMid

1.1×10−60.0170.083dCDT_LMdd

2.9×10−40.0170.061dCDT_LMrd

1.4×10−80.0170.098dCDT_VRie

1.2×10−80.0170.099dCDT_VRde

6.4×10−80.0170.093dCDT_VRre

3.5×10−60.0170.079dCDT_PASif

8.8×10−70.0170.084dCDT_PASdf

1.7×10−50.0170.073dCDT_PASrf

2.5×10−50.0170.071dCDT_DSfg

6.5×10−50.0170.067dCDT_DSbg

1.2×10−50.017−0.074dCDT_Trails Ah

3.0×10−60.017−0.080dCDT_Trails Bh

9.4×10−70.0170.084dCDT_SIMi

6.1×10−80.0170.094dCDT_HVOTj

9.9×10−60.0170.075dCDT_BNT30k

1.5×10−60.0170.083dCDT_FASl

2.2×10−40.0170.062dCDT_FAS-Animall

adCDT: digital Clock Drawing Test.
bThe models were adjusted for age, sex, and education.
cBonferroni correction was used to adjust for multiple testing, and significant associations were claimed if P<.05/18 (2.8×10−3), where 18 is the number
of tests performed. All P values were significant.
dWechsler Memory Scale Logical Memory—Immediate Recall (LMi), Delayed Recall (LMd), and Recognition (LMr).
eVisual Reproduction—Immediate Recall (VRi), Delayed Recall (VRd), and Recognition (VRr).
fPaired Associate Learning—Immediate Recall (PASi), Delayed Recall (PASd), and Recognition (PASr).
gWechsler Adult Intelligence Scale Digit Span—Forward (DSf) and Backward (DSb).
hTrail Making Test A (Trails A) and B (Trails B).
iSIM: Similarities.
jHVOT: Hooper Visual Organization Test.
kBNT30: Boston Naming Test—30 item version.
lVerbal fluency test (FAS and FAS-Animal).

As shown in Table 3, cerebral white matter volume was
significantly associated with 11 dCDT composite scores
involving the comprehensive cognitive domains of verbal
memory, visual memory, abstract reasoning, language, and

visuoperceptual organization (all with P<2.8×10−3). In contrast,
cerebral gray matter volume was only associated with the visual
memory composite score (dCDT_Visual

Reproduction—Immediate Recall, β=.059; P=2.6×10−3).
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Hippocampal volume was not significantly associated with any
dCDT composite scores. As shown in Table 4, none of the dCDT

composite scores was significantly associated with WMH
volume.

Table 3. Association of digital Clock Drawing Test composite scores with cerebral white matter, gray matter, and hippocampal volumes.

Hippocampal volumecCerebral gray matter volumecCerebral white matter volumecdCDTa composite

scoreb

P valuedStandard er-
ror

Effect
size

P valuedStandard er-
ror

Effect
size

P valuedStandard er-
ror

Effect
size

2.0×10−10.0250.0332.8×10−20.0190.0421.9×10−3f0.0230.071dCDT_LMie

1.3×10−10.0250.0382.0×10−20.0190.0451.1×10−3f0.0230.075dCDT_LMde

4.6×10−10.0250.0197.1×10−20.0190.0342.0×10−20.0220.052dCDT_LMre

3.8×10−20.0260.0542.6×10−3f0.0200.0594.2×10−4f0.0230.083dCDT_VRig

3.9×10−20.0260.0543.1×10−30.0200.0583.0×10−4f0.0230.084dCDT_VRdg

4.3×10−20.0260.0525.5×10−30.0200.0545.6×10−4f0.0230.080dCDT_VRrg

1.7×10−10.0250.0352.2×10−20.0190.0442.3×10−3f0.0230.070dCDT_PASih

1.1×10−10.0260.0412.4×10−20.0190.0447.3×10−4f0.0230.078dCDT_PASdh

6.5×10−20.0250.0476.2×10−20.0190.0363.2×10−30.0230.067dCDT_PASrh

3.1×10−10.0250.0263.4×10−20.0190.0415.7×10−30.0230.063dCDT_DSfi

3.7×10−10.0250.0235.0×10−20.0190.0379.0×10−30.0230.059dCDT_DSbi

7.0×10−20.025−0.0461.8×10−20.019−0.0456.0×10−30.023−0.063dCDT_Trails Aj

6.7×10−20.025−0.0471.4×10−20.019−0.0472.9×10−30.023−0.069dCDT_Trails Bj

1.8×10−10.0260.0341.2×10−20.0190.0492.0×10−3f0.0230.071dCDT_SIMk

6.4×10−20.0260.0488.0×10−30.0200.0524.0×10−4f0.0230.083dCDT_HVOTl

2.7×10−10.0250.0285.9×10−20.0190.0361.9×10−3f0.0230.071dCDT_BNT30m

1.2×10−10.0260.0401.5×10−20.0190.0472.1×10−3f0.0230.071dCDT_FASn

4.0×10−10.0250.0217.1×10−20.0190.0341.7×10−20.0230.054dCDT_FAS-Animaln

adCDT: digital Clock Drawing Test.
bThe models were adjusted for age, sex, and education.
cAll magnetic resonance imaging measures were the percentage of the volumes over the total cerebral cranial volume above the tentorium.
dBonferroni correction was used to adjust for multiple testing, and significant associations were claimed if P<.05/18 (2.8×10−3), where 18 is the number
of tests performed.
eWechsler Memory Scale Logical Memory—Immediate Recall (LMi), Delayed Recall (LMd), and Recognition (LMr).
fSignificant.
gVisual Reproduction—Immediate Recall (VRi), Delayed Recall (VRd), and Recognition (VRr).
hPaired Associate Learning—Immediate Recall (PASi), Delayed Recall (PASd), and Recognition (PASr).
iWechsler Adult Intelligence Scale Digit Span—Forward (DSf) and Backward (DSb).
jTrail Making Test A (Trails A) and B (Trails B).
kSIM: Similarities.
lHVOT: Hooper Visual Organization Test.
mBNT30: Boston Naming Test—30 item version.
nVerbal fluency test (FAS and FAS-Animal).
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Table 4. Association between digital Clock Drawing Test composite scores and white matter hyperintensity volume.

White matter hyperintensity-LargedWhite matter hyperintensity volumecdCDTa composite scoreb

P valueeStandard errorEffect sizeP valueeStandard errorEffect size

1.1×10−10.073−0.1203.0×10−20.0180.040dCDT_LMif

8.2×10−20.073−0.1302.5×10−20.018−0.041dCDT_LMdf

1.3×10−10.071−0.1105.0×10−20.018−0.035dCDT_LMrf

3.7×10−20.074−0.1502.3×10−20.019−0.042dCDT_VRig

3.7×10−20.074−0.1502.0×10−20.019−0.043dCDT_VRdg

2.9×10−20.074−0.1602.2×10−20.019−0.043dCDT_VRrg

1.5×10−10.073−0.1005.0×10−20.018−0.036dCDT_PASih

8.0×10−20.073−0.1303.0×10−20.018−0.040dCDT_PASdh

6.3×10−10.073−0.0352.7×10−10.018−0.020dCDT_PASrh

3.0×10−20.072−0.1602.2×10−20.018−0.042dCDT_DSfi

1.5×10−10.072−0.1004.7×10−20.018−0.036dCDT_DSbi

3.1×10−20.0730.1604.4×10−20.0180.037dCDT_Trails Aj

3.6×10−20.0740.1503.4×10−20.0180.039dCDT_Trails Bj

6.6×10−20.073−0.1303.5×10−20.018−0.039dCDT_SIMk

5.7×10−20.074−0.1403.4×10−20.019−0.040dCDT_HVOTl

9.8×10−20.073−0.1204.5×10−20.018−0.037dCDT_BNT30m

3.2×10−20.074−0.1602.5×10−20.018−0.041dCDT_FASn

1.3×10−10.071−0.1104.8×10−20.018−0.035dCDT_FAS-Animaln

adCDT: digital Clock Drawing Test.
bThe models were adjusted for age, sex, and education.
cThe white matter hyperintensity volume was the percentage over the total cerebral cranial volume above the tentorium and was log transformed.
dThe large white matter hyperintensity volume was defined as that more than one standard deviation higher than the age-specific mean value.
eBonferroni correction was used to adjust for multiple testing, and significant associations were claimed if P<.05/18 (2.8×10−3), where 18 is the number
of tests performed.
fWechsler Memory Scale Logical Memory—Immediate Recall (LMi), Delayed Recall (LMd), and Recognition (LMr).
gVisual Reproduction—Immediate Recall (VRi), Delayed Recall (VRd), and Recognition (VRr).
hPaired Associate Learning—Immediate Recall (PASi), Delayed Recall (PASd), and Recognition (PASr).
iWechsler Adult Intelligence Scale Digit Span—Forward (DSf) and Backward (DSb).
jTrail Making Test A (Trails A) and B (Trails B).
kSIM: Similarities.
lHVOT: Hooper Visual Organization Test.
mBNT30: Boston Naming Test—30 item version.
nVerbal fluency test (FAS and FAS-Animal).

Further detailed analysis for cortical gray matter and specific
brain areas (frontal, parietal, temporal, and occipital cortical
gray matter volumes) is shown in Multimedia Appendix 2. We
found that cortical gray matter volume was associated with

visual memory composite scores (P=1.4×10−3 for dCDT_Visual

Reproduction—Immediate Recall and 1.7×10−3 for
dCDT_Visual Reproduction—Delayed Recall), which was
consistent with the results for cerebral gray matter volume
shown in Table 3. For specific cortical regions, parietal and

temporal cortical gray matter volumes were associated with
dCDT composite scores, whereas no association was found for
frontal and occipital cortical gray matter volumes. The results
remained largely the same after additionally adjusting for
vascular risk factors (Multimedia Appendix 3, Multimedia
Appendix 4, Multimedia Appendix 5, and Multimedia Appendix
6).

We also examined the associations between individual dCDT
features and MRI measures. Among the 105 dCDT features, 17
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of them were significantly associated with TCBV. However,
only 2 features were associated with cerebral white matter
volume and 4 features were associated with cerebral gray matter
volume (Multimedia Appendix 7). The scattered associations
suggest that, rather than individual features, the composite scores
can better characterize the combinatory effects of multiple
features.

We then built 4 classification models of MCI for participants
over 65 years old, each with a different set of predictors. As
shown in Figure 1, the AUCs were 0.755, 0.840, 0.859, and
0.897 for Models 1-4, respectively. Model 4 that incorporated
traditional risk factors (age, sex, and education), MRI measures,
and dCDT composite scores showed superior performance
compared with models consisting of solely MRI or dCDT
composite scores with traditional risk factors (Models 1-3).

Figure 1. Performance of classification models to distinguish mild cognitive impairment from normal cognition. AUC: area under the curve.

Discussion

In this study, we investigated the potential of the dCDT as a
cognitive assessment tool by studying the association of dCDT
features with brain MRI structural measures in more than 1600
participants. We observed significant associations between
dCDT composite scores and multiple MRI measures, including
TCBV, cerebral white matter volume, and cerebral gray matter

volume. However, no association was observed between dCDT
composite scores and hippocampal volume or WMH volume.
The combination of dCDT composite scores with MRI measures
and clinical risk factors reached an AUC of 0.897 to distinguish
MCI from normal cognition. Given that standard NP tests are
time burdensome and labor intensive, the dCDT might be used
as an alternative tool to screen for MCI in a large population
[12,13,41,42].
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A previous study found that a smaller TCBV was associated
with worse performance in Visual Reproduction—Immediate
Recall, Visual Reproduction—Delayed Recall, Visual
Reproduction—Recognition, the Trail Making Test A and B,
and the Hooper Visual Organization Test [16]. Notably, this
study found that global cerebrum atrophy was associated with
several dCDT measures, suggesting a more extensive deficit in
multiple cognitive domains, which might be used as an indicator
of general “brain health.” Interestingly, dCDT performance
tended to be better correlated with cerebral white matter volume,
and parietal and temporal cortical gray matter volumes,
suggesting that they may be the primary neuroanatomical basis
for cognitive processes in the dCDT. While the cerebral cortex
has long been considered as the major neuroanatomical basis
of cognitive function, white matter is increasingly recognized
as equally critical for cognition [43-45]. Cerebral white matter
contains neural fibers that are the extensions of neurons into
subcortical regions [46]. The neural network composed of
cortical neurons and subcortical neural fibers is essential to
maintain normal neural signal transmission and functional
connectivity for cognitive processing [46]. Nonetheless,
although there was a significant association between the dCDT
and cerebral white matter volume, we did not find an association
between dCDT performance and WMH volume. One possible
reason is the exclusion of dementia patients in our sample, who
generally have a larger WMH volume compared to that in
individuals with normal cognition or MCI. Another reason may
be that the dCDT performance was more closely associated with
white matter atrophy rather than localized white matter injuries.

Several limitations of our study, however, merit consideration.
First, the cross-sectional design could not reveal a temporal
relationship between dCDT features and MRI measures. Future
longitudinal analysis will investigate whether dCDT features
could serve as early cognitive markers for predicting incident
brain structural changes or incident MCI or dementia. Second,
only a moderate number of MCI cases were observed in this
study, and the number of dementia cases was too small to study.
The diagnostic value of the dCDT could be further validated

when more incident cases are observed during longer follow-up
periods in the FHS. In addition, besides the Harvard Aging
Brain Study, future studies with larger sample sizes of MCI and
early Alzheimer dementia in more diverse populations
(population-based or hospital-based samples) are warranted to
further test the diagnostic performance before extensive
application of the dCDT as a substitute for classic NP tests in
classification and selection criteria for clinical research and
clinical trials. Third, standard NP test performance was used
during the dementia diagnosis review process, whereas dCDT
composite scores were built from standard NP tests. However,
dCDT performance was not directly used during the review
process. Finally, yet importantly, FHS participants were mostly
non-Hispanic White and native English speakers. Therefore,
the generalizability of our findings to other ethnic populations
is unknown.

Aside from these limitations, our study had several strengths.
This is the first study to investigate the association between
dCDT features and MRI measures in a population-based
evaluation. All the NP tests and MRI measures were collected
consistently with rigorous quality control. The MCI diagnosis
was made by an experienced review panel, which capitalized
on all available relevant data sources for consistent diagnosis.
Further, given the current relatively widespread use of the
paper-pencil clock drawing test as a cognitive screening tool in
clinical practice, results from this study do support the potential
use of a digital version in place of the paper-pencil version. This
application may be of particular use in clinical settings where
neuropsychological and neurological expertise is unavailable.

In summary, we assessed the psychometric characteristics of
the dCDT with brain volume measures by MRI. In combination
with age, sex, education, and MRI measures, the dCDT
improved the classification performance of MCI similar to
standard NP tests. Our results suggest that the dCDT may be
used as a cost-effective and easy-to-administer tool by general
practitioners to assess subtle cognitive changes occurring in
MCI or early dementia stages and in underdeveloped countries
or regions where medical resources are limited.
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Abstract

Background: A growing amount of health research uses social media data. Those critical of social media research often cite
that it may be unrepresentative of the population; however, the suitability of social media data in digital epidemiology is more
nuanced. Identifying the demographics of social media users can help establish representativeness.

Objective: This study aims to identify the different approaches or combination of approaches to extract race or ethnicity from
social media and report on the challenges of using these methods.

Methods: We present a scoping review to identify methods used to extract the race or ethnicity of Twitter users from Twitter
data sets. We searched 17 electronic databases from the date of inception to May 15, 2021, and carried out reference checking
and hand searching to identify relevant studies. Sifting of each record was performed independently by at least two researchers,
with any disagreement discussed. Studies were required to extract the race or ethnicity of Twitter users using either manual or
computational methods or a combination of both.

Results: Of the 1249 records sifted, we identified 67 (5.36%) that met our inclusion criteria. Most studies (51/67, 76%) have
focused on US-based users and English language tweets (52/67, 78%). A range of data was used, including Twitter profile
metadata, such as names, pictures, information from bios (including self-declarations), or location or content of the tweets. A
range of methodologies was used, including manual inference, linkage to census data, commercial software, language or dialect
recognition, or machine learning or natural language processing. However, not all studies have evaluated these methods. Those
that evaluated these methods found accuracy to vary from 45% to 93% with significantly lower accuracy in identifying categories
of people of color. The inference of race or ethnicity raises important ethical questions, which can be exacerbated by the data and
methods used. The comparative accuracies of the different methods are also largely unknown.

Conclusions: There is no standard accepted approach or current guidelines for extracting or inferring the race or ethnicity of
Twitter users. Social media researchers must carefully interpret race or ethnicity and not overpromise what can be achieved, as
even manual screening is a subjective, imperfect method. Future research should establish the accuracy of methods to inform
evidence-based best practice guidelines for social media researchers and be guided by concerns of equity and social justice.

(J Med Internet Res 2022;24(4):e35788)   doi:10.2196/35788
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Introduction

Research Using Twitter Data
Twitter data are increasingly being used as a surveillance and
data collection tool in health research. When millions of users
post on Twitter, it translates into a vast amount of publicly
accessible, timely data about a variety of attitudes, behaviors,
and preferences in a given population. Although these data were
not originally intended as a repository of individual information,
Twitter data have been retrofitted in infodemiology to
investigate population-level health trends [1-15]. Researchers
often use Twitter data in consort with other sources to test the
relationship between web-based discourse and offline health
behavior, public opinion, and disease incidence.

The appeal of Twitter data is clear. Twitter is one of the largest
public-facing social media platforms, with an ethnically diverse
user base [16,17] of more than 68 million US Twitter users,
with Black users accounting for 26% of that base [18]. This
diverse user base gives researchers access to people they may
have difficulty reaching using more traditional approaches [19].
However, promising insights that can be derived from Twitter
data are often limited by what is missing, specifically the basic
sociodemographic information of each Twitter user. The
demographic attributes of users are often required in health
research for subpopulation analyses, to explore differences, and
to identify inequity. Without evidence of the distal and proximal
factors that lead to racial and ethnic health disparities, it is
impossible to address and correct these drivers. Insights from
social media data can be used to inform service provision as
well as to develop targeted health messaging by understanding
public perspectives from diverse populations.

Extracting Demographics From Twitter
However, to use social media and digital health research to
address disparities, we need to know not only what is said on
Twitter but also who is saying what [20]. Although others have
discussed extracting or estimating features, such as location,
age, gender, language, occupation, and class, no comprehensive
review of the methods used to extract race or ethnicity has been
conducted [20]. Extracting the race and ethnicity of Twitter
users is particularly important for identifying trends,
experiences, and attitudes of racially and ethnically diverse
populations [21]. As race is a social construction and not a
genetic categorization [22,23], the practice of defining race and
ethnicity in health research has been an ongoing, evolving
challenge. Traditional research has the advantage of identifying
the person in the study and allowing them to systematically
identify their racial and ethnic identities. In digital health
research [22,23], determining a user’s race or ethnicity by
extracting data from a user’s Twitter profile, metadata, or tweets
is a process that is inevitably challenging, complex, and not
without ethical questions.

Furthermore, although Twitter is used for international research,
an international comparative study of methods to determine
race or ethnicity is difficult, practically impossible, given that
societies use different standardized categories that describe their
own populations [24]. A common approach in the United States
is based on the US Census Bureau practice to allow participants

to identify with as many as 5-6 large racial groupings (Black,
White, Asian, Pacific Islander, Native, and other), while
separately choosing one ethnicity (Hispanic) [25]. However,
race and ethnicity variables continue to be misused in the study
design or when drawing conclusions. For example, race or
ethnicity is often incorrectly treated as a predictor of poor health
rather than as a proxy for the impact of being a particular race
or ethnicity has on that person’s experience with the health
system [26]. Simply put, health disparities are driven by racism,
not race [27-29]. Although race or ethnicity affiliation is an
important factor in understanding diverse populations, digital
research must tread lightly and thoughtfully both the collection
and assignment of race or ethnicity.

Objectives
The lack of basic sociodemographic data on Twitter users has
led researchers to apply a variety of approaches to better
understand the characteristics of the people behind each tweet.
The breadth of the landscape of approaches to extracting race
or ethnicity is currently unknown. Our overall aim was to
summarize and assess the range of computational and manual
methods used in research based on Twitter data to determine
the race or ethnicity of Twitter users.

Methods

Overview
We conducted a comprehensive scoping review of extraction
methods and offered recommendations and cautions related to
these approaches [30]. We selected Twitter, as it is currently
the most commonly used social media platform in health care
research, and it has some unique intrinsic characteristics that
drive the methods used for mining it. Thus, we felt that the
methods, type of data, and social media platforms used are
related in such a way that comparing methods for different social
media would add too many variables and would not be truly
comparing like with like. A detailed protocol was designed for
the methods to be used in our scoping review, but we were
unable to register scoping reviews on PROSPERO. We report
our methods according to the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) scoping
review statement [30].

Inclusion Criteria

Overview
We devised strict inclusion criteria for our review based on the
Population, Intervention, Comparators, Outcomes, and Study
design format. Although this was not a review of effectiveness,
we felt that the Population, Intervention, Comparators,
Outcomes, and Study design question breakdown [31] was still
the most appropriate one available for our question format [31].
The inclusion criteria are described in the following sections.

Population
We included only data sets of Twitter users. Studies were
eligible for inclusion if they collected information to extract or
infer race or ethnicity directly from the users’ tweets, their
profile details (such as the users’ photo or avatar, their name,
location, and biography [bio]), or their followers. We excluded
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studies that extracted race or ethnicity from social media
platforms other than Twitter, from unspecified social media
platforms, or those that used multiple social media platforms
that included Twitter, but the data relating to Twitter were not
presented separately.

Intervention
Studies were included where the methods to extract or infer the
race or ethnicity data of Twitter users were stated. Articles that
used machine learning (ML), natural language processing (NLP),
human-in-the-loop, or other computationally assisted methods
to predict race or ethnicity of users were included, as were
manual or noncomputational methods, including photo
recognition or linking to census data. We excluded studies for
which we were unable to determine the methods used or for
which we extracted data solely on other demographic
characteristics, such as age, gender, or geographic location.

Comparator
The use of a comparison of the methods used was not required.
A method could be compared with another (such as a gold
standard), or no comparison could be undertaken.

Outcome
The extraction or inference of the race or ethnicity of Twitter
users was the primary or secondary outcome of the study. As
this was a scoping review in which we aimed to demonstrate
the full landscape of the literature, no particular measurement
of the performance of the method used was required in our
included studies.

Study Design
Any type of research study design was considered relevant.
Discussion papers, commentaries, and letters were excluded.

Limits
No restrictions on date, language, or publication type were
applied to the inclusion criteria. However, no potentially relevant
studies were identified in any non-English language, and the
period by default was since 2006, the year of the inception of
Twitter.

Search Strategy
A database search strategy was derived by combining three
facets: facet 1 consisted of free-text terms related to Twitter

(Twitter OR Tweet* OR Tweeting OR Retweet* OR Tweep*);
facet 2 consisted of terms for race or ethnicity; and facet 3
consisted of terms for methods of prediction, such as ML, NLP,
and artificial intelligence–related terms (Table S1 in Multimedia
Appendix 1 [3,10,12,18,20,21,32-96]). All ethnology-related
subject terms were adapted for different database taxonomies
and syntax, with standard methods for predicting subject terms
in MEDLINE and other database indexing. The methods of
predicting term facets were expanded using a comprehensive
list of specific text analysis tools and software names extracted
from the study by Hinds and Joinson [97], which included a
comprehensive list of automated ML processes used in
predicting demographic markers in social media. Additional
terms have been added from a related study [98].

Sources Searched
A wide range of bibliographic and gray literature databases
were selected to search for topics on computer science, health,
and social sciences. The databases (Table 1) were last searched
on May 15, 2021, with no date or other filter applied.

Reference checking of all included studies and any related
systematic reviews identified by the searches were conducted.
We browsed the Journal of Medical Internet Research, as this
is a key journal in this field, and hand searched 2 relevant
conferences, the International Conference on Weblogs and
Social Media and Association for Computational Linguistics
proceedings.

Citations were exported to a shared Endnote library, and
duplicates were removed. The deduplicated records were then
imported into Rayyan to facilitate independent blinded screening
by the authors. Using the inclusion criteria, at least two screeners
(SG, RS, KO, or RJ) from the research team independently
screened each record, with disputes on inclusion discussed and
a consensus decision reached.

Only the first 50 records from ACL and the first 100 records
from a Google Scholar search were screened during two searches
(March 11, 2020, and May 24, 2021) as these records are
displayed in order of relevance, and it was felt that after this
number no relevant studies were being identified
[12,21,32-95,99].
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Table 1. Databases searched with number of records retrieved.

Total results, nDatabase

Screened first 50 records from 2 searchesACL Anthology

150ACM Digital Library

200CINAHL

84Conference Proceedings Citation Index—Science

7Conference Proceedings Citation Index—Social Science

41Emerging Sources Citation Index

Screened first 100 records from 2 searchesGoogle Scholar

186IEEE Xplore

120Library and Information Science Abstracts

79LISTA

0OpenGrey

195ProQuest dissertations and theses—United Kingdom and Ireland

72PsycINFO

84PubMed

56Science Citation Index

111Social Science Citation Index

50Zetoc

Data Extraction
For each included study, we extracted the following data on an
excel spreadsheet:

year of publication, study country and language, race or ethnicity
categories extracted (such as for race—Black, White, or Asian
or for ethnicity—Hispanic or European), and paper type (journal,
conference, or thesis). We also extracted details on extraction
methods (such as classification models or software used),
features and predictors used in extraction (tweets, profiles, and
pictures), number of Twitter users, number of tweets or images
used, performance measures to evaluate methods used
(validation), and results of any evaluation (such as accuracy).
All performance measure metrics were reported as stated in the
included studies. All the extracted data were checked by 2
reviewers.

Quality Assessment
There was no formally approved quality assessment tool for
this type of study. As this was a scoping review, we did not
carry out any formal assessment. However, we assessed any
validation performed and whether the methods were
reproducible.

Data Analysis
We have summarized the stated performance of the papers that
included validation. However, we could not compare approaches

using the stated performance, as the performance measures and
validation approaches varied considerably. In addition, there is
no recognized gold standard data set for comparison.

Results

Overview
A total of 1735 records were entered into an Endnote library
(Clarivate), and duplicates were removed, leaving 1249 (72%)
records for sifting (Figure 1). A total of 1080 records were
excluded based on the title and abstract screening alone. A total
of 169 references were deemed potentially relevant by one of
the independent sifters (RS, GG, RJ, SG, and KO). The full text
of these articles was screened independently, and 67 studies
[12,21,32-95,99] met our inclusion criteria and 102 references
were excluded [77,97,100-198]. The main reason for exclusion
was that although the abstract indicated that demographic data
were collected, it did not include race or ethnicity (most
commonly, other demographic attributes such as gender, age,
or location were collected). Other reasons for exclusion were
that the researchers collected demographic data through surveys
or questionnaires administered via Twitter (but not from data
posted on Twitter) or that the researchers used a social media
platform other than Twitter.
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Figure 1. Flow diagram for included studies.

Characteristics of the Included Studies
Most of the studies (51/67, 76%) stated or implied that they
were based solely or predominantly in the United States and
were limited to English language bios or tweets. A total of 6
studies were multinational [38,41,56,66,83,86]; 1 was UK based
(also in English) [59], another was based in Qatar [55], and 12%
(8/67) of studies extracted data from tweets in multiple
languages [32,38,52,55,56,66,83,86] (Table S2 in Multimedia
Appendix 1).

The most common race examined was White (58/67, 87%),
followed by Black or African American (56/67, 84%), Asian
(45/67, 67%), and the most common ethnicity examined was
Hispanic/Latino (43/67, 64%).

Some studies (12/67, 18%) treated race as a binary classification,
such as African American or not or African American or White,
whereas others created a multiclass classifier of 3 (15/67, 22%)
or 4 classes (33/67, 49%) or a combination of classes. A total
of 6 studies identified >4 classes; however, these often included

ethnicity or nationality classifiers as well as race [38,48,54,66,
83,95]. Wang and Chi [77] was a conference paper which did
not report the race types extracted.

The data objects from Twitter used to extract race or ethnicity
varied, with the use of profile pictures or Twitter users’ names
being the most common. Others have also used tweets in the
users’ timeline, information from Twitter bios, or Twitter users’
locations. Most studies (39/67, 58%) used more than one data
object from Twitter data. In addition, the data sets within the
studies varied in size between 392 and 168,000,000, with those
using manual methods having smaller data sets ranging from
just 392 [50] to 4900 [65].

Unfortunately, although performance has been measured in 67%
(45/67) of studies (this was inconsistently measured Table 2).
The metrics used to report results were particularly varied for
studies using ML or NLP and included the F1 score (which
combines precision and recall), accuracy, area under the curve,
or mean average precision. Table 2 lists the methods, features,
and reported performance of the top model from each study.
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Table 2. Top system performance within studies using machine learning or natural language processing (result metrics are reflected here as reported
in the original publications).

Results reportedFeaturesMLa modelClassifierStudy

Area under curveF1 scoreAccuracy

N/A0.66N/AcImages, text, topics,
and sentiment

GBDTbBinaryPennacchiotti and Popescu, 2011 [68]

N/A0.70N/AImages, text, topics,
sentiment, and net-
work

GBDTBinaryPennacchiotti and Popescu, 2011 [67]

N/AN/A0.85Names and name
clusters

SVMdBinaryBergsma et al, 2013 [38]

N/A0.95 (image); 0.92
(text)

N/AText and imagesDLLPeBinaryArdehaly and Culotta, 2017 [35]

0.97N/AN/AText, sentiment, and
emotion

LRfBinaryVolkova and Backrach, 2018 [76]

N/A0.720.73NameCNNgBinaryWood-Doughtry et al, 2018 [79]

NRNRNRhTextCNNTernarySaravanan, 2017 [72]

N/A0.84 (image); 0.83
(text)

N/AText and imagesDLLPTernaryArdehaly and Culotta, 2017 [33]

N/A0.88N/ATextCNNTernaryGunarathne et al, 2019 [94]

N/A0.430.62NameCNNTernaryWood-Doughtry et al, 2018 [79]

N/A0.86N/ANetwork and textRegressionQuaternaryCulotta et al, 2016 [47]

0.720.790.79n-grams, topics, self-
declarations, and
image

SVMQuaternaryChen et al, 2015 [46]

N/AN/A0.76Synonym expansion
and topics

CNNQuaternaryMarkson, 2017 [61]

N/AN/A0.84ImagesCNNQuaternaryWang et al, 2016 [189]

N/AN/A0.76Synonym expansion
and topics

SVMQuaternaryXu et al, 2016 [82]

N/AN/A0.83Census, name, net-
work, and tweet lan-
guage

Multinomial
logistic regres-
sion

QuaternaryArdehaly and Culotta, 2015 [34]

N/A0.810.82Census and image
tweets

LRQuaternaryArdehaly, 2014 [64]

N/AN/A0.81Tweets, emojis, and
network

LR with ENiQuaternaryBarbera, 2016 [37]

N/A0.460.83Name, profile meta-
data, and text

CNNQuaternaryWood-Doughty 2020 [81]

0.88 (African
American), 0.78

N/AN/AText, topics, senti-
ment, part-of-speech

LR with ENQuaternaryPreotiuc-Pietro and Ungar, 2018 [96]

(Latino), 0.83tagging, name, per-
(Asian), and 0.83
(White)

ceived race labels,
and ensemble

N/A0.25 (Asian), 0.63
(African American

N/AText and accounts
followed

CNNQuaternaryMueller et al, 2021 [91]

or Black), 0.28
(Hispanic), and
0.90 (White)

N/AN/A0.81Name and name
clusters

SVMMultinomial
(>4)

Bergsma et al, 2013 [38]

N/AN/A0.53ImagesNeural net-
work

Multinomial
(>4)

Nguyen et al, 2018 [66]
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aML: machine learning.
bGBDT: gradient-boosted decision tree.
cN/A: not applicable.
dSVM: support vector machine.
eDLLP: deep learning from label proportions.
fLR: logistic regression.
gCNN: convolutional neural network.
hNR: not reported.
iEN: elastic net.

Manual Screening
A total of 12 studies used manual techniques to classify Twitter
users into race or ethnicity categories [21,36,40,49-51,57,65,
87-90]. These studies generally combined qualitative
interpretations of recent tweets, information in user bios making
an affirmation of racial or ethnic identity, or photographs or
images in the user timeline or profile.

In most cases, tweets were first identified by text matching
based on terms of interest in the research topic, such as having
a baby with a birth defect [50], commenting on a controversial
topic [57,89], or using potentially gang- or drug-related language
[40]. Researchers then identified the tweet authors and, in most
cases, assigned race or ethnicity through hand coding based on
profile and timeline content. Some studies coded primarily based
on self-identifying statements of race used in a tweet or in users’
bios, such as people stating that they are a Black American
[49,50,88,90] or hashtags [36] (such as #BlackScientist). Others
coded exclusively based on the research team’s attribution of
racial identity through the examination of profile photographs
[21,57] or avatar [87]. Some authors coded primarily with
self-declarations, with secondary indicators, such as profile
pictures, language, usernames, or other content [40,51,65,88,89].
In most cases, it appears reasonable to infer that coding was
performed by the study authors or members of their research
teams, with the exception of those using the crowdsourcing
marketplace, Amazon Mechanical Turk [21,90].

The agreement among coders was sometimes measured, but
validity and accuracy measurements were not generally
included. A study [65], however, documented 78% reliability
for coding race compared with census demographics, with Black
and White users being coded accurately 90% of the time and
Hispanic or Asian users being accurately coded between 45%
and 60% of the time. The high accuracy of Black users was
based on the higher likelihood of Black users to self-identify.

Census-Driven Prediction
Another approach to predict race or ethnicity is to use
demographic information from the national census and
census-like data and transfer it to the social media cohort. The
US-based studies largely used census-based race and ethnicity
categories: Asian and Pacific Islander, Black or African
American, Latino or Hispanic, Native American, and White. A
UK-based study included the categories British and Irish, West
European, East European, Greek or Turkish, Southeast Asian,
other Asian, African and Caribbean, Jewish, Chinese, and other
minorities [83].

We identified 14 studies [39,48,52,54,60,63,70,71,74,77,83-85,
95] that used census geographic data, census surname
classification, or a combination of both. A total of 6 studies
incorporated geographic census data [39,52,63,74,83,84]. For
example, Blodgett et al [39] created a simple probabilistic model
to infer a user’s ethnicity by matching geotagged tweets with
census block information. They averaged the demographic
values of all tweets by the user and assumed this to be a rough
proxy for the user’s demographics. Stewart [74] collected tweets
tagged with geolocation information (longitude and latitude).
The ZIP code of the user was derived from this geolocation
information and matched with the demographic information
found in the ZIP Code Tabulation Area defined by the Census
Bureau. This information was used to find a correlation between
ethnicity and African American vernacular English syntax [74].

Other studies have used the census-derived name classification
system to determine race or ethnicity based on user names. We
identified 12 studies that predicted user race or ethnicity using
surnames [48,54,60,63,70,71,77,83-85,95,189]. Surnames were
used to assign race or ethnicity using either a US census-based
name classification system or, less commonly, an author
in-house generated classification system. Of these 12 studies,
7 (58%) relied solely on the user’s last names
[48,54,60,63,70,71,85]. Of those that reported validating the
system, validation methods of this name-based system alone
were not reported, but 4 (33%) of the 12 studies reported an
accuracy between 71.8% and 81.25% [63,70,71,83]. Of note, a
study reported vastly different accuracies in predicting whiteness
versus blackness (94% predicting White users vs 33% predicting
African American or Black users) [83]. The remaining 2 studies
augmented name-based predictions with aggregate demographic
data from the American Community Survey or equivalent
surveys. For example, statistical and text mining methods have
been used to extract surnames from Twitter profiles, combining
this information with census block information based on
geolocated tweets to assess the probability of the user’s race or
ethnicity [60]. However, these studies did not report validation
or accuracy.

Ad Hoc ML or NLP
A total of 24 papers [33-35,37,38,46,47,61,64,66-68,72,76,
78-82,91-94,99] used ML or NLP to automatically classify users
based on their race or ethnicity. ML and NLP methods were
used to process the data made available by Twitter users, such
as profile images, tweets, and location of residence. These
studies almost invariably consisted of larger cohorts, with
considerable variation in the specific methods used.
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Supervised ML models (in which some annotated data were
used to train the system) were used in 12 (50%) of the 24
studies. The models used include support vector machine
[38,46,61], gradient-boosted decision trees [67,68], and
regression models [33,34,37,76,96].

Semisupervised (where a large set of unannotated data is also
used for training the system, in addition to annotated data) or
fully unsupervised models using neural networks or regression
were used for classification in 10 (42%) of the 24 studies
[33,35,66,72,78,79,81,92-94].

A total of 2 studies used an ensemble of previously published
race or ethnicity classifiers by processing the data through 4
extant models and using a majority rule approach to classify
users based on the output of each classifier [80,91].

ML models use features or data inputs to predict desired outputs.
Features derived from textual information in the user’s profile
description, such as name or location, have been used in some
studies [34,35,38,60,67,68,79,81,92,93]. Other studies included
features related to images, including but not exclusively profile
images [46,67,68,189], and facial features in those images [66].
Some studies have used linguistic features to classify a user’s
race or ethnicity [37,38,46,47,61,67,68,72,76,78,81,92-94,96].
Specific linguistic features used in the models include n-grams
[38,46,72,91-94], topic modeling [46,61,78], sentiment and
emotion [76], and self-reports [67,68,81]. Information about a
user’s followers or network of friends was included as a feature
in some studies under the assumption that members of these
networks have similar traits [34,37,46,47,91].

Labeled data sets are used to train and test supervised and
semisupervised ML models and to validate the output of
unsupervised learning methods. Some of the studies used
previously created data sets that contained demographic
information, such as the MORPH longitudinal face database of
images [189], a database of mugshots [38], or manually
annotated data from previous studies [79,81]. Others created
ground truth data sets from surveys [96] or by semiautomatic
means, such as matching Twitter users to voter registrations
[37], using extracted self-identification from user profiles or
tweets [67,68,81], or using celebrities with known ethnicities
[66]. Manual annotation of Twitter users was also used based
on profile metadata [34,35,46,76], self-declarations in the
timeline [61,82], or user images [35,94]. Table 2 summarizes
the best performing ML approach, features used, and the
reported results for each study that used automatic classification
methods. In the table, the classifier is the number of race or
ethnicity classification groups, ML model is the top performing
algorithm reported, and features are the variables used in the
predictions.

Data from Twitter are inherently imbalanced in terms of race
and ethnicity. In ML, it is important to attempt to mitigate the
effects of the imbalance, as the models have difficulty learning
from a few examples and will tend to classify to the majority
class and ignore the minority class. Few studies (12/67, 18%)
have directly addressed this imbalance. Some opted to make
the task binary, focusing only on their group of interest versus
all others [67,68,94] or only on the majority classes [38,76].
Others choose modified performance metrics that account for

imbalance when reporting their results [33,61,82]. A group,
which was classified based on images, supplemented their
training set from an additional data source for the minority
classes [33,35]. Only 2 studies have experimented with
comparator models trained on balanced data sets. In a study by
Wood-Doughty et al [81], the majority class was undersampled
in their training sets and [96] the minority classes were
oversampled. In both cases, the overall performance of the
models decreased in accuracy from 0.83 to 0.41 (on their best
performing unbalanced model) and 0.84 to 0.68. [96], as the
performance boost from the models, the superior performance
on the majority class was eradicated.

Off-the-shelf Software
A total of 17 studies [12,32,41-45,53,55,56,58,59,62,69,73,
75,86] used off-the-shelf software packages to derive race or
ethnicity. Moreover, 10 studies [32,44,45,53,55,56,58,62,69,75]
used Face++ [199], 5 studies [12,41-43,73] used Demographics
Pro [200], and 2 studies used Onomap [201] software to
determine ethnicity [59,86]. Face++ is a validated ML face
detection service that analyzes features with confidence levels
for inferred race attributes. Specifically, it uses deep learning
to identify whether profile pictures contain a single face and
then the race of the face (limited to Asian, Black, and White)
and does not infer ethnicity (eg, Hispanic) [199]. Demographics
Pro estimates the demographic characteristics based on Twitter
behavior or use using NLP, entity identification, image analyses,
and network theory [200]. Onomap is a software tool used for
classifying names [201]. A total of 3 studies that used Face++
used the same baseline data set [45,62,75], and one used a partial
subset of the same data set [69].

In total, 2 studies that used Face++ [32,58] did not measure its
performance. Another study [44] stated that Face++ could
identify race with 99% confidence or higher for 9% of total
users. In addition, 2 studies [53,55] used Face++ along with
other methods. One of these studies used Face++ in conjunction
with demographics, using a given name or full name from a
database that contains US census data for demographics. This
study simply measured the percentage of Twitter users for which
race data could be extracted (46% college students and 92%
role models) but did not measure the performance of Face++
[53]. Another study [55] built a classifier model on top of using
Face++ and recorded an accuracy of 83.8% when compared
with users who stated their nationality.

A total of 4 studies [45,62,69,75] (with the same data set in full
or in part) used the average confidence level reported by Face++
for race which was 85.97 (SD 0.024%), 85.99 (SD 0.03%),
86.12 (SD 0.032%), respectively, with a CI of 95%. When one
of these studies [45] carried out its own accuracy assessment,
they found an accuracy score of 79% for race when compared
with 100 manually annotated pictures. Huang et al [56] also
carried out an accuracy assessment and found that Face++
achieved an averaged accuracy score of 88.4% for race when
compared with 250 manually annotated pictures.

A total of 5 studies [12,41-43,73] used Demographics Pro, and
although they reported on Demographics Pro success in general,
they did not directly report any metrics of its success. The 2
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studies using Onomap provided no validation of the software
[59,86].

In light of our results, we have compiled our recommendations
for best practice, which are summarized in Figure 2 and further
examined in the Discussion section.

Figure 2. Summary of our best practice recommendations.

Discussion

Principal Findings
As there are no currently published guidelines or even best
practice guidance, it is no surprise that researchers have used a
variety of methods for estimating the race or ethnicity of Twitter
users. We identified four categories for the methods used:
manual screening, census-based prediction, ad hoc ML or NLP,
and off-the-shelf software. All these methods exhibit particular
strengths, as well as inherent biases and limitations.

Comparing the validity of methods for the purpose of deriving
race or ethnicity is difficult as classification models differ not
only in approach but also in the definition of the classification
of race or ethnicity itself [112,202,203]. There is also a distinct
lack of evaluation or validation of the methods used. Those that
measured the performance of the methods used found accuracy
to vary from 45% to 93%, with significantly lower accuracy in
identifying categories of people of color.

This review sheds little light on the performance of commercial
software packages. Previous empirical comparisons of facial
recognition application programming interfaces have found that
Face++ achieves 93% accuracy [204] and works comparatively
better for men with lighter skins [205]. The studies included in
our review suggested a lower accuracy. However, data on
accuracy were not forthcoming in any of the included studies
using Demographics Pro [200]. Even when performance is
assessed, the methodology used may be biased if there are issues
with the gold standard used to train the model.

In addition to the 4 overarching methods used, the studies varied
in terms of the features used to determine or define race or
ethnicity. Furthermore, the reliability of the features used to
determine or define race or ethnicity for this purpose is
questionable. Specifically, the use of Twitter users’ profile
pictures, names, and locations, the use of unvalidated linguistic
features attributed to racial groups (such as slang words, African
American vernacular English, Spanglish, or Multicultural

London English), and the use of training data that are prone to
perpetuate biases (eg, police booking photos or mug shots) were
all of particular concern.

Issues Related to the Methods Used
Approaches that include or rely solely on profile pictures to
determine race or ethnicity can introduce bias. First, not all
users have a photograph as their profile picture, nor is it easy
to determine whether the picture used is that of the user. A study
on the feasibility of using Face++ found that only 30.8% of
Twitter users had a detectable single face in their profile. A
manual review of automatically detected faces determined that
80% could potentially be of the user (ie, not a celebrity) [206].
Human annotation may introduce additional bias, and studies
have found systematic biases in the classification of people into
racial or ethnic groups based on photographs [207,208].
Furthermore, humans tend to perceive their own race more
readily than others [209,210]. Thus, race or ethnicity in the
annotation team has an impact on the accuracy of their race or
ethnicity labels, potentially skewing the sample labels toward
the race or ethnicity of the annotators [211,212]. Given ML and
NLP methods are trained on these data sets, the human biases
transfer to automated methods, leading to poorly supervised
ML and training, which has been shown to result in
discrimination by the algorithm [213-215]. These concerns did
not appear to be interrogated by the study designers. Without
exception, they present categorization of persons into race or
ethnicity, assuming that a subjective reading of facial features
or idiomatic speech is the gold standard both for coding of race
or ethnicity and for training and evaluation of automated
methods.

Other methods, such as using geography or names as indicators
of race, may also be unreliable. One could argue that the
demographic profile for a geographic region is a better
representation of race or ethnicity in the demographic
environment than an individual’s race or ethnicity. Problems
in using postcodes or locations to decipher individual social
determinants are well documented [216]. The use of census data
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from an area that is too large may skew the results. Among the
studies reviewed, some used census block data, which are
granular, whereas others extrapolated from larger areas, such
as city- or county-level data. For example, Saravanan [72]
inferred the demographics of users in a city as a certain ethnic
group based on a city with a large population of that group;
however, no fine-grained analysis was performed either for the
city chosen or for geolocation of the Twitter user. Thus, the
validity of their assumption that a user in Los Angeles County
is of Mexican descent [72] is questionable. As these data were
then used to create a race or ethnicity dictionary of terms used
by that group to train their model, the questionable assumption
further taints downstream applications and results. The models
also do not consider the differences between the demographics
of Twitter users and the general demographics of the population.

In addition, census demographic data that uses names are also
questionable because of name-taking in marriage and
indiscernible names.

The practice of using a Twitter user’s self-reported race or
ethnicity would provide a label with high confidence but restrict
the amount of usable data and introduce a margin of error
depending on the method used to extract such self-reports. For
example, in a sample of 14 million users, >0.1% matched precise
regular expressions created to detect self-reported race or ethnic
identity [128]. Another study used mentions of keywords related
to race or ethnicity in a user’s bio; however, limited validation
was conducted to ensure that the mention was actually related
to the user’s race or ethnicity [67,68]. This lack of information
gathered from the profile information leads to sampling bias in
the training of the models [152].

Some models trained on manually annotated data did not have
high interannotator agreement; for example, Chen et al [46]
crowdsourced annotation agreement measured at 0.45. This can
be interpreted as weak agreement, with the percentage of reliable
data being 15% to 35% [217]. Training a model on such weakly
labeled data produces uncertain results.

It is not possible to assume the accuracy of black box proprietary
tools and algorithms. The only race or ethnicity measure that
seems empirically reliable is self-report, but this has
considerable limitations. Thus, faulty methods continue to
underpin digital health research, and researchers are likely to
become increasingly dependent on them. The gold standard
data required to know the demographic characteristics of the
Twitter user is difficult to ascertain.

The methods that we highlight as best practices include directly
asking the Twitter users. This can be achieved, for example, by
asking respondents of a traditional survey for both their
demographic data and their Twitter handles so that the data can
be linked [96]. This was undertaken in the NatCen Social
Research British Social Attitudes Survey 2015, which has the
added benefit of allowing the study of the accuracy of further
methods for deriving demographic data [20]. Contacting Twitter
users may also provide a gold standard but is impractical, given
the current terms of use of Twitter that might consider such
contact a form of spamming [72,204,205,216]. A limitation of
extracting race or ethnicity from social media is the necessity
to oversimplify the complexity of racial identity. The categories

were often limited to Black, White, Hispanic, or Asian. Note
that Hispanic is considered ethnicity by the US census, but most
studies in ML used it as a race category, more so than Asian
(because of low numbers in this category). Multiple racial
identities exist, particularly from an international perspective,
which overlooks multiracial or primary and secondary identities.
In addition, inferred identities may differ from self-identity,
raising further issues.

Given the sensitive nature of the data, it is important as a best
practice for the results of studies that derive race or ethnicity
from Twitter data to be reproducible for validation and future
use. The reproducibility of most of the studies in this review
would be difficult or impossible, as only 5 studies were linked
to available code or data [38,47,79,81,108]. Furthermore, there
is limited information regarding the coding of the training data.
None of the studies detailed their annotation schemas or made
available annotation guidelines. Detailed guidelines as a best
practice may allow recreation or extension of data sets in
situations where the original data may not be shared or where
there is data loss over time. This is particularly true of data
collected from Twitter, where the terms of use require that
shared data sets consist of only tweet IDs, not tweets, and that
best efforts to delete IDs from the data set if the original tweet
is removed or made private by the user be in place. Additional
restrictions are placed on special use cases for sensitive
information, prohibiting the storage of such sensitive
information if detected or inferred from the user. Twitter
explicitly states that information on racial or ethnic origin cannot
be derived or inferred for an individual Twitter user and allows
academic research studies to use only aggregate-level data for
analysis [218]. It may be argued that this policy is more likely
to be targeted at commercial activities.

Strengths and Limitations
We did not limit our database searches and other methods by
study design; however, we were unable to identify any previous
reviews on the subject. To the best of our knowledge, this is the
first review of methods used to extract race or ethnicity from
social media. We identified studies from a range of disciplines
and sources and categorized and summarized the methods used.
However, we were unable to obtain information on the
methodologies used by private-sector companies that created
software for this purpose. Marketing and targeted advertising
are common on social media and are likely to use race as a part
of their algorithms to derive target users.

We did not limit our included papers to those in which the
extraction of race or ethnicity was the primary focus. Although
this can be conceived as a strength, it also meant that reporting
of the methods used was often poor. The accurate recreation of
the data lost was hampered by not knowing how decisions were
made in the original studies, including what demographic
definitions of race or ethnicity were used, or how accuracy was
determined. This limited the assessment of the included studies.
Few studies have validated the methods or conducted an error
analysis to assess how often race is misapplied and those that
did, rarely used the most appropriate gold standard. This makes
it difficult to directly compare the results of the different
approaches.
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Future Directions
Future studies should investigate their methodological
approaches to estimate race or ethnicity, offering careful
interpretations that acknowledge the significant limits of these
approaches and their impact on the interpretation of the results.
This may include reporting the results as a range that
communicates the inherent uncertainty of the classification
model. Social media data may best be used in combination with
other information. In addition, we must always be mindful that
race is a proxy measure for the much larger impact of being a
particular race or ethnicity in a society. As a result, the
variability associated with race and ethnicity might reveal more
about the effects of racism and social stratification than about
individual user attributes. To conduct this study ethically and
rigorously, we recommend several practices that can help reduce
bias and increase reproducibility.

We recommend acknowledging the researchers’ bias that can
influence the conceptualization of the implementation of the
study. Incorporating this reflexivity, as is common in qualitative
research, allows for the identification of potential blind spots
that weaken the research. One way to address homogenous
research teams is through the inclusion of experts in race or
ethnicity or in those communities being examined. These biases
can also be reduced by including members of the study
population in the research process as experts and advisers [219].
Although big data from social media can be collected without
ever connecting with the people who contributed the data, it
does not eliminate the ethical need for researchers to include
representative perspectives in research processes. Examples of
patient-engaged research and patient-centered outcomes
research, community-based participatory research, and citizen
science (public participation in scientific research) within the
health and social sciences amply demonstrate the instrumental
value and ethical obligation of intentional efforts to involve
nonscientist partners in cocreation of research [219]. The quality
of data science can be improved by seriously heeding the

imperative, Nothing about us without us [219]. Documenting
and establishing the diverse competence attributes of a research
team should become a standard. Emphasizing the importance
of diverse teams within the research process will contribute to
social and racial justice in ways other than improving the
reliability of research.

In terms of the retrieved data, the most reliable (though
imperfect) method for ascertaining race was when users
self-identified their racial affiliation. Further research on
overcoming the limitations of availability and sample size may
be warranted. Indeed, a hybrid model with automated methods
and manual extraction may be preferred. For example,
automation methods could be developed to identify potential
self-declarations in a user profile or timeline, which can then
be manually interpreted.

Finally, we call for greater reporting of the validation by our
colleagues. Without error analysis, computational techniques
would not be able to detect bias. Further research is needed to
establish whether any bias is systematic or random, that is,
whether inaccuracies favor one direction or another.

Conclusions
We identified major concerns that affect the reliability of the
methods and bias the results. There are also ethical concerns
throughout the process, particularly regarding the inference of
race or ethnicity, as opposed to the extraction of self-identity.
However, the potential usefulness of social media research
requires thoughtful consideration of the best ways to estimate
demographic characteristics such as race and ethnicity [112].
This is particularly important, given the increased access to
Twitter data [202,203].

Therefore, we propose several approaches to improve the
extraction of race or ethnicity from social media, including
representative research teams and a mixture of manual and
computational methods, as well as future research on methods
to reduce bias.
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Abstract

Background: The importance of blockchain-based architectures for personal health record (PHR) lies in the fact that they are
thought and developed to allow patients to control and at least partly collect their health data. Ideally, these systems should provide
the full control of such data to the respective owner. In spite of this importance, most of the works focus more on describing how
blockchain models can be used in a PHR scenario rather than whether these models are in fact feasible and robust enough to
support a large number of users.

Objective: To achieve a consistent, reproducible, and comparable PHR system, we build a novel ledger-oriented architecture
out of a permissioned distributed network, providing patients with a manner to securely collect, store, share, and manage their
health data. We also emphasize the importance of suitable ledgers and smart contracts to operate the blockchain network as well
as discuss the necessity of standardizing evaluation metrics to compare related (net)works.

Methods: We adopted the Hyperledger Fabric platform to implement our blockchain-based architecture design and the Hyperledger
Caliper framework to provide a detailed assessment of our system: first, under workload, ranging from 100 to 2500 simultaneous
record submissions, and second, increasing the network size from 3 to 13 peers. In both experiments, we used throughput and
average latency as the primary metrics. We also created a health database, a cryptographic unit, and a server to complement the
blockchain network.

Results: With a 3-peer network, smart contracts that write on the ledger have throughputs, measured in transactions per second

(tps) in an order of magnitude close to 102 tps, while those contracts that only read have rates close to 103 tps. Smart contracts

that write also have latencies, measured in seconds, in an order of magnitude close to 101 seconds, while that only read have

delays close to 100 seconds. In particular, smart contracts that retrieve, list, and view history have throughputs varying, respectively,
from 1100 tps to 1300 tps, 650 tps to 750 tps, and 850 tps to 950 tps, impacting the overall system response if they are equally
requested under the same workload. Varying the network size and applying an equal fixed load, in turn, writing throughputs go

from 102 tps to 101 tps and latencies go from 101 seconds to 102 seconds, while reading ones maintain similar values.

Conclusions: To the best of our knowledge, we are the first to evaluate, using Hyperledger Caliper, the performance of a PHR
blockchain architecture and the first to evaluate each smart contract separately. Nevertheless, blockchain systems achieve
performances far below what the traditional distributed databases achieve, indicating that the assessment of blockchain solutions
for PHR is a major concern to be addressed before putting them into a real production.

(J Med Internet Res 2022;24(4):e35013)   doi:10.2196/35013
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Introduction

Background
Two closely related concepts have been drawing the attention
of the biomedical and health informatics community: electronic
health record (EHR) and health information exchange (HIE).
The former, broadly speaking, covers all the repositories of
digital data concerning retrospective, concurrent, and
prospective information for ongoing support for patient health
care [1,2]. Some examples of these digital repositories are
electronic medical record [3,4], electronic patient record [5,6],
and the personal health record (PHR). In particular, PHR
systems are thought and developed to allow health data to be
controlled and at least partly collected by the patient [7-9]. The
latter, in turn, covers all electronic protocols for transferring
data among hospitals, clinics, and other health organizations in
order to share standard information regarding patient’s treatment
[10]. The Office of the National Coordinator for Health
Information Technology defines 3 strategies for HIE: direct,
query-based, and consumer-mediated. In particular,
consumer-mediated HIE allows patients to retrieve their health
information, share it with health care providers and stakeholders
they trust, and then make better decisions in partnership [11].
Even though it is a contentious issue yet, patients should ideally
have full control of their own health data—authorizing access,
sharing, and use—to reach an actual patient-centered HIE
[12,13].

Despite having been separately presented, an EHR repository
and an HIE protocol can be incorporated into the same system
as a matter of fact. In general, they comprise systems to store,
retrieve, and share health data and, invariably, lead to
interoperability, scalability, reliability, privacy, and security
issues regarding those data. Interoperability can reduce or even
eliminate handmade administrative tasks, avoid duplicate clinical
services, and facilitate access to relevant information, thereby
decreasing cost and waste and improving coordinate and
unplanned care [14]. Scalability can impact the scale and the
transmission of health data, limiting the overall latency and
throughput [15]. Reliability can increase confidence in health
organizations and contribute to the total testing process, thereby
reducing diagnostic errors and supporting malpractice litigation
[15,16].

In particular, privacy and security relating to EHRs have been
especially important issues because health data are undoubtedly
sensitive. Patients must have their personal information
guaranteed by civil rights, that is, only used and disclosed under
their consent to indeed have privacy. In this sense, health care
providers and regulators should be previously authorized before
they are able to examine such information. Furthermore, patients
must be protected from unauthorized access, modification, and
exclusion of their stored data to really be safe. In general, lack
of security can result in data theft and leakage [17]. According
to the US Department of Health and Human Services Office for
Civil Rights, millions of people have had sensitive information

stolen and exposed owing to recurrent database attacks on the
health care industry [18]. Although traditional cloud-assisted
EHR has been a promising paradigm developed to address these
issues, cloud environments rely on trusted and centralized third
entities, which do not take full responsibility for privacy and
security protection and only ensure it as much as possible
[19,20]. However, blockchain-based systems, originally created
to replace the trusted third party of the financial transactions
[21,22], have been spreading to other fields, arousing the interest
of the biomedical and health informatics community because
they are tightly related to privacy and security concerns over
EHR and HIE [19]. Maintaining a distributed, tamper-resistant,
and continuously growing ledger, blockchain networks are
systems designed to have decentralized storage and
management, avoiding the single point of failure and
encouraging health care providers and patients to mutually
collaborate without the control of a central intermediary. They
are also systems created to have a permanent audit trail and a
well-defined and consensual set of transaction rules (smart
contracts), supplying and certifying health data provenance and
establishing formal criteria to handle sensitive information
[23-26].

In view thereof, the aforesaid community has already provided
an increasing number of blockchain uses: a decentralized record
management to handle electronic medical records [27], a PHR
smartphone app to empower patients to take control of their
own health data [28], an architecture model to provide a PHR
in which patients maintain a unified register of their health
history even from different organizations [29], a mobile health
system to remotely perform cognitive behavioral therapy for
insomnia [30], a teledermatology platform to support diagnosis
of skin diseases [31], a privacy-preserving location sharing for
telecare medical information systems [32], an authentication
service to seal biomedical database requests and the respective
responses [33], a pharmaceutical supply chain management to
prevent counterfeit medicines [34], a framework to share
medical images [35], a platform to remotely watch patient vital
signs [36], and an EHR to manage and share data from cancer
treatment [37], indicating a wide range of promising
applications.

Related Works and Our Contribution
There are several contributions proposing blockchain-based
architecture designs to address existing problems with EHR.
However, most of them have targeted electronic medical records
and electronic patient records, and only few approached PHR
[38,39]. Combining traditional database storage, blockchain
framework, and smartphone app, Yue et al [28] were among
the first to suggest an architecture model to empower the
patient’s ability to control and share health data. Despite
adopting access control policies in different usage scenarios,
the authors did not provide a detailed description of the
blockchain infrastructure or perform a system assessment.

Roehrs et al [29] presented a distributed and interoperable
model, named the OmniPHR, in which patients can gather their

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35013 | p.659https://www.jmir.org/2022/4/e35013
(page number not for citation purposes)

Costa et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


health data to optimally manage their health history and in which
health care providers, with the patient’s consent, can access
such data, regardless of the institutional source. Although the
work pointed out several relevant concepts about the PHR, it
only simulated a peer-to-peer network infrastructure using
OverSim [40] and did not, in fact, implement a blockchain
routine with the timestamped hashing blocks and the smart
contracts. To remotely apply cognitive behavioral therapy for
insomnia, Ichikawa et al [30] developed a mobile health system
based on a Hyperledger Fabric blockchain infrastructure [41]
to store the collected data. With a 4-node network, the authors
evaluated the tamper resistance under simulated fault by taking
1 node down and subsequently, uploading new data and
verifying the information recovery by lifting that node up and,
from this, querying the update of the previous data [30]. Even
though the work had proposed a PHR system and tested its
failure resilience, it did not provide performance
indicators—throughput and latency under workload [42-44]—to
assess the distributed network infrastructure.

Liang et al [45] developed a mobile app for users to store their
personal health data in a cloud database, from wearable or
medical devices and manual inputs as well and to share it with
health care providers and health insurance companies they trust.
Similar to [30], Hyperledger Fabric was the blockchain
framework used to implement a permissioned distributed
network. Besides Fabric, to improve scalability and integrity,
Merkle tree protocol, via Chainpoint [46], was the tree-based
data structure used to aggregate hashed records into leaf nodes
until reaching a single root—the final hash to be saved in the
blockchain. To evaluate performance, the work measured the
average time cost during simultaneous recording. In another
work, Liang et al [47] elaborated a web application for PHR.
The authors built a patient-centered architecture out of a trusted
environment, supplied by Intel Software Guard Extension [48]
to maintain health data and control access logs regarding these
data, and out of a permanent blockchain network supplied by
Tierion [49] to record both hashes of that data, certifying
integrity and raw copies of that logs, thereby ensuring
traceability. To evaluate performance and estimate overload,
the work adopted 2 measures: the average time cost to handle
a concurrent number of records and the average time cost to
handle a large number of access tokens.

Uddin et al [50] proposed an end-to-end eHealthcare architecture
for continuous patient monitoring, including a patient-centered
component to oversee access control policies, coordinate sensors
and devices, and ultimately, decide which data stream should
be stored on a blockchain. Inspired by Bitcoin and Ethereum
environments [21,51], the authors designed a customized
blockchain infrastructure by using Java programming language,
with which they implemented a selection of only trusted mining
nodes to perform proof of work as consensus protocol. They
compared their customized system with Bitcoin’s algorithm
performance, analyzing surviving generations value and central
processing unit and memory monitoring as metrics [50].

Using an Ethereum-based blockchain network [51], Omar et al
[52] developed a privacy-preserving platform in which patients
control all health data stored on and retrieved from a blockchain,
while having their identity protected by cryptographic functions.

Besides that, the authors suggested specific protocols to attain
pseudonymity, privacy, integrity, accountability, and security
throughout platform transactions. To analyze performance, they
evaluated the transaction and execution costs of smart contracts
by varying the string length of the data block and employing
Ethereum’s crypto-fuel as a metric [52].

Roehrs et al [53] extended the OmniPHR model devised in their
prior work to a production scenario, considering a private
blockchain network in which only verified and authenticated
participants can access and manage it. Notwithstanding
Ethereum and Hyperledger Fabric had been pondered as suitable
blockchain platforms, the authors preferred to develop their
own infrastructure by using open application programming
interfaces such as Apache Kafka [54], Apache Zookeeper [55],
and others. To evaluate performance over many queries, the
work observed how throughput and latency varied from 50 to
500, from 1000 to 10,000, and from 13,000 to 40,000 concurrent
requests.

Through an Ethereum-based blockchain architecture, Lee et al
[56] proposed an international cross-area platform to arrange
data from different health care services and manage
authorizations for HIE among patients, health care providers,
and stakeholders. By considering a test scenario in which a
person had traveled from her/his home country to a foreign one
and suddenly needed medical attention, the patient, registered
on the platform, successfully granted a physician authorization
to access her/his PHR. The physician, in turn, also registered
on the platform, searched the requested PHR, and according to
it and the current patient condition, provided a diagnosis and
ordered treatment and medication [56].

Alongside the preceding papers, our work builds a
blockchain-based architecture out of a permissioned distributed
network in order to supply a PHR system for patients to securely
collect, store, share, and manage their health data. Despite the
similarities, it brings a novel ledger-oriented architecture model
using Hyperledger Fabric, emphasizing the importance of
suitable ledgers and smart contracts to operate the overall
blockchain. In addition, it provides a detailed assessment of a
3-peer network—applying throughput and latency—under
workload, ranging from 100 to 2500 simultaneous record
submissions, and analyses, in this case for a fixed load, the
impact of increasing the network, ranging from 3 to 13 peers.
At the end, our work discusses the necessity of standardizing
evaluation metrics to facilitate the comparison between related
works.

Methods

Blockchain and Smart Contracts
Blockchain is a distributed, tamper-resistant, and continuously
growing ledger for recording desirable assets and transactions
in cryptographically chained blocks. It results from a protocol
to add data blocks, using public-key cryptography and hash
functions, and from a protocol to validate them, using a
consensus algorithm on a peer-to-peer network [21]. In this
sense, each new block contains the timestamp, the hash of the
previous block, and the list of the retrospective and current
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digitally signed assets and transactions. Each new one is also
verified by the majority of the peers in order to provide a reliable
full history of the register. Once the assets and transactions are
validated by consensus, the new block is recorded in the chain
and becomes immutable. Subsequently, the updated ledger is
shared by all peers and, thenceforth, can be attested without the
need of a central authority [57,58].

Blockchain networks can be arranged either into a
permissionless or a permissioned mechanism for selecting
participants, to ensure the honest majority assumption, that is,
the conjecture that the majority of the peers will be honest and
run the consensus protocol correctly [59]. On the one hand, a
permissionless blockchain network—a domain of the
cryptocurrencies and financial markets [60]—does not have
administrators managing membership or banning illegitimate
peers; it is literally open to anyone who wants to be part of it
[58,61]. In these circumstances, the network maintains incentive
alignments as long as participants self-select but must expend
computational resources, as in the proof of work, or even money,
as in the proof of stake, to run the consensus protocol [59]. On
the other hand, a permissioned blockchain network—a domain
of the business and institutional practices [60]—has external
administrators managing membership and defining which peers
have read and write permission on the blockchain [58,61].
Although choosing the participants is outside the scope of the
consensus protocol, the network establishes a consortium
whereby members obey publicly documented policies to achieve
group decision-making [59].

Smart contracts, in turn, are prespecified rules that allow a
blockchain to be conducted in a consensual manner by all
network participants. In practice, these rules represent
transactions, which automatically operate digital assets and can
be constructively used to state a bylaw among parties with
common goals, attaining a decentralized autonomous
organization [51]. Encoding state transition functions, smart
contracts are logically and effectively implemented as executable
programs in both domain-specific and general-purpose
languages and owe their security to the accomplishment of the
consensus protocol [41]. Despite opening a way to make digital
codes into laws or official statements, blockchain and smart
contracts are emerging technologies still. Therefore, they neither
are legally binding documents nor have a jurisprudential
agreement to be interpreted [61].

As already suggested in the introduction, Ethereum and
Hyperledger Fabric have been the main open-source platforms
used to develop blockchain frameworks into EHR and HIE
[23-26,38,39]. Providing a built-in, Turing-complete, and
domain-specific language (Solidity) to write smart contracts
and distributed applications, Ethereum is an alternative to the
first-generation scripting systems without full programming
capabilities [51]. In the beginning, it was launched to create
permissionless networks [62], implementing a consensus
protocol (Ethash) based on the proof of work, in which a hash
puzzle needs to be solved by a prover and validated by a set of
verifiers [22]. To mediate this computation and avoid network
abuse, Ethereum has an internal cryptocurrency (Ether) to charge
transaction fees and reward nodes competing to append new
blocks to the chain [63]. By the advent of the permissioned

networks, Ethereum was also adapted to support general purpose
languages such as Go and C++ [23] and run a consensus protocol
based on the proof of authority, in which only a set of known
verifiers can be selected to validate a new block [22].

Hosted by the Linux Foundation, Hyperledger Fabric, in turn,
is a decentralized operating system to create permissioned
networks. It allows smart contracts (chaincodes) and distributed
applications to be written in Go, Java, and Node. Using an
ordering service implementation based on a crash-tolerance
consensus [22], it has an endorsement policy in which the smart
contracts themselves, via chaincode lifecycle and private
communication mechanisms (channels), specify a set of nodes
to endorse transactions. In this sense, the nodes in Hyperledger
Fabric have different functions: the client nodes to propose,
orchestrate, and broadcast transactions, the peer nodes to execute
and validate transactions as well as to maintain the ledger and
the smart contracts, and the ordering service nodes to mediate
state updates and dependencies during transaction execution.
To control the identity of these nodes, Hyperledger Fabric has
a membership service provider to handle certificate authorities
and public key infrastructure and, from them, issue credentials
for authentication and authorization [41,62].

As already mentioned, we opt for the latter platform to
implement our permissioned network. Most of the existing
platforms, including Ethereum, implement a traditional active
replication for the consensus protocol, which first orders and
broadcasts transactions to all peers and second waits for each
peer to perform such transactions sequentially (order-execute
paradigm), limiting performance and requiring an additional
mechanism to prevent denial-of-service attacks from untrusted
codes [41]. Executing transactions only on a subset of peers,
Hyperledger Fabric implements an execute-order-validate
paradigm, which first performs and verifies the transactions,
then orders through a consensus protocol, and finally validates
such transactions by the application-specific trust assumptions
[41]. Although there are scalability issues, Hyperledger Fabric
has indeed exhibited better throughput and latency values than
Ethereum and other blockchain platforms [42,43,62]. In addition
to these characteristics, it provides an entire set of
privacy-preserving mechanisms to create and submit private
transactions [41,62]—a decisive quality that influenced our
decision.

Blockchain-Based Architecture Design for PHR
Using Hyperledger Fabric release 2.2, our blockchain network
is structured with N peer nodes (P1, P2, …, PN), with N greater
than or equal to 3, and an ordering service node. The peer nodes
are the basic elements of the network because they store ledgers
(L) and smart contracts (S) [64]. Ideally, each peer infrastructure
must be under the responsibility of a different corporation. In
this sense, they can represent N interested parties—the
government, health organizations, civil society institutions,
hospitals, among others—acting for the maintenance and
evolution of a PHR. Thus, the peer nodes provide network
services such as the writing and reading of the ledgers for
administrators and users relating to these parties. In theory,
there is no upper bound for N other than that imposed by the
hardware and software running the consensus protocol. In this
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sense, we first investigate a 3-peer network because it is the
smallest one in which the majority assumption is reasonable
and, second, analyze the impact of increasing N.

The peers are associated with their respective client nodes (CL1,
CL2, …, CLN)—the elements outside the network that allow
an application to be connected to the blockchain, that is, an
external application accesses ledgers and smart contracts via
client-peer connection. By means of a software development
kit [65], Hyperledger Fabric supplies an application
programming interface with instructions to perform the
aforementioned connection in order to submit transactions as
well as to receive responses after these transactions are finished
or interrupted earlier due to the lack of consensus. In addition,
Hyperledger Fabric conceives of a channel (C) as a primary
communication pathway by which peers and clients can establish
a consortium with well-defined policies, thus providing a
mechanism for isolating assets and transactions from the rest
of the network. In this context, each smart contract and the
respective ledger can be separately invoked on a specific channel
only by users previously registered in the consortium, thereby
ensuring interoperability and privacy [64].

The peers get assigned to the consortium—the government,
health organizations, civil society institutions, and hospitals in
our example—by their respective certificate authorities (CA1,
CA2, …, CAN), the elements that generate public and private
key infrastructure to issue identities via digital certificates [66].
Hyperledger Fabric has adopted the X.509 standard [67] as its
primary certificate system. Whenever one of the consortium
members establishes a client-peer connection to access the
blockchain resources, these certificate authorities attest to the
channel the digital identity of the applicant and her/his rights
to use the required smart contract. As already mentioned, the
Fabric component mapping identities with their own rights is
the membership service provider, which inspects who
participates in the network and their channels, identifying roles
and limits of all administrators and users [64].

Lastly, the ordering service node mediates the interaction
between peers during a transaction submission and ensures a
consistent ledger after performing the consensus protocol. In
Hyperledger Fabric, the endorsement policy occurs as a result
of a 3-phase process: (1) proposal, (2) ordering and packing,
and (3) validation and commit. Roughly speaking, in the first
phase, a client node submits a transaction proposal, which is
distributed to the endorsement peers and is independently
executed by them, returning a set of endorsed
responses—inconsistent responses can be already detected and
discarded, finishing the workflow early. In the second phase,
the ordering service node collects these responses and packages
them into blocks, preparing for the next step. In the third phase,
the ordering service node finally distributes the blocks to the
peers, which in turn validate them to verify the endorsement
phase and, only after that, commit to the ledger—failed
transactions terminate the workflow without writing on the
blockchain [64]. Figure 1 summarizes our architecture design,
just omitting the ordering service node for a better visualization.
The N peers in our network are configured to participate in the
endorsement phase.

Turning the analysis to the ledgers and smart contracts, our
approach considers 3 classes: (1) for personally identifiable
information (PII), (2) for health record information (HRI), and
(3) for record sharing information (RSI) (Figure 2). By opting
for 2 or more ledgers (3 in our case), blockchains also evolve
in an intricate and unpredictable way, which makes any attempt
to tamper with health records even more difficult and unlikely
as long as the system is in use. Besides the tamper resistance,
such configuration permits the blockchain network to be
structured in an oriented-ledger architecture design, making
data organization aligned with the resource consumption.

PII is designed to store basic form data filled by the user at the
moment of registration in the system. There are smart contracts
to add, update, retrieve, and view history, respectively, to write
a new record, rectify a registration error, perform a system login,
and recover an updating log. To add a PII, the user needs to
register with a password—converted into a hash value for
security—and thus, receive a unique identifier (PII ID). Once
registered, the PII ID is only recovered from a login, that is,
identity number or email and the correct password hash. All
other smart contracts, including those from HRI and RSI, are
only able to write and read the ledger by means of a PII ID as
the prefix of a composite key. In such a way, each user just
accesses her/his data. HRI, in turn, is designed to store metadata
from a health document, together with a hash value and a
database ID, for reasons to be explained later in the text. Similar
to the PII, there are smart contracts to add, update, retrieve—in
this case, to recover a single record—and view history, and one
further to list all records for a user. Finally, RSI is designed to
store HIE logs in order to track every time a copy of a health
document leaves the repository, either for downloading or
sharing. There are smart contracts to add, retrieve, and list. To
keep HIE logs unchanged, we opt for not creating a smart
contract to update them; hence, neither one to view history.

Notwithstanding the necessity of smart contracts to list HRI
and RSI, for the sake of security, PHR systems do not need one
to list PII. One such smart contract would allow an administrator
to list users and associate them with their respective HRI and
RSI. To prevent such a situation and actually grant to a user the
exclusive right of her/his health data ownership, the PII ID is
only retrieved with the correct password hash. Because PII ID
is a required index prefix to use HRI and RSI smart contracts,
the absence of a PII listing function represents an additional
security element directly configured in the operation rules of
the system. Note that these settings are not just programming
practices. Because smart contracts state the logic of the
blockchain network, a set of security practices at the present
time can evolve to rule status in the near future. Indeed, using
smart contracts is a great opportunity to create a bylaw or
business logic for PHR, defining which is and is not permitted
regarding the access to patient information.

Although there are several smart contracts, they consist of 2
basic network operations: writing and reading. The former is
used to invoke either the creation of a new state on the ledger
or the modification of an existing one—without deleting past
states, evidently. Smart contracts to add and update fall into this
type. To perform writing, a client node needs to start an
endorsement policy and reach consensus—a process that
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involves all peers. The latter operation, in turn, is used to query
the current state and history of a ledger. Smart contracts to
retrieve, list, and view history fall into this another type. To
perform reading, a client node just connects to its associated
peer and thus queries the stored ledger, independently of the
other peers. Similar to the client-peer connection resources, by

means of another software development kit [68], Hyperledger
Fabric supplies an application programming interface with
instructions for the development of smart contracts and business
logic. As already mentioned, Fabric provides support for Go,
Java, and Node, but we adopt the latter as our primary
programming language to build our architecture design.

Figure 1. Design of our blockchain network, considering N endorsement peers and their respective clients and certificate authorities. Each channel is
associated with a specific set of ledgers and smart contracts, respectively named as personally identifiable information, health record information, and
record sharing information. Ideally, each triple peer-client-certificate authority must be under the responsibility of a different organization or institution.
HRI: health record information; PII: personally identifiable information; RSI: record sharing information; P: peer; S: smart contract; L: ledger; CL:
client; CA: certificate authority; C: channel.
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Figure 2. Design of the ledgers and their respective smart contracts. They fall into 3 classes: personally identifiable information, health record information,
and record sharing information. HRI: health record information; MIME: Multipurpose Internet Mail Extensions; PII: personally identifiable information;
RSI: record sharing information.

Health Database, Cryptographic Unit, and Server
Although blockchain technology provides security tools against
record tampering, it is still not suitable for storing a large volume
of data, despite the efforts made to meet this requirement [69].
Nowadays, only metadata such as PII, HRI, and RSI can be
recorded and maintained in a blockchain network. Therefore,
our system also includes a NoSQL database to permit the scaling
of all sorts of health data (text, signals, and images) in clusters
of machines. To implement our NoSQL health database, we
adopted MongoDB, a document-oriented database, which indeed
supports methods to distribute and replicate data across multiple
machines and provides lower execution times than a relational
one, making the scaling out easier for applications demanding
both a large volume of data and a large number of queries [70].
In summary, while metadata (PII, HRI, and RSI) are stored on
the blockchain network, data, that is, digital health documents,
are stored on a distributed health database as soon as the network
achieves consensus. In these circumstances, the health
documents are hashed and their hash values are included as
metadata in HRI to shield them from breaches. Note that the
blockchain network represents an audit system [71] and the
health documents can be anonymized in the health database,
apart from a database ID in the sole possession of the user.

As a further safeguard, the data and metadata are encrypted.
When a user registers in our system, she/he automatically
receives a key to encrypt information entering the system as
well as to decrypt that leaving out by means of a cryptographic
unit. Each user obtains her/his own key and is only capable of

decrypting her/his own data evidently. Because our health
database is configured to store documents smaller than or equal
to 100 MB, we opt for using the advanced encryption standard
(AES), a symmetric key block encryption algorithm
recommended by the National Institute of Standards and
Technology. The AES handles block sizes of at least 128 bits
and key sizes of 128, 192, and 256 bits. The AES also accepts
5 modes of operation, that is, electronic codebook, cipher block
chaining (CBC), cipher feedback, output feedback, and counter,
for preventing identical ciphertexts to be generated from blocks
containing the same data, a breach that facilitates a malicious
opponent to accumulate enough plaintext-ciphertext pairs and
thus find the key by exhaustion in a feasible time. In particular,
CBC requires an initialization vector, which takes an
exclusive-OR operation with the first plaintext block and, if
randomly generated, provides different ciphertexts from the
same data [72,73]. We adopt CBC as our mode of operation
and 256 bits as our key and initialization vector sizes, resulting
in the AES-256-CBC algorithm. The key and initialization
vector of each user are allocated in a private wallet/folder,
alongside her/his digital certificate.

As a final module, we build a server infrastructure out of a Node
framework to host the blockchain clients and, thereby, provide
blockchain resources for external applications. Through a control
unit, and performing specific calls for each smart contract as
well as for each database operation, this server supports the
registration and access of users, the inclusion, updating and
retrieval of health documents, and the creation of links to
download and share these documents—only with the consent
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and supervision of the respective user, evidently. Roughly
speaking, this server executes 3 basic steps: (1) it receives
requests from external applications, (2) according to each
request, it accesses the corresponding network and database
resources, and (3) it returns consistent responses to those
applications. Because the server works as an intermediate system
between blockchain network, health database, and external

applications, it conveniently accommodates the cryptographic
unit. In this way, sensitive information is encrypted as soon as
it enters the system and only decrypted when leaving out. Figure
3 highlights all these interconnected modules and Figure 4
exemplifies the flow of information during the query or record
request of a health document.

Figure 3. Sketch of the overall system, exhibiting the interconnections between server, health database, and blockchain network, in order to provide
personal health record resources for external applications. HRI: health record information; PII: personally identifiable information; RSI: record sharing
information.

Figure 4. Flow of information during the query or record request of a health document. The server only returns a successful response if data and
metadata are consistent. The flow can be interrupted earlier owing to lack of consensus.

Evaluation Benchmark
To evaluate our blockchain-based architecture design, we use
Hyperledger Caliper—a benchmark tool released by the
Hyperledger community for measuring the performance of
blockchain systems and producing reports containing metrics
commonly accepted, such as throughput and latency. Caliper
supports Ethereum and Hyperledger Fabric, allowing computer
scientists and engineers to compare EHR proposals developed
from the 2 main platforms at present. It is capable of generating
a workload for a system under test (SUT) and continuously
monitoring responses from this SUT [44,74].

To run an experiment, Caliper requires a benchmark file, a
network file, and workload modules. The first one presents
custom configurations to run the benchmark, such as the number
of workers to perform a workload, the round settings, the
number of submissions, the round length in seconds, the rate at
which transactions are sent to the blockchain, among others.
The second one presents the layout of the SUT—basically, the
addresses and identities of the nodes and the channels and smart
contracts to be used during the test. Lastly, workload modules
are Node functions exported to simulate client nodes sending
requests to the SUT, that is, in each round, a different workload
module can be used to generate and submit transactions to the
SUT, according to the configurations in the benchmark and
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network files. Therefore, Caliper can emulate many clients
injecting workloads in a blockchain network [44,74].

As already mentioned, 2 basic metrics to assess blockchain
performance are throughput and latency. The former, usually
given in transactions per second (tps), represents the total
number of valid transactions reached in a period of time [42].
In this sense, invalid transactions are subtracted from the total
to yield the valid ones. Because transactions fall into reading
and writing operations, throughput also falls into these types.
On the one hand, reading throughput may be informative, but
it only measures operations taken on a single client-peer
connection, independently of the other peers, and therefore, is
not a primary measure. On the other hand, writing throughput
considers operations invoking the consensus protocol and thus
committing transactions at all endorsement peers, making it
much more informative than the preceding rate [75].

The latter, in turn, usually given in seconds, represents the time
taken for a transaction to conclude and return a response [42].
Similar to the throughput, latency also falls into reading and
writing types: the first one measures delays from a single
client-peer connection, while the second one from all
endorsement peers. In particular, writing latency includes the
propagation and settling times due to the consensus protocol,
considering delays measured over the entire network. Although
this metric is generally calculated per transaction, the average
latency is more suitable to assess blockchain performance [75].

Results

With a 3-peer network, our first benchmark is set to run a
workload, from 100 to 2500 simultaneous submissions of health
metadata, with steps of 100, on each smart contract of the PII,
HRI, and RSI templates. We limit our test to 2500 loads because
Hyperledger Fabric is standardly configured to perform a
maximum of 2500 concurrent requests. Writing scenarios are
configured to use 5 workers submitting at the same time 10,000
transactions, each one totalizing 50,000. Reading scenarios are
configured to use the same 5 workers in parallel but to randomly
request records during 600 seconds of continuous operation.
The rate controller is kept in a fixed-load mode, starting at 50
tps and 500 tps, for writing and reading transactions,
respectively, and growing to reach maximum rates. Because
PII, HRI, and RSI are designed to store ciphertexts only, in our
test, all simulated submissions of health metadata are randomly
generated as strings of fixed length for each smart contract field.
An empty blockchain network is raised in each load test to
guarantee an equal condition. Our test environment consists of
a machine having an Intel Xeon E-2246G processor (12 MB
cache, 3.60 GHz, 6 cores, 12 threads), an NVIDIA Quadro
P1000 graphic adapter, and a random access memory of 16 GB,
running Ubuntu 18.04.5 LTS 64 bits operating system.

Figure 5 exhibits the throughputs and average latencies in
relation to PII, HRI, and RSI smart contracts under workload.
We do not report transaction errors because not one occurred.
Disregarding the small variations inherent in each workload
trial, and albeit with different baselines, the throughputs of all

smart contracts remain fairly constant over the interval, a
consistent behavior given that the system responses appear to
be invariant to load. Smart contracts to add and update a record

have rates with an order of magnitude close to 102 tps, while

those to retrieve, list, and view history have rates close to 103

tps. As already suggested, this difference arises mainly because
writing transactions trigger the consensus protocol, mobilize
the network as a whole, and then need more time to process all
submissions, whereas reading ones only involve a single
client-peer connection. Although with different upward slopes,
the average latencies of all smart contracts present a linear
growth as workload range varies, a reasonable behavior
inasmuch as an increase in submissions demands a proportional
increase in processing. In this case, smart contracts to add and
update a record have delays with an order of magnitude close

to 101 seconds, while those to retrieve, list, and view history

have delays close to 100 seconds. In analogy with the
throughput, there is an obvious difference between writing and
reading transactions, for the same reason as before.

Even though throughputs of reading transactions present a
similar order of magnitude, they have significant differences
between them. Smart contracts to retrieve, list, and view history
have throughputs varying, respectively, from 1100 tps to 1300
tps, from 650 tps to 750 tps, and from 850 tps to 950 tps. Their
latencies, in turn, grow at slightly different linear rates, albeit
alike. These 2 pieces of evidence suggest that reading
transactions can impact the overall system response if they are
equally requested. An external application under a real situation
has to consider the smallest of these values as the upper limit
to avoid overload. With a fixed load at 2000 submissions, our
second benchmark is set to increase the network size from 3 to
13 peers, with steps of 2, and perform, for each case, the writing
and reading scenarios of the previous experimental protocol.
We limit the largest network to 13 peers because by considering
our test environment, Hyperledger Fabric has a very poor
performance beyond this value, resulting in many transaction
failures. Figure 6 displays the throughputs and average latencies
when the size of the network increases. For reading smart
contracts, they remain fairly constant over the interval,

sustaining orders of magnitude close to 103 tps and 100 seconds,
respectively, a consistent behavior given that such operations
rely on a single client-peer connection. Writing smart contracts,

in turn, start with throughputs close to 102 tps but end with rates

close to 101 tps, exhibiting an exponential decay. They also start

with latencies of 101 seconds but end with delays of 102 seconds,
presenting a linear growth. Both pieces of evidence corroborate
the well-known scalability issue of Hyperledger Fabric when
the number of endorsement peers increases.

As a final comment when observing throughputs and average
latencies in Figures 5 and 6, despite the obvious differences
regarding each smart contract operation (to add, update, retrieve,
list, and view history), the ongoing metrics of the 3 proposed
templates (PII, HRI, RSI) do not reveal large deviations within
a single operation, indicating a similar performance even with
slightly different sizes of health metadata.
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Figure 5. Throughput (measured in transactions per second) and average latency (measured in seconds) of all smart contracts under workload, ranging
from 100 to 2500 concurrent submissions of health metadata, with steps of 100. HRI: health record information; PII: personally identifiable information;
RSI: record sharing information; tps: transactions per second.
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Figure 6. Throughput (measured in transactions per second) and average latency (measured in seconds) of all smart contracts, by considering a network
increase from 3 to 13 endorsement peers, with steps of 2. HRI: health record information; PII: personally identifiable information; RSI: record sharing
information; tps: transactions per second.

Discussion

The results of this study are comparable to those reported
previously in the literature [42-44], indicating that blockchain
systems achieve performances far below what the traditional
distributed databases achieve [76,77]. Traditional databases
make use of concurrency control, for example, 2-phase locking
to ensure atomicity, consistency, isolation, and durability. By
and large, they exhibit better performance because they consider
simple failure models such as crash failure. Oppositely,
blockchain systems consider Byzantine failure and, in the worst
scenario, a hostile environment in which nodes can join and
leave the network, which undeniably makes the overhead of

concurrency control much more difficult to handle [42].
However, despite being widely recommended by the blockchain
community [42-44], throughput and latency have not been
commonly adopted metrics for evaluating PHR. Yue et al [28]
did not even perform a system assessment; Roehrs et al [29]
only simulated a peer-to-peer network and then, provided an
inferred latency; Ichikawa et al [30] assessed the tamper
resistance in a fault simulation context; Liang et al [45] and
Liang et al [47] measured an average time cost to handle
simultaneous records; Uddin et al [50] employed surviving
generations value as well as central processing unit and memory
monitoring; Omar et al [52] opted for Ethereum’s crypto-fuel;
and Lee et al [56] proposed a test scenario in which a person
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and a doctor actually used the system [56]. Only Roehrs et al
[53] observed how throughput and latency varied, under
workload, from 50 to 500, from 1000 to 10,000, and from 13,000
to 40,000 concurrent requests as light, medium, and heavy
scenarios, respectively. The authors achieved, in the heavy one,
impressive values: 2298 tps and 0.404 seconds on average [53].
However, the authors arranged health data on single data blocks
with writing and reading capabilities as a unified view of
patients, thus not performing a bylaw or business logic for PHR
and only assessed reading transactions considering these blocks.
Furthermore, they did not develop their network from an
open-source platform, hindering system reproducibility.

In practice, most of the works focus more on describing how
blockchain models can be used in a PHR scenario than whether
these models are in fact feasible to support a large number of
users. Because the health industry can easily cover tens or even
hundreds of millions of patients in a single country, we think
the assessment of blockchain solutions for PHR is a major
concern to be addressed before putting them into a real
production. In view thereof, there is a latent necessity of
standardizing evaluation metrics to facilitate the comparison
between related works. We think that throughput and average
latency are suitable metrics for this purpose as well as
Hyperledger Caliper and BLOCKBENCH [42] adequate
frameworks to perform this evaluation.

Toward a consistent, reproducible, and comparable PHR
evaluation, and by regarding throughput and latency, we are the
first to evaluate with Hyperledger Caliper the performance of
a PHR blockchain architecture. Because Caliper is the official
benchmark to access blockchain networks built out of Fabric,
we believe that our results bring important insights to the limits
and advantages of using Fabric to design PHR repositories.
Moreover, Caliper can be adapted to access Ethereum-based
systems, facilitating the comparison between architectures
created with the 2 main open-source platforms at the present
time. To the best of our knowledge, we are also the first to
evaluate each smart contract separately. Previous works
considered smart contracts as falling only into writing and
reading transactions and have just identified dissimilarities
between these 2 types. However, we reveal that, especially in
relation to reading ones, throughput and latency can have
significant differences, impacting the overall system response

if these transactions are equally requested under the same
workload.

Specifically in relation to our proposal, as a first implementation,
the blockchain network, the health database, and the server are
allocated through virtual machines on a single physical device,
only simulating a decentralized system, which represents a
limitation of our work. Furthermore, because we are primarily
interested in the blockchain architecture, the health database
and the server are incorporated in the model but they are not
actually tested considering an external application under a real
situation, which represents an additional limitation. We leave
these improvements for future work because we believe that
our current results already provide important advice to the
biomedical and health informatics community.

In conclusion, the importance of blockchain-based architectures
for PHR lies in the fact that they are thought and developed to
allow a patient to control and at least partly collect health data,
as well as to share health information on her/his own. Ideally,
these systems should provide the full control of such data for
the respective owner [78]; that is, each patient must authorize
health care providers and stakeholders (s)he trusts before they
can access her/his personal health data. Exactly because
blockchain systems are tightly related to privacy and security
concerns, several works are proposing blockchain-based
solutions to the health care industry. In line with these efforts,
we build a novel ledger-oriented architecture out of a
permissioned distributed network in order to support a PHR
system for patients to securely collect, store, share, and manage
their health data. We emphasize the importance of suitable
ledgers and smart contracts to operate the overall blockchain
network and provide a detailed assessment of this network under
workload, ranging from 100 to 2500 concurrent submissions,
and increasing the network size from 3 to 13 peers. To the best
of our knowledge, we are the first to evaluate with Hyperledger
Caliper the performance of a PHR blockchain architecture and
the first to evaluate each smart contract separately. However,
our system elements are allocated through virtual machines on
a single physical device, only simulating a decentralized system.
Besides this limitation, our health database and server are
incorporated in the model but they are not actually tested
considering an external application under a real situation. We
intend to perform these enhancements in future works.
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Abstract

Background: Chronic pain is a significant worldwide health problem. It has been reported that people with chronic pain
experience decision-making impairments, but these findings have been based on conventional laboratory experiments to date. In
such experiments, researchers have extensive control of conditions and can more precisely eliminate potential confounds. In
contrast, there is much less known regarding how chronic pain affects decision-making captured via laboratory-in-the-field
experiments. Although such settings can introduce more experimental uncertainty, collecting data in more ecologically valid
contexts can better characterize the real-world impact of chronic pain.

Objective: We aim to quantify decision-making differences between individuals with chronic pain and healthy controls in a
laboratory-in-the-field environment by taking advantage of internet technologies and social media.

Methods: A cross-sectional design with independent groups was used. A convenience sample of 45 participants was recruited
through social media: 20 (44%) participants who self-reported living with chronic pain, and 25 (56%) people with no pain or
who were living with pain for <6 months acting as controls. All participants completed a self-report questionnaire assessing their
pain experiences and a neuropsychological task measuring their decision-making (ie, the Iowa Gambling Task) in their web
browser at a time and location of their choice without supervision.

Results: Standard behavioral analysis revealed no differences in learning strategies between the 2 groups, although qualitative
differences could be observed in the learning curves. However, computational modeling revealed that individuals with chronic
pain were quicker to update their behavior than healthy controls, which reflected their increased learning rate (95%
highest–posterior-density interval [HDI] 0.66-0.99) when fitted to the Values-Plus-Perseverance model. This result was further
validated and extended on the Outcome-Representation Learning model as higher differences (95% HDI 0.16-0.47) between the
reward and punishment learning rates were observed when fitted to this model, indicating that individuals with chronic pain were
more sensitive to rewards. It was also found that they were less persistent in their choices during the Iowa Gambling Task compared
with controls, a fact reflected by their decreased outcome perseverance (95% HDI −4.38 to −0.21) when fitted using the
Outcome-Representation Learning model. Moreover, correlation analysis revealed that the estimated parameters had predictive
value for the self-reported pain experiences, suggesting that the altered cognitive parameters could be potential candidates for
inclusion in chronic pain assessments.

Conclusions: We found that individuals with chronic pain were more driven by rewards and less consistent when making
decisions in our laboratory-in-the-field experiment. In this case study, it was demonstrated that, compared with standard statistical
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summaries of behavioral performance, computational approaches offered superior ability to resolve, understand, and explain the
differences in decision-making behavior in the context of chronic pain outside the laboratory.

(J Med Internet Res 2022;24(4):e26307)   doi:10.2196/26307

KEYWORDS

chronic pain; decision-making; computational modeling; Iowa Gambling Task; lab-in-the-field experiment

Introduction

Background
Chronic pain is defined as pain persisting or reoccurring for
more than 3 to 6 months [1] and has been recognized as one of
the most significant health issues of the 21st century [2,3].
Approximately 100 million adults in the United States
experience chronic pain, resulting in an annual cost of US
$560-635 billion in medical treatment and lost productivity [4].
Worldwide, it is estimated that approximately 20% of the
population lives with chronic pain [5,6]. As a result, there is
significant ongoing research into understanding chronic pain
and supporting people who live with this condition. A key area
of research is the impact of chronic pain on cognitive or
neuropsychological abilities. It has been reported that at least
20% of clinical patients with chronic pain, including those
without a history of mental disorders, complain of cognitive
impairments that cause significant difficulties in their social life
and daily functioning [7]. In other studies, researchers have
found that cognitive deficits occur across a range of pain
conditions, including fibromyalgia [8], migraine [9], chronic
back pain [10], and chronic neuropathic pain [11].

Although pain is an attention-demanding sensory process,
cognitive alterations cannot be simply attributed to the extra
attentional demand from ongoing pain [10]. Functional magnetic
resonance imaging has revealed decreased gray matter density
in the medial prefrontal cortex (mPFC) area [12-14] and less
brain activation in cortical structures during response inhibition
in patients with chronic back pain [15]. These findings are
important as the mPFC also plays a critical role in other
cognitive functions such as decision-making [16], executive
control [17], learning [18], and memory [19]. The latest research
findings have confirmed that reduced glutamate in the mPFC
significantly impairs emotional and cognitive processing in
people with chronic pain [20]. This suggests that chronic pain
may have a negative impact on the mPFC and related neural
structures and could be considered a cognitive state that may
be competing with other cognitive abilities, especially those
involving the mPFC such as decision-making, which is one of
the cognitive domains in which individuals with chronic pain
are commonly impaired.

The Iowa Gambling Task (IGT) developed by Bechara et al
[21] is one of the most widely used neuropsychological
paradigms for simulating complex and experience-based
decision-making. Participants in this task are required to choose
cards from one of 4 decks, two of which (decks A and B) are
good decks and the remaining 2 (decks C and D) being bad
decks. The bad decks yield negative long-term outcomes,
whereas the good decks yield positive long-term outcomes. It
has been successfully used to distinguish various clinical

populations from healthy populations, such as patients with
lesions in the ventromedial prefrontal cortex [22,23],
obsessive-compulsive disorder [24], and even chronic cannabis
use [25-27]. These earlier applications of the IGT found that
healthy controls could learn to choose more frequently from
good decks than from bad ones, whereas clinical populations
tended to more regularly choose from bad decks throughout the
task. With relevance to this discussion, the IGT has also been
applied to investigate abnormalities in decision-making among
people living with various chronic pain conditions, yielding
significant findings. After extracting behavioral responses to
the IGT, Apkarian et al [12] found that patients with chronic
pain more frequently chose cards from bad decks, were less
persistent, and exhibited a negative correlation between
gambling performance outcome and reported intensity of chronic
pain. The participants in the study by Verdejo-García et al [28]
were required to complete both the original IGT, where reward
was immediate and punishment was delayed, and an IGT variant
where punishment was immediate and reward was delayed. The
authors summarized their behavioral choices and found that
women with fibromyalgia had significantly lower scores on the
third block, which was referred to as the hunch period of the
task, on the original IGT, whereas intact performance on the
IGT variant suggested that these patients were hypersensitive
to rewards. Similar results were obtained in the study by
Tamburin et al [10], where people with chronic back pain won
significantly less money relative to healthy controls, and their
IGT scores did not change significantly throughout the task.

Objective
It is worth noting that all the relevant studies to date have been
conducted in a laboratory setting. In these settings, the
participants were under tight experimental control. No study to
date has investigated decision-making tasks such as the IGT in
the context of chronic pain in more natural environments where
the experimenter has much less control. A laboratory-in-the-field
approach is adopted in this study and, although such a setting
can introduce experimental noise and potential confounds that
may bias the results, it is closer to observing more representative
behavior for this population [29]. In addition, carrying out
web-based behavioral experiments is the only entirely risk-free
method currently available under the typical movement
restrictions imposed by the threat of COVID-19. Thus, in this
study, we are interested in investigating the differences in
characterizations of decision-making between individuals with
chronic pain and normal controls in their everyday living
environment. We are also interested in the analysis approaches
that are best able to extract behavioral signals in noisy
experimental environments. In terms of the experimental task,
the participants were required to complete the pain assessments
and the IGT on their web browser in an environment where they
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carried out the task at a location of their choice, at a time of
their choice, and without supervision. To the best of our
knowledge, this is among the first research studies investigating
chronic pain through internet-based technology combining
decision-making tasks and self-reports.

Given the higher variability of data when collection takes place
outside a laboratory setting, conventional behavioral data
statistics may not be sufficient to reveal signals in the noisier
data collected. In previous studies, this conventional analysis
has been based on the measurement of the proportion of choices
from the good decks relative to the bad decks. Furthermore,
these behavioral summaries are agnostic to the underlying
cognitive mechanisms that drive the behavioral performance
on the IGT, thus limiting their interpretability. Therefore, in
this study, we apply computational modeling analysis as a
complementary approach to explicitly decompose behavioral
performance on the IGT into cognitive parameters. It has been
documented that estimated parameters from such models are
able to reveal group differences in cognitive processes despite
the absence of group differences in conventional IGT
measurements [30]. The extracted parameters can then be used
to understand the source of the decision-making alterations. We
hypothesize that the noisier experimental environment might
produce data that reveal little difference between the
experimental groups when considered through conventional
analysis, whereas the filtering enabled by the computational
modeling might reveal significant differences in some
cognitively interpretable parameters. Although computational
modeling analyses have been successfully applied to capture
the complex interplay of cognitive processes for people with a
variety of other health issues [31,32], we have only found 1
reference in which a simple heuristic model was designed to
differentiate the behavioral performance of individuals with
chronic pain and healthy controls on the IGT [33]; thus, the
changes in latent cognitive parameters that drive the impaired
performance of people living with chronic pain remain
unexplored until now. Given that more competitive cognitive
models and more advanced parameter estimation methods have
been developed to more precisely characterize the underlying
cognitive mechanisms, we hypothesize that computational
modeling analysis is more effective in capturing the differences
in decision-making from the data set collected in a
laboratory-in-the-field environment.

Methods

Recruitment
The participants in this study were recruited through social
media and local pain advocacy groups. A total of 64 people,
including 28 (44%) symptomatic participants who had lived
with chronic pain for months and 36 (56%) healthy controls
who had never lived with chronic pain or had experienced pain
for <6 months, were interested in participating in the
experiments. They were directed to a webpage containing the
plain language statement of the experiment. After providing
informed consent, they were linked to a questionnaire and the
IGT through their computer or mobile phone. A total of 8
symptomatic participants and 11 healthy controls were excluded
from the study as they failed to complete the IGT. Thus, a
convenience sample of 45 participants (45/64, 70% of the total)
was recruited finally, consisting of 20 (44%) symptomatic
participants (14/20, 70% women; mean age 40, SD 12 years)
and 25 (56%) healthy controls (12/25, 48% women; mean age
38, SD 12 years). The groups did not significantly differ in age
(P=.43) or proportion of women (P=.07).

Ethics Approval
This study was approved by the local ethics committee of the
School of Computing, Dublin City University
(DCUREC/CA/2019/1).

Assessment of Pain Experience
The Brief Pain Inventory–Short Form (BPI-SF) is a validated,
9-item self-administered questionnaire used to evaluate the
severity of the patient’s pain and its impact on the patient’s
daily functioning. The patient is asked to rate their worst, least,
average, and current pain intensity; list current treatments and
their perceived effectiveness; and rate the degree to which pain
interferes with general activity, mood, walking ability, normal
work, relations with other persons, sleep, and enjoyment of life
on a 10-point scale. The pain interference is then divided into
affective subdimensions (ie, relations with others, enjoyment
of life, and mood [REM]) and activity subdimensions (ie,
walking, general activity, sleep, and work [WASW]). The
BPI-SF has been used with a variety of populations and has
been shown to be a valid and reliable measure with adequate
internal reliability across these studies (eg, α=.86-.96) [34]. A
graphical representation of the conceptual framework of the
measurement is shown in Figure 1.
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Figure 1. A graphical representation of the conceptual framework of the measurement. REM: relations with others, enjoyment of life, and mood
subdimension of the Brief Pain Inventory–Short Form; WASW: walking, general activity, sleep, and work subdimension of the Brief Pain Inventory–Short
Form.

The IGT Paradigm
Participants in the IGT are initially given €2000 (US $2216.10)
in virtual money and presented with 4 decks of cards labeled
A, B, C, and D. Each card in these decks can generate gains and
sometimes cause losses. Participants have to choose 1 card from
these 4 decks consecutively until the task shuts off automatically
after 100 trials. In each trial, feedback on the rewards and losses
of their choice and the running tally over all trials so far are
given to the participants, but no information is given regarding
how many trials they will play and how many trials they have
completed during the task. Participants are instructed that they
can choose cards from any deck and switch decks at any time.
They are also told to make as much money as possible, thus
minimizing losses.

Table 1 shows the payoffs of the 4 decks. As can be seen in the
table, decks A and B are 2 bad decks that generate high
immediate, constant rewards but even higher unpredictable,
occasional losses. Thus, the long-term net outcome associated
with decks A and B is negative. In contrast, decks C and D are
2 good decks that generate low immediate, constant rewards
but even lower unpredictable, occasional losses. Thus, the
long-term net outcome associated with decks C and D is
positive. In addition to the payoff magnitudes, the 4 decks also
differ in the frequency of losses (ie, decks A and C are
associated with a higher frequency of losses, whereas decks B
and D are associated with a lower frequency of losses). The key
to obtaining a higher long-term net outcome in this task is to
explore all the decks in the initial stage and then exploit the 2
good decks (see Figure 2 for the screenshot of the web-based
IGT that we implemented).

Table 1. Summary of the payoff of the Iowa Gambling Task.

Deck D (good deck with
infrequent losses)

Deck C (good deck with
frequent losses)

Deck B (bad deck with
infrequent losses)

Deck A (bad deck with
frequent losses)

5050100100Reward/trial (€)

1515Number of loss trials/10 trials

−250−250−1250−1250Loss/10 trials (€)

250250−250−250Net outcome/10 trials (€)
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Figure 2. Screenshot of the web-based Iowa Gambling Task.

Standard Behavioral Data Analysis
To compare the behavioral differences between the 2 groups in
the IGT, 3 parameters were measured. First, the total amount
of gain at the end of the task was calculated for each participant
to measure their overall performance on the task. An unpaired
2-tailed t test was used to determine if the difference between
the 2 groups was significant on this measure. Second, to obtain
a visual exploration of the group-level deck preferences across
trials, we calculated the proportions of good deck selections
(decks C and D) and the learning IGT scores (ie, the difference
between the number of good deck selections [decks C and D]
and the number of bad deck selections [decks A and B]) across
the task. Specifically, 5 new variables were created through the
division of the 100 trials into 5 blocks of 20 trials each without
overlap. The proportion of good deck selections and the
difference between the number of good deck selections and the
learning score in each block were calculated. In this way, 5
proportions and 5 learning scores, 1 for each block, were
obtained for each participant. The comparison between the 5
learning scores is regarded as an index of learning. A learning
score increasing from the first block to the last block suggests
that a participant is developing a preference for good decks and
an effective selection strategy. Given the repeated learning
scores of the 2 groups over the 5 blocks of trials, a

block-by-group Bayesian repeated-measure analysis of variance
was performed (within-participant factor: block 1-5;
between-participant factor: group healthy vs chronic pain group)
to reveal whether the 2 groups differed in learning curves.

Computational Modeling Analysis

Overview
Poor performance on the IGT can be due to a variety of altered
underlying neurocognitive processes such as poor learning,
memory, hypersensitivity to rewards and losses, or less response
consistency. To more precisely identify the psychological
processes that drive participants’ behavioral performances on
the IGT, multiple cognitive models have been proposed, such
as the Expectancy–Valence Learning model (which is also the
first proposed cognitive model for the IGT) [35], the Prospect
Valence Learning model with Delta (PVL-Delta) [36], the PVL
model with decay (PVL-Decay) [26], and the
Values-Plus-Perseverance (VPP) model [26] (these 3 models
are derived from the original Expectancy–Valence Learning
model but show better performance), as well as the recently
proposed Outcome-Representation Learning (ORL) model [37]
(see Textbox 1 for the parameter specifications of the 4 IGT
models). We fitted the 4 models using the hBayesDM package
in R (R Foundation for Statistical Computing) [38].

Textbox 1. Parameter specifications of the 4 Iowa Gambling Task models.

Models and their parameters

• Prospect Valence Learning (PVL)-Delta (four parameters): outcome sensitivity (α), loss aversion (λ), learning rate (A), and response consistency
(c)

• PVL-Decay (four parameters): outcome sensitivity (α), loss aversion (λ), decay parameter (A), and response consistency (c)

• Values-Plus-Perseverance (eight parameters): outcome sensitivity (α), loss aversion (λ), learning rate (A), decay parameter (K), gain impact
parameter (EPp), loss impact parameter (EPN–), weight parameter (w), and response consistency (c)

• Outcome-Representation Learning (five parameters): reward learning rate (A+), punishment learning rate (A–), decay parameter (K), outcome
frequency weight (βF), and perseverance weight (βp)
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The PVL Models
Both the PVL-Delta and PVL-Decay models consist of a utility
function, a learning rule, and an action selection rule. They are
identical except that they use different learning rules. The utility
function determines the weight given to gains relative to losses.
Both PVL variants applied the Prospect utility function [39]
that featured diminishing sensitivity to increases in magnitude
and different sensitivity to losses versus gains. The utility u(t)
of each net outcome x(t)—that is, the difference between the
amount of rewards and losses—in trial t is calculated as follows:

Where u(t) is the subjective utility of the experienced net
outcome x(t), α is the outcome sensitivity parameter (0<α<1)
that controls the shape of the utility function, and λ is the loss
aversion parameter (0<λ<10) that governs the sensitivity to
losses relative to gains. A higher value of α suggests that
individuals have greater sensitivity to feedback outcomes. A
value of λ<1 indicates that individuals are more sensitive to
gains than to losses, and a value of λ>1 indicates that they are
more sensitive to losses than to gains.

The learning rule in the PVL models is used to update the
expectancies of the decks E(t) based on the subjective utility
value. In the delta rule, a simplified version of the
Rascorla-Wagner rule is applied, in which only the expectancy
of the chosen selection is updated, whereas the expectancies for
other decks remain unchanged: Ei(t + 1) = Ej(t) + A · (u(t) –
Ej(t)) (equation 2), where A is the learning rate parameter
(0≤A≤1) that determines how much weight the decision maker
gives to the recent outcomes when updating expectancies.
However, in the decay rule, the expectancies of all decks are
discounted in each trial except for the chosen deck, which is
updated by the current outcome utility: Ei (t + 1) = A · Ej(t) +
δj(t) · u(t) (equation 3).

Here, A is the decay parameter (0≤A≤1) that determines how
much the past expectancy is discounted, and δj(t) is a dummy
variable that equals 1 when deck i is chosen and 0 otherwise.

The action selection rule generates the choice possibilities Pr(D(t
+ 1) = i) for each deck in the next trial using a softmax function:

Where D(t) is the chosen deck on trial t, θ is assumed to be

trial-independent and set to 3c – 1, and c (0≤c≤5) is a response
consistency parameter. A higher value of c indicates that the
decision maker has a higher tendency to select choices with
higher expected values, which means that they are responding
more deterministically.

VPP Model
The VPP model adds a perseveration term Pi(t) for the chosen
deck i on trial t based on the PVL-Delta model:

K is a decay parameter that determines how much the
perseveration value of each deck is discounted in each trial. The
tendency to perseverate or switch is incremented each time and

updated by a gain impact parameter EPp (–Inf < EPp < Inf) and
a loss impact parameter EPN (–Inf < EPN < Inf) based on whether
the net outcome in the previous trial was a loss or a gain.
Positive values for these parameters indicate stronger tendencies
for decision makers to perseverate the deck chosen in the
previous trial, whereas negative values indicate switching
tendencies.

The expected value and perseveration term are then integrated
into a single-value signal: Vi(t + 1) = w · Ei(t + 1) + (1 – w) ·
Pi(t + 1) (equation 6), where w (0<w<1) is a weight parameter
that controls the weight given to the expected value in each trial.
A greater value of w represents a greater weight given to the
expected value. The values of Vi (t + 1) are then entered into
the softmax function to calculate the probabilities of each option
being chosen.

ORL Model
The recently proposed ORL model assumes that people track
the expected value (EV(t)) and the win frequency (EF(t))
separately. In addition, for positive and negative net outcomes,
the decision makers update the expectancy of the chosen deck
i with different learning rates:

Here, A+ (0<A+<1) and A– (0<A–<1) are the reward and
punishment learning rates, respectively, used to update the
expected value of the chosen deck after rewards and punishment.
The updating process for the win frequency (EF(t)) of the chosen
option is as follows:

Here, A+ and A– are the same learning rates as those used to
update the expected value, and sgn(x(t)) returns 1, 0, or −1 for
positive, 0, or negative outcome values on trial t, respectively.
The expected outcome frequencies for unchosen decks j’ are
also updated in each trial, in which the learning rates are also
shared from the expected value learning rule:

Here, c is the number of alternative choices for the chosen deck
j, which is 3 in the case of the IGT. The ORL model also
assumes that the decision makers have tendencies to stay or
switch their choices regardless of the outcome in the last trial,
and this tendency can be captured by a perseverance weight
(PSi(t)):

Here, K is the decay parameter that controls how quickly the

past deck selections are forgotten and is determined by K = 3K’

– 1 (equation 11).

K’ ∈ [0,5], so K ∈ [0,242]. A single-value signal for each deck
is then produced by integrating the expected value, frequency,
and perseverance into a linear function: Vi(t + 1) = EVi(t + 1) +
EFi(t + 1) · βF + PSi(t + 1) · βp (equation 12).

βF (–Inf < βF < Inf) and βp (–Inf < βp < Inf) are 2-weight
parameters that reflect the weight given to the outcome
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frequency and perseverance, respectively, relative to the
expected value of each deck. Finally, the probability of each
choice is determined by passing the expected values through
the softmax function:

Results

Overview
Individuals living with chronic pain (n=20) and healthy controls
(n=25) completed the web-based BPI-SF and the original version
of the IGT at a location of their choice and at a time of their
choice without supervision. The full demographic information
is presented in Table 2.

Table 2. Demographic information for the healthy controls and people living with chronic pain (N=45).

P valuecParticipants with chronic pain (n=20),b mean (SD; range)Healthy controls (n=25),a mean (SD; range)Characteristic

.4340.2 (11.9; 23-62)37.2 (12.5; 24-63)Age (years)

<.00178.6 (76.3; 6-264)1.2 (1.3; 0-5)Pain duration (months)

.0044.3 (2.3; 0-8)2.07 (2.5; 0-10)Pain severity

.0074.6 (3.3; 0-9)2.0 (2.9; 0-9.3)Interference (REMd)

.0044.2 (2.5; 0-8.5)1.9 (2.6; 0-8.3)Interference (WASWe)

a12 females.
b14 females.
cP value for females was .07.
dREM: relations with others, enjoyment of life, and mood subdimension of the Brief Pain Inventory–Short Form.
eWASW: walking, general activity, sleep, and work subdimension of the Brief Pain Inventory–Short Form.

Self-report Analysis
As expected, individuals with chronic pain demonstrated higher
levels of pain severity (t43=–3.06; P=.004; Cohen d=–0.92, 95%
CI −3.64 to −0.75), and their daily activities were more
influenced by pain (t43=–3.05; P=.004; d=–0.92, 95% CI −4.1
to −0.83) in comparison with healthy controls. Moreover,
individuals living with chronic pain reported higher levels of

subdimensional interference in REM (t43=–2.86; P=.007;
d=–0.86, 95% CI −4.50 to −0.78) and WASW (t43=–3.02;
P=.004; d=–0.91, 95% CI −3.84 to −0.77). As expected, pain
severity was strongly correlated with pain interference (r40=0.78,
95% CI 0.63-0.88; logBF10=7.18; P<.001). The 2
subdimensional interferences were positively correlated
(r40=0.87, 95% CI 0.76-0.93; logBF10=10.8; P<.001) as well
(Figure 3).
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Figure 3. Pain severity plotted against pain interference (left) and activity subdimension plotted against affective subdimension (right). Healthy controls
(n=25) are plotted in red, and people living with chronic pain (n=20) are plotted in blue. The r values were calculated between the paired pain measures
for the whole sample (*P<.5, **P<.01, ***P<.001). REM: relations with others, enjoyment of life, and mood subdimension of the Brief Pain
Inventory–Short Form; WASW: walking, general activity, sleep, and work subdimension of the Brief Pain Inventory–Short Form.

Standard Behavioral Data Analysis
The total amount of gain at the end of the IGT did not
significantly differ between individuals with chronic pain (€;
mean 1997, SD 1187) and healthy controls (mean 1756, SD
645; t43=0.81; P=.42). However, pain severity was significantly
correlated with total gain (r43=–0.39, 95% CI −0.62 to −0.11;
P=.008; Figure 4). Figure 5 shows the proportion of choices
from each deck as a function of the 5 blocks for the healthy and
chronic pain groups separately and the proportion of choices
from the good and bad decks. The choice pattern of the chronic
pain group was qualitatively different (visual inspection of plots)
from that of the healthy controls, although both groups
demonstrated a clear avoidance of bad deck A. People with

chronic pain showed an obvious preference for disadvantageous
deck B. In contrast, healthy controls consistently favored deck
D as the task progressed. Both decks B and D, which featured
low-frequency losses, were generally chosen more often than
decks A and C, which featured high-frequency losses. Decision
makers both healthy and with chronic pain selected more cards
from good decks than from bad decks at the beginning of the
task. After learning whether each deck was good or bad in the
second block, the healthy controls continued to select more
from good decks than from bad decks. However, the choices of
decision makers with chronic pain seemed to fluctuate more
across the advantageous and disadvantageous decks throughout
the task. The final proportion of good deck selection of healthy
decision makers was higher than that of decision makers with
chronic pain.
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Figure 4. Pain severity plotted against total amount of gain by the end of the task. Healthy controls (n=25) are plotted in red, and people living with
chronic pain (n=20) are plotted in blue. The r value was calculated between the pain measure and the task performance measure for the whole sample
(*P<.5, **P<.01, ***P<.001).

Figure 5. Mean proportion of choices from each deck within 5 blocks of both groups of decision makers (top 2 graphs) and mean proportion of choices
from good decks and bad decks of both groups of decision makers (last 2 graphs). Each block contains 20 trials.
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Figure 6 shows the learning scores across the 5 blocks of the
IGT. A learning process was apparent in the healthy control
group, in which the learning score progressively improved across
the 5 blocks. Although the learning scores of individuals with
chronic pain also showed an increasing trend, there was a clear
dip in block 4. It is worth pointing out that the choice variances
of the 2 groups in our study, as shown in Figure 6, were both
higher than the variances reported in previous studies that
administered the IGT in a laboratory setting [10,40]. This is
evidence perhaps of the additional noise introduced by the
unsupervised experimental setting. To quantify the group
differences, we applied the Bayesian repeated-measure analysis

of variance test in the form of a 5 (block) × 2 (health status) to
the learning scores (Table 3). To our surprise, the results showed
that neither the block nor the group factor had a significant
impact on deck selection because the evidence in favor of the
null hypothesis was 3.33:1 in favor of the alternative hypothesis
that assumes an effect of group and 1.45:1 in favor of the
alternative hypothesis that assumes an effect of block. This
suggests that people living with chronic pain and healthy
controls did not show significant deck preferences in the IGT,
and neither group developed a strong learning curve during the
task. We will discuss the possible implications of this
observation in the Discussion section.

Figure 6. The learning Iowa Gambling Task (IGT) scores across the 5 different blocks of the IGT in healthy controls and people living with chronic
pain.

Table 3. Output of the Bayesian repeated-measure analysis of variance conducted in JASP.

BF 01Model

1.000 aNull model

3.33Group

1.45Block

4.65Block + group

90.91Block + group + block × group

a1: no evidence; 1-3: anecdotal evidence for H0; 3-10: moderate evidence for H1; 10-30: strong evidence for H1; 30-100: very strong evidence for H1.

Computational Modeling Analysis for the IGT
Although the behavioral data statistics suggest that decision
makers both healthy and with chronic pain did not show
significantly different deck preferences in the IGT, there might
still be group differences in the cognitive processes underlying
the choices. To investigate this possibility, we decomposed the
IGT performance of the 2 groups using the cognitive modeling
analysis introduced earlier.

We first checked which model provided the best short-term
prediction performance as measured by the one-step-ahead
leave-one-out information criterion (LOOIC). The smaller a
model’s LOOIC score is, the better its model fit is. As shown
in Table 4, the VPP model demonstrated the best overall model
fit relative to other models followed by the ORL model. The
ORL model ranked best in the chronic pain group.
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Table 4. Models and prior fits.

Sum LOOICHealthy LOOICPain LOOICaModel

919446004593dIGTb ORLc

916845444623IGT VPPe

962448674756IGT PVLf-Decay

10,67656225054IGT PVL-Delta

aLOOIC: leave-one-out information criterion.
bIGT: Iowa Gambling Task.
cORL: Outcome-Representation Learning.
dThe smaller the value, the better the model fits the data.
eVPP: Values-Plus-Perseverance.
fPVL: Prospect Valence Learning.

Next, we used the best-fitting models (VPP and ORL) to
compare the 2 groups. Figure 7 shows the posterior distributions
of the group-level mean parameters of the VPP and ORL models
fitted with two priors (one for each group) separately for healthy
decision makers and decision makers with chronic pain. The
extracted parameters for the VPP model demonstrated
significantly elevated learning rates in individuals with chronic
pain relative to normal controls (95% highest–posterior-density
interval [HDI] 0.66-0.99). The chronic pain group also showed

strong evidence of increased reward learning rate (95% HDI
0.22-0.55), punishment learning rate (95% HDI 0.03-0.11) and
difference between the reward and punishment learning rate
(95% HDI 0.16-0.47), and decreased decay rate (95% HDI
−0.76 to −0.25) and outcome perseverance (95% HDI −4.38 to
−0.21) than healthy controls when fitting to the ORL model
(the 95% HDI for the comparison across groups did not overlap
zero; Figure 8).
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Figure 7. Group-level Values-Plus-Perseverance (top panel) and Outcome-Representation Learning (bottom panel) parameters across healthy controls
and people living with chronic pain.
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Figure 8. Differences in group-level Values-Plus-Perseverance (VPP) and Outcome-Representation Learning (ORL) parameter distribution between
healthy and symptomatic groups. Solid red lines covered the 95% highest–posterior-density interval (HDI), and dashed red lines marked the 0 point.
Values on the left and right sides of each graph are the lower and upper bounds of the 95% HDI of the comparison between the symptomatic and healthy
control groups. If 0 point is included in the HDI, we consider there to be a nonsignificant difference between the groups.

Extracting each individual’s posterior mean estimated
parameters for the VPP model, shrinkage effects [41] were
observed in the individual estimations of the learning rate and
outcome sensitivity parameter in Figure 9, in which the
individual estimations of these 2 parameters were shrunk toward
the population mean. Significant evidence of positive
correlations was identified between learning rate (A) and pain
severity (r43=0.43, 95% CI 0.15-0.64; logBF10=2.48; P=.003),
average pain interference (r43=0.42, 95% CI 0.15-0.64;
logBF10=2.37; P=.04), and the 2 subdimensional interferences.
However, a negative correlation was observed between the 4
pain measures and the outcome sensitivity (α), response
consistency (c), loss aversion (λ), and weight parameter (w)
except for WASW and loss aversion. We did not find significant
correlations between the other 3 parameters in the VPP model
and the pain measures.

Extracting individual estimations for the ORL model provided
evidence for the existence of positive correlations between pain
severity and reward learning rate (r43=0.41, 95% CI 0.12-0.62;
logBF10=2.18; P=.005). Similar correlations were obtained
between pain interference (including 2 subdimensional
interferences) and this model parameter. However, a negative
correlation was observed between pain interference and the
decay rate parameter (r43=–0.29, 95% CI −0.54 to −0.00;
logBF10=0.18; P=.05), but this correlation with the decay rate
parameter did not apply to pain severity. A similar correlation
was only identified between REM and the decay rate parameter
(r43=–0.29, 95% CI −0.54 to −0.00; logBF10=0.18; P=.05), but
no supported correlation for WASW (r43=–0.27, 95% CI −0.53
to −0.02; logBF10=–0.04; P=.07) was identified.
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Figure 9. Estimated parameters of the Values-Plus-Perseverance model and Outcome-Representation Learning model plotted against 4 pain measures.
Healthy controls are plotted in red, and patients with chronic pain are plotted in blue. The r values were calculated between the model parameters and
pain measures for the whole sample (*P<.05, **P<.01, ***P<.001). REM: relations with others, enjoyment of life, and mood subdimension of the Brief
Pain Inventory–Short Form; WASW: walking, general activity, sleep, and work subdimension of the Brief Pain Inventory–Short Form.

Discussion

Principal Findings
In this study, we explored the differences in decision-making
between individuals living with chronic pain and healthy
controls in a laboratory-in-the-field environment by collecting

their behavioral responses to the web-based IGT. The main
finding of our study is that people with chronic pain did not
show significant differences in decision-making in the IGT
based on standard behavioral statistics. However, further
computational modeling analysis revealed that people with
chronic pain had an elevated learning rate for rewards and
punishments when fitting to the VPP model. Further results
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were obtained when fitting the data to the ORL model, where
individuals with chronic pain were more dominated by rewards.
Meanwhile, the symptomatic group demonstrated a decreased
decay rate and perseverance weight when fitting to the ORL
model. We also explored the connection between the
self-reported pain experiences, standard inferential statistics,
and cognitive parameters. The main finding is that the total
amount of gain at the end of the task was negatively correlated
with the degree of pain severity. Moreover, several cognitive
parameters could also predict pain severity and pain interference
assessed by the self-reported pain experiences.

Using standard inferential statistics, the total amount of gain
obtained by the end of the task was not significantly lower in
people living with chronic pain than in healthy controls,
indicating that there was no difference between the 2 groups in
terms of the overall performance on the IGT. However, the total
amount of gain was negatively correlated with the pain severity
measure, suggesting that higher pain severity could be a factor
that impairs performance on the IGT. Although people with
chronic pain tended to select more bad decks relative to healthy
controls, as seen from the learning curves, the statistical analysis
identified neither group nor block as a significant factor that
affected deck preference. This indicates no significant
differences between the 2 groups, and both lacked evidence of
significant learning across the 10 blocks during the task. These
results are inconsistent with previous studies that identified
significant group effects, in which patients won significantly
less money and failed to adopt the advantageous
decision-making strategy quickly learned by healthy controls
[28,42,43]. A possible interpretation of this analysis is that the
laboratory-in-the-field approach, which sacrifices experimenter
control of the participants’environment, causes greater variances
in participants’ behavior, as revealed through their choices.

As expected, even with the relatively noisier data set, significant
differences were identified in several cognitive components
when comparing groups using the best-fitting models (VPP and
ORL) measured by LOOIC in computational modeling analysis.
The learning rate parameter in the VPP model determines how
much weight is placed on past experiences of the chosen deck
versus the most recent outcome from the deck. The chronic pain
group demonstrated a much higher learning rate than the healthy
controls, indicating that the recent outcome had a larger
influence on the expectancy of the chosen deck and that
forgetting was more rapid for individuals with chronic pain.
The reward and punishment learning rates in the ORL model
were used to update expectations after positive and negative
outcomes, respectively. These 2 parameters account for the
degree of the participants’ sensitivity to losses and gains.

Individuals with chronic pain demonstrated both elevated reward
and punishment learning rates when fitting to the ORL model,
suggesting that they gave more weight to recent outcomes,
which is consistent with the results obtained from the VPP
model. It was suggested in the study by Haines et al [37] that
comparing the differences between the reward and punishment
learning rates for the 2 groups was more useful, although they
were defined separately. The larger the differences between the
2 learning rates, the more the learning is dominated by either
rewards or punishments. The significantly higher reward

learning rates that caused larger differences between the 2
learning rates in individuals with chronic pain suggested that
they were more sensitive to gains over losses relative to healthy
controls. In other words, individuals with chronic pain appeared
to be more driven by rewards, which could be a possible reason
that made them choose more cards from deck B (as seen in
Figure 5), the bad deck with a higher reward magnitude but also
a higher punishment magnitude. This finding differs from the
result reported in the study by Elvemo et al [44], where people
with chronic pain only demonstrated significantly reduced scores
on reward responsiveness but not on the self-reported tendency
to pursue rewards. It can be seen from Equation (12), that the
outcome frequency weight and perseverance weight parameter
in the ORL model collectively influence the total value of the
expected value of each deck. Values for the outcome frequency
<0 or >0 indicate that decision makers prefer decks with low
or high win frequency, respectively. This value was >0 for the
2 groups and did not show significant differences, suggesting
that both groups preferred decks with high win frequency (ie,
decks B and D), which can be reflected in the learning curves
plotted in Figure 5, where healthy individuals ended up selecting
deck D the most and patients with chronic pain ended up
selecting deck B the most. Values for the perseverance weight
<0 or >0 indicate that decision makers prefer to switch or stay
with their recently chosen decks. The mean value of this
parameter for the healthy controls was >0, whereas this value
for the patients with chronic pain was <0. Meanwhile, there was
a significant difference between the 2 groups. This means that
people with chronic pain were less persistent in their previous
choices during the task. In this sense, our findings are in
agreement with a previous study [33] where a simple heuristic
model was proposed to discriminate between patients and
healthy controls on IGT performance by tuning the degree of
randomness and importance given to losses and gains. Patients
with chronic pain in this study demonstrated significantly less
persistent behavior, which was characterized by giving more
emphasis to gains than to losses and increasing decision
randomness. However, contrary to our expectation, decision
makers with chronic pain presented lower decay rates,
suggesting that they base decisions on longer histories than
healthy controls. However, substantial existing studies have
consistently reported impaired memory functions in patients
with chronic pain [45,46], and memory complaints are one of
the most common complaints in patients with chronic pain and
cognitive deficits [47]. In addition, this result is inconsistent
with the findings fitting to the VPP model, where decision
makers with chronic pain had higher learning rates and,
therefore, relatively worse memory. It was argued in the study
by Ahn et al [26] that this situation where the parameters of a
model with good model fit might not correctly reflect the
underlying cognitive constructs could be caused by the
insufficient number of trials such that insufficient information
was extracted to reliably estimate the free parameters in the
model; thus, it might be helpful to perform external tests in
future research [48].

When analyzing the correlations between the cognitive
parameters and self-reported pain experiences, we found that
the learning rate in the VPP model was positively associated
with the 4 pain measures, whereas the outcome sensitivity,
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response consistency, loss aversion, and weight parameter were
negatively associated with the 4 pain measures. Higher reward
learning rates in the ORL model could significantly predict
higher self-reported pain severity and pain interference. Lower
decay rates in the ORL model were only associated with higher
self-reported pain interference, especially with the affective
subdimension of interference. Given the correlations observed
between the cognitive parameters and pain experiences,
cognitive tasks might be an important tool to consider when
evaluating individuals at risk of developing chronic pain
conditions.

In summary, by recruiting participants on the web, administering
the pain inventory and the IGT in natural environments over
the web, and breaking down their performance into distinct
psychological processes using computational modeling analysis,
we revealed that participants with chronic pain displayed
increased reward sensitivity and reduced choice persistency to
their previous choices relative to healthy controls, and some of
the cognitive parameters could predict the participants’ pain
severity and pain interference. Compared with conventional
statistical analysis of behavioral performance, computational
modeling analysis revealed much more evidence of distinct
differences in decision-making between individuals with chronic
pain and healthy controls in the noisier laboratory-in-the-field
environment.

Limitations
First, only sex, age, and pain duration were collected in the
demographic data, but no other measures of education or
psychological status, such as anxiety and depression, were
considered apart from pain severity and pain interference. It is

known that experiencing chronic pain puts a person at increased
risk of developing anxiety and depression disorders, and these
2 factors have been documented to have a significant influence
on decision-making [49,50]. We did not consider the impact of
medications on decision-making either (ie, we did have the
participants’ medication information but did not exclude
participants who were receiving medical treatments). Another
important factor that could influence decision-making is
environmental distractions, such as family members, distractions
in the environment, and time of the day. It is also worth noting
that virtual money may not be as effective as real financial
incentives for the decision-making task. However, we did
achieve good adherence to and compliance with the task.
Furthermore, we recruited a mixed sample of participants who
might have had various kinds of pain conditions that might
cause various cognitive abnormalities and, thus, have different
influences on decision-making. As a result, caution must be
exercised when interpreting the results obtained and generalizing
them to pain populations in specific environments and particular
chronic pain conditions. Future research should conduct a more
comprehensive assessment of the participants and analyze the
potential impacts of the aforementioned variables. Finally, a
sample size of 45 could be considered relatively small,
especially given that our recruitment was not a laboratory-based
paradigm. This may be the cause of the analyses that revealed
results that were not consistent with the existing literature. We
take this smaller scale of study as pilot research to validate our
research methodology. The computational methods
demonstrated a great advantage in distinguishing between the
underlying cognitive processes of participants with chronic pain
and healthy controls in that regard.
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VPP: Values-Plus-Perseverance
WASW: walking, general activity, sleep, and work subdimension of the Brief Pain Inventory–Short Form
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Abstract

Background: Improving interprofessional communication and collaboration is necessary to facilitate the early identification
and treatment of patients with sepsis. Preparing undergraduate medical and nursing students for the knowledge and skills required
to assess, escalate, and manage patients with sepsis is crucial for their entry into clinical practice. However, the COVID-19
pandemic and social distancing measures have created the need for interactive distance learning to support collaborative learning.

Objective: This study aimed to evaluate the effect of sepsis interprofessional education on medical and nursing students’ sepsis
knowledge, team communication skills, and skill use in clinical practice.

Methods: A mixed methods design using a 1-group pretest-posttest design and focus group discussions was used. This study
involved 415 undergraduate medical and nursing students from a university in Singapore. After a baseline evaluation of the
participants’sepsis knowledge and team communication skills, they underwent didactic e-learning followed by virtual telesimulation
on early recognition and management of sepsis and team communication strategies. The participants’ sepsis knowledge and team
communication skills were evaluated immediately and 2 months after the telesimulation. In total, 4 focus group discussions were
conducted using a purposive sample of 18 medical and nursing students to explore their transfer of learning to clinical practice.

Results: Compared with the baseline scores, both the medical and nursing students demonstrated a significant improvement in
sepsis knowledge (P<.001) and team communication skills (P<.001) in immediate posttest scores. At the 2-month follow-up, the
nursing students continued to have statistically significantly higher sepsis knowledge (P<.001) and communication scores (P<.001)
than the pretest scores, whereas the medical students had no significant changes in test scores between the 2-month follow-up
and pretest time points (P=.99). A total of three themes emerged from the qualitative findings: greater understanding of each
other’s roles, application of mental models in clinical practice, and theory-practice gaps. The sepsis interprofessional
education—particularly the use of virtual telesimulation—fostered participants’ understanding and appreciation of each other’s
interprofessional roles when caring for patients with sepsis. Despite noting some incongruities with the real-world clinical practice
and not encountering many sepsis scenarios in clinical settings, participants shared the application of mental models using
interprofessional communication strategies and the patient assessment framework in their daily clinical practice.

Conclusions: Although the study did not show long-term knowledge retention, the use of virtual telesimulation played a critical
role in facilitating the application of mental models for learning transfer and therefore could serve as a promising education
modality for sepsis training. For a greater clinical effect, future studies could complement virtual telesimulation with a
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mannequin-based simulation and provide more evidence on the long-term retention of sepsis knowledge and clinical skills
performance.

(J Med Internet Res 2022;24(4):e35058)   doi:10.2196/35058
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Introduction

Background
Sepsis is defined as a “life-threatening organ dysfunction caused
by a dysregulated host response to infection” [1]. Delays in
sepsis recognition and slow initiation of treatment have been
associated with poor patient outcomes [2,3]. A recent global
burden of disease study on sepsis estimated approximately 48.9
million cases of sepsis with 11.0 million sepsis-related deaths
worldwide in 2017 [3]. One key effort stipulated by the World
Health Organization, which aims to reduce the global burden
of sepsis, is to educate health care professionals on the early
identification and management of sepsis [4].

As a time-critical illness, early identification, prompt escalation
of care, and immediate treatment initiation for sepsis are critical
to minimize patient deterioration and improve patient outcomes
[3]. Although sepsis is usually managed in intensive care units,
there has been an observed increase in the prevalence of sepsis
in general wards [5,6]. Thus, nursing and medical graduates
must have adequate knowledge and skills to recognize and
initiate appropriate management of sepsis because they are
typically the first contact point with patients in general wards.
Hence, for undergraduate medical and nursing students’ entry
into clinical practice, it is important to equip them with the
adequate knowledge and skillset required to assess, recognize,
escalate care of, and manage patients with sepsis. However,
existing literature has revealed that medical and nursing students
are underprepared in relation to sepsis recognition and
management, suggesting inadequate and ineffective coverage
of sepsis education in undergraduate medical and nursing
curricula [7-11]. Thus, there is a need to design sepsis education
programs that adequately prepare medical and nursing students
for entry-level practice.

Successful management of sepsis hinges not only on prompt
recognition and immediate response with appropriate escalation
of care to critical care if required but also on effective
physician-nurse collaboration [12]. Nurses at the bedside play
a key role in assessing and recognizing early signs and
symptoms of sepsis and then escalating promptly for medical
review, whereas junior physicians play a crucial role in
considering the possibility of sepsis, initiating prompt initial
management, and escalating in a timely manner for intensive
care unit care. During this process, interprofessional teamwork
and communication are integral to coordinating patient care and
delivering timely medical treatment. Therefore, an educational
approach that integrates sepsis education and interprofessional
team training would further enhance health care professionals’
knowledge and practice of sepsis care. Moreover, the call for
interprofessional team training at the prelicensure level makes
a strong case for incorporating team training elements, such as

interprofessional communication and teamwork, into
undergraduate interprofessional education (IPE) programs [13].

Simulation is a popular teaching method to deliver health care
team–based training because it provides learners with
experiential opportunities to work together as a multidisciplinary
team to manage patient care and develop a shared understanding
of each other’s roles within a team in regard to patient care [14].
However, logistical challenges, such as conflicting schedules
among learners from different professional groups, the
availability of facilities and facilitators, and the high cost
involved, impede the implementation of in-person
simulation–based team training [15]. As such, health care
educators have turned to computer learning technology to
enhance cost-effectiveness and overcome the barriers to
traditional in-person simulation training [16]. Furthermore,
restrictions of the COVID-19 pandemic and safe distancing
measures have disrupted conventional in-person simulation
training [17,18]. This has resulted in an unprecedented push for
the adoption of interactive distance learning techniques, such
as telesimulation and virtual simulation, to remotely provide
simulation-based education [18].

Retaining the experiential strengths of simulation-based learning,
telesimulation utilizes both internet-based communication
technology and simulation resources to provide simulation-based
education when learners and facilitators are at off-site locations
[19]. Currently, most telesimulations are hosted on 2D video
conferencing software with webcams and screen sharing
functions [18]. Facilitators simulate a patient encounter by
projecting prerecorded videos of physical examination findings
and patient monitors that the facilitators can control based on
the clinical scenario flow and participants’ actions [18].
Conversely, virtual reality simulation uses immersive technology
to create a 3D computer-based simulation that mimics real-life
clinical situations in a virtual environment and can also provide
real-time responses according to participants’ actions and
decision-making [20,21]. Research has shown that virtual
simulation–based team training can improve knowledge
retention, clinical reasoning, teamwork attitudes, and
communication skills performance, as well as learners’
satisfaction with learning [22-26]. This suggests that virtual
simulation is a promising learning strategy for interprofessional
team–based learning.

Objectives
Given that sepsis care is intrinsically interprofessional, requiring
input from various health care professionals [12], the
combination of IPE and sepsis care provides dual benefits and
joint synergy in teaching two important aspects of contemporary
health care practice: interprofessional collaborative practice and
sepsis care principles. Using a blended learning approach that
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incorporates virtual telesimulation, we designed and
implemented a sepsis IPE program that fulfills the needs of both
practical sepsis education and IPE for undergraduate medical
and nursing students. An earlier study described the integration
of an IPE program into undergraduate medical and nursing
curricula using the implementation science method [27]. This
study aimed to (1) examine the effects of sepsis IPE using virtual
telesimulation on sepsis knowledge and team communication
skills of medical and nursing students and (2) describe students’
perceived impact of sepsis IPE on their clinical practice.

Methods

Study Design
A mixed methods study design was used, combining a 1-group
pretest-posttest design and focus group discussions (FGDs) to
evaluate students’ perceived effects of sepsis IPE using virtual
telesimulation.

Study Setting and Participants
To substitute for in-person interprofessional learning during the
COVID-19 pandemic, a virtual sepsis IPE program was
integrated into undergraduate third-year nursing and fourth-year
medical curricula at the National University of Singapore. A
total of 96% (288/300) of medical students and 98% (293/299)
of nursing students attended this compulsory program. As part
of the students’ learning process, all students were required to
complete presimulation and postsimulation quizzes.

It was made known to the students that evaluation research
would be conducted to evaluate the sepsis IPE program, and
participation in the research was completely voluntary. Before
starting the sepsis IPE program, a participant information sheet
explaining the purpose of the research and outlining the entire
research process was sent via email to all students. They were
asked to provide consent for the use of their presimulation and
postsimulation quiz results for the evaluation research, as well
as consent to be contacted to complete a 2-month follow-up test
and participate in a one-time FGD after completion of the
program.

Sepsis IPE

Presimulation Activities
As part of the presimulation learning activities, the participants
attended didactic e-learning on team communication skills
strategies and sepsis education on their own time. The learning
involved team communication skills strategies adapted from
the Team Strategies and Tools to Enhance Performance and
Patient Safety curriculum [28], which included the Identity,
Situation, Background, Assessment and Recommendation
(ISBAR) communication tool; the Concerned, Uncomfortable,
and Safety (CUS) tool; and feedback to acknowledge, call out,
and check back. The sepsis education adopted a case study

teaching method that focused on adult sepsis pathophysiology
and clinical manifestations, risk factors of sepsis, assessment
of sepsis using the Airway, Breathing, Circulation, Disability,
Exposure (ABCDE) approach, diagnostic and laboratory
investigations for sepsis, and general management of sepsis and
septic shock based on the surviving sepsis campaign guidelines
[29]. References to further essential web-based readings were
also provided.

Virtual Telesimulation
Table 1 summarizes the virtual telesimulation implementation
process. Participants were scheduled to participate remotely in
a 3-hour virtual telesimulation that we developed using the
Unity 5 game engine (Unity Technologies) [30]. The design
and learning activities in the sepsis virtual telesimulation were
underpinned by the experiential learning theory by Kolb [31]
and the theory of social constructivism by Vygotsky and Cole
[32]. The experiential learning theory by Kolb [31], which
constitutes the learning process of gaining knowledge from
experimentation followed by reflection, informed the learning
mechanisms of role-playing and debriefing in the virtual
telesimulation. The approach of medical-nursing student
collaborative learning through role-playing and debriefing
supports the theory of social constructivism, which emphasizes
learning through interpersonal interaction and discussion [32].

For each session, 2 medical students and 2 nursing students
were assigned to a group, and each group included a nursing
facilitator or debriefer and a simulated patient. The virtual
telesimulation was implemented over a period of 4 months,
from August to December 2020, with approximately 150
sessions conducted. In total, 28 clinicians who were nursing
alumni of the university and had at least three years of clinical
practice experience were recruited as facilitators for the
simulation. Every facilitator had to undergo a one-time training
session that covered the program’s learning objectives, lesson
plans, simulation scenarios, and facilitation and debriefing
pointers and instructions on how to navigate in the virtual
environment.

The virtual telesimulation required only standard computer
equipment, and instructions were given to all students to install
the virtual simulation software before the telesimulation. At the
start of each session, the students were oriented by the facilitator
on the Zoom videoconferencing software. During the orientation,
the students learned how to navigate in the 3D virtual
environment using their human-controlled avatar roles and
perform assessments and management on the patient avatar.
Both the players (ie, medical and nursing students) and the
facilitator can use the computer’s keyboard or mouse to freely
navigate inside the virtual hospital and verbally communicate
with one another and the simulated patient in real time using
headsets or earphones with a microphone. Figure 1 illustrates
the views presented to the different avatar roles.
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Table 1. Technical and educational components of Sepsis IPEa virtual telesimulation.

ProcessTechnologyTask and personnel

Simulation orientation

Zoom (Zoom Video Communications, Inc)Facilitator and technical support staff • Welcome students
• Introduce team: facilitator and students
• Reinforce confidentiality and ground rules
• Learn how to navigate in the virtual environment using

avatar roles and testing of audio system for communi-
cation

• Assign students into medical-nursing pair

Simulation

Unity 5 games engineFacilitator • Introduce scenario
• Allow student players to read case scenario

ZoomSimulated patient • Responding or answering to questions

Unity 5 games engineStudents (in team 1 medical-nursing pair) • Perform patient assessment of the patient avatar
• Initiate interventions and treatments by clicking on

the treatment trolley or equipment
• Communicate with each other and patient avatar using

headsets and clickable gestures

Debriefing with students

ZoomFacilitators • Announce end of simulation scenario and instruct
students to return to Zoom for debriefing

• Instruct everyone to turn on video function
• Engage students in reflection during scenario and from

the sepsis IPE

aIPE: interprofessional education.

The 4 students in each group were randomly paired to form 2
medical-nursing student pairs. Each medical-nursing student
pair took turns as role-players and observers in the 2 simulation
scenarios. The first scenario simulated a postoperative patient
with early manifestations of sepsis, which required the team to
perform a clinical assessment of patients with suspected sepsis
and early goal-directed therapy for sepsis, including oxygen
therapy, septic workup, and intravenous antibiotic therapy. The
second scenario simulated the same patient who had deteriorated
and required airway management and fluid resuscitation.

Before the start of the simulation scenario, each medical-nursing
student pair was given 15 minutes to read the case history.
Thereafter, each scenario began with the nursing student
assessing the patient using the ABCDE approach and initiating
immediate nursing management before escalating to their
medical teammate. The medical student was expected to perform
a patient assessment and collaborate with the nursing student
on the treatment plans. They were also expected to use the

communication strategies (eg, ISBAR, CUS, and the feedback
to acknowledge, check back, and call out strategy) to
communicate with each other.

Each simulation scenario lasted approximately 15 to 20 minutes
and was followed by a 30-minute semistructured reflective
debriefing conducted by a facilitator on the Zoom
videoconferencing software. The students were asked to reflect
on their performance and discuss the assessment and
management of sepsis and septic shock, as well as the process
of nurse-physician teamwork, communication, and collaboration.
Upon the conclusion of the 2 scenarios, the participants returned
to the Zoom videoconferencing software for a team debriefing.
The facilitators first asked the participants about their overall
thoughts and impressions of the virtual telesimulation. They
then reviewed the main clinical knowledge and teamwork
learning points and ended with each learner citing their major
take-home points from the sepsis IPE.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35058 | p.696https://www.jmir.org/2022/4/e35058
(page number not for citation purposes)

Chua et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Viewpoints of different avatar roles: (A) nursing or medical student’s view, (B) simulated patient’s view, and (C) facilitator’s view during
role-playing.

Data Collection
Both quantitative and qualitative data were obtained in this
study. Whereas the quantitative data focused on knowledge
evaluation and retention of the sepsis IPE, the qualitative data
aimed to capture the participants’ perspectives on the
transferability of learning to clinical practice.

Quantitative outcomes were collected at three time points using
the same set of quizzes: before (pretest), immediately after
(posttest), and 2 months after (follow-up) the virtual simulation.
The quiz consisting of 4 short case studies on sepsis with 25
multiple-choice questions was designed by the study team to
assess sepsis knowledge (18 questions) and team communication
skills (7 questions; Multimedia Appendix 1). The quiz topics
were covered in the e-learning modules and virtual simulation.
The quiz questions were developed with reference to the
Surviving Sepsis Campaign Guidelines for Management of

Sepsis and Septic Shock 2016 [33] and Team Strategies and
Tools to Enhance Performance and Patient Safety curriculum
[28]. The quiz was content validated by a multidisciplinary team
consisting of 1 medical doctor, 2 nursing academics, and 1
advanced practice nurse, who were involved in undergraduate
medical and nursing teaching programs.

Qualitative data were collected through FGDs. A total of 4 focus
groups were conducted approximately 5 months after the
completion of the sepsis IPE. They were conducted by a
moderator on Zoom using a semistructured topic guide (Textbox
1), and field notes were taken by a research assistant. The
moderator was a research fellow who did not have any previous
interaction with the participants. This helped minimize any
influence of the moderator on the participants during the FGDs.
Each focus group consisted of 4 to 6 participants from the same
profession and lasted 50 to 75 minutes. All FGDs were audio
recorded.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35058 | p.697https://www.jmir.org/2022/4/e35058
(page number not for citation purposes)

Chua et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Textbox 1. Focus group discussion topic guide.

Recall of sepsis interprofessional education (IPE) learning

• What have you learned from the sepsis IPE program?

• What are your thoughts about this interprofessional sepsis care training? In what ways were it effective?

• Which aspect of your knowledge and action skills on sepsis care do you think has improved?

Application of learning in clinical practice

• Since the end of the sepsis IPE program, have you had any opportunity to apply any of the knowledge or skills learned in clinical practice? Please
share.

• Tell me about your experience and level of comfort with using the communication strategies?

• Has the program changed your way of communication with other health care professionals in clinical setting?

• What are some barriers to the application or transfer of learning to clinical practice?

Areas of improvement for future sepsis IPE program

• How can we improve future sepsis IPE program?

• Do you think it is necessary to have interdisciplinary facilitators for the virtual simulation?

Data Analysis
All quantitative data were analyzed using IBM SPSS Statistics
for Windows (version 26.0; IBM Corp) [34]. Descriptive
statistics were used to summarize the participants’demographics
and sepsis knowledge and team communication scores at each
time point. A 2-tailed, paired sample t test was used to examine
changes between the baseline and immediate posttest scores,
whereas repeated-measures ANOVA with Bonferroni correction
was used to determine the effect of the intervention over the 3
time points, as well as on the respective profession group. For
all analyses, the level of statistical significance was set at P<.05.

The audio-recorded FGDs were transcribed verbatim and
subjected to the thematic analysis of Braun and Clarke [35].
Field notes were inserted into the transcripts. In addition, 2
investigators independently coded the transcripts and generated
emerging themes before comparing and discussing the final set
of themes and subthemes. Thematic saturation was deemed to
have been achieved through the 4 FGDs.

Ethical Considerations
This study was approved by the National University of
Singapore Institutional Review Board (Reference Code
S-17-107). Informed consent for voluntary participation was
obtained from all participants. Furthermore, participants were
assured of confidentiality, anonymity, and their right to

withdraw from the study at any time without any repercussions.
However, they were informed that the data that had been
collected until the time of their withdrawal would be retained
and analyzed to enable a complete and comprehensive
evaluation of the study.

Results

Effect of Sepsis IPE on Sepsis Knowledge and Team
Communication
Of the 581 students who attended the program, 415 students
consented to participate in the sepsis IPE research study. A total
of 214 (73%) out of 293 nursing students and 201 (69.8%) out
of 288 medical students who attended the program consented
to participate in the research study. All 415 participants
completed the presimulation and postsimulation tests. The
medical students had statistically significant higher pretest scores
for both sepsis and communication than nursing students (Table
2). After attending the sepsis IPE, the medical students continued
to have significantly higher posttest scores than the nursing
students, except for communication scores (P=.32). Nonetheless,
as shown in Table 3, both the medical and nursing students
showed significant improvements in their posttest scores for
sepsis knowledge and communication after attending the sepsis
IPE.
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Table 2. Summary of mean scores before and after virtual simulation.

P valueNursing (n=214), mean (SD)Medicine (n=201), mean (SD)Test

Pretest

<.00112.67 (2.99)16.69 (2.77)Total score (0-25)

<.0018.82 (2.22)12.33 (2.14)Sepsis knowledge (0-18)

.0023.85 (1.59)4.34 (1.59)Communication (0-7)

Posttest

<.00116.30 (2.90)19.09 (2.41)Total score (0-25)

<.00110.90 (2.20)13.56 (1.68)Sepsis knowledge (0-18)

.325.40 (1.40)5.53 (1.46)Communication (0-7)

Table 3. Comparison of the pretest and posttest mean scores within the medical and nursing students.

Communication (0-7)Sepsis knowledge (0-18)Total score (0-25)Test

All participants (N=415)

4.09 (1.60)10.52 (2.80)14.62 (3.51)Pretest, mean (SD)

5.47 (1.43)12.19 (2.37)17.66 (3.01)Posttest, mean (SD)

<.001<.001<.001P value

Nursing (n=214)

3.85 (1.59)8.82 (2.22)12.67 (2.99)Pretest, mean (SD)

5.40 (1.40)10.90 (2.20)16.30 (2.90)Posttest, mean (SD)

<.001<.001<.001P value

Medicine (n=201)

4.34 (1.59)12.33 (2.14)16.69 (2.77)Pretest, mean (SD)

5.53 (1.46)13.56 (1.68)19.09 (2.41)Posttest, mean (SD)

<.001<.001<.001P value

2-Month Follow-up Results
A total of 35% (75/214) of nursing students and 24.9% (50/201)
of medical students completed the 2-month follow-up test. The
Bonferroni test indicated that there were significant differences
in the students’ knowledge levels across time. The post hoc
comparisons of the presimulation and 2-month follow-up test
scores and postsimulation and 2-month follow-up test scores
within each group are provided in Table 4.

At 2-month follow-up, the nursing students continued to have
statistically significantly higher sepsis knowledge (mean 10.16,
SD 2.42) and communication scores (mean 5.0, SD 1.55) than
the pretest scores (sepsis knowledge: mean 9.21, SD 1.93;
communication: mean 3.91, SD 1.56). For the medical students,

there was a significant increase in sepsis knowledge test scores
and communication scores from the presimulation test to the
postsimulation test (sepsis knowledge: mean 12.26 SD, 1.94 vs
mean 13.56, SD 1.95, P<.001; communication: mean 4.66 SD,
1.53 vs mean 5.60, SD 1.68, P<.001), but no significant changes
in test scores between the 2-month follow-up and presimulation
tests. Nevertheless, the medical students continued to have
significantly higher sepsis knowledge scores at 2 months’
follow-up than the nursing students (mean 12.38, SD 1.97 v
mean 10.16, SD 2.42, P<.001). Although there was no
significant difference in the communication scores between the
medical and nursing students (P=.37), the change between the
pretest scores and 2-month follow-up test scores was higher
among the nursing students (nursing: mean 1.09, SD 1.89,
P<.001 vs medicine: mean 0.060, SD 2.316, P=.86).
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Table 4. Comparison of pretest-posttest scores and 2-month follow-up test scores.

Medicine (n=50)Nursing (n=75)Test

P valueFollow-up, mean (SD)Value, mean (SD)P valueFollow-up, mean (SD)Value, mean (SD)

Total score

.99a17.10 (2.38)17.18 (3.31)<.001a15.07 (3.05)13.12 (2.66)Pretest

.001b17.10 (2.38)19.16 (2.87)<.001b15.07 (3.05)16.89 (3.13)Posttest

N/AN/A<.001cN/AN/Ad<.001cP value

Sepsis knowledge

.99a12.38 (1.97)12.26 (1.94).008a10.16 (2.42)9.21 (1.93)Pretest

.001b12.38 (1.97)13.56 (1.95).001b10.16 (2.42)11.39 (2.32)Posttest

N/AN/A.002cN/AN/A<.001cP value

Communication

.99a4.72 (1.90)4.66 (1.53)<.001a5.00 (1.55)3.91 (1.56)Pretest

.01b4.72 (1.90)5.60 (1.68).04b5.00 (1.55)5.51 (1.52)Posttest

N/AN/A.02cN/AN/A<.001cP value

aComparison of 2-month follow-up test scores with pretest scores.
bComparison of 2-month follow-up test scores with posttest scores.
cComparison of pretest scores with posttest scores.
dN/A: not applicable.

Effect on Clinical Practice

Overview
A total of 10 medical and 8 nursing students participated in 4
FGDs. Among the participants, there were 4 male medical
students and 1 male nursing student. The thematic analysis
yielded three main themes: (1) greater understanding of each
other’s roles, (2) application of learning in clinical settings, and
(3) theory-practice gaps.

Theme 1: Greater Understanding of Each Other’s Role
Generally, both the medical and nursing students agreed that
the use of sepsis case scenarios was suitable for interprofessional
team–based training because it provided them with a greater
understanding and appreciation of each other’s interprofessional
roles when caring for patients with sepsis:

Sepsis scenario allows medical and nursing students
to work together because it is a condition that
requires team effort to treat the patient. [Nursing
FGD1, P2]

I think it [sepsis IPE learning] was a good experience
to learn from our nursing colleagues. It helped me
see what they [nurses] focus on and their thought
process before deciding whether to escalate to the
doctors and what information that they chose to pass
down that they felt was important...also more of
understanding the roles of both the doctors and
nurses. [Medical FGD2, P2]

Participants also stated that the use of virtual telesimulation and
gamification was not only refreshing in fostering the process

of interprofessional teamwork and communication in the
management of septic patients but also assisted with the
application of knowledge, as well as knowledge retention:

I thought it [sepsis virtual telesimulation] was quite
fun...I learnt how to manage sepsis and how to
communicate with the nurses, and then use it
[acquired knowledge] in the game itself. I also got to
understand what the nurses could do in their capacity,
[and have a] better understanding of their roles and
the team. [Medical FGD1, P4]

I think having a virtual telesimulation with regards
to sepsis would definitely help us to retain the
information better. If without the telesimulation, we
will just be reading off slides and textbooks, so the
retention is definitely not as good as when we have
experienced it in a virtual setting or in a real-life
setting. [Nursing FGD2, P5]

Generally, participants were satisfied with having just a nursing
facilitator to facilitate the sepsis IPE. They felt that the nursing
facilitators could provide insights into the interprofessional
teamwork approach to the medical and nursing management of
sepsis that catered to both professions:

My nursing facilitator is very experienced. She knows
a lot as to bringing in her nursing experiences as well
as some clinical value. I don’t think that a medical
facilitator will be essential. Because if there are many
people, everyone wants to say something. Then, it
becomes a bit more artificial...if we want to learn
more about the sepsis and protocol, we can learn
from the doctors in the wards. [Medical FGD2, P1]
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Theme 2: Application of Mental Models in Practice
During the FGDs, all participants shared their main takeaways
from the program. The nursing participants gained knowledge
predominantly on using the ABCDE approach to assess and
manage patients with sepsis and effective nurse-physician
communication strategies. Following the sepsis IPE program,
the nursing students attended their transition-to-practice clinical
practicum, which required them to take on the responsibilities
of a full-fledged registered nurse under supervision. Although
most participants did not encounter sepsis during their clinical
practicum, they shared the application of the mental models,
including the ABCDE assessment framework and
communication strategies, in their daily clinical practice:

For me, learning about the ABCDE assessment part
and what to do when patient deterioration happens,
was main takeaway. [Nursing FGD1, P1]

I don’t think it’s about [knowledge] retention, but
application. I’m sure that there are some points that
we can apply in other scenarios such as ABCDE
assessments and communication strategies. [Nursing
FGD2, P3]

In contrast, the medical students benefited more from
interprofessional teamwork and communication skills. They
reported having greater awareness of the use of these
communication strategies, although they cited a lack of
opportunities to apply the interprofessional communication
strategies in clinical settings because the nature of their clinical
practicum was to shadow the medical team and attend case
discussions:

The main takeaway would be the communication
strategies because the callout and checkback, they
are all new to me until the IPE session. Even though
I haven’t got to use it directly as a medical student
in the ward, it made me more aware of such
communication techniques. [Medical FGD1, P4]

Experiencing on a virtual platform that there are
these communication strategies, you start to observe
this in the clinical settings when you see your seniors
speak to nurses or other healthcare professionals.
Then, you start to realise that they do use it on
day-to-day basis. [Medical FGD2, P1]

Theme 3: Theory-Practice Gaps
Despite observing the value of the ABCDE framework and
communication strategies, the nursing participants highlighted
a disconnect between what they were taught and what they
practiced in the clinical setting. The nursing participants reported
having to adapt the ABCDE and ISBAR frameworks to suit
clinical workflows and dynamics. Such instances include
nonadherence to the ABCDE framework of patient assessment
and modification of ISBAR when escalating to the medical
team:

They [ward nurses] know what to do first then they
will continue assessing patient. The ABCDE is not
always [done] in systematic order...For us [nursing
students], I think the ABCDE is quite a good
framework. At least you have it at the back of your

mind and you know what to do next when your patient
deteriorates. [Nursing FGD1, P3]

I didn’t apply the full ISBAR. I never give the
background of this patient because the doctor always
seems to be in a rush, and they don’t really want to
hear you talk so much about patient’s background
because they can find out themselves afterwards. So,
I just give them assessment and what is happening to
the patient. [Nursing FGD1, P2]

Although both the medical and nursing students welcomed the
virtual telesimulation, they also acknowledged the value of
physical simulation in terms of its realism and ability for
psychomotor skills practice. They suggested that virtual
telesimulation should complement and be integrated into their
existing curriculum for continuity:

I really appreciate that it was a game because it was
more engaging. But I would prefer if we can also do
it in real life. I think, in terms of assessing the
patients, it is a bit superficial to just click on the
buttons. If you do it in real life, there is more practical
[hands-on] aspect. [Medicine FGD1, P1]

Having it [virtual telesimulation] like a more
continuous or regular thing rather than just a one-off
thing instead. [Nursing FGD2, P6]

Discussion

Principal Findings
To the best of our knowledge, this is the first study to evaluate
the effect of a sepsis IPE program using virtual telesimulation
on the sepsis knowledge and team communication skills of
undergraduate medical and nursing students. Our mixed methods
approach enabled the evaluation of the program at the second
and third levels of Kirkpatrick’s model of training evaluation
[36]. Level 2, learning, was assessed through the quantitative
sepsis knowledge and communication quiz, whereas level 3,
behavior changes, was evaluated through FGDs on the effect
of the sepsis IPE on students’ clinical practice [36].

Comparison With Previous Work
In this study, we built the students’ knowledge by scaffolding
the knowledge base, starting with didactic e-learning, followed
by a skills practice session through virtual simulated cases with
debriefing sessions. Both the medical and nursing students had
improved knowledge acquisition as measured by their sepsis
knowledge and communication quiz scores immediately after
training. This finding is analogous to those of previous studies
[21,37], which observed an immediate measurable improvement
in theoretical knowledge with learning through virtual
simulation. Through role-playing exercises and engaging in
reflective debriefing, the virtual telesimulation provided
opportunities for the medical and nursing students to work
together in a realistic environment and practice their skills in
problem solving, decision-making, and team communication,
which are essential for the management of patients with sepsis
[21]. This application of experiential learning through virtual
telesimulation helped deepen students’ learning from
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self-directed e-learning by building connections between theory
and clinical practices [38].

At 2-month follow-up, both groups had lost knowledge over
time. Although this is as expected and aligns well with other
findings of retention effects of virtual simulation training in
health education [39-41], the benefit of virtual
simulation—namely, unlimited opportunities to engage in
repetitive practice within a safe and realistic clinical
environment [41]—was not maximized in this study. Repetition
of virtual simulation sessions is key to the long-term retention
of learning [42]. However, the virtual telesimulation was a
one-off session in this study, which could have limited the true
retention effects of virtual simulation training. Similar to an
earlier study by Liaw et al [22], to some extent, the use of
multiuser human-controlled avatars posed a challenge to
bringing the medical and nursing students together at the same
time to form interprofessional teams for regular virtual
simulation sessions. The development of embodied virtual
agents (EVAs; ie, physicians, nurses, simulated patients, or even
facilitators) controlled by computer algorithms to allow for a
single-player mode could potentially be a solution to achieve
better scalability and sustainability of team-based training;
however, further evaluation is needed to compare the
effectiveness of EVAs (single-player mode) with
human-controlled avatars (multiplayer mode) in virtual
team-based simulations [22].

When compared with the preintervention test, the nursing
students demonstrated significantly higher sepsis knowledge
and communication scores on the 2-month follow-up test. This
finding suggests that there is little knowledge decay among the
nursing students. However, the medical students did not show
significant differences in either sepsis or communication scores
when compared with the preintervention test scores, suggesting
no knowledge retention. There are 3 plausible explanations for
the more positive results among the nursing students. First,
medical students had higher mean pretest scores than nursing
students, and it was predicted that learners with higher pretest
scores would have lower learning gains than learners with lower
pretest scores [43]. Second, one could theorize that opportunities
for repetitive practice are crucial in enhancing knowledge
retention [41]. Shortly after the sepsis IPE, the nursing students
completed their final clinical practicum, in which they were
expected to function as registered nurses. The requirements of
their clinical practicum would have provided them with
opportunities to deliberately practice the acquired knowledge,
thus aiding knowledge retention. This was corroborated in both
the quantitative and qualitative data, whereby the nursing
participants continued to have significantly higher
communication scores at 2-months follow-up from the
preintervention test and reported the application of team
communication strategies in their daily clinical practice.
Congruently, the significant drop in communication scores at
2 months’ follow-up to a mean score on par with the
preintervention test among the medical students could be
attributed to a lack of opportunities to practice interprofessional
communication. The third reason could be related to the lack
of medicine facilitators in the interprofessional sepsis team
training. Although the medical students did not feel a compelling

need to have a medicine facilitator, including facilitators of the
respective professions (medicine or nursing) could enhance
students’ learning through the sharing of their respective
professional perspectives and practices in real clinical practice
[44,45].

Overall, although long-term sepsis knowledge retention may
not be apparent in our quantitative data, our qualitative data
showed that the sepsis IPE had a positive effect on students’
awareness of sepsis and fostered a better understanding and
appreciation of each other’s interprofessional roles. This finding
is consistent with those of previous studies [22,23], where
significant improvements in attitudes toward health care teams
and interprofessional collaboration were observed following
interprofessional team–based training using virtual simulation.
Similar to conventional in-person interprofessional simulation,
virtual telesimulation is an experience-based learning strategy
that gives learners an opportunity to experience interprofessional
collaborative practice in a realistic and risk-free environment
[17,20]. Although this study demonstrated that virtual
telesimulation is not inferior to in-person simulations in
interprofessional team training, further research is needed to
evaluate this educational modality in the development of
students’ clinical and team communication skills.

Our method of incorporating mnemonic tools (ie, the ABCDE
patient assessment framework and ISBAR communication tool)
as mental models into the simulation learning was observed to
facilitate the transfer of learning from the sepsis IPE to the
clinical setting. Despite the lack of opportunities to practice
communication skills in their clinical practice, the medical
students were more cognizant of the communication strategies
for effective communication within interprofessional health
care teams. For the nursing students, the teaching of the
systematic ABCDE assessment tool and team communication
skills was applied to their everyday practice in the clinical
setting. Although the nursing students noted some variability
in real-world clinical practice, especially in relation to patient
assessment, this inconsistency is not surprising. Instead of taking
a step-by-step ABCDE approach to patient assessment, more
experienced nurses tend to collect a range of focused and
relevant cues to obtain a complete picture of the patient’s
situation because they are better able to anticipate the patient’s
problems [46]. Conversely, for students who lack clinical
exposure, the use of mnemonic tools provides mental models
to enhance learning and boost the recall of learned information,
which in turn aids in the application of learning to practice [47].

Interestingly, although the value of using virtual telesimulation
to deliver the sepsis IPE was well received by the students, both
the medical and nursing students were in favor of an additional
in-person simulation after the virtual simulation to consolidate
and reinforce their learning. This is unsurprising; several studies
have shown a strong preference for the kinesthetic learning style
among medical and nursing students [48-52]. Despite the
aforementioned merits of virtual telesimulation, it is lacking in
terms of procedural skill enhancement. For a topic such as
sepsis, which involves clinical procedural skills, in-person
simulations provide kinesthetic learning in a realistic situation
that could better develop procedural skills [53]. Thus, a blended
simulation approach (ie, virtual telesimulation followed by
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high-fidelity mannequin-based simulation) could optimize sepsis
care learning because of its ability to provide both formative
and summative assessments of knowledge and skills acquisition
[38,54].

Limitations
This study had a few limitations that warrant attention. First,
the effectiveness of our sepsis IPE using virtual simulation was
limited by the absence of a control group and an evaluation of
long-term knowledge retention that was confined to a relatively
small sample size (125/415, 30.1%) of students’ knowledge 2
months after the program. The high rate of loss to follow-up
was likely due to the students’ heavy workload, as the data
collection period coincided with their clinical practicum and
midterm tests. Notwithstanding, the FGDs provided some
insights into the students’ transfer of learning to the clinical
setting. Second, the program was evaluated based on a
multiple-choice quiz that assessed the lower levels of clinical
competence—that is, the cognition domain of fact gathering
and application of knowledge—rather than clinical performance
and actual practice, which are typically evaluated using a
simulation test with an assessor checklist or workplace-based
assessment [55,56]. Third, our evaluation may be subject to
recall or practice effect bias because we used the same set of
quizzes to evaluate the postsimulation test and follow-up test.
It might have been better if we had modified the set of quizzes,
but to a similar difficulty level as the presimulation quiz.
Furthermore, the FGDs were conducted 5 months after the
simulation learning, which might have resulted in erroneous
recall of responses from the participants. Finally, the true effect
of the program may have been constrained by the one-time
exposure to the virtual simulation experience when the intent
was to provide greater access to enable students to deliberate
practice opportunities.

Future Directions
Given that the virtual telesimulation was a one-off session in
this study, further research with a control group is needed to
determine whether exposure to repetitive virtual telesimulation
training can mitigate knowledge decay over time and contribute
to the long-term retention of clinical competency through
high-fidelity mannequin-based simulation assessments. Further
development and evaluation of EVAs controlled by computer
algorithms to allow for the single-player mode as opposed to
the multiplayer mode could address the desire for time
flexibility, accessibility to repetitive training, and scalability to
train a large number of learners. Future studies could also
evaluate the effect of virtual telesimulation followed by
high-fidelity mannequin-based simulation on the long-term
retention of team performance on sepsis management, as well
as evaluate the transfer of students’ learning to clinical practice
as junior house officers and new graduate nurses. On a broader
context, more study is warranted to evaluate virtual
telesimulation as an educational modality on clinical skills
development.

Conclusions
A sepsis IPE program using a virtual simulation was developed
to enhance sepsis knowledge and team communication skills
among medical and nursing students. Although long-term sepsis
knowledge retention was not demonstrated in this study, virtual
telesimulation played a critical role in facilitating the application
of knowledge and skill utilization in the clinical setting. The
study also achieved one of its objectives, namely, strengthening
interprofessional collaboration, whereby students fostered a
better understanding and appreciation of each other’s
interprofessional roles in sepsis care. Future studies could
complement the virtual telesimulation with a mannequin-based
simulation and provide more evidence on the long-term retention
of sepsis knowledge and clinical skills performance.
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Abstract

Background: Currently, selection of patients for sequential versus concurrent chemotherapy and radiation regimens lacks
evidentiary support and it is based on locally optimal decisions for each step.

Objective: We aim to optimize the multistep treatment of patients with head and neck cancer and predict multiple patient
survival and toxicity outcomes, and we develop, apply, and evaluate a first application of deep Q-learning (DQL) and simulation
to this problem.

Methods: The treatment decision DQL digital twin and the patient’s digital twin were created, trained, and evaluated on a data
set of 536 patients with oropharyngeal squamous cell carcinoma with the goal of, respectively, determining the optimal treatment
decisions with respect to survival and toxicity metrics and predicting the outcomes of the optimal treatment on the patient. Of
the data set of 536 patients, the models were trained on a subset of 402 (75%) patients (split randomly) and evaluated on a separate
set of 134 (25%) patients. Training and evaluation of the digital twin dyad was completed in August 2020. The data set includes
3-step sequential treatment decisions and complete relevant history of the patient cohort treated at MD Anderson Cancer Center
between 2005 and 2013, with radiomics analysis performed for the segmented primary tumor volumes.

Results: On the test set, we found mean 87.35% (SD 11.15%) and median 90.85% (IQR 13.56%) accuracies in treatment
outcome prediction, matching the clinicians’ outcomes and improving the (predicted) survival rate by +3.73% (95% CI –0.75%
to 8.96%) and the dysphagia rate by +0.75% (95% CI –4.48% to 6.72%) when following DQL treatment decisions.

Conclusions: Given the prediction accuracy and predicted improvement regarding the medically relevant outcomes yielded by
this approach, this digital twin dyad of the patient-physician dynamic treatment problem has the potential of aiding physicians
in determining the optimal course of treatment and in assessing its outcomes.

(J Med Internet Res 2022;24(4):e29455)   doi:10.2196/29455

KEYWORDS

digital twin dyad; reinforcement learning; head and neck cancer

J Med Internet Res 2022 | vol. 24 | iss. 4 |e29455 | p.708https://www.jmir.org/2022/4/e29455
(page number not for citation purposes)

Tardini et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:elisa.tardini@mail.polimi.it
http://dx.doi.org/10.2196/29455
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

Background
Head and neck cancer, which includes cancers of the larynx,
throat, lips, mouth, nose, and salivary glands, is now an
epidemic, with 65,000 new cases in the United States annually
[1], whose treatment is, as in many other types of cancers, a
dynamic and complex process. This therapy process involves
making multiple, patient-specific treatment decisions to
maximize efficacy—for example, reduction in tumor size, time
of local region control, and survival time—while minimizing
side effects [2-4]. For example, a specific patient may undergo
radiotherapy (RT) alone, RT with concurrent chemotherapy
(CC), or induction chemotherapy (IC) [5]. After each round of
IC, a decision must be made whether to continue IC or start
either RT or CC. These decisions are currently taken by
clinicians or multidisciplinary tumor boards based on pretherapy
patient characteristics or crude heuristics. Notably, current

risk-prediction models (eg, American Joint Committee on
Cancer [AJCC] staging) incorporated in clinical decision support
systems do not by themselves systematically direct clinicians
to select an appropriate treatment that incorporates both
oncologic and toxicity end points.

Furthermore, disposition to initial IC is then followed by a
second responsive disposition to either RT or concurrent
chemoradiotherapy. Inferring the optimal treatment policies for
multistage decisions (eg, which treatment to administer initially
and then after observing treatment response; Figure 1) post hoc
is challenging because an optimal therapy sequence cannot be
readily pieced together from several single-stage decisions.

For this reason, in the absence of rigorous clinical trials
comparing adaptive IC permutations with concurrent RT, group
comparison is exceedingly difficult because simple models that
account for confounders at initial disposition (eg, propensity
scores) are unequipped to incorporate sequential decision
processes (eg, the choice of CC after IC).

Figure 1. Overview of the therapy selection process, which shows two distinct phases: initial therapeutic selection and subsequent therapeutic selection.

Digital Twinning
To address multistage models of therapy selection that
incorporate both relevant cancer and side-effect considerations,
we introduce an approach based on digital twinning, a new

concept adapted to health research from the industrial world,
where a digital replica (digital twin) of a physical entity or
process is virtually recreated, with similar elements and
dynamics, to perform real-time optimization and testing [6]. In
health care, coupled digital twins, that is, digital twin dyads,
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could be created for both patients and for the therapy process
and used to inform in a quantitative manner adaptive therapy
decision-making and allow personalization and optimization of
health outcomes, prediction and prevention of adverse events,
and planning interventions [7]. By leveraging a large number
of head and neck cancer cases collected at a single institutional
head and neck data tumor board at the MD Anderson Cancer
Center (MDACC), we propose a methodology approach to
leverage deep Q-learning (DQL) as a method to construct a
digital twin dyad for simulation of therapy outcomes and
potential implementation as a clinical decision aid. Q-learning
is a recently developed machine learning method for supervised
variable selection and weighting accounting for iterative
processes [8].

In this paper, we apply for the first time Q-learning methodology
to dynamically select treatment based on multiple clinically
relevant outcomes from data specific to patients with head and
neck cancer. We use these methods to construct and develop
optimal dynamic treatment strategies, that is, digital twins of
the therapy process. In conjunction with simulation models of
patient data, the treatment prescription models form a
patient-physician (prescriber) digital twin dyad in which the
treatment prescription models act as a physician avatar by
identifying the optimal treatment for the patient, whereas the
simulation models represent the patient by predicting the
outcome of the treatment sequence. We evaluate the results of
this digital twin dyad approach on a curated data set of patients
with head and neck cancer.

Methods

Overview
A state-of-the-art machine learning method applicable to the
optimal therapy process problem is reinforcement learning (RL),
in particular DQL [8-12]. DQL aims to solve problems in which
a model has to choose among a series of options to maximize
a certain goal in the given situation: the model observes a set
of actions and the outcome these actions have, thus learning

which choices are optimal and which are not. Q-learning is thus
a type of machine learning that enables systems to automatically
learn and improve from experience without being explicitly
programmed. Q-learning has been shown to lead to valid results
in a variety of medical problems, including the definition of a
sequential multiple-assignment randomized trial [8,9], the
optimal treatment of depression [8] and
Attention-Deficit/Hyperactivity Disorder [9], and the
breastfeeding habits that maximize child vocabulary
development [10].

We used DQL to find a treatment policy that maximizes a linear
combination of multiple patient outcomes; for example,
toxicological and survival outcomes. We considered a 3-step
Markov decision process (MDP), with 3 actions in each episode
corresponding to the three treatment decision points for each
patient:

1. Decision 1 (D1): IC or not
2. Decision 2 (D2): CC or RT alone
3. Decision 3 (D3): neck dissection (ND) or not

More details on the setup of the MDP are described in the
following sections, including the reward functions and state
variables.

Patient Data Set
We performed a retrospective review of 536 patients with
oropharyngeal squamous cell carcinoma who were treated at
the MDACC between 2005 and 2013 (Tables 1-3). Radiomics
analysis was performed [13,14] for the segmented [15,16]
primary tumor volumes. Only patients with a minimum
follow-up of 4 years or who died within 4 years were included
in the data set. The 536 examples were partitioned into 2 distinct
sets for training and testing using a 75% (n=402)-25% (n=134)
random split. To save space, in Table 1, the results of all binary
features are shown only for 1 outcome; the others can be derived
directly by subtracting from 100%. For example, the figures for
sex being female are 65 (12.1%), 47 (11.7%), and 18 (13.4%),
under the respective column headings.
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Table 1. Demographics of pretreatment features (before decision 1 [D1]: induction chemotherapy or not; N=536).

Testing set (n=134)Training set (n=402)All patients (N=536)Characteristics

Group 1: Pretreatment features (before D1)

60.2 (9.6)58.5 (9.4)58.9 (9.5)Age (years) at diagnosis, mean (SD)

Pathological grade, n (%)

4 (3)2 (0.5)6 (1.1)I

40 (29.9)114 (28.4)154 (28.7)II

88 (65.7)206 (51.2)274 (51.1)III

2 (1.5)1 (0.2)3 (0.6)IV

20 (14.9)79 (19.7)99 (18.5)Not available

116 (86.6)355 (88.3)471 (87.9)Sex (male), n (%)

HPVa or P16b status, n (%)

10 (7.5)33 (8.2)43 (8)Negative

77 (57.5)228 (56.7)305 (56.9)Positive

47 (35.1)141 (35.1)188 (35.1)Unknown

Tc category, n (%)

26 (19.4)87 (21.6)113 (21.1)T1

63 (47)156 (38.8)219 (40.9)T2

25 (18.7)91 (22.6)116 (21.6)T3

19 (14.2)67 (16.7)86 (16)T4

1 (0.7)1 (0.2)2 (0.4)Txd

Ne category (8th editionf), n (%)

6 (4.5)14 (3.5)20 (3.7)N0g

68 (50.7)181 (45)249 (46.5)N1

56 (41.8)194 (48.3)250 (46.6)N2

4 (3)13 (3.2)17 (3.2)N3

AJCCh (8th edition), n (%)

49 (36.6)137 (34.1)186 (34.7)I

18 (13.4)63 (15.7)81 (15.1)II

20 (14.9)44 (10.9)64 (11.9)III

46 (34.3)157 (39.1)203 (37.9)IV

1 (0.7)1 (0.2)2 (0.3)Not available

Smoking status at diagnosis, n (%)

30 (22.4)85 (21.1)115 (21.5)Current

52 (38.8)151 (37.6)203 (37.9)Former

52 (38.8)166 (41.3)218 (40.7)Never

Smoking status

20.5 (26)16.7 (22.9)17.7 (23.7)Packs per year, mean (SD)

7 (5.2)21 (5.2)28 (4.7)Not available, n (%)

2 (1.5)14 (3.5)16 (3)Aspiration rate before therapy (no), n (%)

1.8 (1)2.1 (1.3)2.0 (1.3)Number of affected lymph nodes, mean (SD)

Tumor laterality, n (%)

5 (3.7)16 (4)21 (3.9)Bilateral
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Testing set (n=134)Training set (n=402)All patients (N=536)Characteristics

54 (40.3)188 (46.8)242 (45.1)Left

75 (56)198 (49.3)273 (50.9)Right

Tumor subsite, n (%)

62 (46.3)204 (50.7)266 (49.6)Base of tongue

65 (48.5)158 (39.3)223 (41.6)Tonsil

7 (5.2)40 (10)47 (8.8)Other

Race, n (%)

6 (4.5)10 (2.5)16 (3)African American or Black

1 (0.7)3 (0.7)4 (0.7)Asian

4 (3)17 (4.2)21 (3.9)Hispanic or Latino

0 (0)1 (0.2)1 (0.2)Native American

123 (91.8)371 (92.3)494 (92.2)White or other

aHPV: human papillomavirus.
bP16: protein expression 16.
cT: primary tumor.
dTx: no information about the primary tumor or it cannot be measured.
eN: lymph nodes.
fAmerican Joint Committee on Cancer’s Cancer Staging Manual, 8th edition.
gN0: nearby lymph nodes do not contain cancer.
hAJCC: American Joint Committee on Cancer.
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Table 2. Feature demographics before and after decision junctions (N=536).

Testing set (n=134), n (%)Training set (n=402), n (%)All patients (N=536), n (%)Characteristics

Group 2: Post– induction chemotherapy– decision features (after D1a and before D2b)

Prescribed chemotherapy

92 (68.7)250 (62.2)342 (63.8)None

9 (6.7)32 (8)41 (7.6)Doublet

32 (23.9)111 (27.6)143 (26.7)Triplet

0 (0)7 (1.7)7 (1.3)Quadruplet

1 (0.7)2 (0.5)3 (0.6)Not otherwise specified

20 (14.9)65 (16.2)85 (15.9)Chemotherapy modification

Chemotherapy modification type

115 (85.8)336 (83.6)451 (84.1)No dose adjustment

5 (3.7)16 (4)21 (3.9)Dose modified

1 (0.7)9 (2.2)10 (1.9)Dose delayed

5 (3.7)13 (3.2)18 (3.4)Dose cancelled

1 (0.7)5 (1.2)6 (1.1)Dose delayed and modified

7 (5.2)22 (5.5)29 (5.4)Regimen modification

0 (0)1 (0.2)1 (0.2)Unknown

22 (16.4)73 (18.2)95 (17.7)Dose-limiting toxicity

Dose-limiting toxicity g rade (also included for dermatological, neurological, gastrointestinal, hematological, nephrological, vascular,
and infection [pneumonia])

112 (83.6)334 (83.1)446 (83.2)0

1 (0.7)6 (1.5)7 (1.3)1

7 (5.2)26 (6.5)33 (6.2)2

12 (9)29 (7.2)41 (7.6)3

2 (1.5)7 (1.7)9 (1.7)4

42 (31.3)152 (37.8)194 (36.2)Imaging (yes)

17 (12.7)67 (16.7)84 (15.7)Complete response, primary (1c, as opposed to 0d)

2 (1.5)14 (3.5)16 (3)Complete response, nodal (1)

19 (14.2)70 (17.4)89 (16.6)Parietal response, primary (1)

31 (23.1)125 (31.1)156 (29.1)Parietal response, nodal (1)

3 (2.2)8 (2)11 (2.1)Stable disease, primary (1)

4 (3)6 (1.5)10 (1.9)Stable disease, nodal (1)

Group 3: Post–concurrent chemotherapy –decision features (after D2 and before D3e)

Concurrent chemotherapy regimen

37 (27.6)89 (22.1)126 (23.5)None

59 (44)198 (49.3)257 (47.9)Platinum based

34 (25.4)95 (23.6)129 (24.1)Cetuximab based

4 (3)20 (5)24 (4.5)Other

22 (16.4)77 (19.2)99 (18.5)Concurrent chemotherapy modification (1)

114 (85.1)336 (83.8)450 (84.1)Complete response, primary 2 (1)

61 (45.5)186 (46.3)247 (46.1)Complete response, nodal 2 (1)

19 (14.2)58 (14.4)77 (14.4)Parietal response, primary 2 (1)

66 (49.3)191 (47.5)257 (47.9)Parietal response, nodal 2 (1)
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Testing set (n=134), n (%)Training set (n=402), n (%)All patients (N=536), n (%)Characteristics

0 (0)2 (0.5)2 (0.4)Stable disease, primary 2 (1)

4 (3)6 (1.5)10 (1.9)Stable disease, nodal 2 (1)

22 (16.4)80 (19.9)102 (19)Dose-limiting toxicity 2 (also included for dermatolog-
ical, neurological, gastrointestinal, hematological,
nephrological, vascular, and other)

Group 4: Primary outcomes after D3

113 (84.3)344 (85.6)457 (85.3)Four-year overall survival (alive)

21 (15.7)77 (19.2)98 (18.3)Feeding tube 6 months (yes)

19 (14.2)79 (19.7)98 (18.3)Aspiration rate after therapy (yes)

32 (23.9)122 (30.3)154 (28.7)Dysphagia (yes)

aD1: decision 1 (induction chemotherapy or not).
bD2: decision 2 (concurrent chemotherapy or radiotherapy alone).
cThe patient survived for at least four years after the treatment ended.
dAll other events.
eD3: decision 3 (neck dissection or not).

Table 3. Demographics of physicians’ decisions (N=536).

Testing set (n=134), n (%)Training set (n=402), n (%)All patients (N=536), n (%)Characteristics

Treatment decisions (made by physicians)

42 (31.3)152 (37.8)194 (36.2)D1a: yes

97 (72.4)313 (77.9)410 (76.5)D2b: yes

27 (20.1)84 (20.9)111 (20.7)D3c: yes

aD1: decision 1 (induction chemotherapy or not).
bD2: decision 2 (concurrent chemotherapy).
cD3: decision 3 (neck dissection or not).

Ethics Approval
The data were collected after approval from the MDACC
institutional review board (PA16-0303 and retrospective
RCR03-0800).

Modeling
We focused on two outcome measures: (1) four-year overall
survival (OS) as a single binary dichotomized outcome measure
(ie, the patient survived for at least four years after the treatment
ended, coded as 1, with all other events coded 0) and (2) the
combination of OS and dysphagia (DP) as a multi-outcome
measure. DP is defined as either feeding-tube dependence (FT)
or aspiration rate (AR) 6 months after the end of treatment
[17,18]. Note that although OS is encoded as a binary value,
the outcome of treatment depends on the external situation and
the treatment sequence applied; that is, both OS and DP are
influenced by the treatment sequence applied. As a result, the
whole problem is not a simple regression but bona fide RL with
unknown transition probability. The combined outcome measure
was computed only at the final step using the following formula:

OS–(FT+AR After Therapy–AR Before Therapy) (1)

Equation (1) was used as the total reward in training the DQL
models. For each of these scenarios, the models were trained
with and without the inclusion of radiomics features [19,20].

The reward is 0 for D1 and D2 and equal to equation (1) for
D3. As a result, there is no need for a discount factor (or,
equivalently, set it to 1), and the total reward is exactly equation
(1).

The state variables are illustrated in Tables 1 and 2, where all
the features are divided into four groups separated by the state
in which those features were used:

1. Group 1: pretreatment features (before D1)
2. Group 2: post–IC-decision features (after D1 and before

D2)
3. Group 3: post–CC-decision features (after D2 and before

D3)
4. Group 4: primary outcomes after ND decision (after D3)

The features in Table 1 were used for the initial state s0 of the
MDP and are denoted as group 1. In Table 2, the features in
group 2 combined with group 1 and a 1-hot vector of D1 were
used for state s1; the features in group 3 combined with groups
1-2 along with a 1-hot vector of D1 and D2 were used for state
s2. As a result, the features included at each decision point
represent the complete history of the patient up to the current
treatment decision. The features in group 4 were only used to
evaluate the reward as formulated in equation (1) and not used
as learning features. A detailed description of all variables is
given in Table S1 in Multimedia Appendix 1, and we have
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summarized the demographics of physicians’decisions in Table
3.

Preprocessing
The data set was randomly split into training (402/536, 75%)
and testing (134/536, 25%) sets. To reduce the radiomic feature
dimensionality (approximately 1000) [21], we applied principal
component analysis and kept the 6 top components, which
explain 90% of the overall feature variance. No blind assessment
of the decisions or outcomes was made. Unknown human
papillomavirus status was handled using a distinguished value
(0). Missing values for all other covariates were handled using
single imputation: median for numerical variables and mode
for categorical variables. The ordinal covariates pathological
grade, T (primary tumor) category, N (lymph nodes) category,
AJCC staging, and prescribed chemotherapy (none, single,
doublet, triplet, or quadruplet) were coded as numerical features.
After these preprocessing steps, all features were rescaled to
the (–1 to +1) range, as is standard in neural network (NN)
training.

DQL Neural Modeling
Figure 2 shows an overview of the training process. A separate
NN model was trained for each of the decision points D1-D3.
Each model was constructed recursively based on the previous
model results at the subsequent decision point or the outcome
(single or combined) in the case of D3. The models were trained
to optimize the total rewards without any discounting factor,
that is, the combined outcome of equation (1).

The first model to be trained was Q3, which represents ND
(D3), based on the final outcomes, the treatment decisions made
in D3, and the patient’s history before D3. We tuned the learning
rate so that the mean reward converged smoothly instead of
fluctuating drastically. The training for D3 was terminated when
the NN weights had converged. Next, the model for D2 was
trained based on the result of Q3 instead of the final outcomes,
and D1 was trained based on the result of Q2. The models were
constructed and trained using the PyTorch framework with
graphics processing unit acceleration. Once the models had been
trained, they were used in a forward order, as opposed to the
training order, to prescribe the optimal treatment at each decision
step. This is illustrated in Figure 3.

Figure 2. Overview of deep Q-learning model training. RL: reinforcement learning.

Figure 3. Overview of applying deep Q-learning model to make treatment prescriptions. RL: reinforcement learning.

We constructed multiple shallow-to-deep NNs with an
increasing number of layers until the deepest model showed
poor performance because of overfitting. We sampled 1000
separate training sets from the initial training data and trained
a separate model on each of these sets, thus obtaining
bootstrapped models with 95% CIs. Because of the high

computational cost of bootstrapping, we will report in the
Results section the performance of survival and toxicity under
all possible numbers of hidden layers from 1 to 8, instead of
performing the 5-fold cross-validation on all hyperparameters
such as the number of nodes in each layer.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e29455 | p.715https://www.jmir.org/2022/4/e29455
(page number not for citation purposes)

Tardini et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


By prescribing an optimal treatment at each treatment junction,
the DQL models constructed a digital twin of the decision
process, with the goal of finding an optimal treatment plan that
may differ from the physician’s original decisions. The trained
models and the code to compute the treatment decisions have
been made available on GitHub [22].

Treatment Simulator for Evaluating DQL
As the DQL goal is not to replicate clinicians’ decisions but to
find an optimal, potentially different treatment, our evaluation
includes building a treatment simulator (TS) model that, given
a patient’s history and the prescribed treatment, predicts the
outcome of that treatment. The TS consists of a transition model
for each intermediate and final outcome measure, built using a
support vector classifier (SVC). For example, in the case of D1,
an SVC was trained for each group 2 feature in Table 2 to
predict, as output, that feature’s value resulting from D1, and
the input of these SVCs is all the Table 1 features, that is, group
1. For D2, SVC will predict for group 3 features in Table 2
using, as input, features from groups 1-2, along with a 1-hot

vector of D1. The architecture is demonstrated in Figure 4. D3
was treated similarly with input features from groups 1-3, along
with a 1-hot vector of D1 and D2. The full details of the SVC
are provided in Table S2 in Multimedia Appendix 1. The C, γ,
and class weights of each SVC were tuned through 5-fold
cross-validation over the F1 score on the training data because
different values are needed for optimally predicting different
features. Some features such as FT have quite imbalanced
values, and to address this, we set the weights of each training
example to be inversely proportional to the frequency of its
class, hence placing more emphasis on less-common classes.
The accuracy of the TS in predicting the next-stage feature value
(instead of the treatment decision) was assessed with 95% CIs
by using out-of-bag evaluation of 1000 models trained on
stratified bootstrapped samples.

The TS serves as an in silico digitaltwin of the patient treatment
because we can use it to dynamically simulate the patient’s in
vivo course as a function-given treatment policy, without having
to physically treat the patient.

Figure 4. Illustration of the treatment simulator for D2. Those for D1 and D3 are similar, and their input features are from group 1 and groups 1-3,
respectively. SVC: support vector classifier. D1: decision 1. D2: decision 2. D3: decision 3.

Protocol of Evaluating DQL
The DQL models were evaluated against the TS because our
goal is not to replicate physicians’ decisions but to learn from
the final reward and then quantitatively evaluate the treatment
decisions learned by the DQL model. Such what-if questions
are standard in off-policy evaluation in RL (in off-policy
evaluation, one evaluates a policy without being able to
implement it in the real environment). The state-of-the-art
approaches fall into three categories [23]: (1) direct approach
where a model of the environment is fit (same as what we do),
(2) importance sampling, and (3) a combination of the 2.
Importance sampling is known to suffer from high variance and
thus would require a large number of samples, whereas our test
set consisted of 134 patients. Similarly, Gottesman et al [24]
detailed this difficulty along with several possible scenarios,
but no conclusion was drawn regarding which metric to use.
Yauney and Shah [25] evaluated the learned policy through
simulated clinical trials, an approach identical to ours.

At the same time, to the best of our knowledge, there is no
existing rule-based approach (eg, decision trees) that is suitable
for this task. We note that although very generic methods such

as decision trees could be customized for a single-step
prediction, they do not account for the sequential nature of this
decision-making process. Furthermore, ultimately, evaluating
such rule-based approaches would encounter the same what-if
questions, that is, off-policy evaluation. Indeed, this has been
a long-standing open problem in RL, and we hope that our
digital twin approach may provide a new partial solution.

Although we tested the DQL models against the TS that allows
on-policy evaluation, we emphasize two important
considerations in the evaluation protocol:

1. TS was not used for training. Instead, we intentionally
trained DQL on a tabular observation data set of 402
patients. This is because if we did train on the TS, the
learned model would overfit the simulated environment,
thereby overestimating the test performance (which is also
measured from the TS). This deliberate decoupling of
training and testing strategy, which is also adopted by
Yauney and Shah [25], is aimed specifically to ensure the
fairness of the comparison. Again, note that although the
TS can be directly used to optimize the policy through any
model-based RL, we intentionally refrained from doing so
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and followed the model-free DQL. This ensures a fair
testing, noting that the TS is also used in generating the
testing trajectory.

2. The learned agent did not have access to the TS at test time,
and the decisions were based solely on the current state.
The TS was invoked only to simulate the environment, that
is, generating the consequent state arising from the proposed
decision and treatment, allowing the performance to be
evaluated. This was consistent with the model-free nature
of the DQL and ensured a fair evaluation by avoiding
peeking into the real dynamics under which the test was
conducted.

Incidentally, even if the TS were available for decision-making
(that is, the planning setting), there would still be significant
obstacles. In open-loop planning, a sequence of actions (3
treatment decisions in our application) is chosen before actually
performing any of them, that is, later actions neither await nor
respond to the outcome of the preceding actions. In this case,
one only needs to compute 8 scores and select the optimal one.
However, even in such an overly simplistic solution, one still
needs to compute the expected reward, which relies on
integration over the stochastic outcome of the actions, that is,
states s1-s3. Mathematically, it solves

Although sampling is a natural approach to it, the high
dimensionality of the state space demands a large amount of
samples from the TS to accurately compute the expected reward.

In practice, closed-loop planning is clearly preferred, where
later actions are chosen to best respond to the outcome of
preceding decisions and treatments, leading to the mathematical
optimization formulation as

As a result, we must compute the state value (V[s]-functions)
or the state-action value (Q[s,a]-functions). Because of the
complexity of state space, both of them are nontrivial, even
given the TS. Compared with open-loop planning, an additional
layer of difficulty is incurred here because one needs to estimate
8 functions instead of 8 real numbers.

To summarize, this patient treatment digital twin approach
enables us to simulate the results of applying the Q-learning
models to patients and to compare the outcomes with those
resulting from the clinicians’decisions. Fairness was also upheld
by not using the TS in either training or decision-making at
testing time.

Evaluation Metrics
The TS performance was evaluated by 2 accuracies without
running the DQL. The 1-step accuracy follows the trajectory
from the data set and, at each of the 3 decision junctions,
predicts the resulting feature value after practicing the
physician’s treatment and then compares it with the ground
truth outcome in the data set. In contrast, the start-to-finish

accuracy is only concerned with the final outcome features in
group 4 of Table 2. It uses the TS to generate a simulated 3-step
trajectory for each patient by following the 3 treatment decisions
from the physician and compares the final outcome with the
ground truth.

The DQL models were then evaluated by comparing the OS
and DP rates (as computed by the TS) resulting from the DQL
treatment decisions with the outcomes observed under physician
treatment on a separate test set. To facilitate interpretation, we
computed the similarity between each of the DQL model’s
decisions and the physicians’ decisions, considering each
decision point independently. This evaluation does not need the
TS. To further support interpretation, the policy followed by
each model was analyzed by computing the increase (or
decrease) in prescription rate for each treatment decision
compared with the physicians’ ad hoc prescriptions to express
whether the model was more (or less) likely to prescribe a
certain treatment when compared with actual physicians.

We also evaluated the DQL treatment decisions by examining
compliance with the National Comprehensive Cancer Network
guidelines of acceptable care [26], which state that eligible
patients with advanced-stage cancer (T3-4 or N1-3) must be
prescribed chemotherapy, either IC (D1) or CC (D2). These
guidelines or restrictions were not explicitly imposed during
model training.

We first report the performance of the TS and the simulation
performance of the DQL models and compare the DQL
recommendations with the physician decision process, both in
terms of per-decision similarity and overall similarity, that is,
averaging the similarity for each decision point for each model.
To report compliance, and to ensure quality and facilitate
reproducibility, we provide a formal presentation of the
Transparent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis checklist, formalized in Table
S3 in Multimedia Appendix 1.

Results

Accuracy of TS Models
The complete 1-step prediction accuracy of each TS model (with
95% CIs) is presented in Table 4. The average bootstrapped
prediction accuracy of the individual TS models was 87.35%
(SD 11.15%), and the median accuracy was 92.07% (IQR
13.56%). At the whole trajectory level, the average
start-to-finish prediction accuracy on the test set outcomes was
83.21% (SD 1.54%), with 83.96% (SD 0.37%) accuracy for
OS, 82.46% (SD 1.87%) for DP, 88.43% (SD 1.87%) for FT
and 83.58% (SD 0.75%) for AR. Please note that these accuracy
values are neither in terms of treatment prediction nor
comparable with physician’s treatment D1, D2, and D3. Instead,
the TS predicts the patient’s feature or state (eg, complete
response or nodal) resulting from a treatment decision given in
the data and compares it with the ground truth outcome in the
data set. Therefore, this accuracy should not be compared with
the frequency of matching physician decisions (which is 70.4%,
as we will show in the Similarity to Physicians section).
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Table 4. One-step prediction accuracy of treatment simulation (with 95% CIs) based on out-of-bag evaluation of 1000 stratified bootstrapped samples.

Accuracy with radiomics (%; 95% CI)Accuracy without radiomics (%; 95% CI)Predicted outcome

78.95 (74.29-83.09) a78.23 (73.20-82.92)Overall survival (4 years)

74.74 (68.53-80)74.37 (68.81-79.40)Feeding tube (6 months)

73.96 (68.04-78.76)75 (69.38-80)Aspiration rate after therapy

82.77 (78.06-87.13)83 (77.32-87.57)Prescribed chemotherapy (single, doublet, triplet, quadruplet,
none, or not otherwise specified)

80.22 (75.98- 84.82)82.09 (76.96-86.34)Chemotherapy modification (yes or no)

94.50 (92.31-96.39)92.39 (89.23-94.95)Dose modified

92.35 (88.56-95.52)92.39 (89.12-95.17)Dose delayed

93.37 (90.05-96.15)91.58 (87.68-94.77)Dose cancelled

91.79 (54.7-95.05)93.54 (84.36-95.88)Regimen modification

81.77 (77.34-85.79)81.51 (77.25-85.42)DLTb (yes or no)

90.58 (87.05-93.3)92.77 (23.95-95.29)DLT: dermatological

92.27 (88.83-95.26)92.17 (88.66-95.1)DLT: neurological

90.36 (86.8-93.36)89.60 (85.86-92.96)DLT: gastrointestinal

91.84 (88.02-94.47)90.10 (86.17-93.23)DLT: hematological

98.50 (96.55-99.52)99.03 (98-100)DLT: nephrological

98.50 (96.86-100)98.45 (96.45-100)DLT: vascular

98.44 (96.37-99.50)98.98 (94.42-100)DLT: infection (pneumonia)

92.35 (83.17-96.98)95.08 (90.82-97.57)DLT: other

77.02 (72.55-81.48)73.85 (53.84-79.9)DLT: grade

100 (100-100)100 (100-100)No imaging (0=no and 1=yes)

84.02 (79.58-88.05)83.51 (78.82-87.56)Complete response, primary

94.82 (89.64-97.4)94.79 (90.5-97.03)Complete response, nodal

80.32 (75.89-84.85)81.47 (76.84-86.27)Parietal response, primary

92.93 (90.05-95.52)92.93 (90-95.65)Parietal response, nodal

96.35 (92.96-98.03)95.10 (91.96-97.84)Stable disease, primary

97.50 (96.08-98.55)96.58 (94.47-98.05)Stable disease, nodal

65.99 (59.91-71.8)70 (64.68-75.27)Concurrent chemotherapy regimen

71.43 (65.68-76.68)70.53 (64.92-76.06)Concurrent chemotherapy modification (yes or no)

77.35 (29.95-84.57)79.22 (23.03-85.22)Complete response, primary 2

56.25 (50-61.94)55.50 (49.01-61.54)Complete response, nodal 2

83.66 (79.90-86.60)78.92 (74.26-83.25)Parietal response, primary 2

52.85 (46.46-58.62)52.50 (46.19-58.03)Parietal response, nodal 2

99.48 (98.41-100)99.48 (98.46-100)Stable disease, primary 2

96.92 (94.36-98.45)96.50 (94.12-98.04)Stable disease, nodal 2

94.95 (91.53-97.07)91.99 (87.63-95.17)DLT: dermatological 2

91.97 (88.29-94.69)95.79 (5.96-97.46)DLT: neurological 2

91.13 (87.50-94.06)89.74 (85.22-93.65)DLT: gastrointestinal 2

93.23 (90.10-95.57)92.71 (89.42-95.16)DLT: hematological 2

96.53 (93.62-98.48)92.25 (88.17-97.94)DLT: nephrological 2

100 (99.02-100)100 (99.45-100)DLT: vascular 2

93.24 (89.23-96.14)93.97 (89.73-96.86)DLT: other 2
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aValues in italics indicate whether higher accuracy is achieved by including or excluding radiomics.
bDLT: dose-limiting toxicity.

Performance of DQL in OS and DP
Recall from group 4 in Table 2 that the baseline outcomes
observed under physician care are 85.57% (training set) and
84.33% (test set) OS rate of staying alive and 69.65% (training
set) and 76.12% (test set; absence of) DP rate.

The complete performance of all DQL models on simulated
patient outcomes is presented in Table S4 in Multimedia
Appendix 1. For models trained to predict both OS and DP, the
selected models were the ones with 2-3 hidden layers, which
outperformed physician outcomes for OS. For predicting OS
on the test data, the best model with radiomics had the highest
average predicted OS rate but had higher variance and a worse
lower bound of 95% CI (+5.22%, 95% CI –2.26% to 10.45%)
compared with the best model without radiomics (+4.48%, 95%
CI –1.49% to 9.7%). For DP, models without radiomics
outperformed models with radiomics in terms of both average
and lower bounds in terms of simulated patient outcomes.

For the purposes of this paper, we consider the best model to
be the 2-layer NNs without radiomic features because it had the
best lower bounds on predicted OS and DP for all models, while
still affording a good average performance. This model yielded
a median OS improvement, compared with physicians’ results,
of +2.74% (95% CI –0.25% to 6.47%; training set) and +3.73%
(95% CI –0.75% to 8.96%; test set), with an absolute highest

OS rate of 88.31% (95% CI 85.32%-92.04%; training set) and
88.06% (95% CI 83.58%-93.53%; test set). With respect to DP,
the same 2-layer model showed a +3.98% (95% CI –1.24% to
9.2%) improvement on training data, with 73.63% (95% CI
68.41%-78.86%) of simulated patients not exhibiting DP under
the model’s treatment decisions. This 2-layer model yielded a
+0.75% (95% CI –4.48% to 6.72%) improvement on the test
set, from the baseline 76.12% to 76.87% (95% CI
71.64%-82.84%).

To assess model parsimony (ie, the minimum number of layers
for maintaining equivalent predictive performance), Figure 5
shows a comparison of DQL models with different numbers of
layers on simulated test data for the combined outcome models
(OS and DP) and with and without radiomics features. Broadly,
neither simpler models with <2 layers nor models with >4 layers
performed as effectively as the 2-layer model. In Figure 5,
continuous lines show the average performance of the
bootstrapped models, whereas highlighted areas represent the
95% CIs. Dashed lines show the empirical patient outcomes
observed under the physicians’ decisions. Models with 1-4
layers had the highest performance and lower variance, whereas
models with >4 layers overfit the data. Furthermore, models
without radiomics had better overall performance for toxicity
outcomes. Models with radiomics had slightly higher
performance for OS outcomes but had higher variance and worse
lower bounds than models trained without radiomics.
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Figure 5. Model performance for the combined outcome (overall survival+dysphagia) models without (left) and with radiomics (right). The figure
shows the performance for overall survival (top) and toxicity (dysphagia; bottom), with varying numbers of layers showing treatment simulation results
on the test data.

Similarity to Physicians
The similar rates (with 95% CIs) with respect to physicians’
treatment twinning, both per-decision and overall similarity,
across all models are presented in Table S5 in Multimedia
Appendix 1. We reiterate that the goal of DQL is not to replicate
clinicians’ decisions but to find an optimal, albeit potentially
different, treatment. However, it is clearly of interest to measure
the similarity as a reference. In terms of overall similarity of
the in silico Q-learning treatment policies compared with those
actually delivered ad hoc in vivo by physicians, our best model
(OS+DP, 2 layers, and no radiomics) showed an overall 70.4%
(95% CI 65.34%-73.63%) similarity to the physician decisions
on the training set (ie, the model chooses the same treatment as
the physicians for 70.4% of the considered treatment decisions)
and 69.65% (95% CI 63.43%-73.38%) on the test set, although
another model (the 3-layer OS+DP model without radiomics,
which performed consistently worse in simulation for all
outcomes) did show higher similarity rates.

Compliance With National Comprehensive Cancer
Network Guidelines
The distributions (with 95% CIs) of the T and N stages of
patients in the test set, separated by chemotherapeutic treatment
prescribed by the best-performing model, are presented in Table
5.

The rates at which models choose a certain policy compared
with the physicians’ treatment rate at each decision point are
shown in Figure 6. Gray lines represent the 95% CIs. The
numbers on top of the bars show for how many patients (out of
134) the Q-learning model recommended that treatment. The
IC prescription rate varies in a similar way between OS and
OS+DP, CC is significantly more frequent in OS+DP models,
whereas ND is consistently less frequent in OS+DP. The
best-performing model in terms of simulated outcomes (OS+DP,
2 layers, and no radiomics) had a higher IC (D1) rate (2.99%
increase in prescription rate compared with physicians’
prescriptions for 46 patients, 95% CI –14.93% to 26.88%) and
one of the highest CC (D2) rates (21.64% increase, 126 patients,
95% CI –2.99% to 27.61%), as well as the lowest ND (D3) rate
(20.15% decrease, 0 patients, 95% CI –20.15% to –11.19%).
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Table 5. Tumor stage demographics of patients based on the chemotherapeutic treatment decisions of the best-performing model (n=134).

No chemotherapy, no induction chemotherapy,
radiotherapy alone (%; 95% CI)

ChemotherapyDemographics

No induction chemotherapy,
concurrent chemotherapy
(%; 95% CI)

Induction chemotherapy

Radiotherapy alone
(%; 95% CI)

Concurrent chemothera-
py (%; 95% CI)

Ta category

0 (0-23.08)69.23 (26.92- 96.15)3.85 (0-26.92)23.08 (0-65.38)T1

0 (0-20.63)66.67 (38.06-88.89)3.17 (0-22.22)25.40 (6.35-55.56)T2

0 (0-16)60 (28-88)4 (0-28)32 (8-64.1)T3

0 (0-15.79)52.63 (10.53-94.74)5.26 (0-31.58)36.84 (5.26-84.21)T4

0 (0-100)100 (0-100)0 (0-100)0 (0-100)Txb

Nc category

0 (0-40)60 (0-100)0 (0-40)20 (0-100)N0d

0 (0-21.74)73.91 (17.39-95.65)0 (0-30.43)17.39 (0-73.91)N1

0 (0-17.65)62.75 (36.27-81.37)3.92 (0-22.55)29.41 (9.80-56.89)N2

0 (0-25)50 (0-100)0 (0-50)25 (0-100)N3

N category (8th editione)

0 (0-33.33)66.67 (0-100)0 (0-33.33)16.67 (0-100)N0

0 (0-22.06)70.59 (30.88-92.65)2.94 (0-26.47)22.06 (2.94-60.29)N1

0 (0-14.29)58.93 (25-83.93)3.57 (0-26.79)33.93 (8.93-69.64)N2

0 (0-25)50 (0-100)0 (0-50)25 (0-100)N3

aT: primary tumor.
bTx: no information about the primary tumor or it cannot be measured.
cN: lymph nodes.
dN0: nearby lymph nodes do not contain cancer.
eAmerican Joint Committee on Cancer’s Cancer Staging Manual, 8th edition.
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Figure 6. Absolute increase (or decrease) of treatment decision rate compared with physicians’decisions. The plots refer to decisions 1 (top), 2 (middle),
and 3 (bottom) on the test set and for models considering only overall survival as an outcome measure (left) or overall survival+dysphagia (right) without
radiomics. Y: yes.

Computational Cost
The training time for a single DQL model did not significantly
vary between shallower and deeper NNs and was just a few
minutes on average for a complete model. With 1000-sample
bootstrapping, the training time was accordingly longer, costing
>24 hours to generate the results shown in Figure 5. However,
these models are computationally inexpensive and can be

deployed virtually in real time. Because of the computational
cost of bootstrapping, we only used 5-fold cross-validation to
tune the TS hyperparameters using SVCs, whereas for the other
backbone hyperparameters such as the number of layers, we
opted to report the performance of OS and DP under all possible
numbers of hidden layers from 1 to 8 instead of performing
cross-validation.
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Clinical Case Review
As there is no practical way of verifying counterfactual what-if
scenarios in actual patient care, we performed a post hoc case
review of selected divergence of the policy prediction from
delivered care. We herein report 2 case representative studies
of patient-specific DQL treatment decisions—one differed from,
whereas the other mostly concurred with, the original decisions
of the treatment team of physicians—with discussion and input
from oncologists at the MDACC. These 2 case studies were
selected by performing 1000 bootstrapped trials on the entire
data set (randomly partitioning it into training and testing), then
recording the frequency with which the DQL prediction agreed
with the physician’s (among the 1000 bootstrapped trials). We
used the smallest geometric mean value to select the first case
study. The second case study was selected for high values of
agreement rates in D2 and D3 but a low value of agreement
rates in D1.

The patient in the first case study differed in every decision:
the treatment sequence prescribed by their clinician team was
D1: IC, D2: RT, and D3: ND, whereas the DQL sequence was
D1: not IC, D2: CC, and D3: not ND. During our discussion,
upon retrieving and examining the medical records, the
oncologists described this case as having “a very unique and
strange presentation” with bilateral disease involving the
retropharyngeal lymph node (RPN). As the MDACC has
historically associated RPN involvement with increased
metastatic risk in published series [27,28], the patient was
prescribed IC in D1 as part of an informal local policy for cases
with perceived high risk of distant metastases or unsalvageable
nodal failure (eg, retropharyngeal recurrence). The patient
exhibited a substantive response with respect to the response
evaluation criteria in solid tumors, wherein the primary tumor
volume and index RPN had clinical complete response;
therefore, in D2, the physicians prescribed RT alone. The patient
exhibited a sizable response again, this time to the primary
tumor. After RT, there was a notation by the radiologist of a
negative positron emission tomography scan (eg, no evidence
of metabolic uptake); however, the nodal remnant was evident
and “malignancy could not be excluded.” Consequently, in D3,
the physicians prescribed, as a precaution, a completion ND on
the lymph node but found no cancer, only necrotic tissue. In
the oncologists’ assessment, the DQL sequence would
approximate typical standard of care more than the delivered
treatment in terms of general community practice. In this case,
the MDACC team altered the treatment based on additional
local information related to the RPN. However, in their
assessment, most other centers would not alter treatment based
on this typically not collected information because RPN status
is not a formal component of staging materials or risk categories
for oropharyngeal cancer [29,30] nor of AJCC staging systems
[31], and many, if not most, practices would treat this case as
concurrent chemoradiotherapy. In summary, this was an
extremely unusual, unique case where additional unannotated
local information made the difference between the DQL and
the prescriber’s sequence. Future work that includes nodal
involvement methodology [3,4] not currently reflected in the
AJCC 8th Edition could address this type of borderline case.

The patient we considered in the second case study featured
disagreement only in the first decision. The treatment sequence
prescribed by their clinician team was D1: not IC, D2: CC, and
D3: not ND, whereas the DQL sequence was D1: IC, D2: CC,
and D3: not ND. Upon examining the medical records, the
oncologists noted that the patient had only 1 functioning kidney;
therefore, in the first stage, the team decided to prescribe a
low-dose chemotherapy regimen treatment as a precaution to
prevent renal injury [32]. In their assessment, our dyad system
performed well, given the input specifications of this case, and
the difference in therapy selection was attributed to occult (but
clinically meaningful) comorbid disease variables not included
in the decision platform that influenced the physicians’process.

Overall, the physician review in both these instances that we
investigated in detail suggests that, in the absence of specific
local practices or occult clinical features not included in this
decision platform, the DQL recommendation would have been
a good strategy and that the dyad provided “clinically acceptable
recommendations.”

Discussion

Principal Findings
The high average, median, and overall accuracies provided by
the TS in predicting the outcomes of treatments indicate that
the TS is a valid digital twin for the treatment process when
predicting the outcome of a treatment sequence. Our results also
indicate that the Q-learning models indeed capture the nature
of the dynamic treatment problem and provide a valid solution.
Our models showed consistent improvements for all the outcome
features taken into account, as well as moderate similarity to
physicians’ decisions. Overall, these results indicate that DQL
modeling can serve as a digital twin of the treatment decision
process and TS modeling can serve as a digital twin of the
patient treatment. When combined, DQL and TS constitute a
valid patient-physician digital twin dyad for optimal policy
determination in sequential systemic and locoregional therapy
of oropharyngeal squamous carcinomas.

Furthermore, our results show that the DQL models that consider
OS+DP outperform models considering only OS in terms of
simulated survival rate. As the absence of DP (FT or AR)
symptoms is positively correlated with OS, maximizing these
indirectly helps maximize OS-model performance as well.

Moreover, OS+DP models show higher similarity to actual
physician decisions because they represent a finer-grained
approximation of the decision process than models that include
only OS as an outcome, including more of the features
considered by the physician when choosing an optimal
treatment.

Surprisingly, given the abundance of data on radiomics models
for head and neck cancer [13,33-40], Q-learning models without
radiomics yielded a better performance than models that
included radiomics, in terms of simulated outcomes and
variance, for both training and testing data. The most evident
example is given by the simulated DP: none of the models
trained with radiomics features managed to improve the outcome
observed after physicians’ treatment in the test set (Figure 5,

J Med Internet Res 2022 | vol. 24 | iss. 4 |e29455 | p.723https://www.jmir.org/2022/4/e29455
(page number not for citation purposes)

Tardini et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


bottom right). From these results, the addition of textural
features failed to improve model performance and instead
significantly increased the performance variance of the
bootstrapped models.

Our findings also justify the choice of a deep NN model instead
of a regular linear model: whereas by using DQL we reduce
model parsimony, we can see that the results of the linear models
(ie, the 0–hidden-layers NNs) are comparatively suboptimal to
deeper models in terms of simulated performance, CI variance,
and similarity.

Furthermore, per Table 5, the best-performing model did not
violate the standard of care regarding chemotherapeutic
treatment of patients because all patients with stages T3-4 or
N1-3 cancer were prescribed either IC (D1) or CC (D2), with
most of them being prescribed at least CC, showing that clinical
applicability was maintained.

When comparing OS-only models with OS+DP models, the
prescription rates presented in Figure 5 showed 2 separate trends
for the 2 categories: whereas the IC (D1) prescription rate varied
similarly for the OS and OS+DP models, the rates of CC (D2)
and ND (D3) were significantly different between the 2
categories. In general, OS+DP models tended to have a higher
rate of CC (D2) and a lower rate of ND (D3). In other words,
models that also consider toxicity as an outcome measure
balanced a more aggressive chemotherapeutic treatment with
a lower rate of ND, which is consistent with the known positive
correlation between surgery and DP symptoms such as FT and
AR.

Limitations
Although the proposed approach was shown to be effective in
dynamically selecting optimal treatment strategy for patients
with oropharyngeal squamous cell carcinoma, it is not without
limitations. Because of the retrospective nature of the data set,
our Q-learning models had to be evaluated through the TS, a
supervised learning model, which might be seen as

self-referential. However, the TS is a necessary approach before
prospective application because evaluating the models based
on physician similarity alone would not reflect the purpose of
DQL. Intuitively, the goal of DQL is not to replicate the
decisions taken by physicians in the data set but to learn from
these decisions and their effect to discern between optimal and
nonoptimal choices with respect to a given outcome measure.

Furthermore, because we train our digital twin dyad on a
representative cohort from a single cancer center (MDACC),
the physician decision or prescribing heuristics reflected may
not be fully generalizable to other facilities with other
practitioners. However, the physician prescriptions at the
MDACC are aligned with the state of the art in the field. In
particular, we note that whereas 2 studies [41,42] have
questioned the relevance of IC to treatment, both studies have
failed to accrue and thus are null. Our modeling approach could
conceivably be implemented and extended to generate similar
digital twin dyads across other or multiple institutions.

Conclusions
In conclusion, we constructed a DQL modeling approach to
make optimized sequential treatment decisions based on a set
of desired outcomes in head and neck cancer therapy and paired
it with a simulation of the treatment process for evaluation
purposes. This modeling approach represents, to our knowledge,
the first application of DQL with simulation as a digital twin
dyad to simultaneously represent both state-specific patient
data and physician or prescriber policies for head and neck
squamous carcinoma. Furthermore, this work is the first reported
implementation of DQL for DP and OS composite-outcome
modeling. Our approach further demonstrates the technical
feasibility of such a digital twin dyad and provides a
benchmarking data set and relevant code for model
dissemination, site-specific implementation, and iterative model
improvement. Carrying out a prospective clinical study
application could further confirm the validity of this approach
as part of the standard of care.
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Abstract

Background: Children with acute and chronic illness undergo frequent, painful, and distressing procedures.

Objective: This randomized controlled trial was used to evaluate the effectiveness of guided imagery (GI) versus virtual reality
(VR) on the procedural pain and state anxiety of children and young adults undergoing unsedated procedures. We explored the
role of trait anxiety and pain catastrophizing in intervention response.

Methods: Children and young adults were recruited from the hematology, oncology, and blood and marrow transplant clinics
at a children’s hospital. Each study participant completed the GI and VR intervention during separate but consecutive unsedated
procedures. Self-report measures of pain and anxiety were completed before and after the procedures.

Results: A total of 50 participants (median age 13 years) completed both interventions. GI and VR performed similarly in the
management of procedural pain. Those with high pain catastrophizing reported experiencing less nervousness about pain during
procedures that used VR than those using GI. State anxiety declined pre- to postprocedure in both interventions; however, the
decrease reached the level of significance during the VR intervention only. Those with high trait anxiety had less pain during
GI.

Conclusions: In our sample, VR worked as well as GI to manage the pain and distress associated with common procedures
experienced by children with acute or chronic illnesses. Children who are primed for pain based on beliefs about pain or because
of their history of chronic pain had a better response to VR. GI was a better intervention for those with high trait anxiety.

Trial Registration: ClinicalTrials.gov NCT04892160; https://clinicaltrials.gov/ct2/show/NCT04892160

(J Med Internet Res 2022;24(4):e30260)   doi:10.2196/30260

KEYWORDS

virtual reality; procedural; pain; anxiety; pediatric; guided imagery

Introduction

Pain
According to the International Association for the Study of Pain,
“pain is always a personal experience that is influenced to
varying degrees by biological, psychological, and social factors”
[1]. Studies estimate that as many as half of children with acute

or chronic illnesses experience procedure-related pain and
distress [2]. In the short term, pain can manifest as withdrawal,
clinginess, moodiness, or anger. There is substantial evidence,
however, that inadequately addressed pain in childhood is
associated with neurological and behavioral outcomes, including
increased pain sensitivity, over the life course [3]. For example,
children with sickle cell disease with a higher frequency of
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painful vaso-occlusive episodes are more likely to report
heightened pain responses during venipuncture [4].

Children with cancer, sickle cell disease, and other blood
disorders undergo routine procedures over many months or
years. Unsurprisingly, pain from diagnostic procedures and
treatment is one of the most frequently cited physical problems
in children undergoing cancer treatment [5]. Over the past 40
years, there has been a trend toward increased pain control
through the use of sedation and analgesia; however, there are
risks to sedation, including hypoxia, that outweigh the benefits
in recurrent and routine procedures. The identification and use
of nonpharmacological interventions to manage pain could
mitigate the risk of neurological and behavioral changes that
result from poorly managed pain without the risks of sedation.

Guided Imagery
Distraction is an effective and readily available
nonpharmacologic tool for pain management [6,7]. It suppresses
the highly salient sensations of pain and anxiety by consciously
shifting attention to a more pleasant activity or thought. Guided
imagery (GI) is a powerful nonimmersive distraction that
involves describing in detail a situation incompatible with the
experience of pain and is meant to evoke feelings of calm. GI
scripts often begin with brief relaxation exercises, such as
diaphragmatic breathing, followed by a vivid description of a
relaxing activity, such as walking along a beach, flying among
the clouds, or participating in a campfire. It is widely regarded
as useful in decreasing pain and anxiety during procedures that
do not warrant pharmacologic intervention [8-11].

Virtual Reality
Virtual reality (VR) is an immersive, 3D, interactive technology
that engages multiple senses and creates an artificial
environment that the user can inhabit. VR has been used to
assist with pediatric procedural distress in several contexts over
the past 20 years such as burn care [12,13], dental procedures
[14-16], intravenous needle sticks [17-25], and port access
[26-28]. Reviews of VR use have been positive, with most
suggesting that VR is a feasible and efficacious method of
distraction that can reduce patient-reported pain and distress
[29].

While there have been numerous studies comparing VR to no
intervention [20,28] and VR to standard of care (primarily access
to television or tablets [17,21,22]), there have been no studies
directly comparing the widely accepted nonimmersive
distraction of GI to the promising immersive distraction of VR.
Since procedure-related pain cannot be avoided, it is important
to investigate which intervention provides the most relief and
whether there are subcategories of children who respond better
to one intervention over another. For example, research has
demonstrated that individuals who are primed for pain and hold
catastrophic beliefs about pain have more difficulty being
distracted during painful experiences [30-32]. Similarly, state
anxiety, a fluid variable that describes one’s current level of
anxiety, is predictive of pain tolerance and pain-related anxiety
[33]. In their experiment using noxious electrical stimuli, Tang
and Gibson [34] found that even when state anxiety was lower,

individuals with high trait anxiety (ie, a stable variable that
indicates greater disposition to experience anxiety) still reported
higher subjective pain intensity ratings than those with low trait
anxiety. Johnson [35] posited that the more distracting the
stimuli, the greater the reduction in an individual’s capacity to
process pain and feel distressed. There is also evidence that
active distraction techniques are more beneficial for pain
management than passive approaches [36].

In this study, we directly compare the effects of VR and GI
during an unsedated procedure on subjective and objective
measures of pain and anxiety. We hypothesize that the VR
intervention will be associated with decreased experiences of
procedural pain and distress as compared to the nonimmersive
GI intervention. We further hypothesize that the impact of VR
on reducing procedural pain and anxiety will be greater in
pediatric patients who have higher levels of pain catastrophizing
and greater state and trait anxiety.

Methods

Study Design
This was a single-site, crossover, randomized controlled trial
(RCT) used to evaluate the effectiveness of GI versus VR on
the procedural pain and distress of children and young adults
undergoing unsedated procedures. A convenience sample of
participants was recruited from the hematology, oncology, and
blood and marrow transplant services at a large tertiary
children’s hospital in Wisconsin. Data were collected between
February 2018 and April 2019, at which point the threshold of
enrolled patients had been reached. The interventions included
(1) nonimmersive distraction via a 15-minute audio recording
of a guided imagery script and (2) immersive distraction using
KindVR Aqua (KindVR LLC), a virtual reality game that runs
over 15 minutes. Conditions were counterbalanced so that there
were 2 possible condition orders (VR/GI and GI/VR).

Participants
Children and young adults aged 8 to 25 years seen by the
hematology, oncology, or blood and marrow transplant services
were eligible if they were at least 1-month postdiagnosis and
undergoing one of the following unsedated procedures:
venipuncture, port access, or peripherally inserted central-line
catheter or central venous line dressing change. Patients were
excluded if they were not able to read or speak English
proficiently, had identified physical impairments (eg, blindness,
active infection of the skin, history of seizure disorder) that
would have prevented them from using VR equipment, or had
significant developmental delays that would have prevented
them from completing required study questionnaires. There
were 102 children and young adults screened for eligibility. Of
these, 34.3% (35/102) were excluded for the reasons indicated
in the CONSORT (Consolidated Standards on Reporting Trials)
flow diagram (Figure 1). Of the remaining 67 participants, 37
were randomized into the VR/GI arm and 30 were randomized
into the GI/VR arm. A total of 52 participants completed both
interventions, and 2 were excluded from the final analysis due
to missing data, resulting in a final sample of 50 participants.
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Figure 1. Consolidated Standards on Reporting Trials flow diagram. GI: guided imagery; VR: virtual reality.

Study personnel identified eligible patients via the clinic
schedule and inpatient census. After enrollment, study
participants were randomly assigned to one of 2 possible
condition orders using an online random number generator [37].
All attempts were made to ensure the study conditions (VR, GI)
took place over the course of 2 consecutive procedures,
excluding unplanned or emergent procedures. Conditions were
separated by a minimum of 5 days and a maximum of 40 days
to minimize the threat of treatment artifacts and extraneous
events. The minimum time limit ensured that patients would
not participate in 2 conditions within the same calendar week,
while the maximum time limit allowed participation of patients
who receive treatment on approximately a monthly basis. Both
time points for an individual participant involved the same
procedure type (ie, venipuncture, port access, or dressing
change). Participants completed preprocedure questionnaires
and, 3 to 5 minutes before the nurse entered the room for the
procedure, the intervention was started. Each intervention lasted
approximately 15 minutes. At the end of the procedure,
participants completed their postprocedure questionnaires. Study
personnel remained in the room to provide technical assistance
and complete an observational measure of distress (ie, Children’s
Emotional Manifestation Scale [CEMS]).

Interventions

VR Condition
The VR intervention consisted of an interactive audio and visual
underwater experience. The VR software used was KindVR
Aqua, a research-based game focused on reducing pain and
distress during medical procedures. Aqua offered both passive
and active gameplay. In the passive experience, the software
moved participants through an ocean filled with sea creatures
and allowed them to observe the underwater scene. In the active
experience, participants launched balls at the sea creatures.
When hit, the creatures turned a variety of bright colors and
points were earned. Participants were encouraged but not
required to actively participate to increase the level of
distraction. Study personnel recorded whether the participant
participated in the active portion of the VR program. We used
an off-the-shelf consumer headset (Gear VR, Samsung) powered
by a Samsung smartphone with over-ear, noise-cancelling
headphones. A wireless controller was used to interact with the
underwater environment; the controller could be used with one
hand if the procedure necessitated. The equipment did not
require internet capability.
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GI Condition
The GI script used in this study described an underwater scene
that closely mimicked the VR condition. Similar to other GI
scripts, ours began with instructions to take a few deep breaths
to aid in relaxation. We then offered vivid descriptions of
swimming underwater, which were similar to those seen in the
VR intervention (eg, “You hear off in the distance the faint, yet
beautiful songs of friendly whales talking to one another while
making their way through the clear blue water. A sea turtle then
glides past you. His face and flippers are patterned with spots
of deep tan and brown, reflecting the rays of sunlight streaming
through the water”). The script was audiorecorded on a tablet.
Participants listened to the recording using over-ear,
noise-cancelling headphones to approximate the headphones
used during the VR condition.

Measures
Patient perceptions of pain were assessed prior to the first
procedure using either the child (for participants aged 8-16
years) or adult (for participants aged 17 years and older) version
of the Pain Catastrophizing Scale (PCS) [38]. The PCS is a
13-question survey that assesses thoughts and feelings related
to pain, specifically catastrophic thinking about pain, on a
5-point scale ranging from 1 (not at all) to 5 (extremely). The
measure includes a total score and rumination, magnification,
and helplessness subscales. Scores range from 0 to 52 with
scores >30 considered to indicate an elevated level of
catastrophic thinking.

A visual analog scale (VAS) was used to assess pain and distress
after each procedure. This measure asked about 4 domains of
pain, including worst pain, average amount of pain, nervousness
about pain, and time spent thinking about pain [39]. Scores
range from 0 to 100 with higher scores indicating worsening
symptoms.

The CEMS [40] was completed by study personnel during each
of the study visits. This observational measure offers an
objective way to measure distress during difficult medical
experiences. It includes the following domains: anxiety score,
facial expression, vocalization, activity, interaction, and level
of cooperation. Each domain is scored using a 5-point scale.
Total scores range from 1 to 25 with higher scores indicating
more distress.

Trait (underlying or baseline) anxiety was assessed prior to the
first procedure using the trait portion of either the child (for
participants aged 8-16 years) or adult (for participants aged 17
years and older) version of the State-Trait Anxiety Inventory
(STAI), while state (in the moment) anxiety was assessed prior
to and following each procedure using the state portion of the
STAI [41]. The STAI includes 40 items in 2 subscales (state
and trait anxiety). Subscale scores for children range from 20
to 60, and scores for adults range from 20 to 80. Higher scores
indicate greater anxiety. Scores were transformed to z-scores
for the purposes of comparison.

A demographic survey was completed by the patient or patient’s
caregiver prior to study completion. Relevant treatment history
was collected from the patient’s medical record. This

information included date of birth, diagnosis date, dates of
procedures, treatment type, and relapse status. All dates were
removed once calculations were made (eg, time between visits,
age at diagnosis).

Ethical Approval
The institutional review board at Children’s Wisconsin reviewed
and approved all study documents and protocols (1110230-13),
and the study was registered at ClinicalTrials.gov
[NCT04892160]. All study participants and their caregivers
were informed about the study in person by a clinical research
coordinator prior to completing any study measures. Caregivers
signed consent forms for their child’s participation, while all
patients aged 7 years and older signed assent forms. Study
recruitment was conducted by clinical research coordinators
and principal investigator (JAH). Randomization and assessment
were conducted and intervention fidelity was assessed by the
clinical research coordinators.

Statistical Methods
We performed a power analysis when designing the study. For
simplicity, we used a 2-sided paired t test at a Bonferroni
corrected   =.025. With 50 participants, we have at least 80%
power to detect a difference of .45 standard deviations.
Categorical data are summarized as frequency and percentage
and continuous data as median and IQR. Study groups (young
adults vs children, groups with different orders of interventions,
and diagnosis groups) were compared using chi-square or Fisher
exact tests for categorical variables and Mann-Whitney or
Kruskal-Wallis tests for continuous variables. Paired data pre-
versus postintervention and GI versus VR were analyzed using
a Wilcoxon signed-rank test. Pearson correlations assessed
relationships between continuous variables such as pain and
anxiety. Statistical software used included SAS (version 9.4,
SAS Institute Inc), SPSS (version 26, IBM Corp), and R (version
3.6.0, R Foundation for Statistical Computing). Unadjusted
P<.05 was considered statistically significant.

Results

Demographics
Participant demographics are presented in Table 1. A total of
50 participants completed both interventions and were included
in the analyses. The median time from diagnosis to study
participation was 2.1 (IQR 0.2-8.1) years. There were no
differences in randomization groups by participant age, gender,
race, type of procedure, or household income. Participant age
and gender did not differ across the 3 diagnostic groups (ie,
cancer, sickle cell disease, other). Race (P<.001) and type of
procedure (P<.001) were significantly different with a larger
percentage of White individuals and port access procedures in
participants with cancer and a larger percentage of African
Americans and venipuncture procedures in participants with
sickle cell disease. These results were expected and reflect racial
differences in risk of disease and differences in standard
treatment. Nearly all participants (47/50, 94%) engaged in active
play during the VR intervention.
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Table 1. Participant demographics (n=50).

Value

26 (52)Male, n (%)

13 (11-16)Age (years), median (IQR)

Race, n (%)

26 (52)White

18 (36)Black

6 (12)Other

Procedure, n (%)

13 (26)Venipuncture

26 (52)Port access

11 (22)Dressing change

Diagnosis, n (%)

31 (62)Cancer

12 (24)Sickle cell disease

7 (14)Other

Parent education, n (%)

13 (26)High school

16 (32)Some college

7 (14)Bachelor degree

5 (10)Graduate degree

9 (18)Unknown

Household income (US $), n (%)

8 (16)<25,000

9 (18)25,000-49,999

6 (12)50,000-74,999

3 (6)75,000-99,999

9 (18)>100,000

15 (30)Unknown

Procedural Pain Outcomes
Self-reported pain scores on the VAS ranged from 0 to 100
across interventions. Scores for worst pain, average pain,
nervousness about pain, and time spent thinking about pain did
not differ between GI and VR. Similarly, there were no
significant differences between interventions in CEMS score.
There were no differences between the pain ratings of children
and young adults in either intervention.

State Anxiety Outcomes
The preprocedure state anxiety scores did not differ between
GI and VR (median z-scores –0.38 vs –0.34, respectively,
P=.24), nor did postprocedure state anxiety scores (median
z-scores –0.53 vs –0.69, respectively, P=.44). When comparing
the change from pre- to postprocedure, there was a significant
decline in state anxiety reported for the VR intervention (median
z-scores –0.34 vs –0.69, P<.001) and no significant change in
the GI intervention (P=.07). There were no differences between

children and young adults in state anxiety scores in either the
GI or VR intervention.

Relationship Between Procedural Pain and State
Anxiety
In the GI intervention, there was a significant relationship
between preprocedure state anxiety and nervousness about pain
and time spent thinking about pain but not worst pain or average
pain (Table 2). Postprocedure state anxiety following the GI
intervention was significantly related to all areas of self-reported
pain, including worst pain, average pain, nervousness about
pain, and time spent thinking about pain. In the VR intervention,
ratings of preprocedure state anxiety were significantly related
to worst pain, average pain, nervousness about pain, and time
spent thinking about pain (Table 2). Similarly, in the VR
intervention, ratings of postprocedure state anxiety were
significantly related to worst pain, nervousness about pain, and
time spent thinking about pain. Following the VR intervention,
state anxiety was no longer related to ratings of average pain.
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Table 2. Relationship between pre- and postprocedural pain and state anxiety.

State anxiety

VRbGIa

PostPrePostPre

Worst pain

0.330.470.460.28rc

.02<.001<.001.05P value

Average pain

0.260.490.310.18r

.07<.001.03.20P value

Nervousness about pain

0.400.480.380.45r

.004<.001.01.001P value

Time spent thinking about pain

0.510.560.380.45r

<.001<.001.01.001P value

aGI: guided imagery.
bVR: virtual reality.
cr: estimate of Pearson product-moment correlation coefficient.

Impact of Pain Catastrophizing on Procedural Pain
and Anxiety
Of the participants, 14% (7/50) had an elevated total pain
catastrophizing score (>30). Greater levels of pain
catastrophizing were associated with worst pain experienced
during the procedure for both interventions (Table 3). Increased
helplessness was associated with worst pain for participants in
the GI intervention but not the VR intervention. Rumination
and magnification were not related to worst pain.

Greater levels of pain catastrophizing were associated with
higher average pain experienced during the procedure for both

interventions (Table 3). Increased magnification and
helplessness were associated with higher average pain for
participants in both interventions, whereas rumination was not
related to average pain in either intervention.

Greater levels of pain catastrophizing were associated with more
nervousness about experiencing pain in the GI but not the VR
intervention (Table 3). Increased rumination and helplessness
were associated with more nervousness for participants in the
GI but not the VR intervention. Magnification was not related
to nervousness about pain in either intervention.
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Table 3. Relationship between procedural pain and pain catastrophizing.

PCSa totalHelplessnessMagnificationRumination

VRGIVRGIVRGIVRcGIb

Worst pain

0.290.30.250.330.280.220.260.22rd

.04.04.09.02.06.13.07.13P value

Average pain

0.380.390.370.40.40.320.250.28r

.009.007.01.005.005.03.09.06P value

Nervousness about pain

0.090.340.080.350.110.210.050.29r

.56.02.60.02.46.16.72.05P value

Time spent thinking about pain

0.170.160.210.160.160.070.080.17r

.24.27.15.27.29.63.60.26P value

CEMSe

0.230.220.170.220.210.180.250.16r

.11.14.26.14.15.21.08.28P value

aPCS: Pain Catastrophizing Scale.
bGI: guided imagery.
cVR: virtual reality.
dr: estimate of Pearson product-moment correlation coefficient.
eCEMS: Children’s Emotional Manifestation Scale.

There was no relationship between pain catastrophizing and
time spent thinking about pain in either intervention (Table 3).
There was no relationship between pain catastrophizing and
CEMS ratings of pain in either intervention (Table 3). There

was no relationship between pain catastrophizing and pre- or
postprocedure state anxiety (Table 4). There was a significant
relationship between pain catastrophizing and trait anxiety
(r=0.44, P=.002).

Table 4. Relationship between anxiety and pain catastrophizing.

PCSa totalHelplessnessMagnificationRumination

VRGIVRGIVRGIVRcGIb

Preprocedure state anxiety

0.160.220.140.210.100.200.180.16rd

.28.14.36.15.51.18.24.27P value

Postprocedure state anxiety

0.160.210.230.270.050.140.090.11r

.28.15.12.07.73.33.56.47P value

aPCS: Pain Catastrophizing Scale.
bGI: guided imagery.
cVR: virtual reality.
dr: estimate of Pearson product-moment correlation coefficient.

Impact of Trait Anxiety on Procedural Pain and
Anxiety
There was a significant relationship between trait anxiety and
all areas of self-reported procedural pain in the VR intervention

(Table 5). In the GI intervention, trait anxiety was significantly
related to worst pain and nervousness about pain but not average
pain or time spent thinking about pain (Table 5). There was a
significant relationship between trait anxiety and CEMS score
during the GI but not the VR intervention (Table 5).
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During both interventions, higher levels of trait anxiety were
significantly correlated with higher pre- and postprocedure
measures of state anxiety (GI preprocedure: r=0.58, P<.001;

GI postprocedure: r=0.43, P=.002; VR preprocedure: r=0.42,
P=.003; VR postprocedure: r=0.37, P=.01).

Table 5. Relationship between procedural pain and anxiety.

Trait anxiety

VRbGIa

Worst pain

0.430.30rc

.002.03P value

Average pain

0.480.24r

<.001.09P value

Nervousness about pain

0.510.30r

<.001.04P value

Time spent thinking about pain

0.510.10r

<.001.48P value

CEMSd

0.210.41r

.14.003P value

aGI: guided imagery.
bVR: virtual reality.
cr: estimate of Pearson product-moment correlation coefficient.
dCEMS: Children’s Emotional Manifestation Scale.

Disease Group Differences
When participating in GI, there were no differences between
diagnostic groups in procedure pain scores on the VAS. When
participating in VR, there were no differences between
diagnostic groups in worst pain (P=.61), average pain (P=.57),
time spent thinking about pain (P=.27), or CEMS score (P=.70).
There were, however, significant differences between diagnostic
groups in the level of nervousness reported during the VR
intervention (P=.04). Pairwise comparisons revealed that the
significant differences were between cancer and other diagnoses
(median scores 12 vs 0, P=.01), with more nervousness reported
by those with cancer. There were no differences between cancer
and sickle cell (P=.43) or sickle cell and other (P=.13). There
were no significant differences between the diagnostic groups
on the PCS total score or the PCS subscales.

Across interventions, there were no pre- or postprocedure
anxiety score differences for patients in any disease group. The
change of pre- to postanxiety scores differed significantly in
the sickle cell disease group with greater declines in anxiety
during VR compared to GI (median change in z-scores –0.14
vs 0.07, P=.03). Trait anxiety was comparable across diagnoses
(P=.53).

Discussion

Principal Findings
Poorly managed procedure-related pain is acutely distressing
and can lead to increased pain sensitivity throughout the
lifespan, lowering the likelihood of seeking medical care as an
adult [3]. This RCT was designed to identify low-risk,
nonpharmacological options to manage pain and distress
experienced during recurrent procedures where sedation is
unwarranted. Specifically, we compared a highly effective
distraction strategy, GI, with a less well known but more
immersive strategy, VR. In general, we found the interventions
performed similarly in their management of procedural pain.
Across interventions, the majority of participants rated the
procedures as causing a low level of pain; however, there was
a subset of participants who self-reported high levels of pain,
demonstrating the need to identify patients at higher risk of pain
and distress.

Similar to previous literature [30-32], we found that the
subgroup that held unhelpful beliefs about pain (ie, those with
high pain catastrophizing scores) reported higher levels of worst
pain and average pain across both interventions. Confirming
our hypothesis, those with high pain catastrophizing reported
experiencing less nervousness about pain during procedures
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that used VR than those using GI. Our findings suggest that the
mechanism by which VR lessened the impact of pain
catastrophizing on the experience of pain was twofold—by
acting on feelings of helplessness and rumination about pain.
We attribute these findings to the more immersive nature of
VR, which increases the cognitive distraction to pain [35].

We had anticipated that those with more anxiety, whether state
or trait, would have a more powerful response to VR. We did
not expect there to be differences between how those with high
state and trait anxiety responded to the interventions. State
anxiety declined pre- to postprocedure during the VR
intervention, specifically in participants who started with higher
state anxiety. State anxiety is transient and situational. A good
distractor consumes most of one’s cognitive energies, leaving
little capacity to process pain and anxiety [42]. It makes sense,
then, that those participants who were highly anxious about the
procedure had a powerful response to the immersive nature of
VR.

As a more global and stable construct, those with high trait
anxiety responded differently. Contrary to our hypothesis, GI
disrupted the relationships between trait anxiety and the
variables of average pain and time spent thinking about pain
but VR did not. Previous research has suggested that those with
high trait anxiety experience greater increases in physiological
arousal when presented with stress and more accurately perceive
these changes compared to those with low trait anxiety [43,44].
The GI intervention offered 2 components that may have been
a better fit for those with high trait anxiety: brief guidance in
diaphragmatic breathing to reduce physiological arousal and
the ability to watch the procedure. This finding suggests that
VR may be more efficacious for children who are generally
well adjusted but evidence a high degree of distress around a
procedure, whereas GI may be more efficacious for those who
have preexisting or chronic anxiety.

All study participants, regardless of their diagnosis, had a similar
pain response during GI. Children and young adults with cancer,
however, were more nervous about experiencing pain during
the VR intervention than those in the other category. This may
be a function of length of disease or procedure type (ie, port
access vs dressing change). Participants with sickle cell disease
responded with a more powerful reduction in anxiety when
using VR than GI. While it is unclear why, we know that
children and adolescents with sickle cell disease have a different
pain trajectory than those with other diseases [45]. The transition
from acute and intermittent vaso-occlusive pain crises in
childhood to chronic pain in adolescence is well documented
but remains poorly understood [46]. There were no differences
in trait anxiety or beliefs about pain by diagnosis.

Limitations and Future Research
This RCT crossover study compared 2 distraction interventions
used during unsedated procedures in a real-world pediatric
medical population. Although this study has several strengths,
limitations must be noted. First, the selected procedures elicited
low levels of pain and anxiety, which may have diluted
differences between the interventions. Future research that
includes more painful or frightening procedures, such as lumbar
puncture or nasogastric tube placement, would advance the
findings of this study. Had we known that the procedures in this
study were so well tolerated for most participants, we would
have screened for distress and excluded those who did not meet
a minimum threshold.

A second limitation of this study is the lack of a control
intervention. We determined that providing supportive
distraction is the standard of care during procedures at our
institution; therefore, we did not feel it was ethical to withhold.
However, a control intervention with marginal distraction, such
as engaging in conversation or encouraging the child to watch
television, could have been used and would have served as a
useful comparison to better elucidate the benefits of more
distracting interventions such as GI and VR.

A third limitation of this study is the heterogeneity of the sample
selected, including different diagnoses and procedures. While
this yielded more efficient recruitment and realistic
representation of children seen in a hematology, oncology, and
blood and marrow transplant setting, it also introduced
confounding variables that threatened the internal validity of
the study. Future research should include either a more
homogenous sample (eg, only children with sickle cell disease,
only children with high pain catastrophizing) or a larger number
of participants such that subgroups can be examined with greater
confidence and a smaller margin of error.

Clinical Implications and Conclusion
This study shows that, in general, VR works as well as GI to
manage the pain and distress associated with common
procedures experienced by children with an acute or chronic
illness. We found that children who are primed for pain, based
on beliefs about pain or because of their history of chronic pain,
have a better response to VR. GI is a better intervention for
those with high trait anxiety who may benefit from a greater
sense of control when able to watch the procedure. As medical
treatments are increasingly tailored at the individual level,
mental health providers too need to give more thought to the
power of individualized interventions. This new information
advances our understanding of who may benefit more from GI
and VR.
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Abstract

Background: The current COVID-19 crisis underscores the importance of preprints, as they allow for rapid communication of
research results without delay in review. To fully integrate this type of publication into library information systems, we developed
preview: a publicly available, central search engine for COVID-19–related preprints, which clearly distinguishes this source from
peer-reviewed publications. The relationship between the preprint version and its corresponding journal version should be stored
as metadata in both versions so that duplicates can be easily identified and information overload for researchers is reduced.

Objective: In this work, we investigated the extent to which the relationship information between preprint and corresponding
journal publication is present in the published metadata, how it can be further completed, and how it can be used in preVIEW to
identify already republished preprints and filter those duplicates in search results.

Methods: We first analyzed the information content available at the preprint servers themselves and the information that can
be retrieved via Crossref. Moreover, we developed the algorithm Pre2Pub to find the corresponding reviewed article for each
preprint. We integrated the results of those different resources into our search engine preVIEW, presented the information in the
result set overview, and added filter options accordingly.

Results: Preprints have found their place in publication workflows; however, the link from a preprint to its corresponding journal
publication is not completely covered in the metadata of the preprint servers or in Crossref. Our algorithm Pre2Pub is able to find
approximately 16% more related journal articles with a precision of 99.27%. We also integrate this information in a transparent
way within preVIEW so that researchers can use it in their search.

Conclusions: Relationships between the preprint version and its journal version is valuable information that can help researchers
finding only previously unknown information in preprints. As long as there is no transparent and complete way to store this
relationship in metadata, the Pre2Pub algorithm is a suitable extension to retrieve this information.

(J Med Internet Res 2022;24(4):e34072)   doi:10.2196/34072

KEYWORDS

preprints; information retrieval; COVID-19; metadata; BERT; Bidirectional Encoder Representations from Transformers

Introduction

The publication of non–peer-reviewed research manuscripts,
called preprints, has gained popularity in recent years. Several
studies demonstrate the benefits of publishing such preprints;

for example, based on the number of citations [1,2]. In addition,
the current COVID-19 pandemic shed new light on this type of
publication because it allows researchers to communicate new
findings quickly, since the publication process is not slowed by
peer review.
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Although preprints can be a very valuable source of information,
especially in times of a pandemic, there is a wide range of
quality that cannot be assessed without close examination of
the content. The World Health Organization titles the
overabundance of both correct and incorrect information during
a disease outbreak an “infodemic” [3]. Therefore, preprints must
be carefully integrated into existing information infrastructures.
Several search portals already include preprints in their database:
Europe PMC has been including them for several years [4]; in
response to the current health crisis, PubMed launched a pilot
project and is integrating COVID-19–related preprints from
various preprint servers [5].

In order to ensure rapid central access to COVID-19 preprints
and to clearly separate this publication type from reviewed
prints, we developed a new preprint service: preVIEW
COVID-19 [6,7]. This semantic search engine currently
combines more than 40,000 COVID-19–related preprints from
7 different sources. As preprints seem to be established as
common first publication type, the problem of content
information duplication arises. Consequently, more preprints
and journal articles have almost the same content. Especially
for articles on COVID-19, where all published information is
considered, it is of great importance that as soon as a preprint
has been published in a peer-reviewed journal, this information
is contained in the metadata and displayed on search portals.
Otherwise, this leads to an unnecessary overload for information
specialist reading and selecting relevant articles twice. For
example, Europe PMC included a filter function where the
information is queried from Crossref [8,9]. Crossref is a
not-for-profit organization that—besides the allocation of digital
object identifiers (DOIs)—offers tools and methods “to help
the research community discover, link, cite, and assess scholarly
content” [10]. Even though Crossref stores metadata for a total
amount of 93,035 journals, books, and conference proceedings
[11], Fraser et al [12] recently showed that the information about
a corresponding journal article is not completely represented in
available metadata. The authors developed an algorithm—based
on fuzzy string matching—to automatically query Scopus to
find a corresponding journal article.

In this paper, we present the new quality-checked and open
source algorithm Pre2Pub, which queries the open access search
engine PubMed to find the appropriate journal publications for

preprints on the basis of text and author matches. Pre2Pub makes
use of recent advances in natural language processing and
integrates a Bidirectional Encoder Representations from
Transformers (BERT)-based model (sentence-BERT) [13], is
evaluated, and is subjected to error analysis. We show that this
information is missing in 16% of preprints, making the work
of information seekers more difficult, especially during the
COVID-19 pandemic. Furthermore, using the semantic search
engine preVIEW as an example, this paper presents how the
Pre2Pub results can be used as additional information and
filtering options in a user-friendly way.

Methods

Methods Overview
First, we describe our approach to collect the data from bioRxiv
and medRxiv and provide an overview of the generated data
sets. Afterward, the developed Pre2Pub algorithm is explained.
Finally, we describe the implementation of Pre2Pub into our
semantic search engine preVIEW.

Data
We retrieved data from 2019, 2020, and 2021 from bioRxiv and
medRxiv [14]. The servers provide a shared application
programming interface (API) for COVID-19–related preprints
[15], which is used to distinguish between COVID-19 and
non–COVID-19 documents. For further analysis, we stored the
following metadata: preprint’s DOI, title, authors list,
publication date, published server (bioRxiv or medRxiv),
abstract, and (if available) the DOI for the corresponding peer
reviewed journal article. Second, we accessed the Crossref API
[16] for all retrieved preprints and used the is-preprint-of
function to determine whether a link to a corresponding peer
reviewed version is stored there.

The data consist of a total of 132,339 preprints. Of these, a
corresponding journal article link can be found for 51,957
preprints via Crossref and for 62,748 preprints in the metadata
of the preprint server. For training and evaluation, we randomly
selected 4000 preprints from 2019 and 2020 for which a
corresponding journal article is referenced in the preprint server.
These were split into training and testing data, with 2000
preprints each. An overview of the retrieved data is provided
in Table 1.

Table 1. Overview of collected data from bioRxiv and medRxiv from 2019, 2020, and 2021.

Distribution (COVID-19/
non–COVID-19), n/n

Journal digital object identifiers
in Crossref, n

Journal digital object identifiers
in bioRxiv or medRxiv, n

Preprints, nCollected data

21,846/110,49351,95762,748132,339Total collected data

194/1806143320002000Training data

173/1827145220002000Test data

Pre2Pub Algorithm
This algorithm uses a preprint DOI as input and searches for a
corresponding journal article in PubMed. We use the E-utilities
NCBI service to retrieve PubMed articles on the basis of a
defined search query [17]. Pre2Pub consists of 5 steps that are

shown in a simplified workflow overview in Figure 1 and
described in detail as follows:

1. For all preprints, we used the cleaned title (ie, stop words
are removed using the natural language toolkit [18]) as the
search term to retrieve a list of PubMed IDs in the title field.
Retrieval maximum is set to 5 to avoid false-positive results.
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2. If the search using the preprint title was successful, the
authors of the preprint and the authors of the matched
PubMed journal articles are compared. The preprint servers
provide the author names in different formats. For example,
some servers provide full names with all first names; others
provide only last names and first names’ initials, as bioRxiv
does. Because PubMed usually stores the complete names
(last name, middle name, first name), we queried Crossref
as well and extracted the complete preprint’s author names
there. To compare the standardized author names between
preprint and journal formats, we used the Levenshtein ratio
[19] and determined matches using several criteria
iteratively developed with the help of the training data: first,
we browsed the two lists of authors simultaneously and
determine the Levenshtein ratio for each pair. If the value
is greater than 0.9, we assume that the authors are identical.
If this is not the case, we distinguish the following four
cases to consider the authors of the preprints and the authors
of the journal article as the same: first, if we find more
matched than unmatched author pairs when iterating over
the author lists (ie, based on consensus); second, if the first
3 authors of both lists are the same; third, if the first and
the last author of preprint and journal article are identical;
and fourth, if the first and last authors of the preprint are
found in the author list of the journal article (regardless of
position).

3. If the title search was not successful, we searched the list
of authors in the author field. Retrieval maximum was set
to 5 in both cases to avoid false-positive results. If
successful, we compared the titles of the preprint and the
fetched journal articles. To accomplish this, we generated
embeddings by making use of Sentence-BERT, “a
modification of the pretrained BERT network that use
siamese and triplet network structures to derive semantically
meaningful sentence embeddings that can be compared
using cosine-similarity” [13]. As a pretrained model, we
load BioBERT (BioBERT-Base v1.0 [+ PubMed 200K +
PMC 270K]) [20]. The threshold is set to 0.95.

4. We compared the dates of publication to ensure that the
date of the preprint is older than the date of the
peer-reviewed article.

5. We compared the abstract of the preprint to those of the
PubMed articles that passed the date check and either the
author or title check—depending on which search was
successful in the beginning. We generated embeddings and
applied the same method as for the title check described in
step (3).

Finally, we chose the article with the highest abstract similarity
value and, under the condition that it exceeds the threshold of
0.9, linked the found article to the preprint.

Figure 1. Simplified overview of Pre2Pub’s working mechanism. The input is the metadata of a preprint. Then, by querying the PubMed application
programming interface, a title search is performed. If this is successful, the authors are compared by our 5-step method. If not, we perform an author
search directly in PubMed and compare then the titles. For the matching articles, the dates are checked and the pairwise abstract similarity is determined.
Finally, the article with the highest similarity is returned—if it exceeds the threshold of 0.9.
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Evaluation Metrics
To evaluate the algorithm, we used the independent test set and
determined the precision, recall, and F1-score. If our algorithm
finds the same DOI, it is considered a true positive; if our
algorithm does not yield a matching journal article, we consider
it a false negative occurrence; if our algorithm yields another
DOI, this is considered both a false positive and a false negative.

Implementation in preVIEW
As quality differences can exist between a preprint and a
peer-reviewed journal article, the availability of a filter option
in search portals is important. To display information on whether
a preprint is already published in a journal, we integrated
Pre2Pub in our semantic search engine preVIEW. Therefore,
we updated the information on a weekly basis in the following
way: for each preprint, we determined whether a corresponding
journal link can be retrieved via the corresponding preprint
server (currently only implemented for bioRxiv and medRxiv).
If we did not obtain a result, we queried Crossref. If this also
failed, we used Pre2Pub. This workflow is applied for all
preprints where no information about a corresponding journal
article is available. In contrast, if a publication link is already
found via the preprint server or Crossref, no update is carried
out. For the preprints where either no publication was found
previously or the information was only found by Pre2Pub, we
checked for updates in the preprint server and Crossref to ensure
high quality.

Results

Results Overview
This section first provides a general overview of the growth of
preprints during the last decade. We then analyzed the collected
data set in terms of the number and amount of corresponding
journal publications for both preprint servers in the last 2 years.
Afterward, we evaluated our developed algorithm on the basis
of the independent test set, including error analyses. We further
investigated differences in the path from preprint to journal
publication for COVID-19–related and non–COVID-19
publications. Finally, we describe the integration into
preVIEW’s user interface.

Above-Average Growth of Preprints in 2020
The COVID-19 crisis led to an increased use of preprint servers
because they allow rapid dissemination of research results. The
preprint server bioRxiv was launched in 2013 and comprised
both biological and medical topics [21]. In the mid-2019, the
server medRxiv has been launched additionally to separate these
two fields [21]. While only 109 preprints were submitted to
bioRxiv in 2013, a total of 30,094 preprints were already
submitted to bioRxiv or medRxiv in 2019. As depicted in Figure
2, the publication of COVID-19–related preprints steepens the
publication curve and leads to an above-average growth of
preprints in 2020.

Figure 2. Growth of preprint publications. Combined data include data from both bioRxiv and medRxiv. The blue line comprises all available data,
and the green line indicates the amount of preprints minus COVID-19–related papers. Only the medRxiv proportion is depicted as a bar diagram, thereby
distinguishing COVID-19 and non–COVID-19 articles.

Amount of Preprints and Corresponding Journal
Articles
Significantly more papers are uploaded on bioRxiv than on
medRxiv. However, an increase in popularity can be seen in
both cases. Whereas only 913 preprints have been posted on
medRxiv in 2019, a total of 14,070 preprints were uploaded in
2020. This is partly because medRxiv has been launched in June
2019—before clinical and epidemiological papers were
submitted to bioRxiv as well. Figure 3 provides an overview of

the retrieved data sets from the preprint servers for the whole
years 2019 and 2020.

We independently determined the absolute number of links to
a corresponding journal article found by three different methods:
(1) the bioRxiv or medRxiv API itself, (2) Crossref, and (3) our
algorithm. For every category, the lowest number of articles
can be found on Crossref. For 2021, Pre2Pub yielded the most
matching publications. For example, for bioRxiv preprints, 9672
corresponding journal articles are referenced in their API.
However, Pre2Pub yielded a total of 11,184 matching journal
articles.
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While we determined the absolute numbers in the first step, we
further investigated the overlap among these three different
methods: the Venn diagram in Figure 4 indicates the unique
amount that each of the applied methods generates and the
respective overlaps, determined on the joint data set (ie, bioRxiv

and medRxiv from 2019, 2020, and 2021). Pre2Pub matches a
total of 63,590 journal papers—51,473 of which could also be
found via the APIs of bioRxiv or medRxiv and Crossref. Hence,
12,117 journal articles were only found by Pre2Pub. This makes
up 16.2% of all found journal articles (74,880).

Figure 3. Overview of found journal articles in different sources and through different methods. In the 6 plots, the first bar indicates the total amount
of preprints deposited in the preprint servers. Afterward, the absolute amount of found peer-reviewed publications is indicated for all three methods
investigated: via the preprint server application programming interface itself, via Crossref, and via Pre2Pub. DOI: digital object identifier.

Figure 4. Amount and intersection of found journal articles for 3 different methods. For the combined data set from bioRxiv and medRxiv for 2019,
2020, and 2021, the amount of journal articles is shown for each method. While 43,062 articles were found by all methods, 12,117 articles were only
found by Pre2Pub.

Evaluation of Pre2Pub
To investigate how reliably Pre2Pub identifies the corresponding
journal articles for the preprints, we evaluated Pre2Pub using
a test set of 2000 documents; thus, the same document count
was used for training. The evaluation results are summarized
in Table 2. Similar to training, the evaluation on the independent
test set shows promising results with an F1-score of 89.29%,
resulting from a precision of 99.27% and a recall of 83.29%.
On both, the training and the test sets, we achieve a much higher
precision than recall; this result is desired because this ensures
a higher probability of a false-negative prediction than a

false-positive one. The latter would lead to misinformation and
therefore needs to be avoided.

An overview of some false-positive and some false-negative
matches can be found in Table 3. For some of the false-positive
matches, the bioRxiv gold standard was not correct. In the first
example, bioRxiv links to an excerpt of conference abstracts
and Pre2Pub provides the correct journal article. Similarly, the
second example depicts an error on the side of the preprint
server. The DOI that is stored in the metadata does not
exist—the last 2 digits are missing. In contrast, Pre2Pub finds
the correct one.
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Table 2. Evaluation results of Pre2Pub on training and test data.

F1-score, %Recall, %Precision, %Data set

90.1382.6499.10Training data

89.2981.1499.27Test data

Table 3. Examples of false-positive and false-negative matches found by Pre2Pub.

Error AnalysisJournal digital object identifier foundPreprint digital objective
identifier

Pre2PubbioRxiv/medRxiv

bioRxiv links only to conference abstracts, whereas
Pre2Pub finds the corresponding article

10.1016/j.bpj.2020.02.01110.1016/j.bpj.2019.11.189010.1101/669713

The correct article is not indexed in PubMed; the found
article has the same first and last author and describes a
related topic

10.1111/ejn.1505610.1016/j.cub.2020.03.00510.1101/845933

Broken link at bioRxiv (incomplete digital object identifi-
er); Pre2Pub finds the correct article

10.1016/j.neuroim-
age.2019.116186

10.1016/j.neuroim-
age.2019.1161

10.1101/503763

No results via the application programming interfaceb—a10.1128/mBio.00388-1910.1101/549840

Article is not indexed in PubMed—10.1039/D0GC00903B10.1101/2020.03.06.980631

Titles differ too much—10.1523/JNEUROSCI.0555-
20.2020

10.1101/405597

a—: not determined.
bThe search result retrieved from the application programming interface occasionally differing from a manual PubMed search

In the third example, Pre2Pub predicted an incorrect article with
a related topic published by the same authors. The correct article
is not indexed in PubMed and could therefore not be found.
This is one of the major error sources for false negatives since
our search is restricted to PubMed; hence, journal articles that
are not indexed in PubMed cannot be found. The availability
in PubMed has also an influence on false-positive results. If
another similar article is found in PubMed with at least partly
the same authors, this can lead to a false-positive match. If the
correct article is present in PubMed as well, it would be a
higher-ranked match; therefore, a false-positive entry would
have been omitted.

The last example provides another reason for false negatives:
if the titles differ too much, it may happen that the corresponding
article is not within the search result, which is restricted to 5
articles.

Comparison of Preprint to Journal Traversal for
COVID-19–Related and Non–COVID-19 Articles
To gain further insight into publication activity before and
during the COVID-19 pandemic, we investigated the percentage

of preprints that are republished in a journal in 2019, 2020, and
2021. For 2020 and 2021, we differentiated between
COVID-19–related and non–COVID-19 articles. While
approximately 75% of preprints were republished in a journal
in 2019, only a total of 69% of them were published in 2020.
Percentage wise, in 2020, more non–COVID-19 preprints than
COVID-19–related preprints were published in a journal (69%
vs 58%, respectively). However, in 2021, the trend was reversed
and approximately 5% more COVID-19–related articles are
published in comparison to non–COVID-19 articles. Owing to
the large difference in sample amounts when comparing
COVID-19 and non–COVID-19 articles, no significant
conclusion could be drawn. Moreover, the numbers of published
articles are much lower for 2021. This can be explained by the
fact that it can take more than a year to finally publish the paper
in the journal and the published preprints still undergo review.
The results are summarized in Table 4.

Table 4. Overview of the amount of bio- and medRxiv preprints that are republished in a journal in 2019, 2020, and 2021.

Published, n (%)Amount, nCOVID-19Year

22,776 (75.68%)30,094No2019

28,177 (68.96%)40,862No2020

6920 (58.06%)11,918Yes2020

13,489 (33.35%)40,441No2021

3518 (38.98%)9024Yes2021
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Resulting User Interface Integration
The information about corresponding republished journal
versions of the preprint as well as filter functions for search
were integrated within our search engine preVIEW. Thus, in
our interface, we decided to distinguish between automatically
mapped journal links and those provided by the preprint server
or Crossref (Figure 5). This yielded three filter options found
under the heading “Availability of peer-reviewed version”: (1)
no reviewed article, (2) linked through preprint server or
Crossref, and (3) found by Pre2Pub algorithm. Importantly, we

ran Pre2Pub only for those preprints, where we found a linked
journal article neither via the preprint server's API nor via
Crossref.

Currently, out of 40,312 preprints, 12,964 have been already
published in a journal (approximately 32%). Of them, 7968
corresponding journal publications were found through Crossref
or the bioRxiv or medRxiv preprint server. Additional 4996
publications were found by Pre2Pub only—which makes up
more than one-third of all found journal articles.

Figure 5. Integration in the search engine preVIEW, publicly available [22]. On the left, an overview of the amount of available peer-reviewed articles
can be seen, which can be directly added to the search. On top of each article, if found, the link to the journal publication is provided and opens in a
new tab by clicking.

Discussion

Principal Findings
In this paper, we first show that preprints have found their place
in researchers' publishing behavior, and second that there is
currently an information gap when a peer-reviewed version of
a preprint appears, making the preprint irrelevant. Third, we
provide a solution—the Pre2Pub algorithm—for identifying
corresponding journal articles in PubMed and the integration
of this information in the preVIEW search engine.

Despite the differences in quality, which may exist between a
peer-reviewed and a non–peer-reviewed article, preprints are
an appropriate and fast way to publish new results. Preprints
have found their place in the publication workflow, as can be
clearly seen in Figure 2, which shows an overview of the growth
of preprints between 2013 and 2021. This is also true for medical
preprints, with a marked increase in medRxiv publications in
2020—the beginning of the COVID-19 pandemic. The main
reason for this increase was the high demand for information
to quickly gain knowledge to address this crisis.

However, the increasing tendency to publish a preprint first and
the peer-reviewed version afterward implies that similar
information is published twice, making it difficult to search for
relevant information—especially during the COVID-19
pandemic, when preprints have become more relevant.
Therefore, it is important to make the information search as

transparent as possible and to facilitate the identification and
filtering of duplicates.

Consequently, for the publication workflow, it becomes
imperative that information about links between publication
versions such as preprints and corresponding peer reviewed
versions is collected at each replication and is offered by
services such as Crossref and DataCite.

During our research, and as also described by Fraser et al [12],
we faced the problem that often the information of a journal
publication cannot be found in the preprint metadata or via
Crossref, although the article can be found in PubMed by a
researcher. The underlying reason is that the process is not well
established. Often, authors have the option to update the preprint
article information to indicate the new journal publication. Some
journals also take care of updating this information themselves,
ensuring that the preprint is no longer modified. In addition,
bioRxiv has its own update process. However, there is neither
a uniform solution nor a fixed procedure that an individual
researcher must follow.

Until such a process is in place, the presented algorithm Pre2Pub
can be used: it searches for the corresponding publication in
PubMed to find additional links—in case no results were
retrieved via the metadata. Pre2Pub performed robustly as seen
in our evaluation. It approached an F1-score of 89.92%, resulting
from a higher precision than recall (99.27% vs 81.14%,
respectively). The significantly higher and near-perfect precision
is desirable to minimize the number of false positives. We find
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more than 12,000 additional publication links for our collected
data from the last 3 years (Figure 4). Especially, for 2021,
Pre2Pub finds more corresponding journal links, also in absolute
numbers. This shows that the process for this type of publication
is not well defined and highlights the incompleteness of the
metadata provided by the preprint servers.

As a result, duplicated information increases the workload for
researchers, which should be avoided, especially in times of a
pandemic.

Currently, as shown in our service preVIEW, approximately
32% of COVID-19 preprints are already published in a journal.
This result indicates the relevance of such a filtering option in
information retrieval to help users of such search portals; for
example, information specialists, to find relevant knowledge
quickly. As more than one-third of these links were only found
by Pre2Pub, it is not enough to simply query Crossref, as is, for
example, done by Europe PMC [8].

Next, we plan to extend our algorithm to other literature search
portals to enhance our recall further and to integrate the resulting
information into the Livivo literature search engine [23].

Conclusions
Owing to the increased importance of preprints, there is a need
to update search engines toward changed information retrieval
needs. The need to be able to link a preprint to its corresponding
journal article and to filter duplicates was addressed with the
retrieval of this information from different resources and the
integration within the search frontend of preVIEW.

In the future, we need the commitment of the publishers to
request this information from the authors and to store it in the
metadata. Until this becomes a reality, services such as
Pre2Pub—a freely available algorithm able to find a journal
publication for a given preprint—are necessary to retrieve the
missing links.
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Abstract

Background: Although machine learning (ML) algorithms have been applied to point-of-care sepsis prognostication, ML has
not been used to predict sepsis mortality in an administrative database. Therefore, we examined the performance of common ML
algorithms in predicting sepsis mortality in adult patients with sepsis and compared it with that of the conventional context
knowledge–based logistic regression approach.

Objective: The aim of this study is to examine the performance of common ML algorithms in predicting sepsis mortality in
adult patients with sepsis and compare it with that of the conventional context knowledge–based logistic regression approach.

Methods: We examined inpatient admissions for sepsis in the US National Inpatient Sample using hospitalizations in 2010-2013
as the training data set. We developed four ML models to predict in-hospital mortality: logistic regression with least absolute
shrinkage and selection operator regularization, random forest, gradient-boosted decision tree, and deep neural network. To
estimate their performance, we compared our models with the Super Learner model. Using hospitalizations in 2014 as the testing
data set, we examined the models’ area under the receiver operating characteristic curve (AUC), confusion matrix results, and
net reclassification improvement.

Results: Hospitalizations of 923,759 adults were included in the analysis. Compared with the reference logistic regression
(AUC: 0.786, 95% CI 0.783-0.788), all ML models showed superior discriminative ability (P<.001), including logistic regression
with least absolute shrinkage and selection operator regularization (AUC: 0.878, 95% CI 0.876-0.879), random forest (AUC:
0.878, 95% CI 0.877-0.880), xgboost (AUC: 0.888, 95% CI 0.886-0.889), and neural network (AUC: 0.893, 95% CI 0.891-0.895).
All 4 ML models showed higher sensitivity, specificity, positive predictive value, and negative predictive value compared with
the reference logistic regression model (P<.001). We obtained similar results from the Super Learner model (AUC: 0.883, 95%
CI 0.881-0.885).

Conclusions: ML approaches can improve sensitivity, specificity, positive predictive value, negative predictive value,
discrimination, and calibration in predicting in-hospital mortality in patients hospitalized with sepsis in the United States. These
models need further validation and could be applied to develop more accurate models to compare risk-standardized mortality
rates across hospitals and geographic regions, paving the way for research and policy initiatives studying disparities in sepsis
care.
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Introduction

Background
Sepsis is a life-threatening condition caused by a dysregulated
response of the body to infection. Sepsis is associated with high
morbidity and mortality, increased health care expenditures,
and long-term consequences [1-4]. It is a leading cause of
hospitalization and death, with an estimated 850,000 emergency
department visits per year and 59.6 deaths per 100,000
individuals in the United States [2,3]. The annual medical costs
associated with sepsis are approximately US $24 billion in the
United States [4]. There are clinical and economic incentives
to improve and measure the quality of sepsis care in the United
States [5]. Given the significant geographic disparities in sepsis
outcomes, the development of robust severity adjustment tools
is essential for objective sepsis mortality comparisons between
hospitals.

Several tools to adjust for sepsis severity have been proposed
by consensus conferences [6-8] using traditional statistical
methods [9-11]. More recently, machine learning (ML)
algorithms have improved the accuracy of sepsis mortality
prediction models [12-16]. These tools were largely designed
to incorporate the point-of-care risk stratification of patients
into the clinical workflow [17-19]. Interhospital comparisons
of sepsis care quality and evaluation of risk-adjusted sepsis
outcomes have been difficult as the extraction of necessary data
from each electronic medical record (EMR) system is
time-consuming and not cost-effective [20,21]. Consequently,
hospital administrative databases have gradually played a more
prominent role and become more widely used by health service
researchers because of their easy accessibility and
inexpensiveness.

Existing efforts to test and refine sepsis mortality prediction
models using hospital administrative data [20-23] have largely
used logistic regression models and achieved satisfactory
discrimination and calibration. More recent models adjusting
for risk factors have made use of national administrative
databases to compare risk-adjusted sepsis mortality between
hospitals [24]. Although most of them achieved a good area
under the receiver operating characteristic curve (AUC) in the
range of 0.70-0.80, there is still room to improve their
performance. In addition, these studies have focused on select
academic centers with limited generalizability to other types of
hospitals. Among them, the Severe Sepsis Mortality Prediction
Model achieved the best performance with an AUC of 0.838
and was used to generate an integer-based score for risk
adjustment in administrative data [21].

Objectives
ML models have a better ability to automatically select
variables, handle large sets of variables, and detect complex
multi-way interactions as well as nonlinear relationships [25].
These features enable ML models to improve on conventional

regression models in predicting health-related outcomes [26].
In this study, we compare the outcomes of several ML
algorithms to predict sepsis mortality using the full range of
variables provided in the US Nationwide Inpatient Sample (NIS)
database [27,28]. We also determine the accuracy among
different derivation and validation models. Our objective is to
provide an accurate and reliable tool to compare sepsis-related
mortality between hospitals in the United States.

Methods

Identification of Cases
Transparent reporting of a multivariable prediction model for
individual prognosis or diagnosis was used in this study. The
sepsis cohort was identified using the Martin implementation
[29,30], which identifies cases with explicit codes from the
International Classification of Diseases, Ninth Revision, Clinical
Modification for sepsis or systemic fungal infection (038
septicemia, 020.0 septicemic, 790.7 bacteremia, 117.9
disseminated fungal infection, 112.5 disseminated Candida
infection, or 112.81 disseminated fungal endocarditis) and a
diagnosis of acute organ dysfunction. Seven acute organ or
system dysfunctions were evaluated in this study: cardiovascular
or shock, respiratory, central nervous system, hematologic,
hepatic, renal, and metabolic system dysfunction. To reduce
self-prophecy bias, we removed cases with cardiac arrest and
ventricular fibrillation, respiratory failure, and respiratory
insufficiency.

We split the data into a training set (NIS 2010-NIS 2013) and
a testing set (NIS 2014). As the random forest and neural
network models could not handle missing values, we removed
patients with any missing values from the predictor variables.
After removing patients with any missing values, the training
data set included 726,918 adult patients, and the validation
cohort included 196,841 adult patients.

Ethical Considerations
Our study involved analysis of de-identified patients from
publicly available data. Therefore, no ethics approval was
required by the Institutional Review Board (IRB).

Variables
We used 5-dimensional data as predictors (demographic
characteristics, pre-existing comorbidities, hospital
characteristics, diagnosis, and procedure performed on the first
day of admission). A total of 1331 variables were included in
the ML models. We compared our ML models with the reference
model using the conventional logistic regression model with
predictors reported in a previous study [21]. In the random forest
model, we used the Gini Impurity to compute variable
importance, where the improvement in the split criterion is the
importance attributed to the splitting variable, and identified
the top 50 variables based on the variable of importance values
[31]. In addition, we calculated the Shapley Additive
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Explanations (SHAP) values from the xgboost model. SHAP
is a popular model-agnostic, local explanation approach
designed to explain any given classifier. Lundberg and Lee [32]
proposed the SHAP value as a united approach to explaining
the output of any ML model. We calculated the SHAP values
of each feature for each sample and extracted the top 50
variables based on the mean SHAP values.

Model Development
We developed four models using ML approaches: (1) logistic
regression with least absolute shrinkage and selection operator
(LASSO) regularization (LASSO regression), (2) random forest,
(3) gradient-boosted decision tree, and (4) deep neural network.
In these ML models, we used several methods to minimize
potential overfitting in each model: (1) LASSO regularization,
(2) out-of-bag estimation, (3) cross-validation, (4) dropout, (5)
ridge regularization, and (6) batch normalization.

Finally, we compared our results with the Super Learner model,
which is an algorithm that uses cross-validation to estimate the
performance of multiple ML models and summarizes the
prediction of those models using the ensemble method [33]. In
addition, we trained a logistic regression model that used the
same features as the ML models. The main analytic script can
be found in Multimedia Appendix 1.

Conventional Logistic Regression (Severe Sepsis
Mortality Prediction Model)
Logistic regression uses a function ranging between 0 and 1 to
describe the probability that the outcome belongs to one of 2
particular categories. In contrast to linear regression, logistic
regression does not require predicted variables to have a linear
relationship with the outcome. Logistic regression is well suited
for classification problems, such as problems involving
describing the risk of developing a disease or the risk of
mortality. In this study, we used the previously published Severe
Sepsis Mortality Prediction Model as a reference for
benchmarking.

Logistic Regression Model With LASSO
Regularization
LASSO regularization is a model that shrinks regression
coefficients toward 0, thereby effectively selecting important

predictors and improving the interpretability of the model [34].
The coefficients of the LASSO regression are the values that
minimize the residual sum of squares plus shrinkage penalty.
The regularization was tuned by minimizing λ to minimize the
mean squared error. We used 10-fold cross-validation to yield
the optimal regularization parameter minimizing the sum of
least squares plus shrinkage penalty using the R glmnet package
(R Foundation for Statistical Computing).

Random Forest Models
Random forest is an ensemble of decision trees from
bootstrapped training samples. Random forests modify the
bagged tree procedure by only allowing a random number of
the predictor variables to be considered at each split of each
tree [26,35,36]. For this study, the Gini Impurity was used to
determine the optimal variable and location of the split at each
node in the tree. To optimize the AUC of the resulting tree, a
cost complexity parameter, which penalizes larger trees, was
used to control the size of the final tree. To improve the accuracy
and stability of the decision tree model, a procedure called
bagging was used to fit a bagged tree model [37]. This involved
taking random bootstrap samples of patient data with
replacement and fitting an unpruned tree model to each sample.
The number of bagged trees in the final model was determined
in the training data set using 10-fold cross-validation to
maximize the training set AUC. We considered from 100 to
2000 trees and performed a pairwise statistical test to choose
the best number of trees (Table 1). This results in trees that are
less correlated with each other compared with bagged trees,
thus potentially increasing accuracy. The optimal number of
trees and predictor variables to be considered at each split was
determined using 10-fold cross-validation, and the combination
with the highest training set AUC was denoted as the final
model. Table 2 shows the association between the number of
variables allowed to be considered at each split in the random
forest model with discrimination. The final random forest model
was fitted with 400 trees with 50 variables at each split. We
used the ranger package in R to construct the random forest
models.

Table 1. Sensitivity analysis of tree numbers in the random forest algorithm.

P valuePairwise significant comparison of AUCAUCa (95% CI)Number of trees allowed

<.001b100 trees versus 200 trees0.876 (0.874-0.878)100

<.001b200 trees versus 300 trees0.877 (0.876-0.879)200

<.001b300 trees versus 400 trees0.878 (0.877-0.880)300

.30400 trees versus 500 trees0.878 (0.877-0.880)400

aAUC: area under the curve.
bValues are significant at P<.001.
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Table 2. Association between the number of variables allowed to be considered at each split in the random forest model and model discrimination.

Pairwise significant comparison of AUC (P value)Number of variablesAUCa (95% CI)Number of variables allowed

<.001b3 variables versus 5 variables0.852 (0.850-0.854)3

<.001b5 variables versus 9 variables0.860 (0.858-0.862)5

<.001b9 variables versus 15 variables0.868 (0.866-0.869)9

<.001b15 variables versus 20 variables0.874 (0.872-0.875)15

<.001b20 variables versus 25 variables0.875 (0.874-0.877)20

<.001b25 variables versus 40 variables0.877 (0.875-0.879)25

.02c40 variables versus 50 variables0.878 (0.876-0.880)40

.5350 variables versus 70 variables0.878 (0.877-0.880)50

N/AN/Ad0.878 (0.877-0.880)70

aAUC: area under the curve.
bValues are significant at P<.001.
cValues are significant at P<.05.
dN/A: not applicable.

Xgboost
Gradient-boosted decision trees are also an ensemble method
that constructs new tree models predicting the errors and
residuals of previous models [38]. When adding the new models,
this model uses a gradient descent algorithm to minimize the
loss function. The final tree-based model fit was a
gradient-boosted machine. This algorithm fits one tree at a time,
first to all the outcomes in the training data and then to the
residuals of the previous models, thus creating a combination
of trees that increasingly weigh the difficult to predict events
to a greater degree. The optimal number of splits for each
individual tree, the total number of trees, and the learning rate
were determined using 10-fold cross-validation in a similar
method to that of the random forest model. In our final model,
we had 10 splits for each tree in a total of 400 trees with a
learning rate of 0.15. We stopped training if the validation AUC
did not improve in 3 epochs. We used the xgboost package in
R to construct the gradient-boosted decision tree models.

Deep Neural Networks Keras
Deep neural network models are composed of multiple
processing layers. Neural networks are nonlinear models that
involve creating a set of linear combinations of the original
predictor variables and then using them as inputs into a hidden
layer (or layers) of units, which then creates new combinations
of these inputs to finally output the probability of the event of
interest after a suitable transformation [39]. A feedforward
multilayer perceptron neural network was used for this study.
A penalty term, known as weight decay, and the number of
hidden units in the model were determined using 10-fold
cross-validation to maximize the training set AUC. We used a
4-layer feedforward model with an adaptive moment estimation
optimizer, the binary cross-entropy loss function, and tuned
hyperparameters using the R keras package. In the neural
network model, continuous predictors are normalized using the
mean and SDs. Binary variables encoding 0 and 1 are rescaled
to encode −1 and 1. Finally, categorical variables use rescaled
using effect encodings. The detailed architecture of the deep
neural network in this study is shown in Figure 1.
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Figure 1. The architecture of the 4-layered neural network to predict sepsis mortality. ReLu: Rectified Linear Unit.

Super Learner
Finally, we compared our results with the Super Learner
algorithm, which uses cross-validation to estimate the
performance of multiple ML models [33]. The Super Learner
takes all weighted combinations from a set of candidate
algorithms. After a set of algorithms is chosen, the meta-learning
algorithm performs cross-validation to estimate the maximum
likelihood of each selected algorithm on the data and selects
the convex combination with the smallest squared prediction
error on the test data set. In our case, we chose logistic
regression as our meta-model. Overall, the generalization
procedure learns the n-fold stratified predictions to maximize
the likelihood function rather than minimize the mean squared
error and to represent the meta-model in generating the best
prediction. This approach has been proven to be as accurate as
the best possible prediction algorithm. We used the 2 algorithms
(random forest and xgboost) that we considered in this
manuscript as candidate algorithms and compared the results
with the models discussed in this paper. Our Super Learner
scripts can be found in Multimedia Appendices 2-4.

Model Performance
In the test set (NIS 2014), we computed the prediction
performance of each model that was derived above. First, we
calculated the area under the receiver operating characteristic
curve (AUROC) and confusion matrix results. The Delong test
was used to compare the receiver operating characteristic curves
between models. Second, the confusion matrix results were
calculated. Third, given the imbalanced nature of our data set,
we also calculated the area under the precision-recall curve
(AUC-PR), recall, and precision of different ML models in
predicting sepsis mortality. Fourth, calibration curves were
constructed by plotting predicted probability versus actual
probability from the ML models. The Brier scores of all the
models considered were also calculated. The Brier score is a
quadratic scoring rule where the squared differences between
the actual binary outcomes and predicted probabilities are
calculated. Therefore, lower values indicate better calibration.
All analyses were performed using R (version 3.6.1).
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Web Application
To increase the reproducibility and usability of this research on
sepsis care and mortality, we generated a web-based application
[40] for peer investigators to generate predictions of 30-day
mortality for patients with sepsis and provide an introductory
video (Multimedia Appendix 2). The web application is based
on our Super Learner model and built using the Shiny package
in R (version 4.0.5). The submission interface offers an example
Microsoft Excel file with placeholder columns. Details of how

to generate the variables are described in Multimedia Appendix
5.

Results

Baseline Characteristics
Figure 2 shows the flowchart of the cohort used in this study,
and Table 3 provides descriptive statistics of survivors and
nonsurvivors of sepsis from the cohort used. Table 4 shows the
characteristics of patients with sepsis stratified by training and
validation cohort.

Figure 2. Flowchart depicting the construction of the study cohort from the Nationwide Inpatient Sample (NIS) database. LASSO: least absolute
shrinkage and selection operator.
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Table 3. Characteristics of patients with sepsis in the Nationwide Inpatient Sample stratified by in-hospital survival status (N=923,759).

TotalNonsurvivors of sepsis (n=196,841)Survivors of sepsis (n=726,918)Characteristics

67.94 (16.19)70.85 (14.88)67.15 (16.44)Age (years), mean (SE)

455,464 (49.3)96,708 (49.1)358,756 (49.4)Women, n (%)

Race, n (%)

649,386 (70.3)137,807 (70)511,579 (70.4)White

143,008 (15.5)30,207 (15.3)112,801 (15.5)Black

77,560 (8.4)16,386 (8.3)61,174 (8.4)Hispanic

53,805 (5.8)12,441 (6.3)41,364 (5.7)Others

Insurance, n (%)

282,161 (30.5)60,933 (31)221,228 (30.4)Medicare

234,596 (25.4)48,838 (24.8)185,758 (25.6)Medicaid

218,087 (23.6)45,437 (23.1)172,650 (23.8)Commercial

188,915 (20.5)41,633 (21.2)147,282 (20.3)Other

Measures of acute illness severity, n (%)

195,712 (21.2)76,773 (39)118,939 (16.4)Early mechanical ventilation

72,180 (7.8)35,531 (18.1)36,649 (5)Late mechanical ventilation

437,957 (47.4)132,582 (67.4)305,375 (42)Shock

87,653 (9.5)28,691 (14.6)58,962 (8.1)Hemodialysis

126,566 (13.7)58,756 (29.8)67,810 (9.3)ICUa care (at least one day)

Underlying comorbidity, n (%)

320,996 (34.7)55,632 (28.3)265,364 (36.5)Anemia

96,439 (10.4)14,612 (7.4)81,827 (11.3)Depression

314,241 (34)57,294 (29.1)256,947 (35.3)Diabetes

29,499 (3.2)4188 (2.1)25,311 (3.5)Drug and substance abuse

239,295 (25.9)50,749 (25.8)188,546 (25.9)Chronic lung disease

229,812 (24.9)56,036 (28.5)173,776 (23.9)Congestive heart failure

527,696 (57.1)102,862 (52.3)424,834 (58.4)Hypertension

124,112 (13.4)23,856 (12.1)100,256 (13.8)Hypothyroid disease

60,060 (6.5)17,995 (9.1)42,065 (5.8)Liver disease

267,542 (29)57,171 (29)210,371 (28.9)Renal failure, chronic

19,160 (2.1)5469 (2.8)13,691 (1.9)Lymphoma

47,898 (5.2)17,109 (8.7)30,789 (4.2)Metastatic carcinomas

144,925 (15.7)27,791 (14.1)117,134 (16.1)Neurological conditions

118,889 (12.9)18,173 (9.2)100,716 (13.9)Obesity

37,483 (4.1)10,057 (5.1)27,426 (3.8)Malignant solid tumors

33,618 (3.6)6324 (3.2)27,294 (3.8)Rheumatoid arthritis or collagen vascular diseases

64,710 (7)10,955 (5.6)53,755 (7.4)Paraplegia

91,494 (9.9)22,853 (11.6)68,641 (9.4)Perivascular conditions

51,184 (5.5)6902 (3.5)44,282 (6.1)Psychiatric diseases

59,024 (6.4)15,327 (7.8)43,697 (6)Pulmonary-circulatory

194,185 (21)47,320 (24)146,865 (20.2)Weight loss

System dysfunction, n (%)

563,688 (61)129,768 (65.9)433,920 (59.7)Renal dysfunction
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TotalNonsurvivors of sepsis (n=196,841)Survivors of sepsis (n=726,918)Characteristics

413,726 (44.8)132,079 (67.1)281,647 (38.7)Cardiovascular dysfunction or shock

278,327 (30.1)116,406 (59.1)161,921 (22.3)Acute respiratory failure

213,862 (23.2)51,146 (26)162,716 (22.4)CNSb dysfunction

39,140 (4.2)20,561 (10.4)18,579 (2.6)Hepatic dysfunction

Lifestyle factors, n (%)

90,437 (9.8)15,033 (7.6)75,404 (10.4)Smoking

43,553 (4.7)10,674 (5.4)32,879 (4.5)Alcoholism

aICU: intensive care unit.
bCNS: central nervous system.
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Table 4. Characteristics of patients with sepsis in the Nationwide Inpatient Sample stratified by training and validation cohort (N=923,759).

Testing (2014)Training (2010-2013)Characteristic

Nonsurvivors of sepsis
(n=41,525)

Survivors of sepsis
(n=177,988)

Nonsurvivors of sepsis
(n=155,316)

Survivors of sepsis
(n=548,930)

70.44 (14.68)66.84 (16.37)70.96 (14.93)67.25 (16.46)Age (years), mean (SE)

20,212 (48.7)87,445 (49.1)76,496 (49.3)271,311 (49.4)Women, n (%)

Race, n (%)

29,402 (70.8)126,249 (70.9)108,405 (69.8)385,330 (70.2)White

5912 (14.2)26,074 (14.6)24,295 (15.6)86,727 (15.8)Black

3432 (8.3)15,287 (8.6)12,954 (8.3)45,887 (8.4)Hispanic

2779 (6.7)10,378 (5.8)9662 (6.2)30,986 (5.6)Others

Insurance, n (%)

13,119 (31.6)55,205 (31)47,814 (30.8)166,023 (30.2)Medicare

11,211 (27)49,151 (27.6)37,627 (24.2)136,607 (24.9)Medicaid

9050 (21.8)40,222 (22.6)36,387 (23.4)132,428 (24.1)Commercial

8145 (19.6)33,410 (18.8)33,488 (21.6)113,872 (20.7)Other

Measures of acute illness severity, n (%)

15,951 (38.4)26,221 (14.7)60,822 (39.2)92,718 (16.9)Early mechanical ventilation

6999 (16.9)7757 (4.4)28,532 (18.4)28,892 (5.3)Late mechanical ventilation

29,038 (69.9)72,412 (40.7)103,544 (66.7)232,963 (42.4)Shock

5873 (14.1)12,782 (7.2)22,818 (14.7)46,180 (8.4)Hemodialysis

11,842 (28.5)14,664 (8.2)46,914 (30.2)53,146 (9.7)ICUa care (at least one day)

Underlying comorbidity, n (%)

12,252 (29.5)64,232 (36.1)43,380 (27.9)201,132 (36.6)Anemia

3373 (8.1)21,829 (12.3)11,239 (7.2)59,998 (10.9)Depression

12,696 (30.6)65,651 (36.9)44,598 (28.7)191,296 (34.8)Diabetes

1075 (2.6)7622 (4.3)3113 (2)17,689 (3.2)Drug and substance abuse

11,199 (27)48,270 (27.1)39,550 (25.5)140,276 (25.6)Chronic lung disease

12,320 (29.7)42,863 (24.1)43,716 (28.1)130,913 (23.8)Congestive heart failure

22,923 (55.2)108,533 (61)79,939 (51.5)316,301 (57.6)Hypertension

5508 (13.3)26,352 (14.8)18,348 (11.8)73,904 (13.5)Hypothyroid disease

4199 (10.1)11,312 (6.4)13,796 (8.9)30,753 (5.6)Liver disease

12,467 (30)52,293 (29.4)44,704 (28.8)158,078 (28.8)Renal failure, chronic

1188 (2.9)3320 (1.9)4281 (2.8)10,371 (1.9)Lymphoma

3757 (9)7702 (4.3)13,352 (8.6)23,087 (4.2)Metastatic carcinomas

6092 (14.7)29,140 (16.4)21,699 (14)87,994 (16)Neurological conditions

4781 (11.5)29,023 (16.3)13,392 (8.6)71,693 (13.1)Obesity

2243 (5.4)7009 (3.9)7814 (5)20,417 (3.7)Malignant solid tumors

1426 (3.4)6926 (3.9)4898 (3.2)20,368 (3.7)Rheumatoid arthritis or collagen vascular diseases

2467 (5.9)12,944 (7.3)8488 (5.5)40,811 (7.4)Paraplegia

5119 (12.3)17,788 (10)17,734 (11.4)50,853 (9.3)Perivascular conditions

1582 (3.8)11,584 (6.5)5320 (3.4)32,698 (6)Psychiatric diseases

3702 (8.9)11,483 (6.5)11,625 (7.5)32,214 (5.9)Pulmonary-circulatory

10,138 (24.4)33,837 (19)37,182 (23.9)113,028 (20.6)Weight loss
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Testing (2014)Training (2010-2013)Characteristic

Nonsurvivors of sepsis
(n=41,525)

Survivors of sepsis
(n=177,988)

Nonsurvivors of sepsis
(n=155,316)

Survivors of sepsis
(n=548,930)

System dysfunction, n (%)

28,348 (68.3)109,080 (61.3)101,420 (65.3)324,840 (59.2)Renal dysfunction

29,015 (69.9)66,102 (37.1)103,064 (66.4)215,545 (39.3)Cardiovascular dysfunction or shock

24,398 (58.8)36,215 (20.3)92,008 (59.2)125,706 (22.9)Acute respiratory failure

12,504 (30.1)43,879 (24.7)38,642 (24.9)118,837 (21.6)CNSb dysfunction

4809 (11.6)4488 (2.5)15,752 (10.1)14,091 (2.6)Hepatic dysfunction

Lifestyle factors, n (%)

3828 (9.2)21,366 (12)11,205 (7.2)54,038 (9.8)Smoking

2591 (6.2)8854 (5)8083 (5.2)24,025 (4.4)Alcoholism

aICU: intensive care unit.
bCNS: central nervous system.

Performance Comparison
Compared with the reference logistic regression model (0.786,
95% CI 0.783-0.788), all 4 ML methods showed superior
discriminative ability (P<.001; Table 5). Of all 4 ML methods,
the deep neural network showed the highest (P<.001)
discriminative ability (0.893, 95% CI 0.891-0.895) followed
by the gradient-boosting model (0.888, 95% CI 0.886-0.889).
The AUC of the deep neural network (0.893, 95% CI
0.891-0.895) was higher than that of the Super Learner model
(0.883, 95% CI 0.881-0.885). Both LASSO (0.878, 95% CI
0.876-0.879) and random forest (0.878, 95% CI 0.877-0.880)
had an AUC that was slightly lower among the ML models but
was nevertheless superior (P<.001) to the reference logistic
model (Figures 3 and 4).

Of the ML models, the deep neural network also demonstrated
higher specificity (0.794, 95% CI 0.793-0.796) and positive
predictive value (0.484, 95% CI 0.480-0.488) while resulting
in lower sensitivity (0.826, 95% CI 0.823-0.830) and negative
predictive value (0.951, 95% CI 0.950-0.953) compared with
the xgboost model, but these differences were statistically
insignificant. The Super Learner showed similar results to our
xgboost model, with statistically lower specificity (0.769, 95%
CI 0.768-0.771) and positive predictive value (0.458, 95% CI
0.455-0.460) compared with the neural network model.
However, the neural network model showed only marginally
lower sensitivity (0.826, 95% CI 0.823-0.830) and negative
predictive value (0.951, 95% CI 0.950-0.953) compared with
the Super Learner.

The AUC-PR, recall, and precision of different ML models in
predicting sepsis mortality are shown in Figure 4 and Table 6.
The ML models showed superior AUC-PR measures
(0.636-0.681) compared with the reference logistic regression
model (0.442). In addition, being paralleled with our finding
from the AUROC, the deep neural network model showed the
highest AUC-PR (0.681) followed by the xgboost model (0.673).

Most of the models showed great calibration from a visual
representation, which shows calibration plots characterized by
visual inspection and reporting of the intercept and slope (Figure
5). The intercept’s deviation from 0 indicates the extent to which
predictions are underpredicting or overpredicting the probability
of the event of interest—sepsis mortality. All of our models
showed small departures (intercept <0.1) except for the random
forest model, which overpredicted sepsis mortality (0.245). The
random forest and neural network models slightly overpredicted
sepsis mortality, whereas the reference logistic regression,
LASSO, and xgboost models slightly underpredicted sepsis
mortality. Compared with the reference logistic regression
model, which had a slope of 1.048, LASSO (1.044), xgboost
(1.087), and the neural network model (1.096) had similar slopes
that were all close to 1. However, the random forest model
showed the largest deviation from perfect calibration (1.458).

In addition, Table 7 shows the Brier scores of all the models.
The deep neural network model exhibited the lowest Brier score
of 0.954 followed by xgboost (0.102), which is in alignment
with their high discriminatory ability. The ML models exhibited
a good range of Brier scores (0.095-0.108), all of which were
higher than those of the reference logistic regression model
(0.129).
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Table 5. Measures of model discrimination and accuracy in the validation data set (Nationwide Inpatient Sample 2014), including area under the curve
(AUC), sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV).

NPV (95% CI)PPV (95% CI)Specificity (95% CI)Sensitivity (95% CI)AUC (95% CI)Model

0.914 (0.912-0.915)0.373 (0.370-0.376)0.722 (0.720-0.774)0.708 (0.704-0.713)0.786 (0.783-0.788)Reference logistic regression
(Severe Sepsis Prediction score)

0.947 (0.946-0.948)0.468 (0.464-0.471)0.784 (0.782-0.786)0.812 (0.808-0.816)0.878 (0.876-0.879)LASSOa

0.948 (0.947-0.949)0.454 (0.451-0.458)0.771 (0.769-0.773)0.818 (0.814-0.821)0.878 (0.877-0.880)Random forest

0.952 (0.950-0.953)0.472 (0.468-0.475)0.781 (0.781-0.785)0.829 (0.826-0.833)0.888 (0.886-0.889)Xgboost

0.951 (0.950-0.953)0.484 (0.480-0.488)0.794 (0.793-0.796)0.826 (0.823-0.830)0.893 (0.891-0.895)Deep neural network

0.952 (0.951-0.953)0.458 (0.455-0.460)0.769 (0.768-0.771)0.833 (0.829-0.837)0.883 (0.881-0.885)Super Learner

aLASSO: least absolute shrinkage and selection operator.

Figure 3. Receiver operating characteristic curves of different machine learning models in predicting sepsis mortality. AUC: area under the curve;
LASSO: least absolute shrinkage and selection operator.
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Figure 4. Precision-recall curves of different machine learning models in predicting sepsis mortality. AUC: area under the curve; LASSO: least absolute
shrinkage and selection operator.

Table 6. The area under the precision-recall curve (AUC-PR), recall, and precision of different machine learning models in predicting sepsis mortality.

Precision (95% CI)Recall (95% CI)AUC-PR, mean (SD)

0.403 (0.401-0.405)0.587 (0.583-0.591)0.443 (0.003)Reference logistic regression

0.410 (0.410-0.411)0.806 (0.805-0.807)0.636 (0.001)LASSOa

0.415 (0.414-0.416)0.806 (0.805-0.807)0.653 (0.002)Random forest

0.420 (0.420-0.421)0.814 (0.813-0.816)0.673 (0.002)Xgboost

0.427 (0.426-0.428)0.815 (0.814-0.816)0.681 (0.002)Neural networks

aLASSO: least absolute shrinkage and selection operator.
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Figure 5. Calibration plots of observed versus predicted hospital mortality and associated mortality ratios by risk deciles in the development and
validation cohorts. LASSO: least absolute shrinkage and selection operator.

Table 7. Calibration measures of different machine learning models in predicting sepsis mortality.

InterceptSlopeBrier score

−0.0541.0480.129Reference logistic regression

−0.0281.0440.108LASSOa

0.2451.4580.103Random forest

−0.0921.0870.102Xgboost

0.0731.0960.0954Neural networks

aLASSO: least absolute shrinkage and selection operator.

Variable Importance of the Random Forest by Gini
Impurity and Xgboost Model by SHAP
The top 50 variables according to the variable importance of
the random forest algorithm by the Gini Impurity are shown in
Figure 6. The top 50 features with the highest mean SHAP
values of the xgboost algorithm are shown in Figure 7. SHAP

is a popular technique used to explain model predictions. SHAP
is model-agnostic, with the ability to explain any given classifier.
Lundberg and Lee [32] proposed SHAP as a united approach
to explaining the output of any ML model. Acute respiratory
failure and age were the 2 most important features from the
random forest model as well as the xgboost model, and acute
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respiratory failure was not a feature in the reference logistic
regression model. In addition, we found many diagnosis
(primary, secondary, and other) and procedure (primary and
secondary) variables to be important predictors for sepsis
mortality, which were not included in the reference logistic
regression model. To assess collinearity, variance inflation

factors of the final feature panel from SHAP were calculated
from a total cohort combining both the training and validation
cohorts. All 50 features showed variance inflation factor scores
<5 except for early mechanical ventilation and late mechanical
ventilation (Figure 8).

Figure 6. Variables of importance from random forest ranked by impurity-based variable importance. CNS: central nervous system; ICU: intensive
care unit.
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Figure 7. Variables of importance from xgboost ranked by mean Shapley Additive Explanations values (SHAP). ICU: intensive care unit.
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Figure 8. Variance inflation factor scores of top 50 variables by Shapley Additive Explanations (SHAP) values. ICU: intensive care unit; VIF: variance
inflation factor.

Logistic Regression Model Using the Same Features
as the ML Models
Moreover, Table 8 shows the performance of a logistic
regression model that used the same features as the ML models.
Overall, this logistic regression model with all features showed
a very comparable calibration performance assessed by the Brier

score (0.102) compared with those of the ML models (95% CI
0.0954-0.108). This model resulted in a slightly lower AUC-PR
(0.634) compared with the ML models (95% CI 0.636-0.681)
and a statistically lower (P<.001) AUROC of 0.857 (95% CI
0.855-0.859) compared with the ML models (95% CI
0.876-0.895).

Table 8. Performance comparison of the machine learning models with the logistic regression model with the same features.

AUC P valueAUCb (95% CI)AUC-PRa, mean (SD)Brier score

N/Ac0.857 (0.855-0.859)0.634 (0.003)0.102Logistic regression model—all features

<.001e0.878 (0.876-0.879)0.636 (0.001)0.108LASSOd

<.001e0.878 (0.877-0.880)0.653 (0.002)0.103Random forest

<.001e0.888 (0.886-0.889)0.673 (0.002)0.102Xgboost

<.001e0.893 (0.891-0.895)0.681 (0.002)0.0954Neural networks

aAUPRC: area under the precision-recall curve.
bAUC: area under the curve.
cN/A: not applicable.
dLASSO: least absolute shrinkage and selection operator.
eValues are significant at P<.001.

Later, we trained a reference logistic regression model and a
random forest model using this experiment and compared their
performance to that of our original study design. I Instead of
splitting our cohort by year, we split the training and testing
cohorts randomly to see if our findings hold true. Of the patients
from the entire data set, 75% (692,819) were assigned to the
training set, and the remaining 25% (230,940) of the samples
were assigned to the testing set. Using this approach, we
obtained AUROC of 0.765 (95% CI 0.763-0.768) from the

reference logistic regression model, whereas we observed
superior performance from a random forest model with AUROC
of 0.855 (95% CI 0.853-0.857). This finding is consistently
with the results with our original approach of splitting our cohort
by year where ML models showed superior discrimination
performance compared with the reference logistic model.

Finally, we used the Gini Impurity to calculate the variable of
importance in our random forest model. In Table 9, we present
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the results of an analysis of the top 50 most important predictive
features when a different train–test split method is used. When
our cohort was split randomly, Table 9 shows the top 50 most
important features from a random forest model. The third
column shows whether these features were also in the top 50
in the previous random forest model using the train–test
split-by-year approach (Figure 4). Of the 50 most important
features, 44 (88%) were also top features identified by the

previous random forest model using the train–test split-by-year
approach (Figure 4). Although 6 features have changed, we note
that 5 (83%) are low-ranking features with higher variability.
As a result, despite having used 2 different train–test split
approaches, the features identified and ranked in the top 50 most
important features by both models had relatively consistent
ranks (ie, the most important features were age and acute
respiratory failure).
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Table 9. Variables of importance from the random forest (random train–test split cohort).

Top 50 from previous cohortImportance rankVariable name

Yes1Acute respiratory failure

Yes2Age

Yes3Respiratory intubation and mechanical ventilation (primary procedure)

Yes4Combined comorbidity score

Yes5Shock (other diagnosis)

Yes6ICUa care (at least one day)

Yes7Cardiovascular dysfunction or shock

Yes8Other aftercare (other diagnosis)

Yes9Early mechanical ventilation

Yes10Respiratory intubation and mechanical ventilation (secondary procedure)

Yes11Shock

Yes12Late mechanical ventilation

Yes13Insurance

Yes14Hepatic dysfunction

Yes15Other liver diseases (other diagnosis)

Yes16Coma, stupor, and brain damage (other diagnosis)

No17Location or teaching status of hospital

Yes18Bacterial infection, unspecified site (other diagnosis)

Yes19Race

Yes20Urinary tract infections (other diagnosis)

Yes21Pneumonia (except that caused by tuberculosis or sexually transmitted disease; other diagnosis)

Yes22Other gastrointestinal disorders (other diagnosis)

Yes23Joint disorders and dislocations, trauma-related (secondary diagnosis)

Yes24Acute and unspecified renal failure (other diagnosis)

Yes25Residual codes, unclassified (other diagnosis)

Yes26Aspiration pneumonitis and food or vomitus (other diagnosis)

Yes27Secondary malignancies (other diagnosis)

Yes28Anemia

Yes29Renal dysfunction

Yes30Other nervous system disorders (other diagnosis)

Yes31Other nutritional, endocrine, and metabolic disorders (other diagnosis)

Yes32Coagulation and hemorrhagic disorders (other diagnosis)

Yes33Other injuries and conditions because of external causes (other diagnosis)

Yes34Cardiac dysrhythmias (other diagnosis)

Yes35Insertion, replacement, or removal of extracranial ventricular shunt (primary procedure)

Yes36CNSb dysfunction

Yes37Sex

Yes38Hemodialysis

Yes39Diabetes

Yes40Septicemia (except in labor; other diagnosis)

Yes41Nutritional deficiencies (other diagnosis)
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Top 50 from previous cohortImportance rankVariable name

Yes42Hypertension

Yes43Administrative or social admission (other diagnosis)

No44Allergic reactions (other diagnosis)

No45Pleurisy, pneumothorax, and pulmonary collapse (other diagnosis)

Yes46Metastatic cancer

Yes47Weight loss

No48Deficiency and other anemia (other diagnosis)

No49Delirium, dementia, and amnestic and other cognitive disorders (other diagnosis)

No50Coronary atherosclerosis and other heart disease (other)

aICU: intensive care unit.
bCNS: central nervous system.

Discussion

Principal Findings
In this study, we applied 5 ML algorithms (LASSO, random
forest, xgboost, deep neural network, and Super Learner) using
variables from a national administrative database to predict
in-hospital mortality in a sepsis cohort identified using the
previously validated Martin implementation. The AUROCs of
the ML models were in the excellent range (95% CI
0.877-0.895), supporting our ML models’ superior ability to
discriminate mortality of patients with sepsis compared with
the reference logistic regression model (95% CI 0.783-0.788).
The ML models also showed superior AUC-PR measures (95%
CI 0.636-0.681) compared with the reference logistic regression
model (0.442). Among them, the models based on deep neural
networks and xgboost outperformed the others in predicting
sepsis mortality. To our knowledge, this is the first study to
apply advanced ML models to predict sepsis mortality based
on an administrative database.

It is important to distinguish between the 2 complementary uses
of sepsis mortality risk prediction as they are distinct in their
design and overall goals. EMR-integrated sepsis mortality
prediction models are designed for use at the point of care to
risk-stratify patients for clinical decision-making in the intensive
care unit or emergency department [9-19]. However, unless
proprietary systems are purchased, legal, technical, and financial
barriers make it nearly impossible to extract the necessary
clinical data from different EMR systems to assess performance
across hospitals and states. In contrast, sepsis mortality
prediction models based on administrative claims databases,
which are available nationally, are designed to compare expected
and actual sepsis mortality [20-24]. The latter was the focus of
this study.

To date, traditional regression analyses have been applied to
administrative data sources. Logistic regression of data ranging
from single-center databases to regional and national databases
has been used to predict sepsis mortality based on administrative
data. Lagu et al [20] achieved an AUC of 0.78, Ford et al [21]
achieved an AUC of 0.838, König et al [22] achieved an AUC
>0.8, Schwarzkopf et al [24] achieved an AUC of 0.74, and
Rhee et al [23] achieved an AUC of 0.776. In contrast to our

approach, the aforementioned studies largely used traditional
statistical models and did not use a validated Martin or Angus
implementations approach to identify patients with sepsis.
Moreover, they did not use the national inpatient database of
the United States, which is the largest data set of US hospitalized
patients. Recently, ML models have been applied to predicting
sepsis mortality. Although some of them showed excellent
performance, most of them were designed for point-of-care
clinical application using the local EMR. In 2 previous studies
using support vector machines, Ribas et al [12] achieved an
AUC of 0.80, and Tsoukalas et al [13] obtained an AUC of 0.61.
Taylor et al [14] used 500 clinical variables with a random forest
model, which resulted in an AUC of 0.86. The study by Perng
et al [15] used a support vector machine, k-nearest neighbor,
random forest, and softmax with different extraction methods
and achieved an AUC of 0.94. Kwon and Baek [16] used
gradient boosting and random forests, achieving an AUC of
0.86. These ML algorithms were based on the local EMR
database and may not be generalizable to other hospitals because
of the case mix. By contrast, our ML models were based on a
national administrative database with maximal generalizability
[41].

As sepsis represents a major driver of cost and health care
burden in the United States [4], improvement in sepsis care
quality has been an important challenge. Considering the
heterogeneous nature of sepsis, the calculation of sepsis
risk-standardized mortality rates (RSMRs) is of great importance
in measuring sepsis care quality across hospitals. Few relevant
studies have been conducted based on a nationwide
administrative database [23], and there remains much room for
improved accuracy. Although hospital 30-day RSMRs for acute
myocardial infarction, heart failure, and pneumonia have been
reported by the Centers for Medicare and Medicaid Services
[42], RSMRs for sepsis have not been well-characterized.
Calculation of RSMR is important as identification of gaps
between a facility’s RSMR and those of the state or nation’s
highest-performing hospitals can lead hospital administrators,
government policy makers, and other stakeholders to identify
differences in practice and take action to improve sepsis care
quality [43,44]. Disclosing discrepancies in RSMR also serves
to reduce the asymmetry of information between consumers
and health care providers and may spur market forces toward
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a more efficient allocation and distribution of health care
resources to improve care [45]. To calculate RSMR across
hospitals, our ML models were the first step in developing
accurate models.

We believe that our mortality prediction model is an important
tool that can be applied in health care research, quality
improvement, and health policy making. However, our results
should be interpreted with several limitations. First, any
variation in the quality of coding in administrative data might
affect the reliability of our study, including payment-related
incentives for coding, over- or undercoding of conditions or
risk factors, inconsistencies in coding practices between
hospitals, and new technologies applied in sepsis care [46-48].
Second, the Martin implementation with which we extracted
the sepsis cohort has been criticized for the less stringent use
of septicemia and the omission of immunologic and
coagulopathic organ dysfunction [30]. Third, we used in-hospital
mortality as an outcome in our study and excluded patients who
were transferred between hospitals. Consequently, those
transferred against medical advice or to short-term hospitals
were not counted. Whether this focus on in-hospital mortality
could be biased by the hospital discharge policy warrants further
investigation [49]. Fourth, some sepsis-related local
characteristics such as local disease prevalence cannot be
captured in a nationwide claim-based database. Thus, these
variables could not be modeled and might influence our
comparison results. Fifth, despite the excellent performance of
the ML models, they suffer from varying degrees of
explainability issues, and the inferences about variables
(especially those that are clinically modifiable) tend to be more
challenging [50]. Sixth, our model cannot be continuously
updated because of the recent policy change of the NIS to
eliminate state and hospital identifiers. As there is a time lag of
>6 years, further research is needed to refine and update our
ML models. However, the results of our training and validating
analyses suggest that the accuracy of our model may not be
significantly affected by time. Seventh, despite strong
discrimination and performance, the data set used in this study
was highly imbalanced, consisting of many more surviving

patients. For future studies, one should consider down-sampling
the survivor group to have a balanced data set before training
the models and comparing the model performance. Eighth,
although the non-ML logistic regression model using the same
set of features as the ML models suffered from a statistically
lower (P<.001) AUROC of 0.857 (95% CI 0.855-0.859), as
documented in Table 8, some clinicians may prefer to use a
model with easier interpretability, a drawback of the
multilayered deep neural networks [51]. Ninth, the training and
testing cohorts were split by year in this study to better capture
the cyclic seasonal change in infection. The randomness of the
training and testing cohort splitting could be compromised.

Nevertheless, our study has multiple strengths. First, we
demonstrated the strength of ML models in predicting sepsis
mortality in an administrative database. Second, the data we
used were from a sepsis cohort extracted using a validated
approach from the NIS database, which is a large, standardized,
nationwide database representative of US community hospitals.
Third, the variables used in our models are easily accessible
across different hospitals, thus having great generalizability.
Fourth, our large sample size enabled our ML models to discover
complex multi-way interactions and nonlinear relationships
between the predictors and outcomes, prompting further
investigations for other clinical researchers. Fifth, to increase
the reproducibility and usability of this research on sepsis care
and mortality, we also generated a web-based application that
will allow peer investigators to obtain predicted 30-day sepsis
mortality calculations.

Conclusions
In conclusion, our study demonstrates the value of ML models
in predicting sepsis mortality in an administrative database as
they are able to achieve higher discrimination and calibration.
Knowledge of these ML models paves the way for the
development of more accurate models to compare RSMRs
across hospitals and geographic regions. This represents the
first study to use an ML approach to improve the prediction of
sepsis mortality in the NIS.
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Abstract

Background: Data journey modeling is a methodology used to establish a high-level overview of information technology (IT)
infrastructure in health care systems. It allows a better understanding of sociotechnical barriers and thus informs meaningful
digital transformation. Kidney transplantation is a complex clinical service involving multiple specialists and providers. The
referral pathway for a transplant requires the centralization of patient data across multiple IT solutions and health care organizations.
At present, there is a poor understanding of the role of IT in this process, specifically regarding the management of patient data,
clinical communication, and workflow support.

Objective: To apply data journey modeling to better understand interoperability, data access, and workflow requirements of a
regional multicenter kidney transplant service.

Methods: An incremental methodology was used to develop the data journey model. This included review of service documents,
domain expert interviews, and iterative modeling sessions. Results were analyzed based on the LOAD (landscape, organizations,
actors, and data) framework to provide a meaningful assessment of current data management challenges and inform ways for IT
to overcome these challenges.

Results: Results were presented as a diagram of the organizations (n=4), IT systems (n>9), actors (n>4), and data journeys
(n=0) involved in the transplant referral pathway. The diagram revealed that all movement of data was dependent on actor
interaction with IT systems and manual transcription of data into Microsoft Word (Microsoft, Inc) documents. Each actor had
between 2 and 5 interactions with IT systems to capture all relevant data, a process that was reported to be time consuming and
error prone. There was no interoperability within or across organizations, which led to delays as clinical teams manually transferred
data, such as medical history and test results, via post or email.

Conclusions: Overall, data journey modeling demonstrated that human actors, rather than IT systems, formed the central focus
of data movement. The IT landscape did not complement this workflow and exerted a significant administrative burden on clinical
teams. Based on this study, future solutions must consider regional interoperability and specialty-specific views of data to support
multi-organizational clinical services such as transplantation.

(J Med Internet Res 2022;24(4):e31825)   doi:10.2196/31825
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Introduction

Data journey modeling is an emerging methodology developed
to help understand the sociotechnical challenges and boundaries
of data movement as part of digital transformation [1,2]. It has
been used successfully to identify risks and costs of information
technology (IT) projects within health care systems, such as the
United Kingdom National Health Service (NHS) [3].
Specifically, data journey modeling provides a high-level
overview of data entities, IT systems, manual processes, and
organizations associated with a clinical service. It is a
cross-collaborative methodology bridging health informaticians
and clinical domain experts with the aim of producing a
conceptual overview of the IT infrastructure pertinent to a
clinical service. This allows a better understanding of how
services are delivered from a data-centric perspective and helps
inform meaningful solutions. As such, data journey modeling
has been shown to identify opportunities for improving
operational efficiency, data management, and patient safety,
among other potential benefits [3]. The purpose of this study
was to apply data journey modeling to a specific clinical use
case, kidney transplantation, that was planning to undergo digital
transformation.

Kidney transplantation is a regional, multi-organizational clinical
service [4]. It is delivered at large university hospitals (in
transplant centers), which receive patients from neighboring
renal referral units. This hub-and-spoke model allows a wide
geographical area to be covered and is similar to other specialist
services, such as cancer, genetics, and vascular services. The
patient journey in transplantation is complex and requires the
capture of large volumes of heterogeneous clinical data. Multiple
clinical teams are involved, and patients naturally cross
organizational boundaries as they transition from declining
kidney function to kidney failure and ultimately to kidney
transplantation. Data capture during this patient journey requires
meticulous administration to prevent delays and bottlenecks
[5]. However, managing high-volume, complex clinical data
across organizations is time consuming and error prone and
incurs significant administrative costs. The 2014 United
Kingdom Transplant First initiative recognized this, singling
out “inefficient use of technology and administrative support”
as one of the key barriers to timely transplantation [6]. The
American Journal of Transplantation further highlighted the
impact of the lack of integration of hospital-wide electronic
patient records (EPRs) on kidney transplant care [7].

Owing to the aforementioned reasons, transplantation is a
clinical area that will benefit from digital solutions to improve
the management and flow of data. Health IT has been shown
to successfully achieve these intended benefits; however, novel
interventions are often marred by non-adoption and failure. [8].
A lack of understanding of the technical and organizational
context for change is one of the key factors limiting success
[9,10]. Further barriers exist due to a lack of consideration of
the social aspect of interventions, which rely on human input
and are therefore affected by resistance to change and failure

to share perceived benefits with end users [11]. New
interventions are often developed without including end users
in the requirement-gathering process, and as a result, solutions
are unsuccessful at achieving their intended benefits [1,12]. In
an effort to successfully overcome these challenges, data journey
modeling was identified as a methodology to understand the
current IT infrastructure and involve domain experts in
developing potential solutions.

The transplant referral process is an integral part of the overall
transplant patient journey. It depends on the capture of data
from various internal and external sources at the transplant
center, concluding with the patient being registered on the
national organ waiting list. This study aims to understand this
process from a data journey perspective. Specific objectives
were to (1) map the data management processes, including the
role of IT support in a regional transplant network, (2) identify
challenges and categorize them based on established
frameworks, and (3) use the resulting findings to suggest
potential solutions.

Methods

Overview
We followed an iterative and incremental approach to build the
data journey model with input from clinical and administrative
domain experts. We used the modeling process to identify
potential challenges to data management and validated the final
version of the model with domain experts who were not involved
in the original modeling.

Context
The context for our study was the transplant center at the
Manchester University NHS Foundation Trust (Manchester,
United Kingdom). It is the largest kidney transplant center in
the United Kingdom [13], receiving patients from 2 further
regional renal referral units (Royal Salford NHS Foundation
Trust and Lancashire Teaching Hospitals NHS Foundation
Trust). The transplant center registers around 300 new patients
on the national transplant waiting list every year. Patients are
also under the care of a local general practice, which maintains
long-term well-being through community-based medical care.

Each referral includes several hospital visits, medical tests, and
clinical assessments. Multiple health care professionals are
involved at different stages of the pathway. Data capture along
the pathway is undertaken on a Microsoft Word (Microsoft Inc)
document called the “listing form.” Various sections of the
listing form are populated with patient data by members of the
clinical team at multiple clinical time points. The captured data
include routine health care data, such as medical history, test
results, and examination findings. A complete and accurate
listing form is required to assess the fitness of patients for
transplantation and to permit registration on the national waiting
list. Once the form is completed and the patient is deemed
suitable for transplantation, the form is sent to the transplantation
laboratory for registration (Figure 1).
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Figure 1. Data management in the transplant referral pathway is based on the transplant listing form.

Data Journey Modeling
Data journey modeling had 3 steps, summarized in Figure 2.
The aim was to establish which IT systems contained
transplant-related data, which organizations were involved in
delivering the service, and which individuals delivered direct
care or administration (ie, which individuals were actors), and
to understand the interactions of the actors with the systems.
This would provide a comprehensive overview of the IT

infrastructure, the processes undertaken to extract and store
data, and the data journeys, as part of the referral pathway. We
then analyzed the results using an established framework, which
was developed alongside data journey modeling, to help
characterize our findings and draw meaningful conclusions [1].
Finally, we evaluated the final version of the model and our
findings from the modeling process with domain experts who
were not originally involved in developing the methodology.

Figure 2. Summary of data journey modeling steps with associated output of each step.

Document Review
We reviewed local written protocols pertaining to deceased
donors, living donors, and transplant recipient pathways at the
transplant center. We extracted all data entities routinely
expected to be captured on the listing form and cross-referenced

which IT systems these items were stored in. We identified
which other health care organizations were involved in
delivering the service and drew their boundaries. Finally, we
established which actors played a role in the referral pathway
within the transplant center. With this information, we designed
a baseline iteration of the data journey model that demonstrated
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the technical and organizational infrastructure but was still
missing the actors and data journeys. We used Lucidchart
software (Lucid Software, Inc), a web-based diagram and visual
design application, to draw our model iterations.

Domain Expert Interviews
We conducted informal interviews and held small group
meetings with domain experts working at the transplant center
to gather information needed to further develop the model. We
defined a domain expert as any member of the clinical or
administrative team that was involved in direct patient care or
back-office management of transplant-related data. We ensured
this covered all the necessary actors identified through document
review and the baseline iteration of the model. We spoke with
4 transplant coordinators, 2 nephrologists, 2 surgeons, 1
transplant assessment nurse, 2 secretaries, and 1 laboratory
administrator. Domain expert interviews provided information
on the processes used to extract and store data and the data
journeys between IT systems and across organizational
boundaries. Meetings lasted between 15 and 60 minutes; we
kept written records of these meetings to increase accuracy and
recall.

Iterative Modeling
We followed an Agile-inspired method to develop the model,
based on an incremental approach. Agile is an adaptive project
methodology that relies on continuous collaboration with
stakeholders to change the output based on feedback and
repeated cycles of review [14,15]. It has been shown to
successfully accomplish goals in health care projects and is well

suited to the development of a model that depends on embedding
feedback from domain experts to iterate a final version [16].

We modeled the processes that the various actors undertook in
their work to deal with the key data entities and either capture
and store or move data from one system to another. A total of
5 iteration sessions were held with the data journey modeler
and domain experts to create the final model for analysis.

Analysis and External Evaluation
We used the LOAD framework to analyze the final version of
the data journey model and categorize our findings. LOAD
stands for “landscape, organization, actors, and data,” each
denoting a dimension of IT as part of a clinical service (Figure
3) [1]. Using the LOAD framework ensured we comprehensively
analyzed the model and associated data journeys, allowing us
to identify technical barriers, such as lack of systems
interoperability, and social challenges, such as manual
work-arounds.

We then externally evaluated the final model by conducting
semistructured interviews with domain experts who were not
directly involved with model development. Interviewees
included 2 transplant coordinators, 1 transplant surgeon, and 1
nephrologist. We presented them with the model and asked
them if it accurately reflected the clinical workflow and data
management processes at the transplant center. We prompted
them to consider elements of the LOAD framework and think
about how time spent on data management impacted delivery
of the service and patient experience. The meetings typically
lasted 30 minutes and were recorded in the form of research
notes.

Figure 3. LOAD framework. LOAD: landscape, organizations, actors, data.
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Results

Baseline Iteration of the Data Journey Model
Based on the document review, we established the basic
elements of our model. There were four organizations
contributing patient data pertinent to delivering the service: 1
transplant center, 2 referring centers, and 1 general practice
clinic. Within the transplant center, we identified 6 IT systems
that held data related to the transplant referral pathway (Table
1). There were also several external IT systems outside of the
organizational boundary of the transplant center that contained
pertinent data. These were systems at general practice clinics
containing medical history and medication data and systems at
other trusts containing local medical history and results. As we
did not map IT systems at other organizations in detail, we

denoted them as a single IT system, although each organization
may have had multiple systems in use. Finally, once data
collection along the clinical pathway was complete, the data
were transferred through a web-based system called Organ
Donation and Transplantation Online (developed in-house by
NHS Blood and Transplant) to register the patient on the
national waiting list.

We identified a total of 4 actors that played a role in managing
clinical data: clinicians, transplant coordinators, secretaries, and
administrators. The term “clinician” referred to multiple
specialists, including nephrologists, surgeons, and transplant
assessment nurses. However, as their roles were similar from a
data perspective, we denoted them as “transplant clinicians” for
the purposes of our model. Figure 4 demonstrates the output of
document review and the first iteration of the data journey
model.

Table 1. Summary of all information technology systems at the Manchester University NHS Foundation Trust, their suppliers, and their clinical data
management purposes. NHS: National Health Service; EPR: electronic patient record.

PurposeSupplierSystem

Correspondence/resultsIn-houseChameleon EPR

Ordering testsCliniSys GroupIntegrated Clinical Environment

General radiologyGeneral Electric Co.Picture Archiving and Communication System

Renal history/dialysis detailsConstellation Kidney GroupClinicalVision 5

Cardiovascular imagingPhilips NVxCELERA

Transplant listing formMicrosoft Inc.Shared drive
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Figure 4. Baseline iteration of data journey model demonstrating information technology systems, organizational boundaries, and actors. CV5: Clinical
Vision 5; EPR: electronic patient record; GP: general practice; ICE: integrated clinical environment; IT: information technology; NHS: National Health
Service; NHSBT ODT: National Health Service Organ Donation and Transplantation; PACS: picture archiving and communication system; Tx: transplant.

Final Data Journey Model
The baseline model and domain expert interviews iteratively
informed actor interactions and data journeys, which were added
to the model to create the final version. The organizations were
rearranged, placing the transplant center at the center of the
model and the other organizations around it. There were no
direct data journeys between IT systems within the transplant
center or between systems across organizational boundaries. It
became clear that the shared drive was the central focus of data

management. This was an in-house solution resulting from the
need to centrally capture and view clinical data; this need was
not being met by existing systems. To complete the workflow,
a minimum of 12 separate actor interactions with IT systems
were necessary. Actors had the following minimal number of
interactions with the IT systems: clinicians, 5 interactions;
coordinators, 3 interactions; secretaries, 2 interactions; and
administrators, 2 interactions. The final data journey model is
shown in Figure 5.
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Figure 5. Final data journey model, demonstrating the information technology landscape and data journeys in kidney transplant referral. CV5: Clinical
Vision 5; EPR: electronic patient record; GP: general practice; ICE: integrated clinical environment; IT: information technology; NHS: National Health
Service; NHSBT ODT: National Health Service Organ Donation and Transplantation; PACS: picture archiving and communication system; Tx: transplant.

LOAD Analysis
The final data journey model and feedback from external
evaluation by domain experts allowed us to analyze findings
based on the LOAD dimensions.

Landscape
The overall landscape demonstrated the complexity of the
transplant referral pathway from a data perspective. The IT
systems were not developed for the needs of the transplant
service and have not been updated as the requirements have
changed over time. A lack of interoperability across
organizational boundaries raised data governance issues, and it
was unclear whether data sharing between the organizations
were the result of formal agreements. There was no IT system
that provided a unified view of transplant data, which resulted
in a work-around solution in the form of Microsoft Word
documents and shared drives. This has led to a landscape where
human actors, rather than IT systems, form the central focus of
data movement.

Organizations
Key data were mainly stored internally within the transplant
center’s organizational boundary. Patient data, such as results
of investigations not undertaken at the center, were stored
externally at referral units and general practices. There were no
direct data journeys from IT systems at external organizations
to the transplant center; this data was typically transferred via
post, email, or fax to the transplant coordinators. They then

manually scanned paper-based data and saved it to the shared
drive alongside other electronic data. We found that two-thirds
of the patients going through the pathway were from external
referral units. This meant that for the majority of patients
registered on the waiting list, there were no up-to-date clinical
data at the transplant center. All interviewees reported that this
posed a significant challenge to clinical workflow. Time was
spent chasing down data from referral units and there were
frequent delays due to the need for repeated requests. An
additional social challenge was the lack of accountability, with
clinical staff being unclear who was responsible for data being
updated and accurate: the transplant center or the referral units.

Actors
Data journeys were wholly dependent on actor interaction with
IT systems and manual transcription of data. Key data was
stored across multiple IT systems, which led to loss of efficiency
as clinicians had to log in multiple times to view and extract
data. Only 2 actor groups were able to interact with the shared
drive, which meant that in their absence a patient would not be
able to progress along the listing pathway. Domain experts
reported that this created a bottleneck for the overall data
journey and resulted in patient delays. Due to the impracticality
of switching between multiple applications to access and
transcribe data, actors reported using heuristic work-arounds,
such as the use of 2 devices (eg, laptop and desktop). However,
from interviews it emerged that there was variation in digital
aptitude, and actors reported a range of experiences of
interacting with the systems.
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Data
We found that the listing form included a total of 247 data fields
that needed to be populated. All required data were stored in
the 5 IT systems of the transplant center and in the systems of
the general practice or referral centers. There were no data
journeys between IT systems or from systems to the transplant
shared drive. To move data to the shared drive, clinicians had
to access the different systems and transcribe (ie, type) clinical
data into the relevant fields and save the form in the designated
shared folder. The file name was saved as the patient’s first and
last name. All data required to populate the form were in
electronic format. Data were directly transcribed without any
clinical expertise required for transformation or manipulation.
Domain expert interviews revealed that transcription errors and
incomplete data fields were a source of both patient risk and
delays in the listing pathway. There was also no current way of
confirming data accuracy or obliging data completion.
Interviewees further expressed their frustration at the
time-consuming nature of the tasks, which detracted from time
spent with patients.

Risk Mitigation Strategies
The above findings suggest that a regional solution with an
agreed data sharing and governance contract would help mitigate
the risks of the current fragmented landscape. A need has
emerged for a central clinical data repository with a user
interface accessible at the transplant center and referral units.
Considering the range of multi-disciplinary actors involved in
the transplant referral pathway, the user interface will have to
be adaptable and easy to operate in order to lower barriers to
adoption. Technically, such a solution would benefit from being
web based and from using cloud storage to provide security and
safe access across organizational boundaries. Interoperability
and open data standards would underpin this integration of data
across IT systems. Critically, a deep understanding of needs
and requirements, as provided through the results of this study,
should drive the development of solutions to achieve the
intended benefits. This also holds true for health IT projects in
other clinical domains, demonstrating the value of this
methodology.

Discussion

Principal Findings
This study applied data journey modeling to evaluate the kidney
transplant referral pathway and successfully identified the data,
IT systems, actors, and organizations involved, as well as the
relationship between them. This has provided an overview of
the data landscape and highlighted the complexity of data
administration, as well as the lack of data flow. We found that
clinical staff must undertake cumbersome manual processes to
summarize and visualize data from multiple IT systems.
Work-arounds have been created in the absence of a meaningful
solution to address the needs and requirements of the clinical
workflow. The lack of interoperability and central access to
relevant data increases the effort and time required to complete
transplant referral, which can delay patients’ registration on the
transplant list.

Relation to Other Studies
This is the first study to apply data journey modeling to
transplant services. Previous studies have highlighted the
complexity of kidney transplantation from a clinical
management perspective. These recommended the use of IT
solutions, such as business process management technology, to
lower management costs [17]. Our study has established the
dependence on manual processes to administer data, which is
likely to incur management costs. The current data landscape
strictly serves a documentation process, and does not provide
any process support. Experience across the European Union
shows that contemporary IT systems and EPR systems must
provide functionality beyond data capture to better support the
needs of clinical services [18].

This study found that data journeys in the transplant pathway
naturally crossed specialty and organizational boundaries.
However, with the absence of interoperability there was a
dependence on actor interaction to share data. In other clinical
areas, access to data across organizational boundaries continues
to be a significant challenge [19]. The introduction of a national
EPR system in Finland has facilitated implementation of digital
pathways across nephrology and transplantation [20]. However,
larger nations with more heterogeneous populations and
geographical variations face challenges in harmonizing
fragmented health care data [21]. Data journey modeling, such
as that performed in this study, confirms that interoperability
remains one of the key barriers to meaningful digital
transformation.

Implications for Practice and Future Concepts
Data journey modeling showed that during the referral pathway,
clinicians are not required to transform or manipulate any data
in order to complete the form—thus the IT challenge is one of
summarizing and viewing relevant information in a format that
allows seamless and enhanced clinical decision-making. In the
United Kingdom, general practices recognize the value of early,
customized viewing of clinical data, and primary-care IT
systems are more intuitive for clinicians’ use [22]. However,
in the hospital setting, a paradox exists in which IT systems
commonly detract from patient contact due to dependence on
user interaction to view data [23,24]. An early study by Zeng
et al [25] evaluated concept-oriented views of clinical data
versus traditional chronological presentation of data, such as in
current EPRs. They demonstrated that visualizing data in their
clinical context, such as the disease or organ system, reduced
information overload and increased the accuracy of data
retrieval. Based on the data fields identified in this study, for
kidney transplantation this would include presenting a
single-screen summary of relevant demographics, as well as
medical and social history, with details pertinent to dialysis and
previous surgeries. This would allow clinicians to focus on the
patient at the time of an encounter, and add relevant clinical
details not previously recorded in any IT system to the patients'
record, such as residual urine output, exercise tolerance, or
examination findings [26].

Findings from this study highlight the technical requirements
for a transplant-specific solution with a regional, integrated data
store that spans the relevant organizations with an application
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processing interface that meets the needs and requirements of
the clinical workflow (Figure 6). Separate data and application
layers for health care IT may help overcome current
interoperability barriers and enable development of modular
service-specific solutions [27]. Centralized clinical data
repositories may facilitate application of model-view-controller
software development, giving individual clinical areas the
opportunity to design views to suit their context [28]. Semantic
interoperability across systems allows data to be readily

exchanged, analyzed, and interpreted, and is a prerequisite for
meaningful digital transformation. In contrast, digital data stored
in isolated databases not only slows down medical progress,
but also limits technological innovations such as real time
analytics and the reuse of data for research. [19,26]. Solutions
such as Fast Healthcare Interoperability Resources protocols
and OpenEHR archetypes may address these challenges going
forward, but development is still required before widespread
adoption [29,30].

Figure 6. Conceptual overview of a proposed solution including a regional integrated data repository with a web-based clinical user interface. CV5:
Clinical Vision 5; EPR: electronic patient record; GP: general practice; ICE: integrated clinical environment; IT: information technology; NHS: National
Health Service; NHSBT ODT: National Health Service Organ Donation and Transplantation; PACS: picture archiving and communication system; Tx:
transplant.

The Healthcare Information and Management Systems Society
has defined digital maturity of individual health care providers
based on capabilities, interoperability, and governance [31].
However, due to the multicenter nature of transplant services,
we found that digital maturity was limited by the least mature
organization that formed part of delivering the service. Thus,
even if the transplant center had an advanced and unified EPR
system, the fact that patients were referred by other
organizations unable to share data implied that clinical processes
could not be adequately supported. Evaluating the potential
impact of any novel solution should therefore be undertaken
using interoperability frameworks [32]. In addition, capturing
quantitative data, such as the time taken to be added to the
transplant waiting list, could provide a measure of impact.

Across health care, clinical data remains constrained to
organizational boundaries, and new EPR procurement does not
actively consider regional workflow or data sharing, reinforcing
vendor lock-in [33]. In response to this, NHS England launched
the “Local Health and Care Record Exemplars,” a project tasked
with increasing clinical information sharing across primary,
secondary, and social care within a region [34,35].
Transplantation may be an excellent use case for such
interoperability initiatives to demonstrate value to clinicians,

policy-makers and, crucially, patients. Linked data will provide
the basis for learning health systems that are intuitive to their
populations’ needs and inform timely interventions to improve
long-term health and social care outcomes. [36,37].

Limitations of This Study
A number of other models to evaluate health IT infrastructure
exist. The data journey model and LOAD framework have been
developed based on the UK health care context and were chosen
as the most appropriate tools to use [38]. However, they have
not been widely applied in other clinical areas, potentially
because they rely heavily on domain expertise to provide input
during the modeling process. In our case, the study was led by
a clinical research fellow who was able to help bridge the gap
between the clinical and academic stakeholders. Finally, this
study looked at only a single regional transplant center. This
leaves it unknown to what extent our findings would translate
to other regions, warranting further investigation.

Conclusion
Complex clinical care pathways must be fully understood to
allow meaningful solutions to be presented as part of digital
transformation initiatives. Data journey modeling successfully
provided valuable sociotechnical factors for health IT in kidney

J Med Internet Res 2022 | vol. 24 | iss. 4 |e31825 | p.782https://www.jmir.org/2022/4/e31825
(page number not for citation purposes)

Sharma et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


transplantation. It highlighted how a lack of interoperability led
to time-consuming manual interaction with multiple systems
to summarize data for transplant referral. Data crossed multiple
organizational boundaries, and all movement of data depended
on actor interaction, even though no data were transformed or

manipulated. Future solutions must consider regional
interoperability, bespoke systems that meet clinical
requirements, and automated processes that free clinical staff
from administrative burdens.
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Abstract

Background: Web-based reviews of physicians have become exceedingly popular among health care consumers since the early
2010s. A factor that can potentially influence these reviews is the gender of the physician, because the physician’s gender has
been found to influence patient-physician communication. Our study is among the first to conduct a rigorous longitudinal analysis
to study the effects of the gender of physicians on their reviews, after accounting for several important clinical factors, including
patient risk, physician specialty, and temporal factors, using time fixed effects. In addition, this study is among the first to study
the possible gender bias in web-based reviews using statewide data from Alabama, a predominantly rural state with high Medicaid
and Medicare use.

Objective: This study conducts a longitudinal empirical investigation of the relationship between physician gender and their
web-based reviews using data across the state of Alabama, after accounting for patient risk and temporal effects.

Methods: We created a unique data set by combining data from web-based physician reviews from the popular physician review
website, RateMDs, and clinical data from the Center for Medicare and Medicaid Services for the state of Alabama. We used
longitudinal econometric specifications to conduct an econometric analysis, while controlling for several important clinical and
review characteristics across four rating dimensions (helpfulness, knowledge, staff, and punctuality). The overall rating and these
four rating dimensions from RateMDs were used as the dependent variables, and physician gender was the key explanatory
variable in our panel regression models.

Results: The panel used to conduct the main econometric analysis included 1093 physicians. After controlling for several clinical
and review factors, the physician random effects specifications showed that male physicians receive better web-based ratings
than female physicians. Coefficients and corresponding SEs and P values of the binary variable GenderFemale (1 for female
physicians and 0 otherwise) with different rating variables as outcomes were as follows: OverallRating (coefficient –0.194, SE
0.060; P=.001), HelpfulnessRating (coefficient –0.221, SE 0.069; P=.001), KnowledgeRating (coefficient –0.230, SE 0.065;
P<.001), StaffRating (coefficient –0.123, SE 0.062; P=.049), and PunctualityRating (coefficient –0.200, SE 0.067; P=.003). The
negative coefficients indicate a bias toward male physicians versus female physicians for aforementioned rating variables.

Conclusions: This study found that female physicians receive lower web-based ratings than male physicians even after accounting
for several clinical characteristics associated with the physicians and temporal effects. Although the magnitude of the coefficients
of GenderFemale was relatively small, they were statistically significant. This study provides support to the findings on gender
bias in the existing health care literature. We contribute to the existing literature by conducting a study using data across the state
of Alabama and using a longitudinal econometric analysis, along with incorporating important clinical and review controls
associated with the physicians.

(J Med Internet Res 2022;24(4):e31659)   doi:10.2196/31659

J Med Internet Res 2022 | vol. 24 | iss. 4 |e31659 | p.786https://www.jmir.org/2022/4/e31659
(page number not for citation purposes)

Saifee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:matthew.hudnall@ua.edu
http://dx.doi.org/10.2196/31659
http://www.w3.org/Style/XSL
http://www.renderx.com/


KEYWORDS

web-based physician reviews; gender; gender bias; patient perception; Alabama; patient risk

Introduction

Background
Web-based reviews of physicians have been gaining significant
popularity among health care consumers or patients over the
past 2 decades. Some examples of popular websites for
web-based physician reviews are RateMDs [1], Vitals [2], and
HealthGrades [3]. The prominence of these reviews is enhanced
as the health care landscape in the United States becomes more
patient-centric. Patients are becoming more involved in the
management of their own health care. Although the review
websites were initially popular among certain demographics
[4], over time, they have gained significant popularity across a
substantial portion of patient population. In fact, a recent survey
of web-based physician reviews found that approximately 95%
of the respondents viewed web-based reviews to be somewhat
reliable or very reliable, and approximately 70% of respondents
said that their choice of a physician was affected by the ratings
or reviews on web-based physician review websites [5].

The literature on web-based reviews of physicians has been
growing in the past 10 years. Using data from the United States
and other countries, numerous studies have examined the content
and valence of web-based physician or hospital reviews and the
factors that could explain their variance [6-15]. A substream of
this literature examined the relationship between the clinical
outcomes or performance of physicians and their web-based
reviews. The results were quite mixed [13]. Some studies have
found a statistically significant association between physicians’
clinical performance and their web-based reviews [16-18]. On
the other hand, some studies have found that physicians with
better clinical practices or outcomes do not receive better
web-based reviews [19-21].

Another substream has investigated the influence of web-based
physician reviews on patients’ choices. There has been a
significant interest among health care researchers and
practitioners in the health care consumers’ awareness of
web-based physician reviews [22]. Several studies have
investigated whether web-based physician reviews impact
patients’ choices and whether there are certain characteristics
of these reviews that impact the choice. These studies found
that high number of reviews and high valence of reviews were
associated with a more positive attitude toward the rated
physicians and their selection by patients [23-25].

The increasing reliance on web-based physician reviews is
indicated by other surveys also [26]. These surveys of web-based
reviews also reveal that a significant portion of patients checks
the web-based reviews of physicians, even if they were referred
to these physicians by their health care providers. Collectively,
these findings reveal the extent to which web-based reviews of
physicians have become prominent among patients or health
care consumers.

As web-based health care information, including physician
reviews, is publicly available and easily accessible, there has

been a long-standing concern among the health care providers
and research communities about the quality and clinical
relevance of web-based health care information [27]. The
interaction between health care providers and their patients can
affect the patients’opinions of them. In turn, these opinions can
become web-based reviews that are accessible to anyone
searching for their physicians’ information on the web.

There has been a long-established interest among researchers
in the impact of physician gender on patient communication
and patients’ choice of physicians. Extant literature has found
that female physicians tend to engage in patient-centered
communication [28-30] and do not receive ratings as high as
their male counterparts [31,32]. It has also been proposed that
the relationship between physicians and their patients might be
affected by the physician’s gender and different expectations
of patients from male and female physicians [33-35]. The
dynamics of patients’ communication and relationship with
physicians of different genders have received significant
attention in the extant literature [36,37].

Questions about whether patients have a preference for male
physicians over female physicians, and vice versa, and whether
their opinions of physicians are affected by the physicians’
gender have also received substantial attention from health care
professionals and researchers. For instance, in a survey of 185
patients, Fennema et al [38] found that 43% of women and 12%
of men preferred a female physician, whereas 31% of men and
9% of women preferred a male physician and that patients who
preferred male physicians reported technical competence to be
a more prominent characteristic of male physicians. In a
different survey, Kerssens et al [39] did not find a preference
for surgeons or anesthesiologists of a particular gender, but
found preferences for female physicians as gynecologists in
8.5:1 ratio and general practitioners in 2.32:1 ratio among female
respondents. In another survey of 125 women, Plunkett et al
[40] found that the gender of a physician was not of primary
importance when selecting an obstetrician or gynecologist.
Some of these studies have also attempted to identify the
mechanisms that may have led to their findings. There have
also been calls for suggestions on making health care workplaces
more equitable for female physicians [41].

With the proliferation of web-based physician reviews among
patients or health care consumers, a natural and important
question is, “Whether and to what extent is a physician’s gender
related to their online reviews after accounting for patient risk
and time shocks (time fixed effects)?”

After a careful review of the existing literature, we found that
the potential effect of physician gender on web-based reviews
of physicians has not received sufficient attention. In the few
studies that have examined the relationship between physicians’
gender and their web-based reviews, the findings have been
mixed. For example, Dunivin et al [32] and Thawani et al [42]
found that female physicians receive lower ratings than male
physicians. On the other hand, Emmert and Meier [43] found
that female physicians receive better ratings than their male
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counterparts. Marrero et al [44] found that female surgeons
receive more positive ratings for social interaction, whereas
male surgeons receive better ratings for technical aspects.
Clearly, the possible effect of physicians’ gender on their
web-based reviews, or lack thereof, requires more thorough
examination.

In the examination of the aforementioned relationship, it is
important to account for the characteristics of patients, such as
patient risk, in some form. It is also important to account for
the variation in the reviews over time to determine the direct
relationship between physicians’ gender and their web-based
reviews. Including patient risk allows us to account for the
health characteristics of a significant patient population under
the care of physicians. Not controlling for such characteristics
can potentially bias the results because a physician’s interaction
can be affected by the existing health condition of their patients.
Therefore, we examine the effect of physician gender on
web-based patient reviews, while controlling for patient health
risks over time.

Objective
To the best of our knowledge, our study is among the first to
examine the effect of physicians’ gender on their web-based
reviews over time and after accounting for patient risk.
Furthermore, our study is the first to conduct such an
investigation using physician data across Alabama, a state that
has received very little attention in the literature on web-based
physician reviews. We accomplish our analysis by using a
unique data set that we created by combining data from
web-based physician reviews from a popular physician review
website, RateMDs, and clinical data from the Center for
Medicare and Medicaid Services (CMS) for the state of
Alabama.

Methods

Ethics Approval
No ethics board review or approval was required for this study.
All the raw data that were collected for this study are publicly
available on the web.

Data
To study whether web-based reviews of physicians are more
favorable toward male or female physicians, we constructed a
panel data set of physicians in Alabama using data from 2
sources. The unit of analysis in our study was a physician, and
the time periods in the panel were years. We collected data on
web-based reviews and the gender of physicians from RateMDs
to construct our web-based review data set spanning from 2012
to 2018. We used Python (Python Software Foundation) to
collect data from RateMDs. We also obtained clinical data on
physicians from Medicare Provider Utilization and Payment
Data: Physician and Other Supplier [45], which traversed the
same time frame of 2012 to 2018. We combined the data from
these sources using a combination of physicians’ first names,
last names, specialty, and years. Our final unbalanced panel
data set had 1093 matching physicians over a 7-year time span
(2012 to 2018) that matched both data sets. There were 5912
physicians in the RateMDs data set who had at least one review,
and there were a total of approximately 26,600 reviews across
these physicians. Among these 5912 physicians, 2673 (45.21%)
physicians had reviews in at least two years. We were able to
match 40.89% (1093/2673) of these physicians with our data
from CMS, and this 40.89% (1093/2673) of the physicians
constituted the panel used to conduct the panel analysis in this
study.

Each physician in our final panel has a unique national provider
identification number that was collected from CMS. This
ensured that all the physicians in our final panel were unique.
Figure 1 shows an anonymized selection of reviews from
RateMDs for a physician in our data set. As shown in Figure 1,
a physician can receive numeric ratings on four different
dimensions (staff, punctuality, helpfulness, and knowledge).
Along with these numeric ratings, a physician can also receive
textual comments. The dates on which the reviews were
provided on RateMDs is also shown in Figure 1. Patient reviews
on RateMDs and optional responses by the physicians are free
of charge. Paid tiers for physicians exist on RateMDs, but they
do not allow for the alteration of reviews. The paid tiers allow
for physicians to be notified of new ratings, the ability to feature
a rating, appointment requests, photos, and other features, but
no paid feature inhibits the ability of a person to post a review
on the site.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e31659 | p.788https://www.jmir.org/2022/4/e31659
(page number not for citation purposes)

Saifee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Example screenshot of RateMDs reviews for a physician.

Measures
As we were examining whether the web-based reviews of
physicians are favorable to male or female physicians, we
constructed our dependent variables using the numeric physician
ratings from RateMDs. Physicians on RateMDs can be rated
on four dimensions: helpfulness, knowledge, staff, and
punctuality. The ratings for each of these dimensions are on a
scale of 1 to 5, with 5 being the best possible score and 1 being
the lowest score. To capture the information in each of these
four dimensions, we constructed the following four dependent
variables: HelpfulnessRating, KnowledgeRating, StaffRating,
and PunctualityRating. HelpfulnessRating was the average of
the ratings received by a physician on the helpfulness dimension
in a year. Similarly, KnowledgeRating, StaffRating, and
PunctualityRating were the averages of the ratings received by
a physician on the knowledge, staff, and punctuality dimensions,
respectively. To capture the combined information across these
dimensions, we constructed a panel variable, OverallRating.
For this purpose, initially, we constructed a variable NetRating
using the average of the ratings received on the four
aforementioned dimensions. Then, we constructed OverallRating
by calculating the average of NetRating in each year, similar to
how we constructed HelpfulnessRating, KnowledgeRating,
StaffRating, and PunctualityRating.

Our key explanatory variable was a time-invariant variable,
GenderFemale, which equals 1 for female physicians and 0 for
male physicians. We obtained data on the gender of the
physicians from RateMDs. We also used several control
variables to account for the clinical aspects associated with the
physician and with the textual comments that go alongside
numeric RateMDs ratings. Our control variables included
RiskScore, TopicCare, TopicSurgery, TopicStaff, and Specialty.

RiskScore was the average yearly hierarchical condition category
(HCC) risk score calculated by CMS using data on Medicare

beneficiaries [45]. HCC coding can provide information about
patient complexity and a description of the medical
complications a patient is experiencing. HCC relies on the
International Classification of Diseases–10th Edition coding to
assign risk scores to patients [46]. A physician with high
RiskScore would have Medicare beneficiaries with high risk
scores (above-average spending). This variable allowed us to
control for the patient risk score of the Medicare patients under
the care of a physician. As Medicare is one of the largest health
care insurers or payers in the United States, RiskScore helped
us to account for the patient risk of a significant proportion of
the patient population under the care of physicians.

TopicCare was the proportion of textual reviews received by a
physician each year, in which the dominant underlying theme
was care provided by the physician. TopicStaff was the
proportion of textual reviews in which the dominant underlying
theme was the office or staff of the physician. TopicSurgery
was the proportion of textual reviews in which the dominant
underlying theme was the surgical proficiency of the physician.

To construct these topics (latent topics), we used topic modeling
techniques based on Latent Dirichlet Allocation (LDA) [47,48].
LDA has been used extensively for topic modeling in the extant
literature on web-based reviews of products and services,
including several studies involving web-based physician reviews
[9,49-53]. The following sections provide a brief description
of the main steps through which we used topic modeling to
construct the aforementioned topic variables. We used R (R
Foundation for Statistical Computing) for topic modeling.

We created a corpus of all the reviews using an R text-mining
package(TM) within RStudio, after which we converted the
corpus to lower case [54-56]. We also replaced punctuation,
numbers, and stop words. We stemmed the corpus to allow us
to reduce words with a common root to the root word, such as
nurse and nursing to the word fragment nurs. Next, we created
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the document-term matrix, which stored the frequencies of
stemmed words in our textual comment corpus by each textual
comment. Then, we leveraged the LDA algorithm and used an
R package (topicmodels) to extract topics from our textual
comments [57-59]. These R packages have been widely used
in the literature mentioned previously to construct latent topics
or themes from textual data. For each comment, a probability
was assigned to each of the identified latent themes or topics,
and the probabilities summed up to 1 for each comment. We

classified each comment based on the topic that had the highest
probability. We identified the most common words within each
of the 3 target latent topics, as shown in Textbox 1. We chose
these 3 topics because it was the minimum number of topics
that we could use to clearly categorize the experiences with the
physicians and their staff reported in textual reviews [20,21].
Textbox 1 shows the stemmed words most closely
(probabilistically) associated with each of the 3 review comment
topics.

Textbox 1. Most prominent words (after stemming) by topic.

TopicCare

• care, doctor, staff, recommend, patient, time, knowledg, help, friend, love, wonder, high, listen, excel, and feel

TopicStaff

• time, office, doctor, wait, staff, patient, appoint, call, nurs, rude, visit, day, question, hour, and talk

TopicSurgery

• doctor, surgeri, pain, care, medic, life, patient, treat, recommend, time, day, surgeon, procedur, treatment, and feel

We had physicians from across 34 specialties in our final panel
data set. The 15 specialties with most physicians (in descending
order of the number of physicians) were as follows: general
(family) practice, obstetrics and gynecology, internal medicine,
orthopedic surgery, neurology, otolaryngology, cardiology,
ophthalmology and optometry, psychiatry, dermatology, general
surgery, podiatry, urology, endocrinology, and rheumatology.
Physicians in these 15 specialties accounted for approximately
85.73% (937/1093) of all the physicians in our panel data set.
Table S1 in Multimedia Appendix 1 lists the number of male
and female physicians across specialties in the panel data set.
The physician specialties were time-invariant binary variables.
Controlling for the specialties allowed us to compare the effect
of the physicians’ gender on their reviews after accounting for
the numerous unobservable time-invariant clinical aspects that
could influence physicians of both genders within each specialty.
We also conducted further robustness checks by including
additional clinical review control variables. These control
measures helped us significantly distinguish our research from
previous studies.

Analysis
We used physician random effects panel regression, along with
year fixed effects to account for time shocks. A time shock in
the context of this paper can be considered as an event or
collection of events that can impact physicians across the board
in the duration of a year. For example, a statewide or nationwide
health care policy change would likely have an impact on
physicians across different specialties. As the analysis used
panel data, it was important to account for such time shocks.
We did so by including year fixed effects in our regression
specifications. We used Stata (StataCorp) for conducting our
econometric analysis.

We leveraged the physician random effects model instead of
the physician fixed effects model to estimate the effect of
physician gender because of the following reasons: (1) our main

explanatory variable, PhysicianGender, was time-invariant, and
physician fixed effects would have subsumed the
PhysicianGender variable and (2) a physician’s gender can be
safely assumed to be randomly assigned in the context of our
study, and thus, it was very unlikely that there were unobserved
variables that could simultaneously drive or influence both the
physician gender and their web-based reviews. The year fixed
effects allowed us to account for the time shocks in the health
care industry or web-based physician review websites that can
influence physicians across the state of Alabama. The SEs
shown in all the panel regression specifications were robust.
For brevity, we do not report the coefficients, SEs, and P values
of the different specialties and year fixed effects. The sum of
TopicCare, TopicSurgery, and TopicStaff was equal to 1. In our
specifications, TopicStaff was the base topic variable, and thus,
not included in the regressions. One of the specialties and one
of the years acted as the base specialty and base year,
respectively, and thus, were not included in the regression
specifications.

Results

Descriptive Statistics
Figure 2 shows the distribution of the number of reviews for
male and female physicians across the years from the original
RateMDs data set. This chart and the subsequent figures were
created using the 1093 physicians who were present in our
panels across CMS and RateMDs data used for panel
regressions. Our panel consisted of a 7-year period spanning
from 2012 to 2018 to include a broad set of historical data that
were also relatively current. As shown in Figure 2, the year
2014 had the highest number of reviews, whereas 2018 had the
lowest number of reviews across the physicians in our panel,
and there were ample number of physician reviews across all
years in our panel.
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Figure 2. Distribution of total number of physician reviews across years.

Figures 3-7 show plots of the average annual values of
OverallRating, HelpfulnessRating, KnowledgeRating,
StaffRating, and PunctualityRating for male and female
physicians for the 1093 physicians from RateMDs who were
in the panel. As shown in Figure 3, the average OverallRating
of male physicians was consistently higher than that of female
physicians. The average annual ratings on all 4 dimensions were
more favorable for male physicians across most years. The time
trends depicted in these figures revealed reviews more favorable
toward male physicians than female physicians. The variation

in the difference in the average values is visible in these figures
and warrants a thorough longitudinal investigation of the effect
of physician gender on the web-based ratings. Accordingly, we
conducted a longitudinal or panel empirical investigation of the
effect of a physician’s gender on their web-based ratings. As
stated previously, we controlled for several clinical and review
characteristics associated with physicians, and by doing so, we
isolated the direct effect of a physician’s gender on their
web-based ratings.

Figure 3. Comparison of average overall ratings for female and male physicians across years.
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Figure 4. Comparison of average helpfulness ratings for female and male physicians across years.

Figure 5. Comparison of average knowledge ratings for female and male physicians across years.
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Figure 6. Comparison of average staff ratings for female and male physicians across years.

Figure 7. Comparison of average punctuality ratings for female and male physicians across years.

Table 1 shows the descriptive statistics of the various dependent
variables, topic controls, and RiskScore control. The average
values of the rating variables were between 3.5 and 3.6. In our
panel, approximately 25.34% (277/1093) of the physicians were
women. In Alabama, female physicians account for

approximately 28.5% (3025/10,614) of the overall physician
population [60]. This suggests that the overall distribution of
physician gender in our panel was fairly representative of that
in Alabama.
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Table 1. Descriptive statistics (number of observations=3446).

Values, maximumValues, minimumValues, medianValues, mean (SD)Variable

514.253.64 (1.43)OverallRating

514.373.54 (1.65)HelpfulnessRating

5153.74 (1.54)KnowledgeRating

5143.69 (1.48)StaffRating

5143.60 (1.49)PunctualityRating

1000.41 (0.45)TopicCare

1000.27 (0.40)TopicSurgery

1000.32 (0.42)TopicStaff

5.620.531.141.23 (0.41)RiskScore

Effect of Gender
Table 2 provides the results of random effects panel regression,
with OverallRating as the dependent variable. We included
physician specialties as controls and year fixed effects in each
of the regression specifications. The SEs of each specification
were robust. As shown in Table 2, the coefficient of
GenderFemale was negative and statistically significant,
implying that female physicians tend to receive worse overall
web-based ratings than their male counterparts. The coefficient
of RiskScore was statistically insignificant in all the
specifications, implying that physicians who treat Medicare
patients of high risk tend to not receive better or worse overall
ratings than their counterparts who treat Medicare patients of
low risk. The coefficients of TopicCare and TopicSurgery were
positive and statistically significant, implying that the physicians
who receive a high proportion of review comments with an

underlying theme of physician care and surgical aspects tend
to have better overall ratings than those who receive a high
proportion of review comments with an underlying theme of
their office and staff. In Tables 3 and 4, the coefficient of
GenderFemale was negative and statistically significant for
HelpfulnessRating, KnowledgeRating, and PunctualityRating,
but not for StaffRating.

The coefficient of RiskScore was statistically insignificant for
each of the four rating dimensions, whereas that of TopicCare
and TopicSurgery were positive and statistically significant.
The magnitude of the coefficient of GenderFemale was close
to 0.2. This means that, on average, female physicians receive
ratings lower by 0.2 points than their male counterparts. For
example, on average, if male physicians receive a rating of 4
out of 5, their female counterparts would receive a rating of 3.8
out of 5.

Table 2. Estimation for OverallRating (N=1093)a.

P valueCoefficient (SE)Variable

.007−0.162 (0.060)GenderFemale

.52−0.056 (0.086)RiskScore

<.0011.557 (0.058)TopicCare

<.0010.739 (0.071)TopicSurgery

aSpecialty controls=yes; year fixed effects=yes; robust SE=yes; overall R-squared=0.267; within R-squared=0.168; between R-squared =0.339.

Table 3. Estimation for HelpfulnessRating and KnowledgeRating (N=1093).

KnowledgeRating bHelpfulnessRating aVariable

P valueCoefficient (SE)P valueCoefficient (SE)

.002−0.198 (0.065).008−0.185 (0.069)GenderFemale

.54−0.057 (0.094).970.003 (0.098)RiskScore

<.0011.492 (0.064)<.0011.702 (0.069)TopicCare

<.0010.513 (0.080)<.0010.688 (0.084)TopicSurgery

aSpecialty controls=yes; year fixed effects=yes; robust SE=yes; overall R-squared=0.239; within R-squared=0.153; between R-squared=0.310.
bSpecialty controls=yes; year fixed effects=yes; robust SE=yes; overall R-squared=0.220; within R-squared=0.137; between R-squared=0.282.
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Table 4. Random effects panel regression (StaffRating and PunctualityRating; N=1093).

PunctualityRating bStaffRating aVariable

P valueCoefficient (SE)P valueCoefficient (SE)

.01−0.172 (0.067).13−0.095 (0.062)GenderFemale

.23−0.127 (0.105).61−0.045 (0.087)RiskScore

<.0011.488 (0.063)<.0011.547 (0.063)TopicCare

<.0010.832 (0.074)<.0010.923 (0.076)TopicSurgery

aSpecialty controls=yes; year fixed effects=yes; robust SE=yes; overall R-squared=0.247; within R-squared=0.155; between R-squared=0.315.
bSpecialty controls=yes; year fixed effects=yes; robust SE=yes; overall R-squared=0.234; within R-squared=0.130; between R-squared=0.318.

Robustness Checks
We added additional control variables to check whether our
findings would change. The three additional variables were
BeneficiaryCount, ServicesCount, and WordCount.
BeneficiaryCount was the number of Medicare beneficiaries
under the care of a physician in a year. ServicesCount was the
number of services provided by a physician in a year.
WordCount was the average number of words in the review
comments received by a physician in a year. Tables S2-S4 in
Multimedia Appendix 1 provide the results of panel
specifications with additional control variables. Table S2 in
Multimedia Appendix 1 provides the results with OverallRating
as the dependent variable. Table S3 in Multimedia Appendix 1
provides the results with Helpfulness and KnowledgeRating as
the dependent variables, and Table S4 in Multimedia Appendix
1 provides the results with StaffRating and PunctualityRating
as the dependent variables. As can be observed in Tables S2-S4
in Multimedia Appendix 1, the coefficients of GenderFemale
were negative and statistically significant for OverallRating
and each of the four rating dimensions, including StaffRating.
The magnitude of coefficient of GenderFemale was close but
slightly higher than those in Tables 2-4.

We conducted further robustness checks by removing the
specialties in our panel in which both genders were not
represented. This helped us mitigate the concern that a possible
bias may arise owing to the absence of physicians of one of the
genders in any of the specialties in our panel. The results
displayed in Tables S5-S7 in Multimedia Appendix 1 are
consistent with our original findings that female physicians
receive lower ratings than their male counterparts.

In our next robustness check, we conducted our main regression
analysis without topic controls. This test was conducted to
examine whether the topic variables may have introduced a
systemic bias in the specifications owing to the manner in which
they were constructed and whether the negative coefficient of
GenderFemale variable may have been an artifact. As can be
observed from the results in Tables S8-S10 in Multimedia
Appendix 1, the coefficient of GenderFemale was negative and
statistically significant across the specifications, even after topic
controls were excluded. This further supports our main finding
that female physicians tend to receive worse web-based reviews
than their male counterparts. The topic controls play an
important role in our specifications because they help to explain
part of the variance in the web-based ratings. This can be further
understood by comparing the overall R-squared, within

R-squared, and between R-squared values in Tables 2, 3, and
4 with those in Tables S8, S9, and S10 in Multimedia Appendix
1, respectively. The 3 R-squared values were substantially higher
in Tables 2-4, which means that the topic controls explained a
considerable part of the variance in the web-based rating
variables.

In summary, we conducted three additional robustness checks
as explained above: (1) included additional control variables,
(2) removed the specialties that did not include physicians of
both genders, and (3) removed the topic controls. After
conducting these robustness checks, we can conclude that female
physicians tend to receive worse web-based reviews than their
male counterparts. This finding is consistent across the
regression specifications used in this study.

A concern could be about how representative the data in our
panel are of the original data collected from RateMDs and
Medicare (CMS). To address this concern, we calculated the
descriptive statistics of the variables shown in Table 1 using
the original longitudinal data collected from RateMDs and
Medicare. The descriptive statistics are shown in Table S11 in
Multimedia Appendix 1. A comparison of the statistical values
in Table S11 in Multimedia Appendix 1 shows that the panel
data used for the econometric analysis in our study are fairly
representative of the original data collected from the 2
aforementioned sources.

Discussion

Overview
Our study provides an important contribution to the growing
literature on web-based physician reviews and physician gender.
A possible concern could be that the differences observed in
the reviews between physicians of different genders could be
driven by the differences in the quality of care or outcomes
delivered by physicians of different genders. To address this
concern, we performed a substantial search of the existing
literature examining the differences between the quality of
clinical care or outcomes delivered by male and female
physicians. We found several research papers in this context
[61-65], but we could not find significant evidence from extant
research that male physicians deliver better care than female
physicians.
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Principal Findings
We found that male physicians receive better web-based reviews
than female physicians after controlling for their clinical
characteristics such as specialty and patient risk. Although the
difference between the web-based ratings for male and female
physicians was statistically significant, the average magnitude
of the difference was not substantial. Our findings support that
of Dunivin et al [32] and Thawani et al [42], but do not support
the findings of Emmert and Meier [43], who found that during
the examined time frame, female physicians had better reviews
than male physicians. Their results indicated a slight but
statistically significant preference for female physicians (2%
differential in the percentage of reviews below the mean for
each gender) compared with our results that found a 0.2
differential on a 5-point scale in favor of male physicians (4%
difference). Possible reasons for these differences could be
attributed to cultural variations between the patient populations
in Alabama and Germany and that the reviews collected by
Emmert and Meier [43] included more female respondents than
male respondents. It is also possible that the relationship
between patients and their physicians were not in favor of male
physicians in Germany, and temporal shifts in patient-physician
relationships over the time frames examined could also impact
the result differences (2012 vs 2012-2018 in our data).

Implications
Our findings have important implications for health care
researchers, professionals, and policy makers. First, the
empirical evidence of web-based reviews is less favorable
toward female physicians, after accounting or controlling for
several clinical aspects (including specialty and Medicare patient
risk), and temporal effects should inform health care
professionals and policy makers that patients’ opinions are
consistently more favorable toward male physicians than toward
female physicians. This cannot be overlooked even though the
magnitude of the effect of gender on web-based reviews is not
sizable.

Policy and Design Suggestions
Gender bias in reviews has been reported across multiple
domains, including academia. Murray et al [66] found that male
faculty tended to receive higher ratings for overall teaching
quality than female faculty, and Turrentine et al [67] and Rojek
et al [68] found implicit bias in the narrative evaluations, with
a bias toward men receiving more superlative praise. Studies
have shown that measures can be taken to help reduce gender
bias in reviews. Peterson et al [69] found that simply informing
students of potential gender biases can have significant effects
on the evaluation of female instructors, and Rivera and Tilcsik
[70] found that by changing the rating scale from a 10-point to
a 6-point rating system, gender bias can be reduced.

Large societal-level aspects may also be in effect; however, that
would seemingly be very hard to account for within a single
portal. Sprague and Massoni [71] found that male teachers are
more likely to be held to an entertainer standard, whereas female
teachers are held to a nurturer standard. These biases are formed
throughout an individual’s life, and therefore, are harder to
adjust for, even when directly informing users of the potential

for bias. By leveraging the lessons learned from gender bias
studies, web-based physician review sites could help to mitigate,
but not eliminate, gender bias within their systems.

Concentrated efforts to educate and inform patients about female
physicians’ competence are needed. This can help to reduce
implicit bias among patients toward the competence of female
physicians compared with their male counterparts. These
websites serve as an important resource for both reviewers and
readers of the reviews, and the information needs to flow well.
At the same time, readers of the reviews may be served better
if the reviewers are asked to provide opinions about physicians
of different genders before they provide a review for a physician.
To solicit reviewers’ predisposed opinions about physicians of
different genders, the questions can be framed in a manner that
does not make the reviewers feel that they are being investigated
for their opinions. After collecting their opinions on this issue,
the websites may consider filtering the reviews provided by
reviewers with an overt bias against physicians of one gender.
The question of how to design the website to reduce the possible
gender bias is complex and requires serious thought and
consideration from both researchers and website designers. By
leveraging previous research efforts targeted at informing users
of bias potential, review portals can better collect and present
information about physicians.

Limitations
Our study has a few limitations. First, we constructed our patient
risk scores using the HCC risk score from Medicare data.
Although Medicare is among the largest health care payers or
insurers in the United States, further studies can attempt to
validate the findings of our study using clinical data from other
insurers. For instance, a significant proportion of the patient
population in the United States has insurance from private
insurers. Future studies can attempt to validate our findings by
constructing clinical variables, such as risk scores, using clinical
data from one or more private insurers. Second, we focused on
the physician data from Alabama. Although it is 1 state, it
provides a good mix of rural and urban counties. Future studies
could extend this work to other states and compare the findings
across a broader set of patients and health care providers.

Future Studies
The findings of this study suggest that gender bias in web-based
reviews needs to be examined more closely. Additional studies
that identify factors impacting this gender bias could help us
develop strategies to mitigate gender bias in web-based reviews.
Given the shortage of health care providers and the need for a
robust and diverse health care workforce, such studies can help
not only the service providers but also policy makers, educators,
and administrators. If the administrators of hospitals and clinics
are made aware of this bias and acknowledge it accordingly,
institutional changes can be implemented to support and
empower women to take up more leadership roles in clinical
settings. As Sandberg [72] points out in her New York Times
best seller, as fewer women are in leadership roles than men, it
can be challenging for junior women to have mentorship
opportunities. A possible solution to this problem could be the
performance evaluations of male leadership personnel to include
the number of women mentored and focused initiatives and
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incentive opportunities for women to take on pathways to
leadership roles.

These focused efforts can provide a strong signal to patients
about the competence of female physicians and, in turn, increase
their confidence in the care provided by female physicians. This
can further help to improve the overall care delivered to patients,

as the increase in patients’ confidence can improve their
communication with physicians, irrespective of the physicians’
gender. However, an open research question is whether the bias
observed in web-based physician reviews is also observable in
offline physician surveys. To examine this question, studies
that compare reviews of male and female physicians in
web-based and offline media need to be conducted.
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Abstract

Background: Mobile health (mHealth) technology is increasingly used in disease management. Using mHealth tools to integrate
and streamline care has improved clinical outcomes of patients with atrial fibrillation (AF).

Objective: The aim of this study was to investigate the potential clinical and health economic outcomes of mHealth-based
integrated care for AF from the perspective of a public health care provider in China.

Methods: A Markov model was designed to compare outcomes of mHealth-based care and usual care in a hypothetical cohort
of patients with AF in China. The time horizon was 30 years with monthly cycles. Model outcomes measured were direct medical
cost, quality-adjusted life years (QALYs), and incremental cost-effectiveness ratio (ICER). Sensitivity analyses were performed
to examine the robustness of the base-case results.

Results: In the base-case analysis, mHealth-based care gained higher QALYs of 0.0730 with an incurred cost of US $1090.
Using US $33,438 per QALY (three times the gross domestic product) as the willingness-to-pay threshold, mHealth-based care
was cost-effective, with an ICER of US $14,936 per QALY. In one-way sensitivity analysis, no influential factor with a threshold
value was identified. In probabilistic sensitivity analysis, mHealth-based care was accepted as cost-effective in 92.33% of 10,000
iterations.

Conclusions: This study assessed the expected cost-effectiveness of applying mHealth-based integrated care for AF according
to a model-based health economic evaluation. The exploration suggested the potential cost-effective use of mHealth apps in
streamlining and integrating care via the Atrial fibrillation Better Care (ABC) pathway for AF in China. Future economic evaluation
alongside randomized clinical trials is highly warranted to verify the suggestion and investigate affecting factors such as geographical
variations in patient characteristics, identification of subgroups, and constraints on local implementation.

(J Med Internet Res 2022;24(4):e29408)   doi:10.2196/29408
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Introduction

Atrial fibrillation (AF) is the most frequent cardiac rhythm
disorder. Approximately 2% of the population is affected by
AF in European and North American countries, with the
prevalence varying from 0.1% to 7.2% across different regions
[1,2]. AF is less common in China than in Western countries,
with a prevalence of 0.71% among adults above 35 years old
[3]. Yet, the prevalence is higher than previously reported
(0.65% for the population above 30 years) a decade ago, which
is likely due to low awareness and huge treatment gaps [3-6].
According to a recent nationwide survey, the estimated number
of patients with AF in China was 7.9 million [5]. For adults
above 55 years of age, the lifetime risk of developing AF was
approximately 1 in 5.3 [7]. Driven by a growing and aging
population, the prevalence is predicted to at least double in the
next 30 years [8].

The increasing prevalence of AF is associated with more health
care utilization and health care expenditure. Stroke is the most
common subsequent outcome, and patients with AF have a
5-fold increased risk of stroke [9]. Stroke-related care is costly,
with incurred hospitalization costs of US $3000 to US $10,000
per patient in China [10]. Stroke patients with AF were more
likely to have comorbidities, and their stroke-related costs were
20% more costly than those of stroke patients without AF
[11,12]. Stroke prevention, proactive management of
comorbidities, and lifestyle changes are essential priorities in
AF care. Therefore, the Atrial fibrillation Better Care (ABC)
pathway, a holistic and integrated approach, has been proposed
to monitor anticoagulant therapy and manage the cardiovascular
risks of patients with AF [13].

Adoption of the ABC pathway was found to be effective in
reducing clinical adverse events and related health care costs
in the Atherosclerosis in Atrial Fibrillation trial [14]. Another
study applying the ABC pathway in the mobile health (mHealth)
context also supported the favored effectiveness of integrated
care for AF [15]. In this study, 1261 subjects who received
mHealth technology–supported care were followed up over 1
year and had a lower risk of composite outcomes of “ischemic
stroke (IS)/systemic thromboembolism, death, and
rehospitalization” compared with that of their counterparts
receiving usual care. mHealth-based care has been demonstrated
to be cost-effective in managing diabetes, hypertension, and
heart failure; however, the health economic impact of mHealth
for patients with AF remains unknown [16-18].

A Markov model is a well-established analytic framework in
the economic evaluation of health care interventions by using
mutually exclusive disease states to represent all possible
consequences. The purpose of this study was to perform a
cost-effectiveness analysis via a Markov model to examine the
clinical and health economic outcomes of mHealth-based
integrated care for patients with AF in China.

Methods

Model Structure
A Markov model was developed to evaluate the
cost-effectiveness of mHealth-based care integrating the ABC
pathway for patients with AF from the perspective of the public
health care provider in China (Figure 1). The cycle length for
the model was monthly cycles with a 30-year time frame to
estimate the long-term effects. The baseline model population
consisted of patients with AF with a mean age of 68 years and
a median CHA2DS2-VASc (congestive heart failure,
hypertension, age≥75 years [doubled], diabetes, stroke/transient
ischemic attack/thromboembolism [doubled], vascular disease
[prior myocardial infarction, peripheral artery disease, or aortic
plaque], age 65 years, sex category [female]) score of 3 [15].
The patient characteristics were derived from the Mobile Atrial
Fibrillation App (mAFA)-II trial, a cluster-randomized trial
examining the first mHealth technology–based program for
following patients with AF based on the ABC pathway in China.
The clinical effectiveness from the mAFA-II trial was applied
as the key model input after entering a hypothetical cohort of
AF patients to the model. The model structure was adapted from
the study published by Shah et al [19], where a Markov model
was developed to model the prognosis of patients with AF using
similar events of interest regarding stroke adopted in this study.
Specifically, the strategies examined were mHealth-based care
and usual care for patients with AF. The outcome measures
were direct medical cost, quality-adjusted life years (QALYs),
and incremental cost-effectiveness ratio (ICER).

The model consisted of the following Markov states: well with
AF, minor and major IS, minor and major intracranial
hemorrhage (ICH), IS and ICH, and death, with a temporary
health state of gastrointestinal bleeding (GIB). With either
mHealth-based care or usual care, all patients entered the model
at the health state of being well and transitioned to another
health state in the next cycle. The events of IS and ICH could
each be of two types: minor and major. Once ICH or GIB
occurred, patients would discontinue the anticoagulant therapy
and switch to aspirin for the remaining life years. After stroke,
patients might experience recurrent events. They might stay in
the same health state or proceed to the health state of “IS and
ICH.” Consistent with Shah et al [19], we assumed patients
would advance to corresponding major events after two minor
neurological events and that two major events would lead to
death. Patients, in whichever state, could proceed to death.
Patients in the arm of mHealth-based care might not be adherent
to the mobile technology and would receive the same
intervention as patients with usual care. Once the event occurred,
these patients would receive mHealth-based care again in the
next cycle.

Patients with usual care would receive treatment following the
Chinese Stroke Association guideline [20]. Patients with
mHealth-based care would receive integrated management based
on the ABC pathway. The ABC pathway components consisted
of Avoid Stroke with Anticoagulation (A), Better Symptom
Management (B), and Cardiovascular Risk and Comorbidity
Management (C). Specifically, patients allocated to the
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mHealth-based care would install a mobile app connected to a
local public hospital via the internet. For Avoid Stroke with
Anticoagulation (A), the laboratory results (eg, international
normalized ratio, renal/hepatic function) tested in hospitals
could be uploaded in the mobile app. The validated algorithm
with confirmation from doctors would provide patients with
data on anticoagulant monitoring, bleeding risk assessment, and
guideline-based dosage adjustment. For Better Symptom
Management (B), patients would receive a
photoplethysmography smart device connected to the mobile
app. They could send the cardiac rhythm monitoring data along

with other symptoms such as headache and chest pain to the
on-call doctors by the in-built communication function. Advice
on rate or rhythm control would be given in a timely manner.
Once a patient’s condition deteriorates, the management would
be escalated to inpatient care. For Cardiovascular Risk and
Comorbidity Management (C), patients’ comorbidities (eg,
blood pressure) would be monitored with treatment optimized
for blood pressure <140/85 mmHg. Lifestyle recommendations
would also be given by educational articles, videos, and
game-playing in the mobile app.

Figure 1. Schematic representation of the Markov model.

Clinical Probabilities
All model inputs are listed in Table 1. The clinical inputs were
retrieved from the published reports written in English, identified
from a literature search on Medline throughout 2000-2021.
Epidemiology or disease burden in the Chinese population,
randomized clinical trials, and meta-analyses were preferred
sources for clinical model inputs.

The probabilities of clinical events (IS, ICH, and GIB) after AF
in usual care, the effectiveness (measured in hazard ratios) of
mHealth-based care (vs usual care), and the compliance of
mHealth support were retrieved from the mAFA-II trial (N=2473
patients) [15]. In the trial, a structured program of holistic and
integrated care based on the ABC pathway via a mobile app
was compared to usual care in patients with AF. The 18-month
incidence of IS (4.12%), ICH (0.41%), and GIB (0.58%) in the
usual-care arm was converted into the monthly probability
(0.244%, 0.024%, and 0.034%, respectively) using the equation

p=1–e–rt (where p is probability, r is the event rate, and t is the
cycle length) from the practical guide for Markov models [21].
The hazard ratio (mHealth-based care vs usual care) was 0.11
(95% CI 0.05-0.27, P<.001) for IS and 0.37 (95% CI 0.20-0.70,
P=.002) for GIB [15]. No event of ICH was reported in the
mHealth-based care group over 1-year follow-up. Considering
the feasibility in long-term practice, the change of
mHealth-based care on ICH incidence was assumed to be 0.5

in the base case, with a range of 0-1. The incidence of IS, ICH,
and GIB for patients managed via mHealth technology was
approximated by the incidence in usual care and the
corresponding hazard ratio, as recommended by the Guide to
the Methods of Technology Appraisals 2013 [22]. The
proportion of minor, major, and fatal IS/ICH was estimated at
51.6%/49.5%, 40.2%/14.1%, and 8.2%/36.4%, respectively,
from a study comparing outcomes of five oral anticoagulants
for stroke prevention [19]. The incidences of recurrence and
proportion of types of events (ICH or IS) were estimated from
a 9-year community-based study of 0.5 million Chinese adults
assessing the recurrent events after the first incident stroke [23].
The reported 5-year recurrence was 41% for IS (91% IS and
9% ICH) and 44% for ICH (44% IS and 56% ICH). Using the

equation p=1–e–rt, the monthly probability was approximated
to be 0.68% for IS and 0.73% for ICH [22]. The age-specific
mortality rates were retrieved from a nationwide survey
conducted in China [24]. The relative risk of death (with vs
without GIB) was 3.5, with a range of 2.8 to 4.2 [25]. The
mortality of GIB was calculated using age-specific mortality
and the relative risk [22]. A population-based prospective study
in an elderly (≥60 years) Chinese population identified an
increased risk of all-cause mortality for AF, with a hazard ratio
of 1.87 (95% CI 1.09-3.20, P=.02) [26]. The mortality of AF
was estimated by the hazard ratio and age-specific mortality
[22].
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Table 1. Model inputs of clinical probabilities, utilities, and costs.

ReferenceDistributionBase-case input (range)Variables

Clinical variables

Probability of an event in usual care (monthly)

Guo et al [15]Beta0.244 (0.20-0.29)ISa

Guo et al [15]Beta0.024 (0.02-0.03)ICHb

Guo et al [15]Beta0.034 (0.03-0.04)GIBc

Hazard ratio of events (mobile health–based care vs usual care)

Guo et al [15]Lognormal0.11 (0.05-0.27)IS

Guo et al [15], assumptionTriangular0.5 (0-1)ICH

Guo et al [15]Lognormal0.37 (0.2-0.7)GIB

Guo et al [15]Beta70.8 (50-100)Compliance of mobile health–based case, %

Proportion of events, %

Shah et al [19]Dirichlet51.6 (43.9-55.8)IS minor

Shah et al [19]Dirichlet40.2 (40.2-41.7)IS major

Shah et al [19]Dirichlet8.2 (2.5-16.3)IS fatal

Shah et al [19]Dirichlet49.5 (33-63)ICH minor

Shah et al [19]Dirichlet14.1 (9-21.4)ICH major

Shah et al [19]Dirichlet36.4 (15.6-58.0)ICH fatal

Probability of stroke recurrence (monthly)

Chen et al [23]Beta0.68 (0.68-0.70)IS

Chen et al [23]Beta0.73 (0.70-0.76)ICH

Proportion of recurrent events, %

Chen et al [23]Beta91 (73-100)IS after IS

Chen et al [23]Beta9 (0-27)ICH after IS

Chen et al [23]Beta44 (33-55)IS after ICH

Chen et al [23]Beta56 (45-67)ICH after ICH

Age-specific (years) mortality (monthly), %

National Bureau of Statistics [24]Triangular0.10 (0.08-0.12)65-69

National Bureau of Statistics [24]Triangular0.26 (0.20-0.31)70-74

National Bureau of Statistics [24]Triangular0.41 (0.33-0.50)75-79

National Bureau of Statistics [24]Triangular0.71 (0.57-0.85)80-84

National Bureau of Statistics [24]Triangular1.06 (0.85-1.27)85-89

National Bureau of Statistics [24]Triangular1.59 (1.27-1.91)90-94

National Bureau of Statistics [24]Triangular1.81 (1.45-2.17)>95

Utilities

Shah et al [19]Uniform0.9 (0.8-1)Event-free AFd

Shah et al [19]Uniform0.75 (0.6-0.92)Minor IS

Shah et al [19]Uniform0.39 (0.31-0.47)Major IS

Shah et al [19]Uniform0.75 (0.6-0.92)Minor ICH

Shah et al [19]Uniform0.39 (0.31-0.47)Major ICH

Shah et al [19]Uniform0.16 (0.13-0.19)Utility decrement of GIB

Costs (US $)
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ReferenceDistributionBase-case input (range)Variables

Event-related costs (per episode)

Chang et al [10]Lognormal3277 (2622-3932)Minor IS

Chang et al [10]Lognormal6676 (5341-8012)Major IS

Chang et al [10]Lognormal5284 (4227-6340)Minor ICH

Chang et al [10]Lognormal10567 (8454-12,680)Major ICH

Chang et al [10]Lognormal3443 (2754-4131)GIB

Chang et al [10]Lognormal5849 (4679-7019)All-cause death

Follow-up cost (per month)

MENET [27]Lognormal249 (199-299)Anticoagulation therapy

Experts’ opinionLognormal328 (262-393)Minor IS

Experts’ opinionLognormal668 (534-801)Major IS

Experts’ opinionLognormal528 (422-634)Minor ICH

Experts’ opinionLognormal1057 (845-1268)Major ICH

Boodoo et al [28]Lognormal80 (64-96)Cost of site implementation per patient (one-
time cost)

Zhang and Liu [29]Lognormal15 (12-18)Cost of managing per month

aIS: ischemic stroke.
bICH: intracranial hemorrhage.
cGIB: gastrointestinal bleeding.
dAF: atrial fibrillation.

Utility and Utility Adjustment
Literature-based utilities were assigned to each health state to
calculate QALYs (Table 1) [19]. Major or minor neurological
events were associated with permanent disutility. Temporary
disutility was applied for GIB with a duration of 14 days. The
expected QALYs were estimated by the utility in each state and
the time spent. The QALYs gained were discounted at 3.5%
per annum, as recommended by the Guide to the Methods of
Technology Appraisals 2013 [22].

Resource Use and Costs
All costs were considered from a public health care provider’s
perspective in China and only direct medical costs were included
(Table 1). All cost inputs were retrieved from public data. The
assumption (if necessary) was made in consultation with local
experts, which was considered a legitimate source of information
for decision-analytic modeling [30]. The event costs of IS (minor
or major), ICH (minor or major), and GIB were estimated from
the in-hospital direct costs for thromboembolism and bleeding
in Chinese patients with AF, which were collected from seven
representative tertiary referral hospitals and three secondary-care
hospitals [10]. The cost of all-cause death was approximated
by the mean of the event-related cost. The cost of medication
was estimated by the frequency and the median cost of
anticoagulants in the Menet database [27]. Since limited data
were available on the cost of postevent follow-up, the cost was
assumed to be 1/10 the event cost based on local cardiac
specialists’ advice. The one-off charge for site implementation,
including a wristband-type wireless photoplethysmographic
device, was estimated from the reported cost of a

smartphone-based system for heart failure [28]. We assumed
that the clinical doctor in charge would spend 1 hour monitoring
a patient every month. The monthly cost for subscribing to the
mHealth-based service was estimated from physicians’ hourly
rate and the time spent on the service [29]. All costs were
adjusted to the year 2021, with an annual discount rate of 3.5%,
based on the recommendations from the Guide to the Methods
of Technology Appraisals 2013 [22].

Analytic Methods
All model parameters were used to generate the cohort model.
Model validation was performed by comparing the estimated
incidence of events to the reported outcomes in the mAFA-II
trial and comparing the simulated 5-year survival rate to that
reported for the Chinese elderly population with AF [31]. The
direct medical costs and QALYs of each comparator were
calculated over a 30-year time horizon. ICERs were estimated
and compared against the willingness-to-pay (WTP) threshold.
The WTP threshold was defined as three times the gross
domestic product per capita in China, according to the World
Health Organization recommendation [32]. The gross domestic
product per capita was US $11,146 (US $1=RMB 6.5); thus,
the WTP threshold was US $33,438 per QALY [33].

One-way sensitivity analysis was performed to assess the
robustness of the base-case results. The literature-available
ranges were adopted (Table 1). Otherwise, ±20% of the
base-case values were used to examine the impact of parameters
on the ICER. Parameter uncertainty was determined using
10,000 Monte Carlo simulations by varying all inputs
simultaneously with random draws from each specified
distribution. The results of probabilistic sensitivity analysis are
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presented in a scatterplot in the form of incremental costs against
incremental QALYs. The probability of each strategy to be
preferred was determined in the cost-effectiveness acceptability
curve over US $0-50,000 per QALY. All analyses were
performed using Excel 2016 software (Microsoft Corp).

Results

Model Validation
To examine the predictive validity of the model, the simulated
event rates (IS, ICH, and GIB) in usual care and mHealth-based

care were compared to the findings reported in the mAFA-II
trial [15]. As shown in Table 2, all simulated events in both
arms were within 10% of relative difference when compared
with the reported data from the mAFA-II trial. The simulated
5-year survival rate determined by the model (73.5%) was also
compared to that reported (68.9%) for the Chinese elderly
population with AF (CHA2DS2-VASc score of 3), and the
relative difference was found to be 6.67% [31].

Table 2. Model validation.

mHealtha-based care (median follow-up 701 days)Usual care (median follow-up 546 days)Variable

DifferenceModelTrialDifferenceModelTrial

–10.42%0.43%0.48%–6.31%3.86%4.12%ISb

———d–2.44%0.40%0.41%ICHc

–2.50%0.39%0.40%–5.17%0.55%0.58%GIBe

amHealth: mobile health.
bIS: ischemic stroke.
cICH: intracranial hemorrhage.
dThe incidence of ICH in the trial was reported to be 0 within follow-up. The model simulated the long-term impacts and assumed that the relative risk
of mHealth-based care (vs usual care) regarding ICH was 0.5, with a range of 0-1. Therefore, the difference in the ICH incidence is not presented.
eGIB: gastrointestinal bleeding.

Base-Case Analysis
Over a 30-year time horizon, the total costs of mHealth-based
care and usual care were US $35,691 and US $34,601,
respectively. The expected QALY gain was 7.2749 for
mHealth-based care and 7.2019 for usual care. Compared with
usual care, mHealth-based care gained additional QALYs of
0.0730 with an incurred cost of US $1090. The ICER was US
$14,936 per QALY, which was below the WTP threshold of
US $33,438 per QALY. These results indicated mHealth-based
care as a cost-effective strategy in the base-case analysis.

Sensitivity Analyses
The ICERs of mHealth-based care were all below the WTP
threshold throughout the one-way variation. No parameter with
a threshold value was found (Figure 2). The analysis showed
that the model results were most sensitive to compliance to
mHealth-based care, the monthly cost of follow-up after major
IS, utility after major IS, the proportion of recurrent IS after IS,
the hazard ratio of all-cause mortality (AF vs no AF), and utility
of AF. As the compliance of mHealth-based care had the most
significant impact on the ICER, an extended one-way sensitivity

analysis was performed. Once the probability of compliance to
the mobile technology exceeded 99%, mHealth-based care was
a cost-saving option with QALYs gained when compared with
usual care.

The Monto Carlo simulations of incremental costs versus
incremental QALYs gained by mHealth-based care are shown
in Figure 3. The mHealth-based care gained average QALYs
of 0.0842 (95% CI 0.0832-0.0851, P<.001), with a mean
additional cost of US $1053 (95% CI US $1033-1073, P<.001).
Of 10,000 iterations, mHealth-based care gained higher QALYs
at a higher cost with the ICER below the WTP threshold 89.44%
of the time. The probability of mHealth-based care being
effective in QALYs gain with cost savings was 2.89%.

The probability of each comparator being preferred as
cost-effective is shown in the acceptability curve of Figure 4.
The mHealth-based care and usual care shared the same
probability (50%) of being cost-effective at the WTP threshold
of US $10,699 per QALY. mHealth-based care was accepted
to be cost-effective 92.33% of the time at the WTP threshold
of US $33,438 per QALY.
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Figure 2. Tornado diagram of one-way sensitivity analysis summarizing the effect of parameters on the ICER. ICER: incremental cost-effectiveness
ratio; IS: ischemic stroke; AF: atrial fibrillation.

Figure 3. Incremental cost-effectiveness scatterplot: probabilistic sensitivity analysis for mobile health–based care versus usual care. QALYs:
quality-adjusted life-years.

Figure 4. Cost-effectiveness acceptability curve. mHealth: mobile health. QALY: quality-adjusted life year.
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Discussion

Principal Results
This is the first cost-effectiveness analysis examining
mHealth-based integrated care using the ABC pathway to
manage patients with AF. Compared to usual care,
mHealth-based care was cost-effective from the public health
care provider in China, with an ICER (US $14,936 per QALY)
below the WTP threshold (US $33,438 per QALY). No
parameter varying the ICER with a threshold value was found
in one-way sensitivity analysis, indicating the robustness of the
base-case results. In probabilistic sensitivity analysis, the
probability of mHealth-based care being preferred was high
throughout the WTP threshold variation, which further supported
the cost-effective application of managing patients with AF via
mHealth technology. To our best knowledge, no
cost-effectiveness analysis has previously been performed to
examine the application of mHealth technology in care after an
AF diagnosis, although such an analysis has been performed
for screening [34]. Our findings are in line with the results of
previous cost-effectiveness analyses investigating mHealth tools
for other cardiovascular diseases, indicating the cost-effective
use of the mHealth support system [16-18]. The small
improvement in QALYs by the mHealth-based care for AF,
similar to other digital health technologies, may be driven by a
small, estimated gain in survival and reflect the indirect effects
of the technologies on mortality.

A recent community-based multicenter study investigating the
prevalence of untreated AF found a noticeable treatment gap in
urban China. Only 20.3% (28/138) of patients with AF
qualifying for guideline-recommended anticoagulant therapy
commenced the treatment [6]. The undertreated AF resulted
from patients’ preference to attend local community centers
over specialist clinics, community health center physicians’
lack of knowledge regarding evidence-based management (only
antiplatelet drugs and traditional Chinese medicine prescribed),
and specialists’ low adherence to AF guidelines. The condition
is likely to be worse in rural China owing to the lower awareness
in rural residents than in urban areas [6]. To optimize the
management of patients with AF, a mobile
technology–supported program adopting the ABC pathway was
initiated in China [15,35]. The program encompassed
guideline-adherent recommendation and monitoring on
anticoagulants, patient-centered symptom-directed decisions
for rate or rhythm control, and comorbidity management. The
results showed that mHealth-based care was associated with
improved patient outcomes: better rate/rhythm control; increased
use of anticoagulants; and reduced composite outcomes of
IS/systemic thromboembolism, death, and rehospitalization.

As China’s population is aging, there is a shift in the disease
burden to chronic noncommunicable diseases. The Chinese
government is actively seeking ways to reduce the health care
expenditure on chronic diseases. The delivery of quality health
services in a cost-effective manner is the key direction [36]. In
this landscape, mHealth apps offer unique opportunities for
improving the quality of care while reducing the cost of care
by outsourcing the proactive patient monitoring to a clinically

validated algorithm, enabling early diagnosis and intervention
to patients, and saving clinicians’ time for more urgent cases.
Due to a lack of economic evidence, the innovative use of
mobile technology has not yet been adequately integrated into
the health care system. Therefore, cost-effective assessment of
mHealth-based care is the essential process of considering this
new technology in China. Our study demonstrated that using
mobile technology to streamline and integrate care for patients
with AF is likely to be cost-effective from the perspective of
public health care providers in China. A recent study suggested
patients’ problems of seeking routine care under the context of
the COVID-19 pandemic and increasing use of internet-based
medical services in China [37,38]. In this regard, internet-based
interventions with cost-effectiveness, such as mHealth-based
care for AF patients, should be considered part of routine care
for chronic diseases.

mHealth-based care involves patients’ engagement more than
conventional care. Patients’ compliance and persistence are
significant barriers and challenges for advancing these new
technologies [39]. The realization of the benefits of mHealth
technology will only occur when high compliance is achieved.
Key factors to improve patients’ compliance encompass user
training, active human support, and telehealth implementation
style [40]. To examine the compliance on the findings, an
extended one-way sensitivity analysis varying the parameter
from 0%-100% (base-case value 70.8%) was performed. Once
full adherence (≥99%) is achieved, the mHealth-based care
would be a cost-saving option with QALY gains. Compliance
is a nontransferrable parameter among different health care
systems. Local patients’ willingness to uptake and adhere to the
technology should be evaluated in a pilot study before
incorporating mHealth support into AF care.

Limitations
The results of this model should be interpreted while considering
the following limitations. First, the model was developed based
on a cluster-randomized clinical trial (mAFA-II trial), which
studied an adult population diagnosed with AF who were
followed up over 1 year. The baseline characteristics were
adopted for the model population [15]. In the trial, the
intervention group consisted of 1261 subjects (mean age 67
years, median CHA2DS2-VASc score 3, 34.1% women) and
1212 subjects (mean age 70 years, median CHA2DS2-VASc
score 3, 42.1% women). A community-based survey of 47,841
adults (aged ≥45 years) in seven geographic regions of China
showed the characteristic of confirmed AF patients (mean age
67.6 years, CHA2DS2-VASc score of 2.13 for men; mean age
66.6 years, CHA2DS2-VASc score of 3.08 for women), which
indicated the similarity of Chinese AF patients and the model
population [5]. However, fewer women were identified in the
mAFA-II trial than reported in the community-based survey
(54.7%). This likely resulted from the selection bias with more
male, younger subjects included during AF screening phases,
which limited the generalizability of the results [15].

Second, the effectiveness estimates, both probabilities and
hazard ratios, were approximated from a follow-up much shorter
than the lifetime horizon and used to examine the long-term
effects of mHealth technology. To examine the model’s
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predictive validity, the simulated events were compared to rates
reported in the trial, and the 5-year survival rate was also
compared to that reported for the Chinese elderly population
with AF. The model development, data conversion, and
approximation followed the practical guide for Markov models
and the guide to the methods of technology appraisal 2013
[21,22]. The model demonstrated accuracy with acceptable
differences between simulated and reported rates. The higher
5-year survival rate generated in the present model was likely
due to the model population being less elderly and having fewer
comorbidities compared to patient characteristics in the cohort
study [31]. For a more precise estimation of the
cost-effectiveness over a lifetime scale, a clinical trial
investigating the long-term effectiveness of mHealth-based care
is highly warranted.

Third, this is a model-based health economic evaluation using
model inputs from multiple sources with similar patient
characteristics as the model population. Nevertheless, the data
availability partially limited the data retrieval and the
generalizability of the results to a large population with different
region-specific patient characteristics in China. The variation
was considered in one-way and probabilistic sensitivity analyses
using the reported ranges or 20% of the base-case values. No
threshold value was identified in one-way sensitivity analysis,
and a strong likelihood of being cost-effective in probabilistic

sensitivity analysis supported the applicability of the results.
Future studies should investigate the use of mHealth technology
for AF in randomized clinical trials considering geographical
variations in patient characteristics, identification of subgroups,
and constraints on local implementation, along with a trial-based
economic evaluation assessing the incremental cost-effectiveness
of mHealth tools.

Fourth, the cost inputs were retrieved from multiple sources
according to data availability, including expert opinions on the
monthly cost of postevent follow-up due to limited data. No
identified threshold value of cost inputs indicated the robustness
of the base-case result. Future studies investigating the cost of
postevent follow-up in Chinese patients with stroke are
warranted.

Conclusion
This study assessed the expected cost-effectiveness of applying
mHealth-based integrated care for AF by a model-based health
economic evaluation. The exploration suggested the potential
cost-effective use of mHealth apps in streamlining and
integrating care via the ABC pathway for AF in China. Future
economic evaluation alongside randomized clinical trials is
highly warranted to verify the suggestion and investigate
affecting factors such as geographical variations in patient
characteristics, identification of subgroups, and constraints on
local implementation.
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Abstract

Background: Smartphone compatible wearables have been released on the consumers market, enabling remote monitoring.
Remote monitoring is often named as a tool to reduce the cost of care.

Objective: The primary purpose of this paper is to describe a cost-utility analysis of an eHealth intervention compared to regular
follow-up in patients with acute myocardial infarction (AMI).

Methods: In this trial, of which clinical results have been published previously, patients with an AMI were randomized in a 1:1
fashion between an eHealth intervention and regular follow-up. The remote monitoring intervention consisted of a blood pressure
monitor, weight scale, electrocardiogram device, and step counter. Furthermore, two in-office outpatient clinic visits were replaced
by e-visits. The control group received regular care. The differences in mean costs and quality of life per patient between both
groups during one-year follow-up were calculated.

Results: Mean costs per patient were €2417±2043 (US $2657±2246) for the intervention and €2888±2961 (US $3175±3255)
for the control group. This yielded a cost reduction of €471 (US $518) per patient. This difference was not statistically significant
(95% CI –€275 to €1217; P=.22, US $–302 to $1338). The average quality-adjusted life years in the first year of follow-up was
0.74 for the intervention group and 0.69 for the control (difference –0.05, 95% CI –0.09 to –0.01; P=.01).

Conclusions: eHealth in the outpatient clinic setting for patients who suffered from AMI is likely to be cost-effective compared
to regular follow-up. Further research should be done to corroborate these findings in other patient populations and different care
settings.

Trial Registration: ClinicalTrials.gov NCT02976376; https://clinicaltrials.gov/ct2/show/NCT02976376

International Registered Report Identifier (IRRID): RR2-10.2196/resprot.8038

(J Med Internet Res 2022;24(4):e30236)   doi:10.2196/30236
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Introduction

eHealth, broadly speaking, the delivery of medicine using
information technology, has been suggested as a cost-saving
tool to deliver health care [1,2]. It can be delivered using

personal computers, mobile phones, or tablets. One advantage
of delivering health care through these mobile devices is that it
uses an already existing infrastructure. The vast majority of the
western world population has internet access or possesses a
smartphone. Recent statistics showed that 92% of the Dutch
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population (aged ≥12 years) uses the internet, and 89% of the
population owns a smartphone [3].

Mobile technology might be cheaper than conventional health
care technology. Furthermore, an eHealth intervention can be
delivered to more patients at the same time using information
technology [4]. This also allows health care delivery in low-
and middle-income countries. In addition, if it decreases the
costs of health care delivery in high-income countries, it may
increase equality.

Accordingly, smartphone-compatible devices might be clinically
effective and cost-saving tools to deliver health care to acute
myocardial infarction (AMI) patients. In The Box trial, a trial
randomizing 200 patients to either an eHealth intervention or
regular follow-up, it was found that there was no difference in
clinical endpoints. A cost-effectiveness analysis of this trial was
not included [5]. It is, therefore, the primary purpose of this
study to describe a cost-utility analysis of an eHealth
intervention (The Box) compared to regular follow-up in the
outpatient care setting of patients who have been treated for
AMI with primary percutaneous coronary intervention (PCI),
with or without ST elevation, using data from The Box trial.

Methods

Overview
“The Box” was a single-center open-label randomized controlled
trial (RCT) conducted at the Department of Cardiology of the
Leiden University Medical Center (LUMC) in Leiden, the
Netherlands, between May 2016 and December 2018
(NCT02976376) [5]. The current paper describes a trial-based
cost-utility analysis of the intervention.

Intervention
Details about the trial protocol and the results of the clinical
trial have been published previously [5,6]. In brief, patients who
were admitted to the cardiac care unit (CCU) of the LUMC with
an AMI, as defined by European Society of Cardiology (ESC)
guidelines [7,8], were approached for participation. Both patients
with ST-elevation myocardial infarction (STEMI) and patients
presenting with non-ST-elevation myocardial infarction
(NSTEMI) were eligible for participation. Therefore, according
to the ESC guidelines, every patient admitted to the CCU, with
symptoms of AMI, elevated troponin levels, and a more than
90% occlusion on coronary angiography, which was treated
with primary PCI ≤48 hours after onset of symptoms, was
considered for participation [9]. Patients were excluded if they
were ≤18 years old, pregnant, unwilling or unable to sign the
informed consent form, included in another RCT, or unable to
communicate in English or Dutch at a sufficient level. After
inclusion, patients were randomized to either the intervention
group or the control group. When randomized to the control
group, patients were followed-up according to the department’s
AMI follow-up protocol (called MISSION! protocol) [10].
Patients visited the outpatient clinic 1 month, 3 months, 6
months, and 12 months after they were treated for AMI. At each
visit, a 12-lead electrocardiogram (ECG) was obtained, and
blood pressure (BP) was measured by a nurse practitioner (NP)
with ample training using a handheld sphygmomanometer. At

3 months, a stress echocardiogram was done, and a 24 Holter
monitor was attached to the patient. At 6 months, a transthoracic
echocardiogram (TTE) was done, and a 24 Holter monitor was
performed. At 12 months, a TTE was done. Patients were not
monitored in between outpatient clinic visits. When randomized
to the intervention group, patients received a box containing a
smartphone-compatible weight scale, a BP monitor, a step
counter (all three by Nokia Health, Nokia), and an ECG device
(Kardia, AliveCor Inc). Patients were asked to record their
weight, BP, and ECG once daily and to record their steps taken
continuously. Data were automatically transferred from the
patient’s smartphone to the department’s dedicated hospital
information system (EPD-Vision), and data were checked
multiple times per week. In case of possible abnormalities (high
BP, possible arrhythmias, or a sudden increase or decrease in
weight), patients were contacted by a doctor or NP, and the
therapeutic regimen could eventually be adjusted. Furthermore,
the outpatient clinic visits 1 month and 6 months after AMI
were replaced by an e-visit, in which the patient contacted the
hospital via a secured video connection (Starleaf Breeze,
Starleaf). The ECG at the 1- and 6-month outpatient clinic visit,
as well as the TTE and the 24 hour Holter monitor at the
6-month outpatient clinic visit, were not performed in the
intervention group. In case of technical difficulties, patients
could contact a project dedicated PhD Student for technical
support. This technical support was primarily delivered via
telephone or a secured video connection. If problems could not
be solved, a computer expert would visit the patient at their
home.

Dutch Health Care System
Detailed information (in English) on the Dutch health care
system is published elsewhere [11]. In brief, the law that covers
the payment for hospital care is called the Health Care Insurance
Act (in Dutch: “Zorgverzekeringswet”). The system combines
aspects of private and public insurance. Health care insurers are
private companies that are not-for-profit. The health care
insurance act demands that healthcare insurers accept all
customers, regardless of their health care condition. Insurers
are furthermore forbidden to charge different premiums for the
same package. Finally, insurers are obliged to make health care
that is part of the government decided basic health package
available to all customers. All residents of the Netherlands are
obliged to take health insurance. Health care insurers negotiate
prices and volumes of care with hospitals, focusing on
affordability and quality of care. Hospitals either employ doctors
or doctors are working on a fee-for-service basis. Patients pay
a deductible of €385 (US $423) and a fixed premium price per
month [11].

In this trial, costs of The Box are covered by the Department
of Cardiology of the LUMC. The diagnosis-related group of a
PCI in AMI is more than €385 (US $423). As such, patients
had to pay their deductible. Therefore, as premium prices are
fixed and do not depend on the amount of health care consumed,
there was no difference in the amount of money patients had to
pay for health care between patients who participated in the
intervention group or the control group.
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Trial Based Analysis
The trial-based cost-utility analysis was performed from a
department of cardiology’s perspective with a time horizon of
1 year. All costs are reported in 2020 euros. The general Dutch
consumer price index was used to convert costs to 2020 price
levels [12]. The analysis was performed on a modified
intention-to-treat population. To create such a population, 12
(12%)patients in the intervention group and 8 (8%) patients in
the control group were included in the trial but dropped out
within two weeks due to various reasons and, therefore, not
following the protocol as planned, were excluded from the
analysis. For the base-case analysis, only health care
consumption at the cardiology department (defined as the
cardiac care unit, emergency room, ward, and outpatient clinic)
was taken into consideration. The intervention primarily
intervenes with follow-up of cardiac care and targets some
specific risk factors for cardiovascular disease. It is therefore
assumed there is no causal relationship between our intervention
and health care utilization of other departments or outside the

hospital. These costs are therefore not taken into account. All
calculations were done in Excel and SPSS (version 23.0, IBM
Corp) and IBM SPSS Statistics for Windows (version 22; IBM
Corp).

Cost Calculations

Costs of The Box
Costs for the intervention (The Box) and the technical support
of The Box were copied from bills received by the department.
Costs for procedures performed as part of the study protocol
(stress echocardiogram, transthoracic echocardiogram, 24-Hour
Holter monitor, digital outpatient clinic visit, and in-office
outpatient clinic visit) were at LUMC prices. Extra consultations
for adjustment of the therapeutic regimen as a consequence of
irregularities in Box data were included in the intervention
group. A consult of 10 minutes was multiplied by the hourly
wage of a nurse practitioner. All cost prices are given in Table
1.

Table 1. Costs of The Box, follow-up, and major adverse cardiac events.

SourcePriceItem

Bills€318bThe Box (ECGa monitor, blood pressure monitor, weight scale, cardboard
box, manual)

Follow-up

LUMCc€542Stress echo

LUMC€117Echo (outpatient clinic)

LUMC€15224-hour Holter monitor

LUMC€44E-visit outpatient clinic visit

LUMC€96Normal outpatient clinic visits

Bills€1758Technical support

Dutch costing guidelines€4Contact NPd due to Box measurements (per contact)

NZAe€2037Coronary angiogram

NZA€5999Revascularization (elective), 1-vessel disease (1VD), with admission

NZA€6428Revascularization (elective), multivessel disease (MVD), with admission

Dutch costing guidelines€684Admission, unspecified (price per night)

UMCf gross salary of 0.5 FTEg€15,367In hospital technical support (including training of patients to use devices
and checking of data)

aECG: echocardiogram.
bA currency exchange rate of €1=US $1.0994 is applicable.
cLUMC: Leiden University Medical Center.
dNP: nurse practitioner.
eNZA: Nederlandse Zorgautoriteit (Dutch Healthcare Authority).
fUMC: University Medical Center.
gFTE: full-time equivalent.

Follow-up Hospitalization Costs
The following events were taken into account: during follow-up,
cardiac care utilization due to nonfatal adverse cardiac events
(defined as any hospital visit for myocardial infarction, elective
revascularization, arrhythmia, or heart failure) was noted. The
following events were defined: coronary angiography without

intervention, revascularization (elective), recurrent STEMI,
recurrent non-ST elevation acute coronary syndrome, acute
heart failure, and hospital admission to the cardiac care unit or
cardiology ward for other reasons than the above. Costs for
revascularization were taken from the Dutch Health care
Authority (in Dutch: “Nederlandse Zorgautoriteit”; NZA)
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costing lists [13]. These lists distinguish four types of elective
revascularization: single vessel revascularization with and
without an overnight stay in the hospital and multivessel
revascularization with or without an overnight stay in the
hospital. Costs for revascularization with an overnight stay in
the hospital were used. Costs of hospitalizations not due to
revascularizations and emergency care visits were derived from
the Dutch Costing Manual [14].

Costs of the Outpatient Clinic Visits
As a reference cost price of an e-visit was not available, the
e-visits and in-office outpatient clinics were calculated by
top-down micro-costing. In the base-case, patient-related costs
were not taken into account. For the in-office outpatient clinic
(ie, ECG), administrative and NP costs were taken into account.
The last two were taken from the Dutch costing manual, whereas
costs for the ECG were taken from the NZA list of maximum
prices [14]. Hospital costs were multiplied by 1.44 (44%
overhead), in accordance with the Dutch costing manual [14].
For the e-visit, administrative, video connection system, and
consultation costs were taken into account. Costs of the video
system were calculated by dividing the yearly subscription costs
by the system's full capacity (11 patients per half-day, 110
patients a week times 50 weeks of outpatient clinic, summing
up to 5500 e-visits per year). These were multiplied by 1.22
(22% overhead). A 22% overhead was assumed because of a
lack of cleaning and a decrease in housing costs. The costs of
an e-visit amounted to €44 (US $48), and an in-office visit cost
€96 (US $106).

Quality-Adjusted Life Years
Utilities were derived from the Short Form Health Survey
(SF-36) questionnaire [15]. These questionnaires were
administered via the computer, smartphone, or tablet. Patients
received an email with a URL to a web page where the SF-36
could be filled in digitally. During The Box trial, patients in
both groups were asked to fill in the SF-36 three times: at 1
month, 6 months, and 12 months after inclusion. Results of the
SF-36 were converted into health utilities (1=perfect health, 0=
health as bad as dead) by using the established UK-based utility
algorithm obtained through the University of Sheffield Licensing
[16]. Multiple imputation was used to assess missing utility
values. Baseline characteristics such as, but not limited to, age,
gender, index event (STEMI vs NSTEMI), maximum troponin
levels, and previous utilities were taken into account.
Subsequently, quality-adjusted life years (QALYs) were
calculated using the area under the curve method.

Cost-Effectiveness Acceptability Curve
Nonparametric bootstrapping was used (involving 1000
replications) to calculate uncertainty around the costs and effects
estimates. Based on these results, a cost-effectiveness
acceptability curve was constructed by plotting the proportion
of costs and effects pairs for which the intervention is
cost-effective compared to regular follow-up for a range of
values of the willingness to pay for a QALY. The
willingness-to-pay threshold in the Netherlands is between
€20,000 (US $21,989) and €80,000 (US $87,957) per QALY
[17].

Sensitivity Analysis of Patient-Related Costs
To analyze the potential effect of The Box on hospital and
patient-related costs, a sensitivity analysis was performed. In
this analysis, the costs of e-visits and in-office outpatient clinic
visits were altered, as patient-related costs were included in the
calculation. To calculate patient-related costs, the following
costs were assumed for the in-office outpatient clinic visit: travel
costs, parking costs, and 4.5 hours of loss of economic
productivity multiplied by an hourly wage. For the digital
outpatient clinic visit, half an hour of loss of economic
productivity was assumed. The median age of the population
was 59 years (IQR 53-66); therefore, it was assumed that 70%
of the study population was still economically productive. The
hourly wage of “economically productive” patients was €37.05
(US $40.76), whereas the hourly wage of “non-economically
productive” patients (eg, retired patients) was €13.33 (US
$14.66) [18]. The vast majority of the myocardial infarction
population of the LUMC lives within 10 kilometers of the
hospital. As such, an average distance of 7 kilometers for both
groups was assumed, according to the Dutch Costing manual
[14]. Parking costs were assumed to be €3.20 (US $3.52) for
one hospital visit, again in accordance with the Dutch Costing
manual [14]. Time for using The Box was multiplied by the
hourly tariff of non-economically productive patients, as patients
used this during non-office hours. A total of 10 minutes per
week to take measurements was included. All costs taken into
account are given in Table 1.

Statistical Analysis
The sample size calculation of 200 patients has been published
previously. It was calculated using R statistical software version
3.2.0 for Windows (R Project for Statistical Computing). It was
assumed that 95% of patients in the intervention group would
have regulated BP against 75% in the control group. An α of
.05, a β of .20, and a margin of 0.07 were chosen. Costs were
calculated in 2020 euros and are presented as mean±SD.
Differences between the intervention and control group in mean
costs per category were tested for statistical significance using
an independent student’s t test. P values and confidence intervals
were calculated using SPSS (IBM Corp) and IBM SPSS
Statistics for Windows (version 25.0; IBM Corp).

Results

Patient Population
In total, 200 patients (median age 59 years, 78% male) were
included in the trial. These patients served as the base-case for
the trial-based analysis. Of these patients, 100 (from now: 100%
of the intervention group) were randomized to The Box, and
100 (from now: 100% of the control group) were randomized
to the control group. In total, 12 patients (12%) in the
intervention group and 8 (12%) in the control group were lost
to follow-up and were not included in the base-case analysis.
In both groups, 2 patients per group passed away (21% each).
These patients were included in this cost-utility analysis. In
total, the intervention group consisted of 88 (88%) patients and
the control group of 92 (92%) patients. Results on primary and
secondary outcomes have been published previously in detail
[5].
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Base-Case Analysis
Mean total costs per patient were €2417±2043 (US $2657±2246)
for the intervention group and €2888±2961 (US $3175±3255)
for the control group. On average, costs were €471 (US $518)
lower in the intervention group. This difference was, however,
not statistically significant (95% CI –€275 to €1217; P=.22, US
$–302 to $1338). Statistical significance of differences in mean
costs per item per patient are given in Table 2.

Mean utilities per randomization group were noted at 1, 6, and
12 months. Differences between utilities were not statistically
significant at 1 month (–0.03; 95% CI –0.07 to 0.01; P=.16), 6
months (–0.05; 95% CI –0.11 to 0.001; P=.06), and 12 months
(–0.05; 95% CI –0.11 to 0.01). When converting the utilities to
QALYs, the mean QALY per patient was 0.74 for the
intervention group and 0.69 for the control group. This
difference was statistically significant (95% CI –0.09 to –0.01;
P=.028). Utilities are graphically represented in Figure 1.

Table 2. Pooled costs per patient per item for both the intervention group and regular follow-up.

P value95% CIDifferenceRegular follow-up,
costs, €µ±SD

Regular follow-up,
numbers

Intervention group,
costs, €µ±SD

Intervention group,
numbers

Item

<.001–€318 to –€318–€318€0±00€318±0a88The Box

<.001–€36 to –€31–€34€0±00€34±13148E-visit

<.001€126 to €157€142€288±46373€146±58181In-office outpatient
clinic visit

<.001€136 to €192€164€360±84171€196±10889Holter

<.001€86 to €126€105€256±58178€151±76100Transthoracic
echocardiogram

.12–€19 to €84€32€500±14485€468±20476Stress echocardio-
gram

.15–€13 to €88€37€75±22125€38±10412Emergency care visit

.72–€204 to €296€47€186±98425€139±69718Hospitalization

.13–€59 to €440€191€499±94622€308±74513Catheterization

.14–€125 to €884€379€652±20774€273±125610Single vessel PCIb

.54–€318 to €165–€77€69±6701€146±9632Multivessel PCI

<.001–€195 to –€195–€195€0±00€195±01Box support

aA currency exchange rate of €1=US $1.0994 is applicable.
bPCI: percutaneous coronary intervention.

Figure 1. Mean pooled utilities per randomization group at one, six and twelve months after study inclusion.

Sensitivity Analysis
Mean patient-related costs were €426±114 (US $468±125) per
patient in the intervention group, while mean patient-related
costs in the control group were €570±92 (US $627±101). The

difference of €144 (US $158) was statistically significant (95%
CI €115 to €175; P<.001, US $127 to $193). In the sensitivity
analysis, mean total costs per patient were €2842±2047 (US
$3127±2252) for the intervention group and €3458±2974 (US
$3805±3273) for the control group. This difference was not
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statistically significant (95% CI –€133 to €1365; P=.11, US
$146 to $1365).

Cost-Effectiveness
Bootstrap results of the base-case and sensitivity analysis,
including patient-related costs, are presented in the

cost-effectiveness planes shown in Figures 2 and 3, respectively.
The cost-effectiveness acceptability curves of both the base-case
and the sensitivity analysis show that the probability that the
Box is cost-effective compared to usual care is very high, above
0.9 for all values of the willingness to pay for a QALY (Figure
4).

Figure 2. Scatter plot of incremental costs and incremental quality-adjusted life years in the base-case analysis. QALY: quality-adjusted life years.

Figure 3. Scatter plot of incremental costs and incremental quality-adjusted life years in the sensitivity analysis. QALY: quality-adjusted life years.
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Figure 4. Cost-effectiveness acceptability curve. A currency exchange rate of €1=US $1.0994 is applicable. QALY: quality-adjusted life years.

Discussion

Principal Findings
In this paper, an RCT analyzing the cost-utility of an eHealth
intervention in post-AMI patients was presented. Important
findings of this paper were that, on average, costs per patient
in The Box group were nonsignificant lower than in the control
group and quality of life showed a small but statistically
significant difference. These findings were corroborated in a
sensitivity analysis.

The results from this paper can contribute to the ongoing
discussions regarding telemonitoring and telerehabilitation in
patients with cardiovascular disease. Rising health care costs
are putting pressure on budgets for health care in all developed
countries. In the Netherlands, health care costs are an estimated
11% of the total gross domestic product (GDP). Costs are
growing faster than the economy. Without a significant change
in the way health care is delivered by 2040, it is expected that
30% of the GDP will be spent on health care [19]. This increase
in costs has been attributed to increased volumes, patients with
multi-morbidity, as well as the use of more sophisticated (and
therefore expensive) clinical technology [20]. eHealth has been
identified as a tool to lower costs while at the same time
increasing quality by focusing more on preventing disease
(instead of treating). Moreover, it could reduce costs by helping
to integrate care by easing communication between care
providers and reducing duplication of diagnostic testing. Lastly,
it could reduce costs as patients are enabled to perform some
of their diagnostic tests by themselves instead of by trained
health care staff [21]. Although these are rather general remarks,
the results of this study support some of this theory. In this
study, patients were able to measure their own BP, ECG, and
weight and transfer it to the hospital. This enabled the
replacement of two in-office outpatient clinic visits with two
digital outpatient clinic visits, with consequently cost reductions,
as the price of an e-visit is about half the price of an in-office
outpatient clinic. Potentially, with 34,000 AMI patients in the
Netherlands per year, the eHealth intervention could save an
estimated €16.1 million euros (US $17.7 million US dollars) in
health care costs for cardiology departments annually [18,22].

External Validity
This RCT was performed in Dutch patients who suffered from
AMI. In the Netherlands, distances are known to be small. The
average distance between the hospital and the patient’s home
was 7 kilometers [14]. Moreover, in this study, it was estimated
that 30% of patients were retired. In a population, however,
where more patients are still working and distances are larger,
cost savings due to eHealth might be higher. A sensitivity
analysis, taking into account the patient-related costs of an
e-visit, demonstrated that cost savings of The Box could be
higher. The costs of devices of The Box should be incorporated
as well. These costs contribute significantly to the total costs
of the intervention group. In larger populations, a cost reduction
could be achieved by reducing the price per device due to larger
volumes. A reduction in costs for The Box could result in a
statistically significant reduction in total costs per patient
compared to the control group. It could be expected that in such
a scenario, the cost reduction in the intervention group could
reach statistical significance. Moreover, further selection of
subpopulations that are most likely to benefit from The Box
could improve cost-effectiveness as well.

Literature
To our knowledge, this is the first paper to evaluate the
cost-utility of remote monitoring compared to regular follow-up
in the outpatient care setting of post-AMI patients. eHealth is
a rather broad term, encompassing almost all use of information
technologies in health care. It is a relatively new concept. Few
RCTs have been performed. A recent systematic review found
16 cost evaluations of RCTs in eHealth, ranging from
internet-based cognitive behavioral therapy for depression to
telemonitoring for patients with congestive heart failure [23].
As these patient populations and interventions differ from our
patient population and intervention, comparing the results is
difficult. Previous studies mainly found eHealth to be
cost-effective but predominantly leading to an increase in costs.
Our study found a (nonsignificant) reduction in costs, which is
very likely to be due to the design of this study; eHealth was
used to partially replace regular care, while in most eHealth
studies, it is provided on top of regular care. One study evaluated
telerehabilitation in post-AMI patients [24] and found the
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intervention to be cost-saving. A Dutch study with a comparable
design and patient population corroborated these findings [25].
However, although this study evaluated to some extent a
comparable patient population, a different intervention was
performed. The intervention involved a telerehabilitation
program and focused on exercise. Digital outpatient clinic visits
were not part of the intervention [24]. These factors could
explain the differences in the cost reductions found in both
studies.

Limitations
For the interpretation of the results, some limitations have to
be taken into account. For the trial-based analysis, only data
from the Department of Cardiology of the LUMC were used.

Secondly, this study was performed in a tertiary care center by
a project dedicated team. It is therefore unknown if the
percentages found in this trial will be similar in other medical
centers, where care for post-AMI patients is delivered by
cardiologists, and a project dedicated team is unfeasible due to
lower volumes and other financing structures. Thirdly, this
cost-utility calculation was done from a department’s
perspective. Costs generated in other departments were not
taken into account. Therefore, total costs could be

underestimated. However, as it is assumed this is equally
distributed, it has most likely a limited effect on the difference
between the intervention and control group. In the base-case
analysis, furthermore, patient-related costs were not taken into
account as well. This might have led to an underestimation of
costs in the control group, as patient-related costs are assumed
to be higher. The sensitivity analysis indicated that if
patient-related costs are included, The Box is likely to be more
cost-effective. Fourthly, to convert SF-36 scores into utilities,
the UK algorithm was used. As such, as there might be subtle
differences between the UK and Dutch patient populations in
basic SF-36 scores, this might have skewed the utility data
slightly. Nevertheless, as the algorithm was used for both the
intervention group and control group, there is no reason to
believe another algorithm would have changed the conclusion
that is based on the utility data.

Conclusions
The most important conclusion is that remote monitoring in
post-AMI patients is likely to be cost-effective compared to
usual care (and at least not more expensive). This intervention
in the outpatient care setting of post-AMI patients could be a
valuable additive in restraining rising health care costs or in
situations where physical outpatient clinic visits are undesirable.
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NSTEMI: non-ST-elevation myocardial infarction
NZA: Nederlandse Zorgautoriteit
PCI: percutaneous coronary intervention
QALY: quality-adjusted life years
RCT: randomized controlled trial
SF-36: Short Form Health Survey-36
STEMI: ST-elevation myocardial infarction
TTE: transthoracic echocardiogram
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Abstract

Background: The emerging health technologies and digital services provide effective ways of collecting health information
and gathering patient-generated health data (PGHD), which provide a more holistic view of a patient’s health and quality of life
over time, increase visibility into a patient’s adherence to a treatment plan or study protocol, and enable timely intervention before
a costly care episode.

Objective: Through a national cross-sectional survey in the United States, we aimed to describe and compare the characteristics
of populations with and without mental health issues (depression or anxiety disorders), including physical health, sleep, and
alcohol use. We also examined the patterns of social networking service use, PGHD, and attitudes toward health information
sharing and activities among the participants, which provided nationally representative estimates.

Methods: We drew data from the 2019 Health Information National Trends Survey of the National Cancer Institute. The
participants were divided into 2 groups according to mental health status. Then, we described and compared the characteristics
of the social determinants of health, health status, sleeping and drinking behaviors, and patterns of social networking service use
and health information data sharing between the 2 groups. Multivariable logistic regression models were applied to assess the
predictors of mental health. All the analyses were weighted to provide nationally representative estimates.

Results: Participants with mental health issues were significantly more likely to be younger, White, female, and lower-income;
have a history of chronic diseases; and be less capable of taking care of their own health. Regarding behavioral health, they slept
<6 hours on average, had worse sleep quality, and consumed more alcohol. In addition, they were more likely to visit and share
health information on social networking sites, write online diary blogs, participate in online forums or support groups, and watch
health-related videos.

Conclusions: This study illustrates that individuals with mental health issues have inequitable social determinants of health,
poor physical health, and poor behavioral health. However, they are more likely to use social networking platforms and services,
share their health information, and actively engage with PGHD. Leveraging these digital technologies and services could be
beneficial for developing tailored and effective strategies for self-monitoring and self-management.

(J Med Internet Res 2022;24(4):e30898)   doi:10.2196/30898

KEYWORDS

patient-generated health data; social network; population health informatics; mental health; social determinants of health; health
data sharing; technology acceptability; mobile phone; mobile health
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Introduction

Background
Mental health issues such as depression and anxiety disorders
are severe psychiatric diseases with high prevalence and elevated
risks of recurrence and chronicity [1]. There are >260 million
people of all ages who have experienced mental illnesses
worldwide, which are a leading cause of disability worldwide
and a major contributor to the overall global burden of disease
[2]. Studies have demonstrated that mental health issues are a
strong indicator of poor general health, unhealthy alcohol use,
and sleep problems [3,4]. Poor sleep quality has been linked to
an increased motivation to drink, especially for young adults
[5]. It is critical for patients with mental health issues to receive
appropriate health care and social services.

In recent years, there has been increasing acknowledgment of
the important role that mental health plays in achieving
improved population health. Understanding how these
fundamental factors (physical and behavioral health, mental
health, and technologies) relate to one another may yield
important insights for novel approaches to designing prevention
programs and enhancing services for mental health support.
Digital health technologies such as smartphone apps and social
media provide opportunities to continuously collect objective
information on behavior in the context of people’s real lives,
generating a rich data set that can provide insights into the extent
and timing of mental health needs in individuals [6].

However, long-standing problems have hampered the efforts
to improve mental health care delivery, quality of care, and
social support. For example, if mental health conditions are
assessed exclusively on patients’ self-reporting, it may be
burdensome to collect and subjective for clinical decision
support. Currently, mental health services are mainly provided
at times chosen by the practitioner rather than at the patient’s
time of greatest need [7]. The ideal way of providing support
is to conduct regular assessments, which is useful for capturing

the temporal dynamics of symptoms and crucial for both
diagnosis and treatment planning [8]. However, this could
contribute to burnout among health care providers and patients
[9].

The emerging health technologies and digital services provide
effective ways of collecting human behavior information,
gathering patient-generated health data (PGHD), and sharing
health-related information outside clinical settings in a
systematic way, thus making interventions timely. Coupled with
population health informatics tools, these technologies can track
people’s digital exhaust, which includes PGHD and social
networking platform use [10]. Social networking services are
web-based platforms that people use to build social networks
or social relationships with other people who share similar
personal interests, activities, backgrounds, or real-life
connections [11]. The rich real-time data enable researchers to
gain insights into aspects of behavior that are well-established
building blocks of mental health and illness, such as mood,
social communication, sleep, alcohol use, and physical activity.

Objectives
This study had 2 aims. The first aim was to provide a conceptual
framework that will be used to describe the relationship between
physical and behavioral health, mental health, and informatics.
Figure 1 demonstrates the conceptual framework—Physical
and Behavioral Health, Mental Health, and Informatics
(PBMI)—for this study. The results could provide a
comprehensive understanding of the relationship between health,
behavior, and informatics, which could be useful for developing
tailored and effective strategies to support mental health
management. The second aim was to describe and compare
characteristics of populations with and without mental health
issues (depression or anxiety disorders), including physical
health, sleep, and alcohol use, based on the proposed PBMI
framework. We also examined the patterns of social networking
service use, PGHD, and attitudes toward health information
sharing and activities.

Figure 1. Physical and Behavioral Health, Mental Health, and Informatics (PBMI) framework.
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Methods

Study Design
Data for this study were drawn from the 2019 Health
Information National Trends Survey (HINTS) of the National
Cancer Institute. HINTS is a nationally representative survey
administered every year by the National Cancer Institute that
provides a comprehensive assessment of the American public’s
current access to and use of health information [12]. The HINTS
target population is civilian, noninstitutionalized adults aged
≥18 years living in the United States. In this study, we
investigated the relationships between mental health, physical
health, behavioral health, and social networking service use.
Social networking services include sharing health information,
writing online diary blogs, participating in online forums or
health-related groups, and watching health-related videos.

Study Participants
The data used in this study were from the third round of data
collection for HINTS 5 (cycle 3), which was conducted from
January 22, 2019, to April 30, 2019. Cycle 3 received 5590
questionnaires, of which 5438 (97.28%) were determined to be
eligible after excluding blank, incomplete, and duplicate surveys.

In this study, the primary outcome was the presence of mental
health issues, which was determined by the participant’s status
of depression or anxiety disorder based on the results of the
question Has a doctor or other health professional ever told
you that you had depression or anxiety disorder (yes/no)? Of
the 5438 eligible respondents, 1139 (20.95%) reported yes, 4168
(76.65%) reported no, and 131 (2.41%) were missing and
omitted from our analyses.

Measures

Social Determinants of Health
The sample was divided into 2 groups according to mental health
status. Participants with depression or anxiety disorders were
classified as the group with mental health issues, and the others
were classified as the group with no mental health issues. We
used the participants’ self-reported information on age, sex,
race, ethnicity, level of education, annual income, and usual
source of care as our sociodemographic variables. We
transformed the continuous variable of age into a categorical
variable by classifying age into four groups: (1) 18 to 34 years,
(2) 35 to 49 years, (3) 50 to 64 years, and (4) ≥65 years.
Education level was recategorized as less than college (including
post–high school training), some college, college graduate, and
postgraduate degree. Annual income level was recategorized
as ≤US $20,000, US $20,000 to $35,000, US $35,000 to
$50,000, US $50,000 to $75,000, and >US $75,000. We
examined the participants’ history of chronic conditions using
four questions (all with yes or no responses): Has a doctor or
other health professionals ever told you that you had (1)
diabetes, (2) high blood pressure, (3) a heart condition, and (4)
chronic lung disease?

Health-Related Information
To assess the participants’ general health, we considered their
answers to questions related to physical health and mental status,

including the ability to take care of their health, emotion control
by changing the way of thinking, and future consideration. We
also included the Patient Health Questionnaire–4 (PHQ-4),
which was a derived composite from the participants’ responses
to questions on lack of interest in doing things, presence of
depressed feelings, nervousness and anxiousness, and
uncontrolled worry [13].

PGHD and Social Networking Service Use
We examined the participants’ use of the internet for
health-related reasons using the following five survey questions
(all with yes or no responses): In the past 12 months, have you
used the internet to (1) visit a social networking site, such as
Facebook or LinkedIn, (2) share health information on social
networking sites, such as Facebook or Twitter, (3) write in an
online diary or blog, (4) participate in an online forum or
support group for people with similar health or medical issue,
or (5) watch a health-related video on YouTube?

We also inspected the first source of health information of the
participants using their responses to the following question—The
most recent time you looked for information about health or
medical topics, where did you go first?—where the respondent
could select one of 12 options. We further grouped the options
into five main categories: internet, health professionals, family
and friends, print materials, and others. In addition, we
investigated the participants’ attitudes toward sharing health
information, such as avoidance of physician visits and talking
about health with family and friends.

Alcohol Consumption and Sleep
We examined the participants’ alcohol consumption using two
questions: the number of days with at least one alcoholic drink
per week and the average number of drinks per day. We assessed
the participants’ sleep hours and quality using two questions:
the average number of hours of sleep per night and the self-rated
overall sleep quality. We transformed the continuous variable
of average sleep per night into a categorical variable by
classifying sleep hours as (1) 0 to 6 hours, (2) 7 to 8 hours, and
(3) ≥9 hours.

Statistical Analysis
We used the survey package in the R programming language
(version 4.0.5; R Foundation for Statistical Computing) to
account for the complex sampling design used in HINTS and
incorporated the Taylor series (linear approximation) [14] to
generate accurate variance estimation. All analyses used
weighted data based on the Taylor series method to calculate
population estimates. Pairwise deletion was used to deal with
missing data to preserve more information.

To assess sociodemographic characteristics, general health,
chronic diseases, social networking service use, alcohol
consumption, and sleeping variables, we generated weighted
2-way cross-tabulation tables, which were tested with a Pearson
chi-square test of association [15].

A univariate logistic regression was built to examine the
association between each predictor and mental health. We then
performed multivariate logistic regression analyses using a
survey-weighted generalized linear modeling function in R [16].
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The variables included the participants’ sociodemographic and
clinical characteristics. Odds ratios (ORs) and 95% CIs for both
models were calculated. All reported P values were 2-tailed,
and a cutoff of P<.05 was used to determine statistical
significance for all analyses.

Ethics Approval
The data for this study are publicly available.

Results

Population Characteristics
Table 1 reports the sociodemographic and clinical characteristics
of the participants. Respondents with mental health issues were
significantly more likely to be younger (P=.004), White
(P=.005), and female (P<.001); have a lower income (P<.001);
and have a usual source of care (P<.001). They were also more
likely to have a history of diabetes (P=.001) and lung disease
(P<.001). There were no significant differences between the 2
groups regarding the characteristics of history of hypertension
(P=.10), heart condition (P=.40), and cancer (P=.13).
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Table 1. Unweighted and weighted prevalence estimates for sample sociodemographic characteristics, Health Information National Trends Survey 5,
cycle 3.

P valueNo mental health issues
(n=189,456,090), weighted %

Having mental health
issues (n=57,953,433),
weighted %

Overall (n=252,070,495),
weighted %

Overall (n=5438),
unweighted %

Characteristic

.004Age (years)

23.128.124.31318 to 34

24.226.324.518.335 to 49

30.732.831.131.650 to 64

2212.820.237.1≥65

<.00152.537.948.842.1Sex (male)

.005Racea

7582.97773.9White

13.99.91316.5Black

6.73.45.85Asian

4.43.94.24.7Others

.0717.613.916.714.9Ethnicity (Hispanic)

.41Education

69.772.570.554.4High school diploma or
less

17.816.117.326.5College degree

12.511.412.219.1Postgraduate degree

<.001Income (US $)

15.626.218.518.8<20,000

10.711.61112.820,000 to 34,999

13.414.213.513.135,000 to 49,999

17.716.817.417.750,000 to 74,999

42.631.339.637.6≥75,000

.18Insurance

33.538.935.244.1Public

50.844.848.942.3Private

7.87.27.74.8Uninsured

89.28.28.8Othersb

<.00161.773.764.569.8Has a usual source of care

.139.77.99.516.1History of cancer

<.0018.2211.211.8History of lung disease

.407.89.28.116.1History of heart condition

.00115.222.41721.7History of diabetes

.1034.939.13645History of hypertension

aAsian Indian, Chinese, Filipino, Japanese, Korean, Vietnamese, and other Asian were collapsed into the Asian category. Race categories other than
White, Black, and Asian were reclassified as Others.
bOthers include coverage under the spouse, coverage under parents, and low-income beneficiary.

Health Information and Social Networking Service
Table 2 shows the characteristics of health information source,
health information sharing, and social networking service use.

Participants with mental health issues were more likely to have
a worse general health status (P<.001), less confidence in taking
care of their own health (P<.001), and a higher PHQ-4 score
(P<.001). Individuals with mental health issues were also less
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likely to control emotions by changing the way they thought
about situations (P<.001) and try to influence things in the future
with day-to-day behavior (P<.001). In addition, Table 2 shows
that those with mental health issues were significantly more
likely to visit social networking sites (P=.04), share health
information on social networking sites (P=.001), write online
diary blogs (P=.007), participate in an online forum or support

group (P<.001), and watch health-related videos (P=.009). There
were no significant differences between the 2 groups in the first
source of health information (P=.23), using wellness apps
(P=.33), avoidance of physician visits (P=.15), and talking about
health with family or friends (P=.08). Multimedia Appendix 1
shows the results of the multivariate logistic regression of health
information and social networking service use.

Table 2. Prevalence estimates for characteristics of health information and social networking service use.

P valueNo mental health issues
(n=189,456,090), weighted %

Having mental health
issues (n=57,953,433),
weighted %

Overall (n=252,070,495),
weighted %

Overall (n=5438),
unweighted %

Characteristic

.23Source of health information

45.250.246.142.9Internet

45.939.944.648.9Health professionals

5.34.65.24.1Family or friends

2.12.42.22.3Print materials

1.52.921.8Others

.33Use of health apps

54.257.754.852.4Yes

40.635.939.642.2No

5.26.45.55.4Do not know

<.00154.233.749.447.9Good health status

<.00176.35671.572.2Have ability to take care of
health

.1529.633.930.625Avoid visiting physician

.0877.481.978.581Talks about health with family
or friends

<.001PHQ-4a

54.913.645.650.30

14.49.313.212.31

9.111.59.69.92

21.665.531.627.6≥3

<.00186.777.684.585.1Can control emotions

<.00186.679.284.784.5Consider future

.0470.87671.565Visit social networking sites

.00113.119.714.611.9Share health information

.0074853.6Write online diary blog

<.0016.613.38.17Participate in online forum or
health-related group

.00935.942.537.332.8Watch health-related videos

aPHQ-4: Patient Health Questionnaire–4.

Alcohol Consumption and Sleep
Table 3 shows the characteristics of behavioral health, including
sleep and alcohol use, of the 2 groups. Individuals with mental
health issues were more likely to sleep <6 hours or >9 hours
(P=.01), have worse sleep quality (P<.001), and consume more
alcohol per day (P=.03). There was no significant difference in

the number of days of alcohol consumption per week between
the 2 groups.

Figure 2 illustrates the difference in sleep quality among
individuals who slept ≤6 hours, 7 to 8 hours, and >9 hours per
night between the 2 groups. For individuals with mental health
issues, 52% of those who slept ≤6 hours per night had a poor
sleep quality. Among individuals without mental health issues,
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only 9.1% of those who slept 7 to 8 hours per night had a poor
sleep quality, which is significantly less than that of individuals
with mental health issues who slept the same hours.

We examined whether sleep quality was the same for
populations with and without mental health issues separately
within the 3 sleep hour categories (0-6 hours, 7-8 hours, and ≥9
hours). As the normality assumption is unjustified, we conducted
the Mann-Whitney U test. For people who slept 0 to 6 hours
(P<.001) and 7 to 8 hours (P<.001), there was a significant
difference in sleep quality between the 2 groups. There was no
significant difference in sleep quality for people who slept >9
hours (P=.14) between the 2 groups. We found that individuals
without mental health issues slept 7 to 8 hours with higher

quality, whereas patients with mental health issues slept <6
hours or >9 hours with poor quality.

Figure 3 illustrates the difference in the amount of alcohol
consumed per week between the groups stratified by sex and
mental health status. Approximately 43%
(38,696,406/89,991,643) of women without mental health issues
consumed one or more drinks per week, whereas 44.8%
(16,123,109/35,989,082) of women with mental health issues
consumed the same number of drinks per week. We found no
significant difference in drink amount between women (P=.66)
and men (P=.23) regardless of mental health status. However,
for individuals without mental health issues, men drank
significantly more than women (P<.001).

Table 3. Prevalence estimates for characteristics of sleep and alcohol use.

P valueNo mental health issues
(n=189,456,090), weighted %

Having mental health
issues (n=57,953,433),
weighted %

Overall (n=252,070,495),
weighted %

Overall (n=5438),
unweighted %

Characteristic

.01Sleep hours per night

38.241.438.938.90 to 6

55.74954.153.37 to 8

6.19.677.8≥9

<.001Overall sleep quality

21.110.518.820Very good

59.855.758.758.2Fairly good

16.125.718.317.8Fairly bad

384.24Very bad

.52Days consuming alcohol per week

50.354.251.350.50

27.925.627.326.51 to 2

11.59.811.110.83 to 4

10.310.510.312.2≥5

.03Alcohol drinks per day

40.129.337.743.20 to 1

43.651.445.343.92 to 3

16.419.31712.9≥4
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Figure 2. Sleep patterns between the 2 mental health groups.

Figure 3. Alcohol use patterns stratified by sex and mental health status.

Social Determinants of Health and Mental Health
Table 4 shows the results of logistic regression analyses. In the
unadjusted logistic regression model, most covariates were
associated with mental health. In the adjusted model, those aged
≥65 years had a reduced likelihood (OR 0.20, 95% CI 0.11-0.35)
of having mental health issues compared with those aged 18 to
34 years. Men were less likely (OR 0.52, 95% CI 0.40-0.68) to
have mental health issues. The Black population had a reduced
likelihood (OR 0.41, 95% CI 0.27-0.63) of having mental health
issues compared with the White population.

Individuals who had an annual family income <US $20,000
were more likely (OR 2.39, 95% CI 1.48-3.84) to have mental
health issues than those whose income was >US $75,000. Those
having a usual source of care were more likely (OR 1.72, 95%
CI 1.24-2.39) to have mental health issues. As expected, those
with a history of lung disease (OR 2.17, 95% CI 1.54-3.05),
diabetes (OR 1.42, 95% CI 1.03-1.95), and hypertension (OR
1.40, 95% CI 1.07-1.84) were more likely to have mental health
issues. The results also indicated that ethnicity, education,
insurance type, history of cancer, and history of heart condition
had no association with mental health status.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e30898 | p.830https://www.jmir.org/2022/4/e30898
(page number not for citation purposes)

Ye et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 4. Crude and adjusted odds from logistic regression analyses of associations between social determinants of health and mental health.

AdjustedUnadjustedPredictor

P valueOR (95% CI)P valueORa (95% CI)

Age (years)

ReferenceReferenceReferenceReference18 to 34

.980.99 (0.64-1.54).560.89 (0.61-1.31)35 to 49

.040.60 (0.38-0.96).510.88 (0.60-1.29)50 to 64

<.0010.20 (0.11-0.35)<.0010.48 (0.32-0.71)≥65

<.0010.52 (0.40-0.68)<.0010.55 (0.43-0.70)Sex (male)

Race

ReferenceReferenceReferenceReferenceWhite

.060.51 (0.25-1.03).020.46 (0.25-0.86)Asian

<.0010.41 (0.27-0.63).010.64 (0.46-0.90)Black

.080.52 (0.25-1.08).370.79 (0.48-1.32)Others

.140.73 (0.48-1.11).070.76 (0.56-1.02)Ethnicity (Hispanic)

Education

ReferenceReferenceReferenceReferenceHigh school diploma or less

.630.91 (0.64-1.31).280.87 (0.68-1.12)College degree

.690.92 (0.59-1.42).370.87 (0.65-1.17)Postgraduate degree

Income (US $)

<.0012.39 (1.48-3.84)<.0012.29 (1.65-3.17)<20,000

.051.59 (1.00-2.55).051.48 (1.00-2.19)20,000 to 34,999

.231.34 (0.83-2.15).071.44 (0.97-2.14)35,000 to 49,999

.191.32 (0.88-1.98).181.29 (0.89-1.86)50,000 to 74,999

ReferenceReferenceReferenceReference≥75,000

Insurance

ReferenceReferenceReferenceReferencePublic

.110.71 (0.47-1.07).030.76 (0.59-0.98)Private

.090.56 (0.29-1.09).370.79 (0.48-1.31)Uninsured

.810.94 (0.59-1.51).980.99 (0.65-1.51)Others

.0011.72 (1.24-2.39)<.0011.74 (1.36-2.24)Has a usual source of care

.510.88 (0.61-1.28).140.81 (0.61-1.07)History of cancer

<.0012.17 (1.54-3.05)<.0012.99 (2.21-4.04)History of lung disease

.790.94 (0.60-1.47).401.19 (0.79-1.80)History of heart condition

.031.42 (1.03-1.95)<.0011.61 (1.23-2.10)History of diabetes

.011.40 (1.07-1.84).101.20 (0.97-1.48)History of hypertension

aOR: odds ratio.

Discussion

Principal Findings
This study aimed to describe and compare the characteristics
of populations with and without mental health issues (depression
or anxiety disorders), including physical health, sleep, and
alcohol use. We examined the patterns of social networking
service use, PGHD, and attitudes toward health information

sharing and activities. We found that participants who were
younger, White, and female; had a lower income; had a history
of chronic disease; and had a higher PHQ-4 score were more
likely to have mental health problems, which is consistent with
previous findings [17]. Overall, social determinants of health
such as age, race, income, insurance status, and chronic diseases,
including lung disease, diabetes, and hypertension, were
associated with mental health. Participants with mental illness
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were more likely to visit social networking sites, share health
information on social networking sites, write online diary blogs,
participate in online forums or support groups, and watch
health-related videos. We also found that participants with
mental illness slept less with worse sleep quality and consumed
more alcohol per day.

Health disparities exist between women and men and among
different races with regard to mental health. Mental health issues
result in less sleep with poor quality and unhealthy alcohol
consumption behaviors. Individuals with mental health issues
are more likely to use social networking platforms, share their
health information, and actively engage in PGHD. The results
provide important insights into the interplay between three vital
health-related domains—physical health, behavioral health
(sleep and alcohol use), and social networking service use and
their patterns in populations with mental health issues.

In recent years, there has been increasing acknowledgment of
the important role that mental health plays in achieving
improved population health. Understanding how these
fundamental factors (physical and behavioral health, mental
health, and technologies) relate to one another may yield
important insights for novel approaches to designing prevention
programs and enhancing services for mental health support.
Digital health technologies such as smartphone apps and social
media provide opportunities to continuously collect objective
information on behavior in the context of people’s real lives,
generating a rich data set that can provide insights into the extent
and timing of mental and physical health needs in individuals
[6].

Social Networking Service
Individuals who have depression and anxiety are more likely
to use social networking platforms, especially younger people.
They also tend to be less likely to control emotions by changing
the way they think about situations and try to influence things
in the future with day-to-day behavior. Social networking plays
an important role for this population to find ways to reduce
loneliness or symptoms of mental health problems.

We also found that women had a higher level of vulnerability
to poor mental health compared with men, which aligned with
previous findings [18]. There is an ongoing debate on whether
the use of mobile health technologies such as social media is
detrimental to mental health [19]. Interestingly, those with
depression or anxiety disorders were significantly more likely
to visit social networking sites, write online diary blogs,
participate in an online forum or support group, and watch
health-related videos. These social networking platforms could
potentially provide effective strategies to intervene in mental
illness. We acknowledge that safe limited use of social media
is beneficial, but it could introduce harmful influences if people
spend too much time in this digital and internet-based world
[20]. Further research is needed to understand the quantitative
and dynamic patterns of social media use to measure its benefits
and harmful effects and inform evidence-based approaches to
clinical interventions, practices, policy, education, and regulation
[21]. If we take advantage of the social networking services and
data-gathering functions of digital platforms in the right ways,

we may achieve breakthroughs in the technologies’ ability to
support mental health and well-being.

Mental Health and PGHD
This study found that individuals with depression or anxiety
disorders were willing to share health information on social
networking sites, which offers an opportunity to provide
interventions that are timely, personalized, and scalable. Coupled
with telehealth or remote management platforms [22-24],
practitioners could provide mental health services and support
in a timelier manner and at each individual’s time of greatest
need. Digital health platforms and PGHD are facilitating the
development of a wave of timely interventions for mental health
care and support [7]. Big data technologies are facilitating the
integration of PGHD and electronic health records, which will
encourage the use of predictive analytics and artificial
intelligence such as natural language processing and machine
learning on structured and unstructured data to help health care
providers, hospitals, and patients make their data more
meaningful [25,26]. These findings may be useful for
stakeholders such as health care providers, researchers, public
health practitioners, and mobile health and social media
companies and encourage them to work jointly to design and
provide precision social networking service with higher
personalized and participatory levels, thus improving population
health [27].

Mental Health, Alcohol Use, and Sleep
This study found that individuals without mental health issues
slept 7 to 8 hours with higher quality, whereas patients with
mental health issues slept <6 hours or >9 hours with poor
quality. Scientific guidelines for sleep suggest that ≥7 hours of
sleep per night are appropriate for adults aged 18 to 60 years,
7 to 9 hours are appropriate for adults aged 61 to 64 years, and
7 to 8 hours are appropriate for adults aged ≥65 years [28,29].
Although the amount of sleep is important, other aspects of
sleep also contribute to health and well-being. Good sleep
quality is also essential. We found that patients with mental
health issues were more likely to sleep too much, which is not
recommended by health professionals. Previous studies have
shown that adolescents and young adults are prone to both
mental health and sleep problems [30]. Sleep quality may be
particularly important for young adults such as college students
with poor mental health who, compared with their peers, tend
to lack protective social support networks [31].

Among individuals who are already susceptible to alcohol use,
inadequate sleep may further weaken their cognitive capacity
to make safer drinking-related decisions or their self-protective
behaviors irrespective of consumption levels. Further
investigations are needed to examine how poor mental health
relates to both alcohol consumption and consequences as well
as the extent to which alcohol consumption may mediate the
relationship between mental health and consequences. Digital
social platforms play a vital role in educating people on
alternative coping or harm-reduction skills to use in drinking
contexts.

Given the important role of different types of drinking motives
in the connection between mental health and drinking outcomes,
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it is important to examine drinking motivations as mediators of
this relationship [32]. Furthermore, event-level methods that
simultaneously account for individuals’ sleep and alcohol use
behaviors may be helpful for future longitudinal research.

Limitations
The sample consisted of missing data regarding health outcomes
and covariates, which may not be missing completely at random.
Those who did not respond to questions may be less active and,
thus, our estimates may be subject to bias. As the survey was
cross-sectional, we could not examine causality among the
variables. Meanwhile, given the limitations of the data set, we
did not have information about the use frequency and duration
of social networking platforms. Despite these limitations, this
study provides a better understanding of the effects and patterns

of social networking service use, PGHD, social determinants
of health, and mental health.

Conclusions
This study provided a conceptual framework—PBMI—that
could be used to describe the relationship between physical and
behavioral health, mental health, and informatics. With this
framework, we described the health disparities that existed
between women and men and among individuals of different
races with regard to mental health, patterns of using social
networking platforms, sharing health information, and
engagement in PGHD. Leveraging digital platforms and
population informatics such as mobile health and social media
along with PGHD could offer unique opportunities to develop
effective self-monitoring and self-management strategies for
supporting patients with mental health issues.
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Abstract

Background: The working alliance refers to an important relationship quality between health professionals and clients that
robustly links to treatment success. Recent research shows that clients can develop an affective bond with chatbots. However,
few research studies have investigated whether this perceived relationship is affected by the social roles of differing closeness a
chatbot can impersonate and by allowing users to choose the social role of a chatbot.

Objective: This study aimed at understanding how the social role of a chatbot can be expressed using a set of interpersonal
closeness cues and examining how these social roles affect clients’ experiences and the development of an affective bond with
the chatbot, depending on clients’ characteristics (ie, age and gender) and whether they can freely choose a chatbot’s social role.

Methods: Informed by the social role theory and the social response theory, we developed a design codebook for chatbots with
different social roles along an interpersonal closeness continuum. Based on this codebook, we manipulated a fictitious health
care chatbot to impersonate one of four distinct social roles common in health care settings—institution, expert, peer, and dialogical
self—and examined effects on perceived affective bond and usage intentions in a web-based lab study. The study included a total
of 251 participants, whose mean age was 41.15 (SD 13.87) years; 57.0% (143/251) of the participants were female. Participants
were either randomly assigned to one of the chatbot conditions (no choice: n=202, 80.5%) or could freely choose to interact with
one of these chatbot personas (free choice: n=49, 19.5%). Separate multivariate analyses of variance were performed to analyze
differences (1) between the chatbot personas within the no-choice group and (2) between the no-choice and the free-choice
groups.

Results: While the main effect of the chatbot persona on affective bond and usage intentions was insignificant (P=.87), we

found differences based on participants’ demographic profiles: main effects for gender (P=.04, ηp
2=0.115) and age (P<.001,

ηp
2=0.192) and a significant interaction effect of persona and age (P=.01, ηp

2=0.102). Participants younger than 40 years reported
higher scores for affective bond and usage intentions for the interpersonally more distant expert and institution chatbots; participants
40 years or older reported higher outcomes for the closer peer and dialogical-self chatbots. The option to freely choose a persona
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significantly benefited perceptions of the peer chatbot further (eg, free-choice group affective bond: mean 5.28, SD 0.89; no-choice

group affective bond: mean 4.54, SD 1.10; P=.003, ηp
2=0.117).

Conclusions: Manipulating a chatbot’s social role is a possible avenue for health care chatbot designers to tailor clients’ chatbot
experiences using user-specific demographic factors and to improve clients’ perceptions and behavioral intentions toward the
chatbot. Our results also emphasize the benefits of letting clients freely choose between chatbots.

(J Med Internet Res 2022;24(4):e32630)   doi:10.2196/32630

KEYWORDS

chatbot; conversational agent; social roles; interpersonal closeness; social role theory; working alliance; design; persona; digital
health intervention; web-based experiment

Introduction

Motivation
In health care, the ongoing and active engagement of clients in
their treatment and care is paramount to achieving optimal health
outcomes [1] (eg, in the management of chronic diseases, such
as depression and diabetes) but also to promote sustained
behavioral and lifestyle changes in preventive medicine. Yet,
compared to other settings, such as retail or hospitality, the
health care context is arguably unique in at least two respects:
(1) the highly personal, sensitive, emotional, and potentially
high-stakes nature of most health matters and (2) the
interpersonal nature of many therapeutic approaches and clients’
encounters with various social health care roles [2].

Since personnel and financial resources of health care
professionals to monitor and foster clients’ engagement in their
therapy are limited [3], the development of a broad range of
novel digital health technologies is increasingly supporting
efforts to empower clients to take charge of their own health
outside clinical settings at every stage of the patient journey.
Among these digital innovations, health care chatbots (ie,
text-based conversational agents), in particular, have been
received with enthusiasm. Chatbots are said to simplify and
“humanize” access to digital health care services, even in
longitudinal settings [4,5], since they mimic natural
physician-patient dialogue, where clients engage in natural,
text- or voice-based interpersonal exchanges via messenger-like
user interfaces [6]. Taking over the role of “digital coaches”
[7], they can develop an affective bond with clients and support
them in their everyday lives and therapeutic settings beyond
on-site consultations anywhere and anytime [8]. However,
maintaining engagement with a chatbot aimed at fostering
patient engagement brings new challenges and raises the
question of which design choices foster engagement and an
affective bond with the chatbot in the first place [9,10].

Originally developed for psychotherapeutic settings, the working
alliance—often also referred to as the therapeutic or helping
alliance—is a key construct in the therapist-client collaboration
in the clinical context of mental health disorders, reflecting the
collaborative quality between clients and health professionals
[11]. The working alliance is robustly linked to patient
engagement, retention [12,13], and therapeutic success [14,15]
and encompasses three subdimensions [16]: therapeutic goals
and therapeutic tasks that the health professional and client
jointly agree upon “in the context of an affective bond or positive

attachment” [17]. This affective bond subsumes a sense of
sympathy, interpersonal closeness, familiarity, trust, or common
purpose and understanding between a mental health professional
and a client [14]. In social psychology, bond, relatedness,
attachment, intimacy, and closeness between two social actors
are often subsumed under the psychological concept of
interpersonal closeness [18]. The development of interpersonal
closeness and a sustainable affective bond between mental health
professionals and clients strongly depends on continuous
personal encounters in either face-to-face psychotherapy [14,15],
online therapy [19,20], or remote consultations [21].

A recent study among 36,070 users of the text-based chatbot
Woebot found that clients may develop a working alliance with
a chatbot within 5 days [22]. However, while a body of work
describes how or which design choices affect the development
of an affective bond with embodied conversational agents (which
can use more nonverbal cues such as mimicry and gestures to
convey interpersonal closeness [23]), it is still unclear which
design choices foster an affective bond with text-based chatbots
[24].

Research under the social response theory—also known as the
computers are social actors paradigm or the media
equation—has demonstrated that individuals anthropomorphize
conversational agents that exhibit human-like social cues [25],
treat them as social actors [26], and are capable of developing
relationships with them [22]. Previous work suggests that a
chatbot’s social role constitutes one such cue that could “cause
people to make inferences about social presence in a computing
product” [27], which could help elicit social responses [28].

However, in practice, chatbots are often mindlessly designed
“to perform social roles traditionally associated with humans”
[29], for instance, a therapist role, in the case of Woebot, or a
nurse role, in the case of the Florence chatbot. Theoretically,
however, it is not yet well understood how a chatbot’s
impersonated social role actually affects a client’s relationship
with the chatbot and, thus, the affective bond between the client
and the chatbot and the client’s intentions to use the chatbot.

With this study, we aimed to close this gap by, first,
investigating which design choices allow the manifestation of
the social role of a chatbot (research question 1) and how a
chatbot’s social role affects users’ affective bond with the
chatbot and their intentions to use it (research question 2).
Second, we explored how an individual’s demographic profile
(ie, gender and age; research question 3) and the option to freely
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choose the social role of a chatbot affect these evaluations
(research question 4).

Designing Engaging Health Care Chatbots With
Human-Like Social Roles
Social role theory “concerns itself with a triad of concepts:
patterned and characteristic social behaviors, parts or identities
that are assumed by social participants, and scripts or
expectations for behavior that are understood by all and adhered
to by the performer” [30]. Social role theory has long been
applied in health care to disentangle communication and power
dynamics in the physician-client relationship [31,32] and to
better understand how specific social communication scripts
are used by physicians and clients to navigate their different
social roles and interactions [33-37].

Considering chatbots as social actors (cf, social response theory),
individuals can be expected to apply readily available learned
human social scripts to interactions with a chatbot as well,
especially when specific cues signal that it enacts a particular
role [27,38]. Prior conceptual conversational agent studies have
developed taxonomies, typologies, and classifications of
different types of chatbots, for example, differentiating chatbots
for domain-specific or for general-purpose use [39], for specific
applications (eg, business-to-business customer services [40]
and health care [41]), for different purposes [42,43], for single-
or multiple-user use cases [44,45], or for specific periods [46].
However, relatively few conceptual studies to date have
addressed how a chatbot can impersonate a holistic,
domain-specific social role and how such a social role affects
user assessments. In e-commerce contexts, McGoldrick et al
[47] identified and investigated three possible roles for virtual
sales agents (ie, friend, personal buyer, or helper) and found
that the helper role was most widely preferred, followed by the
friend role. Similarly, Rhee and Choi [48] investigated effects
of two possible roles (ie, friend or secretary) for a voice-enabled
recommendation agent and found that consumers rated a product
more favorably when it was recommended by a friend role.
Another study on perceptions of Apple’s voice assistant Siri
found that participants expressed more favorable attitudes
toward Siri when they thought of it as a coworker versus a
supervisor or a friend [49]. In digital health care settings,
however, we are not aware of any previous study that has
investigated how individuals’ attitudes toward social roles that
are impersonated by a health care chatbot promote or antagonize
the development of an affective bond with the chatbot and their
intention to use it.

The American Psychological Association Dictionary of
Psychology defines a social role as “the set of attitudes and
characteristic behaviors expected of an individual who occupies
a specific position or performs a particular function in a social
context, such as being a spouse or acting as a caregiver for an
aging parent” [50]. To this end, social role theory suggests that
the perception of a particular social role is triggered by a set of
role-typical social cues (eg, use of jargon and business attire)
that individuals subconsciously look for to orient themselves
and to understand potential outcomes or goals of a relationship
with one another [51]. To fulfill a social role in a particular
encounter—be it a client with a therapist, a nurse with a client,

a boss with employees, etc—people mindlessly exhibit ritualized
social behaviors that they have learned to be appropriate for
that type of encounter [51].

Typical social roles that clients encounter in health care settings
in the real world include, for example, the medical experts of
their condition, supportive peers with the same condition, the
institution providing the context for their health care services,
and the clients themselves who have to adopt their own social
roles to this situation. The conceptualization and
operationalization of the latter role draws from people’s
tendency to talk to themselves through internal dialogues (ie,
to their “dialogical selves”). This is because intrapersonal
communication is known to provide self-regulatory functions
through monological, goal-directed self-talk (eg, “I believe in
you!”) or more contemplative and reflective internal dialogues
with one or more imaginary interlocutors [52]. Overall, these
social roles can be conceptualized on an interpersonal closeness
continuum, ranging from extremely distant (ie, the institution),
rather distant (ie, expert), and rather close (ie, peer) to extremely
close (ie, the client’s dialogical self) social roles.

Social, interpersonal closeness cues that are available to
conversational agents include (1) visual cues (eg, the avatar),
(2) verbal style cues (eg, form of address), (3) nonverbal style
cues (eg, emojis), and (4) verbal relational content cues (eg,
self-disclosures and jokes) [53]. To provide an overview of
empirical studies of interpersonal closeness cues and their
effects, we conducted a systematic analysis of the literature to
date. Specifically, 116 research articles that were included in
two recently published systematic literature reviews on design
features of embodied conversational agents [23] and of
text-based chatbots [24] were analyzed with regard to the types
of cues and the outcome variables investigated in the included
studies, respectively (Tables S1 and S2 in Multimedia Appendix
1). Articles were included for detailed analysis if they presented
at least one empirical or experimental study that investigated
the effects of interpersonal closeness cues on user assessments
or the client-agent relationship. Studies that, for example,
compared a chatbot with a website or assessed the effects of
overall system quality on users’ evaluation of conversational
agents were excluded from the analysis. In total, 47 studies
could be analyzed: 32 studies on embodied conversational agents
and 15 studies on text-based conversational agents. Tables S1
and S2 in Multimedia Appendix 1 yield descriptive details of
all included studies and the classification result.

Quantitative analysis has demonstrated that the majority of all
studies (76.6%) either investigated the effects of visual cues,
such as abstract versus human avatars [54]; role-appropriate
attire [55,56]; gender, age, or ethnicity of the embodied character
(eg, Alsharbi and Richards [57]); or nonverbal style cues, such
as empathic versus nonempathic facial expressions [58,59] or
emoji (eg, Beattie et al [60] and Fadhil et al [61]). Another
considerable share representing 46.8% of all studies analyzed
the effects of verbal relational content cues, such as
self-disclosures (eg, Ho and Hancock [62] and Kang and Gratch
[63]) or empathic feedback (eg, Liu and Sundar [64]). Similarly,
44.7% of the articles investigated verbal style cues, such as the
form of address (eg, Bickmore and Picard [65]), T/V (tu/vos)
distinction (ie, formal and informal forms of the second-person
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pronoun “you” [66]), or paralinguistic and backchanneling cues
[67].

While some of these articles investigated combinations or
interactions of such cues, no previous study has investigated
how they can be used to design holistic chatbot personas that
are modeled to impersonate a particular human social role based
on the adaption of various interpersonal closeness cues.

By unifying social role theory and social response theory at this
point, hypothesis 1 is as follows: It is expected that health care
chatbots can be designed such that they impersonate social roles
of differing closeness by using combinations of purposefully
selected and differently manifested interpersonal closeness cues.

Given that the interpersonal closeness construct is closely related
to the affective bond subgoal of the working alliance, and given
that interpersonal closeness can be expected to be at least
partially determined by the social role that a chatbot adopts in
the encounter with a client, hypothesis 2 is as follows: It is
expected that chatbots that impersonate a closer social role (ie,
peer or dialogical self), as compared to a more distant social
role (ie, expert or institution), will improve perceived
interpersonal closeness, the affective bond with the chatbot, and
intentions to use the chatbot.

Personalization and Customization of Health Care
Chatbots
While personal characteristics of an individual, such as
demographic factors [68] or their innate tendency to
anthropomorphize objects [69], may decisively influence their
capacity to experience interpersonal closeness, in chatbot design,
all too often “one-fits-all approaches” still prevail [70]. Yet,
personalization and customization are common strategies that
companies worldwide are adopting to account for personal
characteristics or preferences [71,72].

Personalization refers to the automatic tailoring of service
offerings, for instance, to preferences, past usage behaviors
[73], or demographic characteristics of customers [70,74],
“usually based on previously collected customer data” [72].
While the personalization of chatbots to user characteristics is
still in its infancy, it has already been linked to greater user
satisfaction, user engagement, and dialogue quality [75] and
has been deemed as important for adapting conversational agents
to the changing needs of patients through the various stages of
a disease [76].

Given that demographic characteristics (ie, age and gender)
have been found to affect user assessments of conversational
agents in inconsistent ways [47,68,74], hypothesis 3 is as
follows: It is expected that the demographic profile (ie, gender
and age) will affect perceived interpersonal closeness, the
affective bond with the chatbot, and intentions to use the chatbot.

Customization occurs when individuals have the opportunity
to proactively choose between different options, such as different
chatbot roles or specific design elements within them [72]. It
is generally known for other technologies that the imposed use
of self-service technologies (eg, imposed information retrieval
via ticketing machines or the internet) has a strong negative
impact on users’ evaluations and intentions to adopt such a

technology [77] and that customization options are linked to
greater customer satisfaction and loyalty [78].

Although the link between free choice and perceptions or
relationship-building processes with conversational agents has
not previously been established, hypothesis 4 is as follows: It
is expected that free, versus imposed, choice will increase,
versus decrease, users’ perceived interpersonal closeness, the
affective bond with the chatbot, and intentions to use the chatbot.

A Design Codebook for Chatbots With Different Social
Roles

Overview
To answer our first research question and as a prerequisite to
empirically assess the effects of chatbots’ impersonated social
roles on perceived interpersonal closeness, the affective bond,
and the intention to use them, we reviewed literature from social
psychology, communication, and human-computer interaction
research to develop a design codebook for chatbots with
different social roles. A prior version of the design codebook
and the study design have been presented at the European
Conference on Information Systems 2018 (ECIS 2018) and
published as research-in-progress work in the conference
proceedings [79].

Given our focus on chatbots that operate in health care settings
and given that the affective bond plays a central role in the
physician-client relationship [80], we were eager to develop
design guidelines that would allow us to manipulate
interpersonal closeness with chatbots. Overall, we modeled four
distinct chatbot personas embodying typical social roles that
clients encounter in health care settings on the proposed
interpersonal closeness continuum; the personas were as follows:
an institution-like chatbot, an expert-like chatbot, a peer-like
chatbot, and a dialogical self–like chatbot. We define chatbot
personas as “composite archetypes” of their corresponding
human social roles impersonated by the chatbots by different
combinations and manifestations of selected interpersonal
closeness cues [81].

As a base for the development of a design codebook for chatbots
with different social roles, we included seven out of eight
suggested “behaviors” from the framework of relational
behaviors for embodied conversational agents by Bickmore and
Picard [65]: form of address, politeness, social dialogue,
meta-relational dialogue, empathy exchanges, humor, and
continuity behaviors. We did not include nonverbal immediacy
behaviors, which are only applicable to embodied conversational
agents. We then compared Bickmore and Picard’s [65]
framework against the taxonomy of social cues by Feine et al
[53] to organize all interpersonal closeness cues into four groups
(ie, visual cues, verbal style cues, nonverbal style cues, and
verbal relational content cues) and included six new cues from
their taxonomy (ie, avatar, display name, professional jargon,
emojis, greeting and farewell behavior, and self-disclosures).
In total, 13 interpersonal closeness cues were included in the
design codebook for chatbots with different social roles (Figure
1 [53,60,65,74,82-89]).
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To develop the chatbot personas, we followed Bickmore and
Picard’s [65] approach and defined how these cues would
manifest for each chatbot social role, having in mind the social
role theory, social response theory, and the interpersonal
closeness continuum along which we had allocated the four

social roles. In the following sections, we will outline, per cue
category, why we included a particular interpersonal closeness
cue and how we derived the different manifestations of each
interpersonal closeness cue per chatbot social role.

Figure 1. Design codebook for chatbots with different social roles. A research-in-progress version of this design codebook had been presented at the
European Conference on Information Systems 2018 and published in the conference proceedings. The version in this paper represents the latest version.
The T/V distinction design cue is only applicable to chatbots that operate in a language in which different pronouns are used for different social contexts;
stated pronouns here are in German. T/V: tu/vos.
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Visual Cues
Since our research focuses on chatbots that operate in a
text-messaging format, we only considered one visual cue: a
static avatar. Manipulating the graphical representation of the
chatbot persona allowed us to leverage findings from prior
research. This research found priming effects of visual cues
triggering social and contextual psychological and behavioral
reactions [83], which can reduce uncertainty about the chatbot’s
role and one’s own role in an initial interaction, similar to
human-human initial encounters, where individuals rely on
visual cues to form first impressions of one another [82].
Accordingly, we designed the avatars to convey stereotypical
features of their roles by altering age and accessories (eg,
glasses) of the avatars to make them look more professional (ie,
expert) or ordinary (ie, peer). For the institution-like chatbot, a
logo of the university, where the chatbot prototype had been
developed, was used. In the dialogical-self condition,
participants had the chance to either upload a photo of
themselves or to use a default representation of a gendered
human-resembling silhouette.

Verbal Style Cues
Verbal style cues are a key aspect for conveying important social
and contextual information and, therefore, for facilitating social
understanding [90] and, thus, for the creation of artificial agents
[53]. Accordingly, we included three verbal style cues available
to text-based chatbots: form of address, professional jargon,
and T/V distinction [66].

Form of address is considered a sociolinguistic cue that verbally
conveys the degree of formality and politeness imposed by the
relational closeness between two interlocutors, a phenomenon
known as “social deixis” and widely studied in pragmatics and
sociolinguistics research [85]. Accordingly, we chose a
professional formal address for the expert (ie, honorific [eg,
Prof or Dr] + surname; here, “Dr. Change”) compared to the
more personal, informal form of address by the peer version
and the dialogical-self version, who would address users by
their first name only (eg, “Hey David”). The institution version
was designed to completely avoid the use of direct address and
used indirect and passive constructions (eg, “Please indicate
how you feel today”).

Similar to the form of address, T/V distinction is considered as
another socially deictic cue [85]. This cue refers to the use of
distinct second-person pronouns to denote less (ie, T form,
Latin: “tu”) or more (ie, V form, Latin: “vos”) formality, power,
or intimacy, depending on the relational status between two
interlocutors [66]. Accordingly, since the study was conducted
among a German-speaking population, the institution and expert
chatbot used the German V form “Sie,” whereas the peer and
dialogical-self chatbot used the German T form “du.”

Professional jargon refers to the use of a learned and shared,
specialized language used within specific occupational groups,
which can carry social and relational information about its
generator [83]. Accordingly, we implemented the institution-
and expert-like chatbots using more abstract, medical language
(eg, translated from German: “Please read the following
instructions for today’s exercise carefully” and “Thank you very

much, I will put the note in your files”), whereas the peer- and
dialogical self–like chatbots used more colloquial and lay
language (eg, “Then I’ll explain today’s task to you right away”
and “Thank you, got it!”).

Nonverbal Style Cues
Generally, computer-mediated communication lacks the
possibility to convey classical nonverbal style cues, such as
gestures or gaze. However, since nonverbal cues are “vital to
interpersonal processes [to convey and interpret] feelings and
attitudes” [60], we included emojis as available nonverbal cues
available in computer-mediated communication. Prior research
has shown that the use of emojis (ie, icons displaying emotions,
also known as “smileys”) has the potential to surrogate other
nonverbal cues [60] and that they are indicative of the
development of close interpersonal relationships [91].
Accordingly, the peer and dialogical-self chatbots will make
use of emojis, whereas the institution and expert chatbots will
not.

Verbal Relational Content Cues
Five verbal relational content cues were directly adopted from
Bickmore and Picard’s [65] framework of relational behavior:
social dialogue, meta-relational talk, empathy exchanges, humor,
and continuity behaviors. Additionally, we included greeting
and farewell behavior and reciprocal self-disclosure as a
potential strategy to increase interpersonal closeness, which
Bickmore and Picard [65] had discussed but not integrated into
their framework. Yet, Feine et al [53] included them in their
taxonomy as well.

Greeting and farewell behavior directly reflects the degree of
formality and politeness imposed by the social relationship
between two interlocutors (see Laver [84] as cited in Bickmore
and Picard [65]) and, accordingly, was manipulated gradually
from very formal (ie, institution) to very informal (ie, dialogical
self).

Social dialogue refers to the use of small talk, which, “on the
surface, [may] not seem to move the dialogue forward at all”
but is essential “to how humans obtain information about one
another’s goals and plans and decide whether collaborative work
is worth engaging in at all” [92]. Since the depth and breadth
of social dialogue are indicative of the level of trust and
familiarity between two interlocutors [92], the institution-like
chatbot will not engage in any social dialogue, the expert-like
chatbot will engage in it only once, and the peer- and
dialogical-self chatbots will use it frequently to transition
between more task-oriented talk and goal-oriented talk.

Meta-relational talk entails communication about the
relationship, such as “discussing the nature of the relationship
[or] disclosing one’s desires for the relationship” [93]. Research
comparing the use of meta-relational talk between friends,
lovers, relatives, and others found that the more intimate the
relationship, the more individuals talk about their relationship
[94]. We, thus, included meta-relational dialogues only in the
peer and dialogical-self chatbots.

Reciprocal self-disclosure refers to the process of reciprocally
revealing increasingly personal and intimate information about
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oneself (eg, personal experiences, beliefs, and values). Social
penetration theory posits that relationships between humans
progress based on how much (ie, breadth) and how intimately
(ie, depth) two interlocutors reciprocally disclose information
to each other [95]. Hence, self-disclosing was found to be
closely linked to liking in human-human relationships [96] as
well as in human-chatbot interactions [26]. Accordingly, we
included self-disclosures by the chatbots and opportunities for
the users to disclose something about themselves in the peer
and dialogical-self chatbots but not in the institution and expert
chatbots.

Empathy exchanges refer to conveying a sense of understanding
and warmth and have been described as “one of the core
processes in building and maintaining relationships” [65].
However, while the clinical empathy afforded by physicians is,
at best, of a professional nature characterized by “compassionate
detachment...keeping sympathy at a reasonable distance to
maintain an emotional balance” [97], empathy exchanges in
intimate relationships are characterized by more emotional
involvement and labor [98]. Accordingly, we model the expert
chatbot to display a certain degree of clinical empathy and the
peer and dialogical-self chatbots to express empathic concerns
in an emotionally more involved fashion.

Humor refers to the use of “incongruous [comments] that [are]
recognized by the receiver as an attempt to amuse and that
succeeds at amusing” [88]. Since humor and laughing are known
to shape interpersonal bonds and liking [99], we manipulated
the peer and dialogical-self chatbots to make some self-directed,
innocent jokes.

Lastly, continuity behaviors refer to actions aimed at establishing
and “[maintaining] a sense of persistence in a relationship” [65],
for example, by making retrospective references to the past (eg,
“Last time we...”) or prospective statements about future
encounters (eg, “Next time we...”). Since continuity behaviors

are closely linked to relational satisfaction [89] and differ in
type and frequency between strangers and friends [100], the
peer and dialogical-self chatbots will always (ie, on the
simulated day of the intervention in the study) use adequate
continuity statements, and the expert chatbot will do so
occasionally with less emphasis.

Methods

Study Design
We conducted a web-based experiment to investigate the effects
of a health care chatbot’s social role (ie, hypothesis 2), the role
of participants’ demographic profiles (ie, gender and age;
hypothesis 3), and free choice of a chatbot persona (ie,
hypothesis 4) on perceived interpersonal closeness, the
development of an affective bond, and intentions to use a
chatbot. Following the Checklist for Reporting of Results of
Internet E-Surveys [101], we will outline the study design and
procedure in detail.

The experimental design corresponded to a 4 (chatbot personas:
institution, expert, peer, or dialogical self) × 2 (participant
gender: female or male) × 2 (participant age: younger or older)
between-group design. The sample was further divided into two
experimental subgroups: (1) 4 out of 5 (80%) participants were
randomly assigned to the “no-choice group,” in which they were
randomly assigned to one of the chatbot conditions, introduced
to the scenario (Figure S1 in Multimedia Appendix 1), and then
presented with the role description (Table 1), and (2) 1 out of
5 (20%) participants were assigned to a “free-choice group,” in
which they could read the descriptions first and then freely
choose a chatbot persona themselves thereafter (Figure S2 in
Multimedia Appendix 1). Both groups were then asked to
interact with their assigned or self-chosen chatbot. Figure 2
illustrates the study design.

Figure 2. Study design. Participant numbers are listed on the arrows going into the choice groups.
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Procedure
Participants were recruited via the online panel provider Talk
Online Panel and rewarded based on the provider’s points-based
incentive system to compensate for their efforts. The entire
study was conducted in Germany in July 2017. Participants
were sent an anonymous link to the closed survey via email by
the panel provider. After providing informed consent regarding
the study conditions, participants were screened for eligibility
(ie, 18 years of age or older and native German speakers).

After completing an introductory questionnaire asking for
demographic and socioeconomic data, participants were
introduced to a scenario (Figure S1 in Multimedia Appendix 1)
in which they were asked to test a health care chatbot prototype
that promoted a personality change intervention. A digital
lifestyle intervention allowed us to work with a more
heterogeneous sample of healthy individuals who did not have
to imagine themselves being chronically ill.

After the interaction with the respective chatbot, participants
were redirected to complete the postquestionnaire, with all
outcome variables and manipulation checks, and debriefed as
to the experiment’s purpose. On average, participants spent 15
to 62 minutes completing the survey (mean 30.23, SD 9.13
minutes).

Development of the Experimental Stimuli
The experimental stimuli were designed based on a prototype
of a fictitious health care chatbot promoting a personality change
intervention adapted from Stieger et al [102]. For purposes of
standardization, the interaction with the chatbot was purely text
based (ie, no voice input or output) and followed a rule-based
conversational script with predefined answer options. The
content of the conversation was based on fictitious scripts for
the “first 2 days” and the “last day” of the intervention, which
allowed us to encompass essential elements of a comprehensive
health intervention (eg, introduction, goal agreement, task
agreement, and feedback). All coaching elements were designed
in an expert coaching style, which refers to a type of
instructional coaching by an experienced coach who helps a

“coachee” through providing her or him “with self-assessment
tools and constructive feedback” [103]. A bidirectional peer
coaching–style intervention would require similar levels of
experience and mutual, reciprocal learning goals [103], which
does not apply to our scenario.

We first created a minimum viable “skeleton” version of the
conversational script encompassing exemplary interventional
elements. In a second step, to induce the chatbots’ respective
social roles, we systematically manipulated the script with
respect to the manifestations and frequency of the interpersonal
closeness cues defined in the conceptually derived codebook
(Figure 1). Except for the different avatars, the experimental
manipulation only concerned adaptations of the conversational
script by adding, editing, or deleting statements and specific
terms or emojis.

In the survey, all personas were introduced as follows (translated
into English): “[chatbotName] is a ‘digital coach’ developed
by researchers, experts, and psychotherapists from the University
of Zurich, which has been equipped with various skills based
on the latest findings from many years of research on
‘personality development.’” This sentence was followed by
individual role-specific descriptions of the personas, as visible
in Table 1.

With most interpersonal closeness cues being absent in the
institution condition, the script in this condition was significantly
shorter than in all other conditions (institution: 51 chatbot
statements and 32 user responses; expert: 73 chatbot statements
and 46 user responses; peer: 77 chatbot statements and 48 user
responses; and dialogical self: 74 chatbot statements and 45
user responses; χ²3=10.5, P=.02). Still, an analysis of variance
(ANOVA) revealed that there were no significant differences
(P=.35) between treatment groups with regard to the average
interaction time spent with the respective chatbot (mean 16.0,
SD 7.11 minutes). Since interaction with the chatbot was
self-paced and unsupervised, this speaks for participants’
comparable involvement with all chatbots across conditions.
Figure 3 depicts excerpts of the onboarding conversations with
the four chatbot personas.

Table 1. Chatbot personas and their introductions within the conversations.

IntroductionaChatbot persona

“The PersonalityCoach has been programmed to represent the Psychological Institute of the University of Zurich, which
enjoys a very good reputation worldwide in the field of personality research.”

Institution

“Dr. Change has been programmed to represent a professional psychotherapist who has many years of experience in
the field of personality coaching.”

Expert

“Milo/Mila has been programmed to represent a peer who had once been a participant in the PersonalityChange program
him/herself and who will share his/her own experiences with you.”

Peer

“Your MySelfCoach has been programmed to give you the impression of talking to yourself through simulated inner
dialogues and, thus, to help you see your experiences in a new light.”

Dialogical self

aTranslated into English by the authors for this paper.
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Figure 3. Exemplary excerpts of participants’ onboarding conversations with the four chatbot personas. The content in this figure has been translated
into English by the authors for this paper.

Technical Implementation
The whole study was implemented with the web-based survey
tool SoSci Survey. For full customization of the health care
chatbots, we built our own prototype chat app with the
open-source software platform MobileCoach [104]. The chat
app was then deployed in a web-based smartphone simulator
using the virtualization service Appetize.io. Hence, the app
could be displayed within the questionnaire but on a dedicated,
separate survey page; participants did not have to download
and install an app on their phone but could focus on the
web-based interaction and seamlessly continue within the
survey. For a screenshot of the study environment and the study
prototype see Figure S3 in Multimedia Appendix 1.

Usability tests were conducted by one computer engineer, two
chatbot researchers, and two domain experts who qualitatively
assessed and confirmed the realism of the chatbot personas and
the study design. Moreover, the complete study setup was
pretested with 22 previously uninvolved individuals from the
authors’ networks over two iterations to ensure
comprehensibility and technical functionality.

Sample Characteristics
The power analysis was informed by the few existing studies
in the field on embodied conversational agents that had
investigated the effects of relational cues on affective bond and
intention to use [65]. A priori power analysis using G*Power
(version 3.1; Heinrich Heine University Düsseldorf) suggested

that we would need to recruit 250 participants to find
medium-sized effects (f=0.25) in ANOVAs of between-group
fixed effects at the α=.05 level of significance and statistical
power of 0.80. After data runs, 251 responses were included in
the final analyses (free-choice group: n=49, 19.5%; no-choice
group: n=202, 80.5%). Participants ranged in age from 19 to
65 years (mean 41.15, SD 13.87 years), and 57.0% (143/251)
of the total sample were female.

Measurements
All measurements were adapted from established multi- or
single-item scales; perceived interpersonal closeness was
measured using the Inclusion of Other in the Self scale [18], an
established and reliable pictorial instrument to measure the
subjectively perceived closeness of a relationship [105].
Affective bond (Cronbach α=.900) was measured based on the
bond subscale of the Working Alliance Inventory for
technology-based health care interventions [106]. Intention to
use (α=.952) was measured based on a scale adapted from the
technology acceptance model [107]. The full list of
measurements is provided in Table S3 in Multimedia Appendix
1. Manipulation check items were measured at the design cue
level and carefully drafted and pretested to capture perceptions
of each manipulated interpersonal closeness cue individually
(Table S4 in Multimedia Appendix 1). Demographics
encompassed participants’ age, gender, and native language.
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Statistical Analysis
Where constructs consisted of multiple items, reliability analyses
were carried out to discern Cronbach α with all constructs
scoring greater than the .70 threshold [108]. To test the main
and interaction effects of the chatbot persona, participant gender,
and participant age on all outcome variables (ie, hypotheses 2
and 3), one multivariate ANOVA (MANOVA) with type III

sum of squares was conducted, with partial eta squared (ηp
2)

indicating the size of the effect. A second MANOVA was
conducted to test the effects of choice type, participant gender,
and participant age on all outcome measurements (ie, hypothesis
4). Participant age was dummy coded using median split:
1=younger than 40 years (n=122, 48.6%) and 2=40 years or
older (n=129, 51.4%). Where significant effects were discerned,
univariate ANOVAs per outcome measurement were conducted,
followed by Bonferroni-adjusted pairwise comparisons
following the procedure described by Field et al [109]. Due to
the mixed levels of our hypotheses on main and interaction
effects, where significant interactions occurred, we investigated
the highest-order interactions and not the lower-order
interactions or main effects [110], also following guidance
outlined in Field et al [109].

Ethical Considerations
To meet ethical standards, we applied the following procedures.
Before the study started, all participants received written
information about the research project, benefits, and risks of
participation. Furthermore, they were informed about their right
to withhold or revoke their consent without giving reasons, their
right to withdraw from participating in the study at any time
during the study, and their right to receive information at any
time in response to further questions when contacting the study
team. They also received transparent communication about the
main sources of financing for the research project as well as
transparent communication that the chatbot they would be
interacting with during the study was only a minimal viable
prototype. Informed consent was obtained before assessment
and before interaction with the prototype. At the end of the
study, participants were debriefed regarding the study’s actual
purpose.

According to the ETH Zurich’s Ethics Commission’s
Compliance Guide regarding human subject research [111], this
study did not require ethics approval for the following reasons:

• Besides participants’ age and gender, we did not collect
personal information. Other social and behavioral data
collected in our study were collected completely
anonymously. Age and gender information are always only
reported in aggregated, anonymous ways.

• Vulnerable or dependent groups were explicitly not
included.

• Experimental manipulation on the chatbot did not affect
functional aspects of the intervention, but only affected
style- and design-related features of the chatbot.

• Experimental manipulations being researched were not
likely to upset or disturb participants and did not use
socially sensitive topics as a basis for the scenario
development.

Results

Manipulation Check
Separate ANOVAs confirmed significant differences between

the chatbot personas for the form of address (P=.02, ηp
2=0.052),

professional jargon (P=.006, ηp
2=0.063), T/V distinction

(P<.001, ηp
2=0.578), small talk (P=.003, ηp

2=0.070),

self-disclosure (P<.001, ηp
2=0.289), use of emojis (P<.001,

ηp
2=0.320), humor (P<.001, ηp

2=0.173), and meta-relational

talk (P=.003, ηp
2=0.072) in the intended directions, but not for

empathy exchanges (P=.31, ηp
2=0.018) or greeting (P=.75,

ηp
2=0.006). Figure S4 (a-j) in Multimedia Appendix 1 illustrates

the perceived differences between the chatbot personas. Since
the manipulation of the interpersonal closeness cues worked as
intended, except for empathy exchanges and greeting, the results
provide partial support for hypothesis 1.

No-Choice Group: Effects of Randomly Assigned
Chatbot Personas on Outcome Measures

Main and Interaction Effects
The MANOVA model specified with chatbot persona,
participant gender, and participant age on all outcome variables
(ie, interpersonal closeness, affective bond, and intention to
use) showed no significant main effects for chatbot persona
(P=.88) but did so for participant age (Wilks λ=0.897,

F3,184=7.010, P<.001, ηp
2=0.103) and participant gender (Wilks

λ=0.952, F3,184=3.095, P=.03, ηp
2=0.048). Moreover, a

significant interaction effect was found for chatbot persona and

participant age (Wilks λ=0.887, F9,448=2.518, P=.01, ηp
2=0.040),

showing small effect sizes. Table 2 shows an overview of the
MANOVA results.

As the MANOVA discerned significant effects, separate
univariate ANOVAs were specified with the same factors as
before for each outcome variable following the procedure
described in Field [108].

These ANOVAs showed a significant main effect of participant
gender on perceived interpersonal closeness (F1,186=5.923,

P=.02, ηp
2=0.031) and affective bond (F1,186=8.081, P=.005,

ηp
2=0.042), and they showed a significant main effect of

participant age only on intention to use (F1,186=4.528, P=.04,

ηp
2=0.024).

The interaction effect of participant age and chatbot persona
was significant for perceived interpersonal closeness

(F1,186=3.046, P=.03, ηp
2=0.047) and affective bond

(F1,186=4.836, P=.003, ηp
2=0.072) but not for the intention to

use the chatbot (P=.10). An excerpt of the ANOVA results for
the significant effects is depicted in Table 3. Insignificant effects
in the ANOVAs were not further analyzed in the post hoc tests
described in the following section.
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Table 2. Multivariate test results for the specified multivariate analysis of variance model.

ηp
2

P valueF test (df)Wilks λEffect

Main effect

0.008.880.490 (9, 448)0.976Chatbot persona

0.103<.0017.010 (3, 184)0.897Participant age (<40 years old)

0.048.033.095 (3, 184)0.952Participant gender

Two-way interaction effect

0.040.0082.518 (9, 448)0.887Chatbot persona × participant age

0.011.750.655 (9, 448)0.969Chatbot persona × participant gender

0.012.520.756 (3, 184)0.988Participant age × participant gender

Three-way interaction effect

0.011.740.670 (9, 448)0.968Chatbot persona × participant gender × participant age

Table 3. Analysis of variance (ANOVA) model results for the main effects of participant gender and participant age and two-way interaction between
chatbot persona and participant age.

Dependent variableIndependent variablea

Intention to useAffective bondInterpersonal closeness

ηp
2

P valueF test (df)ηp
2

P valueF test (df)ηp
2

P valueF test (df)

0.012.142.170 (1, 186)0.042.0058.081 (1, 186)0.031.025.923 (1, 186)Participant gender

0.024.044.528 (1, 186)0.006.301.094 (1, 186)0.016.092.952 (1, 186)Participant age

0.033.102.099 (3, 186)0.072.0034.836 (3, 186)0.047.033.046 (3, 186)Chatbot persona × participant age

aOnly factors that were significant in the multivariate ANOVA were analyzed in the ANOVAs.

Pairwise Comparisons
Pairwise comparisons using Bonferroni correction showed that,
regardless of the chatbot persona, superior outcomes were
consistently generated for female participants; for instance,
female participants reported 0.450 points higher affective bond
than male participants (P=.005, 95% CI of the difference
0.138-0.762) and 0.633 points higher perceived interpersonal
closeness (P=.02, 95% CI of the difference 0.120-1.146).
Differences in intention to use (P=.14) were not statistically
significant. Pairwise comparisons between participant age
groups (ie, younger than 40 years and 40 years or older) showed
that across all chatbot personas, younger participants were more
likely to intend to use the chatbot in the future than older
participants (mean difference 0.404, SE 0.190; P=.04, 95% CI
of the difference 0.029-0.778). Figure 4, A to C, and Figure 5,
A to C, depict the interaction graphs for all outcome
measurements by chatbot persona and participant gender or age,
respectively.

Since the interaction effect between chatbot persona and
participant age was significant, we inspected the interaction

plots (Figure 5, A-C) and conducted two separate simple-effect
analyses (1) for each chatbot persona and (2) for each participant
age group, respectively.

The analysis of simple effects for each chatbot persona revealed
the following significant differences. For the interpersonally
closer dialogical-self chatbot, older participants reported
significantly higher interpersonal closeness (mean difference
1.354, SE 0.527; P=.01) and higher bond scores (mean
difference 1.186, SE 0.321; P<.001) than younger participants.
For the interpersonally more distant expert chatbot, younger
participants reported significantly higher intentions to use it
than older participants (mean difference 0.805, SE 0.374;
P=.03).

The analysis of simple effects for each participant age group
confirmed that younger participants reported significantly lower
affective bond scores (mean difference −1.015, SE 0.363; P=.03)
for the interpersonally close dialogical-self chatbot compared
to the distant institution chatbot. Other differences between the
chatbot personas for each participant age group were not
statistically significant. Taken together, hypothesis 2 is partially
supported, and hypothesis 3 is fully supported.
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Figure 4. Interaction effects of chatbot personas with participant genders on interpersonal closeness (A), affective bond (B), and intention to use (C).

Figure 5. Interaction effects of chatbot personas with participant ages on interpersonal closeness (A), affective bond (B), and intention to use (C).

Free-Choice Versus No-Choice Group: Effects of Free
Choice of the Chatbot Persona on Outcome Measures
In the free-choice group, a chi-square goodness-of-fit test
showed that preferences for a chatbot persona were statistically
significant (χ²3=31.4, P<.001), with most people (29/49, 59%)
choosing the interpersonally close peer chatbot, compared to 8
participants (16%) each choosing the interpersonally more
distant institution or expert chatbots. Only 4 participants (8%)
chose the extremely close dialogical-self chatbot. Furthermore,
cross-gender choice effects were significant in the expert, peer,
and dialogical-self versions (χ²3=4.1, P=.04, Cramer V=0.318).
A total of 84% (16/19) of all female participants chose a female

avatar, whereas only 45% (10/22) of male participants chose a
male avatar.

To examine the effect of free versus imposed choice, we
specified another MANOVA model with choice type, participant
gender, and participant age on the same outcome measures as
before; however, we only compared perceptions of the peer
chatbots, since group sizes of institution, expert, and
dialogical-self chatbots in the free-choice group were arguably
small.

The MANOVA revealed a significant main effect for choice

type (Wilks λ=0.802, F3,71=5.856, P=.001, ηp
2=0.198), but no

significant main or interaction effects for or with participant
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gender (P=.55) or age (P=.21), respectively. Table S5 in
Multimedia Appendix 1 provides an overview of the MANOVA
results. Subsequently conducted univariate ANOVAs specified
with the same factors on each outcome variable confirmed the
significant main effect of choice type on all outcome variables.
For an overview, see Table S6 in Multimedia Appendix 1. Post
hoc pairwise comparisons revealed that participants who had
the option to freely choose the peer chatbot evaluated it
consistently better than participants who had been imposed to
interact with it; for example, affective bond with the peer chatbot
had a mean score of 5.28 (SD 0.89) in the free-choice group
compared to a mean score of 4.54 (SD 1.10) in the no-choice
group. Similarly, participants who had freely chosen the chatbot
felt closer to the chatbot than those who did not choose it (mean
difference 1.613, SE 0.466; P=.001), and they were more likely
to intend to use it (mean difference 1.294, SE 0.324; P<.001).
Taken together, hypothesis 4 is supported.

Discussion

Principal Findings
Our design codebook for chatbots with different social roles
provides a novel approach to design chatbots along an
interpersonal closeness continuum that is inspired by clients’
encounters with different social health care roles in their client
journey: health care institutions, medical experts, peers, and
themselves (ie, hypothesis 1). The results from the web-based
experiment suggest that a chatbot’s impersonated social role
affects users’ perception and the development of an affective
bond contingent on users’demographic profiles. Since the main
effect of the chatbot personas on the outcome measures was not
significant, our study strengthens the recommendation that it is
necessary to take into account user-specific factors before
developing generic one-fits-all designs (ie, hypothesis 3).

Specifically, we found a significant age difference in chatbot
assessments, this is, older participants rated the dialogical-self
character in significantly more positive ways than younger
participants, and younger participants consistently preferred the
expert character. We assume that whereas younger participants
valued guidance from a more distant “authority role” [27], older
users seemed more intrigued by the idea to find guidance in
themselves. Since older age is also associated with a greater
number of life experiences and, consequently, more knowledge
and judgment about life and ways of planning, managing, and
understanding life [112], older participants might have had more
trust in their expertise than younger participants. Thus, older
participants’ positive reception of the dialogical-self chatbot
might generally point to an untapped potential of mimicking
self-talk and inner dialogue by health care chatbots. Changing
the way people think about and talk to themselves is a
fundamental principle of cognitive behavioral therapy [113],
an approach commonly implemented in many web-based [114]
and chatbot-based mental health interventions [115]. Making a
chatbot explicitly mimic one’s inner voice represents an
innovative approach to help clients experience how positive
self-talk can look and feel.

Lastly, our study shows that giving individuals the option to
choose between a range of presented chatbot characters can

have an effect on their chatbot preferences (ie, hypothesis 4).
Specifically, in our study, we found that free choice significantly
improved participants’ perceptions of the peer chatbot. This
strengthens the recommendation that it is worth the extra effort
to integrate even simple customization and personalization
options [71,75]. Necessary user information, such as gender
and age, could be easily elicited during onboarding based on
responses to survey questions posed by the chatbot.

Limitations and Future Research Directions
This work has several limitations that point to future research
directions upon which researchers can seize.

First, despite the scientific rigor employed to develop four
distinct chatbot personas by manipulating a holistic set of
interpersonal closeness cues derived from previous research,
the conceptualized social roles can only be considered as design
archetypes. Future experiments could examine nuances of the
conceptualized social roles as well as which design cues are
most relevant for clients’ perceptions of a social role (research
direction 1). Furthermore, our scenario covered a health care
chatbot providing a particular type of health intervention.
Whereas social role dynamics in a provider-client relationship
in lifestyle interventions are likely similar in their essence to
other health interventions (ie, highly sensitive, emotional,
personal, and interpersonally intense), future research could
explicitly compare differences in distinct health contexts, for
example, between health care chatbots for different chronic
diseases and those for preventive care (research direction 2).

Second, another limitation of our study concerns its limitation
to German-speaking people ranging in age from 18 to 65 years
only. Digital interventions addressing younger or older clients
beyond this age range (eg, older people suffering from dementia
[76] or younger clients with child obesity [116]) are likely to
require different designs, content, and functionalities of the
chatbot (research direction 3). For instance, the interpersonal
relationship of an older client with cancer with a peer chatbot
is likely to be of another kind than the relationship of a pregnant
woman with a “pregnant” peer chatbot. Thus, depending on the
health care setting, disease, or the specific stage of a disease
[76], future research could explore further interesting specialized
social roles that could be impersonated by a health care chatbot,
such as professionals (ie, nurses, midwives, physiotherapists,
pharmacists, etc) and health care social workers, which could
help with alleviating the financial, social, and psychological
burden of chronic disease. Other social roles that could be
impersonated by a chatbot could be those of family members,
for example, in digital pediatric or partner health interventions
(research direction 4).

Third, another consideration concerns the length of the
prospective client-chatbot relationship. In our experiment,
participants were interacting with a chatbot prototype that
simulated three nonconsecutive “days” of a fictitious health
care intervention for only about 16 minutes in a time-lapsed
manner. However, relationships develop and change in depth
and breadth over time [95]. Therefore, the effects that we
detected likely reflected participants’ initial affect levels toward
the chatbot, which would explain the smaller effect sizes as
well. Future research could examine the impact of a chatbot’s
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social role in a fully operational prototype (research direction
5) to investigate changes in users’ evaluations of the social role
over time (research direction 6) or the choice of appropriate
social roles at the various stages of the client journey (research
direction 7). Future research could also examine the impact of
a chatbot’s social role, ultimately, on actual therapeutic
outcomes (research direction 8), depending on the health care
setting. For instance, similar to human-human interactions, some
social roles might be more appropriate for communicating a
life-threatening diagnosis, whereas another social role might
be more appropriate for helping clients monitor a specific vital
parameter every day. Eventually, our experimental design only
allowed us to measure behavioral intentions, which do not
necessarily translate into behavior (cf, intention-behavior gap
[117]). Future field experiments should examine how the design
of the chatbot actually affects, for instance, the likelihood to
share sensitive personal health information (research direction
9).

Fourth, even if one result of our research was to match every
client with their personalized perfect chatbot, or at least to
provide enough freedom of choice between a couple of chatbot
characters to improve clients’ evaluation of a chatbot, the
development of multiple chatbots delivering the same
intervention adds complexity to the development of digital
health interventions, thereby requiring more financial resources
and time. Future research should seek to explore the optimal
levels of personalization, customization, and choice options by
contrasting them with development resources (research direction
10). In a similar vein, future researchers should also investigate
additional individual characteristics as potential control
variables, such as people’s tendency to anthropomorphize
artificial objects or their perceived creepiness when interacting
with anthropomorphized technology (research direction 11)
[69].

Finally, this study indicated that there were substantial age
effects in the perception of different conversational agents within
a cross-sectional design. In the case that these age effects can
be replicated, future research investigating longitudinal designs
is needed (research direction 12) to better understand whether
such potential effects are impacted by particular cohorts and
particular ages in the context of personality change (eg, Marsh
et al [118]) and other digital health interventions.

Comparison With Prior Work
To the best of our knowledge, this is the first study to configure
and compare health care chatbots with different impersonated
social roles common in health care settings. By studying the
impact of chatbots’ social roles and integrating knowledge from
the social role theory, this work extends prior research that has
investigated the effects of relational cues [65], and it takes on
prior calls for research to consider an agent’s impersonated
social role as an important factor in user-chatbot relationships
[27,119]. This research thus contributes to the understanding
of the design of health care chatbots by defining how a set of
interpersonal closeness cues manifest the social role of a chatbot,
as well as by determining how these social roles affect clients’
experiences and the development of an affective bond with the
chatbot.

Furthermore, our study contributes to prior research on the
importance of personal characteristics in people’s decisions to
interact with chatbots [68] and shows that user perceptions of
specific social roles depend on a person’s demographic profile,
namely an individuals’age and gender, and whether individuals
could freely choose the chatbot persona or not.

Conclusions
Since chatbots are becoming increasingly prevalent in clients’
health care service experiences, health care providers’ success
depends on their ability to design chatbots effectively. Especially
in the context of chronic diseases, where digital health
interventions are aimed at accompanying clients for years, it is
still open as to which design choices promote the development
of a strong affective bond between chatbot and client. To this
end, we developed a codebook that allows researchers and
practitioners to systematically design health care chatbots with
specific social roles common in health care settings, and we
explored whether or how these social roles affect the
development of an affective bond between the user and the
chatbot. Overall, our results suggest that positive effects can
come from customizing the chatbot persona to easily accessible
user characteristics, such as age and gender, or from allowing
clients to choose the social role they feel they need most. Future
work is required to investigate role dynamics in client-chatbot
relationships during longer-term interventions.
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Abstract

Background: Evidence suggests that eating behaviors and adherence to dietary guidelines can be improved using nutrition-related
apps. Apps delivering personalized nutrition (PN) advice to users can provide individual support at scale with relatively low cost.

Objective: This study aims to investigate the effectiveness of a mobile web app (eNutri) that delivers automated PN advice for
improving diet quality, relative to general population food-based dietary guidelines.

Methods: Nondiseased UK adults (aged >18 years) were randomized to PN advice or control advice (population-based healthy
eating guidelines) in a 12-week controlled, parallel, single-blinded dietary intervention, which was delivered on the web. Dietary
intake was assessed using the eNutri Food Frequency Questionnaire (FFQ). An 11-item US modified Alternative Healthy Eating
Index (m-AHEI), which aligned with UK dietary and nutritional recommendations, was used to derive the automated PN advice.
The primary outcome was a change in diet quality (m-AHEI) at 12 weeks. Participant surveys evaluated the PN report (week 12)
and longer-term impact of the PN advice (mean 5.9, SD 0.65 months, after completion of the study).

Results: Following the baseline FFQ, 210 participants completed at least 1 additional FFQ, and 23 outliers were excluded for
unfeasible dietary intakes. The mean interval between FFQs was 10.8 weeks. A total of 96 participants were included in the PN

group (mean age 43.5, SD 15.9 years; mean BMI 24.8, SD 4.4 kg/m2) and 91 in the control group (mean age 42.8, SD 14.0 years;

mean BMI 24.2, SD 4.4 kg/m2). Compared with that in the control group, the overall m-AHEI score increased by 3.5 out of 100
(95% CI 1.19-5.78) in the PN group, which was equivalent to an increase of 6.1% (P=.003). Specifically, the m-AHEI components
nuts and legumes and red and processed meat showed significant improvements in the PN group (P=.04). At follow-up, 64%
(27/42) of PN participants agreed that, compared with baseline, they were still following some (any) of the advice received and
31% (13/42) were still motivated to improve their diet.

Conclusions: These findings suggest that the eNutri app is an effective web-based tool for the automated delivery of PN advice.
Furthermore, eNutri was demonstrated to improve short-term diet quality and increase engagement in healthy eating behaviors
in UK adults, as compared with population-based healthy eating guidelines. This work represents an important landmark in the
field of automatically delivered web-based personalized dietary interventions.

Trial Registration: ClinicalTrials.gov NCT03250858; https://clinicaltrials.gov/ct2/show/NCT03250858

(J Med Internet Res 2022;24(4):e29088)   doi:10.2196/29088
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Introduction

Background
Noncommunicable diseases account for almost two-thirds of
deaths globally [1]. The main recommendations for addressing
noncommunicable diseases are related to lifestyle changes, such
as the encouragement of healthier diets, physical activity (PA),
and the reduction of tobacco use and alcohol consumption [1].
Current public health strategies that aim to address this
challenge, for example, the United Kingdom’s 5-a-day campaign
that encourages the consumption of at least 5 portions of a
variety of fruits and vegetables daily [2] and the Eatwell Guide
[3], are not personalized to individuals. Although the 5-a-day
campaign was associated with modest increases, particularly in
fruit consumption, immediately after its launch [4], these were
not maintained and currently only a third of UK adults meet the
recommendations of this campaign [5]. These and other data
have motivated investigations into the efficacy of personalized
nutrition (PN) advice on dietary behavior change [6]. The
promise of PN may lie in having a greater capacity to motivate
individuals to change their dietary habits or the delivery of more
suitable and thus more effective advice. For example, tailored
health information is perceived as more personally relevant [7],
and often superior [8], by consumers, and has also been shown
to stimulate greater cognitive activity (eg, being read and
remembered) [9]. Equally, there are known interindividual and
intraindividual variations in response to diet [8], and PN
attempts to account for these, depending on the level of
personalization (eg, sex, metabolic requirements, physiological
difference, genome, and microbiome).

The internet has considerable potential to improve health-related
food choices at low cost, via apps, for example. However, a
review showed that none of the popular nutrition-related mobile
apps reviewed had a decision engine capable of providing
personalized dietary advice to the user [10]. Evidence from the
Food4Me study indicated that web-based PN advice based on
dietary intake (assessed using a validated Food Frequency
Questionnaire (FFQ) with portion-size photographs [11]) was
more effective in improving adherence to dietary advice and
diet quality than standard population guidance [12]. Their
decision tree for tailoring the advice was executed manually by
the researchers and automated after the completion of the
randomized controlled trial (RCT) [13]; however, this automated
decision tree is not currently publicly available. The authors of
this study are not aware of any similar web-based PN RCT
delivered automatically [14].

To address this need, our research team developed a mobile
web app capable of delivering automated PN advice (eNutri
v1.0 [15-17]), which, to our knowledge, is the only app to
deliver PN advice automatically. Dietary advice was delivered
immediately after completion of a web-based FFQ. The advice
was based on and derived according to adherence to an 11-item
modified Alternative Healthy Eating Index (m-AHEI). This

measure of diet quality was a UK-adapted version of the US
2010 Alternative Healthy Eating Index (AHEI), which was
selected for its strong association with cardiovascular disease
(CVD) and health [18-20].

Objectives
The aim of this RCT (the EatWellUK study) was to evaluate
the impact of the web-based PN advice tool, eNutri, on
increasing diet quality in UK adults compared with generalized
population dietary advice delivered on the web. This study tested
the hypothesis that personalized dietary advice is more effective
at eliciting beneficial dietary change than general dietary public
health guidance.

Methods

Overview
The EatWellUK study was a randomized, controlled, parallel,
single-blinded dietary intervention, which was delivered on the
web and conducted by the Hugh Sinclair Unit of Human
Nutrition (University of Reading, United Kingdom) between
August 2017 and January 2018. It was designed to compare the
impact of eNutri’s automated personalized food-based dietary
advice with generalized population dietary advice (control)
delivered on the web on change in diet quality (assessed by the
m-AHEI score and the scores of its individual components; see
Multimedia Appendix 1 [3,18,21-28] for details).

Ethics Approval
The study was approved by the University of Reading (School
of Chemistry, Food and Pharmacy) Research Ethics Committee
(reference 13/17) and conformed with the Declaration of
Helsinki. It was registered at ClinicalTrials.gov (NCT03250858).

Recruitment and Consent
Participants were recruited from the Hugh Sinclair Unit of
Human Nutrition’s volunteer database, University of Reading,
mailing lists, social media (Facebook and Twitter), a university
press release, web-based advertisements, and word of mouth.
Interested parties received information with links to the consent
form and participant information sheet hosted on the study
website, where these documents were available on the home
page for reading and downloading. The web-based account
creation, using email and password, and the consent agreement
were completed directly on the study website. It was made clear
that participation was voluntary and that they were free to
withdraw at any time without giving reason and without
detriment. Participants were informed that they would need to
complete web-based questionnaires at baseline, week 6, and
week 12. There was no payment associated with participation,
but to improve participant retention, all participants who
completed the first set of questionnaires received an email
regarding a prize draw (4 prizes of £50 [US $67.65] shopping
vouchers were available) subject to the completion of the final
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questionnaire. All contact with participants was via the website
or email.

Screening and Randomization
Only participants aged ≥18 years were eligible to participate in
the study. Screening was semiautomated in the eNutri web app,
where a minimal set of exclusion criteria were applied
automatically (not living in the United Kingdom, pregnant,
lactating, receiving face-to-face nutrition services, lactose
intolerance, food allergies, or diabetes). Other indications of
potential exclusion were assessed by the researchers manually
(self-report of health conditions, metabolic disorders, illness,
medication, and specific dietary requirements), and in these
cases, participants received an email to inform them of their
eligibility.

As part of the screening form, participants were asked to report
their age, sex, and highest level of education and how they heard
about the study, selecting from the following options: email,
Facebook, Instagram, Twitter, word of mouth, or other. Emails
and social media links were created with customized URLs so
that the app could also track the click source automatically

[29,30]. Eligible participants were randomized automatically
by the app using a random function [31] that generated a random
number between 0 and 1. Depending on the value (lower or
upper half of the interval), the participant was allocated to one
of the two groups (PN or control). Allocation was concealed
from the participants (single-blinded) who received advice at
the same time points throughout the intervention.

Study Protocol
The EatWellUK study protocol is summarized in Textbox 1.
Following automatic randomization, participants were asked to
complete the web-based FFQ [15] and Baecke PA questionnaire
[32] and to provide their self-reported weight using the eNutri
web app. These measures were repeated at weeks 6 and 12 of
the intervention. General (control group; Multimedia Appendix
2) or personalized (PN group) advice was displayed immediately
after completion of the FFQ at baseline (week 0) and week 6.
All participants received the personalized recommendations at
week 12 (upon completion of the study). The eNutri FFQ and
advice are described more fully in the study by Zenun Franco
et al [15] and Fallaize et al [16]; see also the Intervention Groups
section.

Textbox 1. EatWellUK study procedure.

Procedure

1. Web-based recruitment, providing the participant information sheet and consent form

2. Account creation via the study website

3. Web-based consent

4. Semiautomated screening (manual screening where analysis of text descriptions was required)

5. Participant’s characteristics (sex, age, height, and level of education)

6. Group allocation (randomization)

7. Weight, physical activity questionnaire, and Food Frequency Questionnaire

8. System Usability Scale questionnaire

9. Presentation of web-based advice

10. Personalized web-based advice evaluation (optional)

11. Follow-up questionnaire (optional)

Although participants were encouraged to complete the FFQ in
1 session, it was important to offer the possibility to save the
FFQ in case of interruption or temporary internet disconnection.
Hence, each food selection was saved individually (after the
portion-size selection), and participants could return to the last
saved food item when they logged in to the system again.
Incomplete FFQs expired after 24 hours, after which the
participant was required to start again to maintain the validity
and accuracy of the FFQs.

The interval between FFQ completions was also managed by
the app. The second FFQ was made available only after 41 days
(1 day before the participant reached 6 weeks), and the third
(and final) FFQ only after 83 days (12 weeks) to prevent
completion of the FFQs too early. Reminders were sent by email
a few days before the FFQs were due. If the participant logged
in to the system during the intervals, a message was shown
indicating the date when their next FFQ would be available.

Using eNutri, steps 1 to 9 (Textbox 1) were completed at
baseline (week 0; ~20 minutes in total) [15]. This first
completion of step 7 (weight, PA, and FFQ) served as baseline
data. Steps 7 and 9 were presented again by eNutri in weeks 6
and 12. Step 8 (System Usability Scale questionnaire) was
presented at baseline only; detailed methods and EatWellUK
study data for the System Usability Scale questionnaire have
been described in the study by Zenun Franco et al [15]. The
optional step 10, requesting completion of a web-based report
evaluation, was presented only at the end of the study. After an
interval of almost 5 months after the study ended, a further
follow-up questionnaire (step 11) was conducted using a
web-based survey tool.
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Outcome Measures

Dietary Intake
Changes from baseline in dietary intake at end point were
assessed via a graphical semiquantitative FFQ on the eNutri
web app, which was based on a previously validated FFQ for
a UK population [11]. The eNutri FFQ has been described
previously [15]. The 2010 AHEI [18] was used as the foundation
for (1) measuring the quality of the diet, (2) deriving the PN
advice, and (3) quantifying changes in dietary intake. Some
modifications were applied to the 2010 AHEI to adapt it to the
UK dietary guidelines and to improve its use as the decision
engine for the PN recommendations. The 11 food and drink
components and scoring criteria for the m-AHEI can be found
in Multimedia Appendix 1 [3,18,21-28]. The maximum
component score was changed from 10 to 100, to facilitate data
visualization and progress monitoring for the participant (details
of the PN report are presented in the study by Fallaize et al
[16]). Dietary intakes between the minimum (0 point) and
maximum (100 points) criteria were scored using linear
interpolation, with a positive slope for healthy components and
a negative slope for unhealthy components, such that higher
scores represented greater diet quality for every component. All
the 11 individual components were weighted equally, and the
overall score was presented to the participants as a percentage
(ranging from 0 to 100) for ease of interpretation.

Weight, BMI, and PA Levels
Secondary outcome measures recorded via the eNutri web app
included weight, BMI, and PA. Changes from baseline were
measured for self-reported weight (kg) at end point. Change in
weight was combined with height (collected in step 5) and

reported as change in BMI (kg/m2). For PA levels, change was
measured from baseline in self-reported PA (Baecke
questionnaire) at end point.

As participants could be advised to either gain or lose weight
to reach their ideal BMI range, an analysis of the change in BMI
without considering the direction of the change (ie, increase or
decrease) would not capture the effectiveness of the
recommendation (ie, opposite variations across participants
would cancel one another). Thus, the absolute difference from
the current BMI to the ideal BMI was analyzed to determine if
the personalized advice decreased this difference significantly,
in comparison with the control group.

Evaluation of Personalized Advice
Immediately after completion of the study at end point, the PN
report was evaluated by the participants via 9 optional questions,
also delivered via the eNutri web app, regarding the users’
perceived system effectiveness [33] and perceptions of its
design. The first 6 questions were Likert questions, and the final
3 questions offered the possibility to write comments. As both
groups received the PN report after completing the study, their
responses were combined for this evaluation.

Follow-up Questionnaire
To assess the long-term impact of the PN advice, a web-based
follow-up questionnaire was administered via Online Surveys
(Jisc Online Surveys) 4.6 months after the study ended, which

invited all participants to provide feedback about eNutri and
the advice they received. Those who responded and consented
to participating were asked 32 questions, including Likert and
multiple-choice questions. The primary purpose of these
questions was to identify to what degree the PN advice had
encouraged those in the PN group to improve their diets during
the study and whether they were still following any aspects of
their advice. Where they did not follow the advice, participants
were also asked to identify their reasons for not doing so. In
addition, the follow-up questionnaire included free-text boxes
for the participants to write a short review of eNutri and
comment on the advice they received. Although data for the
control group were also obtained, these data are not presented
here, as this group also received a PN report at the end of the
study and, as such, their responses will likely be confounded.

Intervention Groups

PN Intervention
The PN report received by this group via the eNutri web app
[16] consisted of (1) the participant’s overall m-AHEI score
(out of 100), (2) 3 diet messages, (3) feedback on BMI
(including their ideal weight range), and (4) feedback on PA.
The diet messages were tailored for each participant based on
the 3 lowest m-AHEI component scores assessed with data from
the FFQ, following a protocol published previously [15,16].
The components were presented as food-based
recommendations; for example, if one of the lowest m-AHEI
scores was red or processed meat, then the advice would use
the FFQ data to highlight which individual foods in their diet
were the highest contributors. Participants in the PN group were
able to see a progress report after each subsequent FFQ (weeks
6 and 12). In the software version deployed in this study (eNutri
v1.0), the inputs to the decision engine generating the PN
feedback were a participant’s dietary data and sex.

The ideal weight range of the participants was based on their

BMI calculation. A healthy BMI ranges from 18.5 to 25.0 kg/m2;
hence, an ideal weight for a participant was presented as the

midpoint at 21.75 kg/m2. Textual messages and visual
representations in the app were also tailored according to BMI
(eg, colored bars on the scale to represent the ideal weight range)
[15,16].

The PA feedback was based on the Baecke questionnaire [32].
Participants were presented with their overall PA scores,
followed by scores for the three categories (sports, leisure, and
work), as defined by Baecke et al [32]. Scores were on a scale
of 0 to 100, with higher scores representing greater levels of
PA. Advice messages related to the sports and leisure categories
were provided according to the participant’s score in each
category. As it was deemed unlikely for participants to have
much control over the nature of their activities at work, no
personalized message regarding the work category was provided
[15].

Control
The control group received generic healthy eating advice at
baseline and week 6 via the eNutri web app (Multimedia
Appendix 2). The report included 3 generalized healthy eating
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messages that were based on the m-AHEI components (baseline:
vegetables, free sugars, and polyunsaturated fatty acids; week
6: fruit, wholegrain products, and red or processed meat).
General advice was also provided on the importance of
maintaining a healthy weight and attaining adequate PA
(Multimedia Appendix 2); however, this was not tailored
according to the participants’ BMI or reported PA levels.
Following the final FFQ at week 12, the control group were
provided with PN (intervention) advice. The UK Government’s
Healthy Eating Recommendations were used as a basis for the
component messages [34].

Data Handling
As not every participant completed the eNutri questionnaires
on the target dates of 6 and 12 weeks (some took longer to
respond), only 2 questionnaires per participant were considered
in the outcome analysis: baseline and the date closest to the
target date of 12 weeks, referred to as end point. The
effectiveness of the decision engine was captured in terms of
users’ actual dietary change between baseline and end point,
using the m-AHEI as the primary outcome measure.

Participants were excluded from the analysis if (1) their ratio
of energy intake to basal metabolic rate (estimated using the
equation of Henry [35]) exceeded standard cutoffs (men: <0.49,
>2.79; women: <0.56, >3.21; n=14) [36]; (2) there was a large
difference in energy intake between FFQs (>8000 kJ) without
corresponding weight change (n=3), or (3) reported intakes of
food groups were considered unfeasible in relation to maximum
adult intakes reported in the National Diet and Nutrition Survey
[37], such as 10 eggs or 1.2 kg of porridge daily (n=6).

Statistical Analysis
Statistical analysis was conducted using Python StatsModel
(version 0.11) [38]. Normality was tested using the
D’Agostino-Pearson and Shapiro-Wilk tests [39], and, where
necessary, m-AHEI component data were square root
transformed. Treatment effects were determined based on the
change from baseline between groups, where P≤.05 was
considered significant. To account for mean lower-energy intake
reported at the end of the study compared with baseline (PN:
–1316, SD 2315 kJ/day; control: –726, SD 2549 kJ/day) in the
absence of weight change, baseline energy intakes were included
as a covariate for the m-AHEI analysis only. Secondary

outcomes (PA and BMI) were adjusted for baseline values and
presented as adjusted means [40]. Unless specified, data are
presented as means (SDs).

Participants in the PN group received advice on specific
m-AHEI components (based on their 3 lowest m-AHEI
components). For analysis of change in individual m-AHEI
components (eg, fruit), a smaller treatment effect is expected if
the participant in the PN group did not receive advice for
changing that specific component. Furthermore, the subgroup
of participants in the control group with low scores for a specific
component have greater room to improve their score (ie, greater
distance to the maximum score) for that component than the
group as a whole. To account for these factors, in addition to
the treatment effects for the whole group, a treatment effect was
also calculated for the subgroup of participants in the PN group
who received personalized messages for a specific component,
in comparison with participants in the control group who were
matched in the sense that, based on their 3 lowest m-AHEI
scores, they would also have received advice on that component
had they been in the intervention group.

This RCT was powered based on the outcomes of the similar
Food4Me study [12], comparing participants who received
control advice with PN advice based on dietary intake only,
expecting an increase of 6.5% (mean 49.58%, SD 9.51%; α=.05;
power=0.8) in the m-AHEI (Food4Me consortium, unpublished
data, October 2014). With these variables, the recruitment target
was 274 participants, increasing to 330 participants when
factoring a 20% dropout rate.

Results

Participants
A total of 438 participants created accounts in the eNutri web
app. Table 1 presents which recruitment sources were reported
by the participants and the results of the URL automatic
tracking. Although sources were identified (self-reported) by
91.6% (401/438) of participants, the automatic URL tracking
identified sources for just 61.6% (270/438) participants. The
most frequently self-reported recruitment sources were email
(164/438, 37.4%), Facebook (59/438, 13.5%), and Twitter
(43/438, 9.8%).

Table 1. Recruitment sources as self-reported by all participants creating an account (N=438) and from automatic detection by the app.

Automatic URL track, n (%)Self-report, n (%)Recruitment source

199 (45.4)164 (37.4)Email

26 (5.9)59 (13.5)Facebook

11 (2.5)43 (9.8)Twitter

0 (0)0 (0)Instagram

0 (0)63 (14.4)Word of mouth

34 (7.8)72 (16.4)Other

168 (38.4)37 (8.4)Not available

Of the 438 accounts, 393 (89.7%) completed the screening
questionnaire. Of these 393, 29 (6.6%) participants were

excluded owing to country of residence (n=6), medication use
(n=8), or dietary restrictions, such as lactose intolerance (n=10)
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or food allergies (n=7). The remaining 83.1% (364/438) of the
participants were automatically randomized by the app to either
the control or PN group, although 10.7% (39/364) of these

participants did not complete the baseline questionnaires (Figure
1).

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram for the EatWellUK study. n values are expressed as percentages of
the number of participants who were randomized (N=364). RCT: randomized controlled trial.

Of the 325 participants who completed the baseline FFQ, 115
(35.4%) were lost to follow-up (ie, they did not complete the
next FFQ), and 210 (64.6%) completed at least 1 additional
FFQ, and these were considered in the RCT. Of these 210, 23
(11%) were removed as outliers for unfeasible dietary intakes.
A total of 114 participants from the control (n=54) and PN
(n=60) groups completed all 3 FFQs. At the end of the study,
the participants were presented with an optional personalized
web-based report evaluation questionnaire to provide feedback
on the PN report. Of the 111 feedback forms received, 50 (45%)

were from the control group and 61 (55%) from the PN group.
These feedback responses were combined because all
participants were given personalized reports at the end of the
study, and no significant differences were found between the
groups (data not shown). The baseline (week 0) characteristics
of the participants included in the analysis after removal of
outliers are presented in Table 2; no significant differences in
sex, age, or educational attainment were observed between the
intervention groups.
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Table 2. Baseline characteristics of the EatWellUK study participants (N=187).

P valuePersonalized nutrition groupControl groupTotal sampleCharacteristics

96 (51.3)91 (48.7)187 (100)Participants, n (%)

.07Sex, n (%)

76 (40.6)81 (43.3)157 (84)Female

20 (10.6)10 (5.3)30 (16)Male

.7643.5 (15.9; 18-85)42.8 (14.0; 20-82)43.2 (15.0; 18-85)Age (years), mean (SD; range)

.19Highest level of education, n (%)

0 (0)0 (0)0 (0)Less than secondary

7 (3.7)13 (6.9)20 (10.6)Secondary

10 (5.3)11 (5.8)21 (11.2)College

39 (20.9)25 (13.4)64 (34.2)Undergraduate

40 (21.4)42 (22.5)82 (43.9)Postgraduate

Primary Outcomes Evaluation
Considering the protocol for selecting the end point FFQ (ie,
the one closest to week 12), the trial resulted in an average
interval between FFQs of 10.8 weeks. The analysis by group

confirmed that the intervals were equivalent across the control
(10.7 weeks) and PN (10.8 weeks) groups. The results for the
overall changes in m-AHEI scores from baseline to end point
(10.8 weeks) are presented in Table 3.

Table 3. Effects of the EatWellUK intervention on the m-AHEIa component scores, considering all the participants in the control (n=91) and PNb

(n=96) groups.c

P valueTreatment effect, Δ
PN–Δcontrol (95% CI)d

Adjusted Δ,d mean (SD)Baseline, mean (SD)m-AHEI variables

PNControlPNControl

.0033.5 (1.19 to 5.78)3.1 (2.1)–0.4 (2.3)56.3 (11.5)58.9 (12.3)Overall m-AHEI score

Positive components

.32–3.2 (–9.31 to 3.01)–7.1 (9.4)–4.0 (8.4)61.2 (28.3)68.0 (26.0)Vegetable score

.542.0 (–4.32 to 8.22)–3.7 (7.5)–5.7 (6.8)60.6 (34.8)67.0 (31.0)Fruit score

.480.3 (–0.45 to 0.95)–0.3 (1.1)–0.6 (1.2)35.5 (33.9)43.5 (35.4)Whole grain scoree

.691.3 (–4.96 to 7.52)0.4 (8.9)–0.9 (13.6)95.0 (18.1)87.7 (27.8)Dairy product score

.040.9 (0.03 to 1.76)1.2 (1.2)0.3 (1.4)26.7 (33.1)47.3 (38.3)Nuts and legume scoree

.40–1.9 (–6.36 to 2.55)–1.2 (7.1)0.7 (7.5)50.8 (16.7)53.4 (17.7)Healthy fats score

.235.8 (–3.72 to 15.3)3.7 (16.0)–2.1 (17.3)69.2 (38.0)63.0 (41.7)Oily fish score

Negative components

.066.1 (–0.33 to 12.6)3.9 (8.5)–2.3 (8.9)50.5 (26.8)44.3 (27.7)Free sugars score

.040.8 (0.05 to 1.58)1.2 (0.9)0.4 (0.9)24.4 (36.1)27.5 (36.6)Red and processed meat scoree

.096.3 (–0.90 to 13.5)14.1 (15.3)7.8 (17.1)57.0 (30.7)55.9 (34.4)Salt score

.830.6 (–5.15 to 6.41)3.5 (15.4)2.8 (15.6)88.7 (27.8)90.2 (27.2)Alcohol score

am-AHEI: modified Alternative Healthy Eating Index.
bPN: personalized nutrition.
cScores are reported on a scale between 0 and 100, where higher scores reflect greater diet quality.
dChange from baseline at end point. Data are presented as adjusted means with the baseline energy intakes as a covariate [40].
eSquare root transformation.

Compared with that for the control group, the treatment effect
observed in the overall m-AHEI score for the PN group was
3.5 out of 100 (95% CI 1.19-5.78), which was reached statistical

significance (P=.003). A statistically significant improvement
in nuts and legumes, and red and processed meat scores were
also observed in the PN group compared with the control group
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during the intervention period (P=.04), reflecting an increased
intake of nuts and legumes and reduced intake of red and
processed meat.

All the participants in the PN group (n=96) received feedback
regarding their overall m-AHEI score and were able to see the
progress report with all the individual m-AHEI scores; however,
the focus of the advice was on just 3 components [15].

The outcomes presented in Table 3 do not consider whether a
specific participant received a personalized message for that
component but rather how the individual m-AHEI components
were affected by the intervention as a whole. Table 4 shows the
component messages presented to the PN group during the

intervention (ie, the 3 m-AHEI components with the lowest
scores), and the matched participants from the control group
who would have received those messages had they been in the
PN group. The distribution presented in the final column of
Table 4 (total messages) gives an indication of the components
for which the EatWellUK cohort were most in need of
improvement. Red and processed meat, nuts and legumes, and
whole grains were the components most frequently presented
by the eNutri app algorithm across both groups for having the
lowest m-AHEI scores, whereas dairy products, alcohol, and
vegetables were presented in <10% of cases for both groups,
suggesting these components required least improvement in the
participant’s diets.

Table 4. Frequency of healthy eating messages presented to the PNa group (n=96) and matched messages in the control group (n=91) at baseline when

only messages for the three components with the lowest scores were considered.b

Total messages, n (%)PN messages, n (%)Matched control messages, n (%)

126 (22.5)66 (35.3)60 (32.1)Red and processed meat

112 (19.9)70 (37.4)42 (22.5)Nuts and legumes

87 (15.5)48 (25.7)39 (20.9)Whole grains

50 (8.9)23 (12.3)27 (14.4)Salt

47 (8.4)17 (9.1)30 (16)Free sugars

44 (7.8)18 (9.6)26 (13.9)Oily fish

29 (5.2)15 (8)14 (7.5)Fruits

23 (4.1)10 (5.3)13 (7)Healthy fats

16 (2.9)9 (4.8)7 (3.7)Vegetables

15 (2.7)8 (4.3)7 (3.7)Alcohol

12 (2.1)4 (2.1)8 (4.3)Dairy products

561 (100)288 (51.3)273 (48.7)Total messages

aPN: personalized nutrition.
bComponents are ordered by the total number of healthy eating messages that were (personalized nutrition group) or would have been (control group)
presented to participants. The personalized nutrition and control group data are presented as a contribution to the total sample of messages produced by
eNutri. Because each participant (n=187) received or would have received 3 messages from eNutri, the total number of messages is 561.

The treatment effect on participants in the PN group who
received personalized messages for a specific component was
also calculated in comparison with the matched participants in
the control group, as shown in Table 5. Although participants
in the PN group displayed greater score improvements across

all m-AHEI components, except vegetables, significant
treatment effects were only observed for salt (+18.3; P=.04)
and alcohol (+51.4; P=.03) in the PN group compared with that
in the control group, reflecting a significantly greater reduction
in intake of these components following PN intervention.
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Table 5. Changes in the m-AHEIa component scores from baseline to end point for participants in the PNb group (n=96) who received these specific
component messages and the matched participants in the control group (n=91).

P valueTreatment effect, Δ
PN–Δcontrol (95% CI)c

PN groupMatched controlm-AHEI component

Δ (SD)cBaseline,
mean (SD)

Value, n (%)dΔ (SD)cBaseline,
mean (SD)

Value, n (%)d

Positively scored components

.200.8 (–0.41 to 1.98)2.3 (0.8)13.9 (19.2)70 (72.9)1.5 (0.8)19.1 (17.7)42 (46.2)Nuts and legumese

.150.8 (–0.27 to 1.78)1.0 (0.3)11.1 (13.9)48 (50)0.2 (0.3)16.8 (16.3)39 (42.9)Whole grainse

.497.9 (–15.2 to 31.0)31.7 (8.3)10.3 (15.6)18 (18.8)23.8 (7.7)7.4 (14.6)26 (28.6)Oily fish

.573.9 (–10.0 to 17.9)5.0 (3.1)18.3 (12.2)15 (15.6)1.1 (2.5)26.1 (18.8)14 (15.4)Fruits

.980.2 (–13.3 to 13.6)8.2 (8.7)38.1 (14.9)10 (10.4)8.0 (8.1)46.8 (15.7)13 (14.3)Healthy fats

.63–6.7 (–36.1 to 22.8)3.9 (7.1)26.0 (15.2)9 (9.4)10.5 (4.0)40.0 (7.5)7 (7.7)Vegetables

.5517.5 (–47.0 to 82.0)25.7
(17.5)

22.8 (14.1)4 (4.2)8.2 (21.0)20.1 (13.8)8 (8.8)Dairy products

Negatively scored components

.061.0 (–0.06 to 2.00)1.9 (0.6)3.3 (8.3)66 (68.8)0.9 (0.6)4.3 (8.9)60 (65.9)Red and processed

meate

.0418.3 (1.18 to 35.5)49.8
(22.8)

25.7 (24.5)23 (24)31.5 (16.6)14.1 (18.3)27 (29.7)Salt

.1212.3 (–3.40 to 28.0)19.3 (5.4)9.9 (14.5)17 (17.7)7.0 (9.2)21.6 (24.8)30 (33)Free sugars

.0351.4 (4.93 to 97.8)49.9
(38.4)

11.4 (20.7)8 (8.3)–1.5 (36.8)8.4 (17.6)7 (7.7)Alcohol

am-AHEI: modified Alternative Healthy Eating Index.
bPN: personalized nutrition.
cChange from baseline at end point. Data are presented as adjusted means with baseline energy intakes as a covariate.
dValues represent percentage of intervention group (control and intervention) who received component messages.
eSquare root transformation.

Secondary Outcomes Evaluation
As both the PN and control participants received advice on
weight and PA (albeit in different formats), analysis of matched
participants was not required. Absolute BMI was not affected
by the treatment (Table 6). The mean distances to the ideal BMI
decreased slightly (ie, BMI improved) in the PN group (–0.09

kg/m2) with no change in the control group, but this

improvement was not statistically significant from the control
group (P=.37). A number of participants in the control (n=13)
and PN (n=21) groups reported the same weight at the end point
and baseline. Although a significant improvement in Work score
was reported in the PN group (P=.02) compared with the control
group, there were no significant differences in change in overall
Baecke score between the groups (P=.70).
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Table 6. Changes in BMI and PAa level (Baecke) score from baseline to end point for participants in the control (n=91) and PNb (n=96) groups.c

P valueTreatment effect, Δ
PN–Δcontrol (95% CI)

Adjusted, Δ (SD)Baseline, mean (SD)

ΔPN (n=96)ΔControl (n=91)PN (n=96)Control (n=91)

BMI (kg/m2)d

.790.0 (–0.23 to 0.18)–0.1 (0.1)–0.1 (0.1)24.8 (4.4)24.2 (4.4)Absolute BMI

.37–0.1 (–0.29 to 0.11)–0.1 (0.2)0.0 (0.2)3.7 (3.9)3.5 (3.6)Ideal BMI distance

PA (Baecke) scoree

.700.3 (–1.26 to 1.87)0.6 (1.6)0.3 (1.7)51.3 (9.5)53.7 (9.6)Overall score

.341.2 (–1.26 to 3.62)–1.0 (3.5)–2.1 (3.3)59.5 (13.3)60.1 (13.1)Leisure score

.14–2.5 (–5.83 to 0.83)0.4 (3.9)2.9 (4.3)49.5 (18.9)55.8 (20.6)Sports score

.022.0 (0.29 to 3.63)2.3 (1.3)0.4 (1.6)45.2 (10.4)45.3 (11.6)Work score

aPA: physical activity.
bPN: personalized nutrition.
cValues presented as adjusted means.
dPresented as absolute variation and distance to the ideal BMI (21.75 kg/m2).
eValues are reported on a scale between 0 and 100.

Personalized Web-Based Report Evaluation
Both the control and PN groups were presented with the PN
report following the final FFQ, after which 108 provided
complete feedback on the PN report. Most participants (95/108,
88%) did not report difficulty in understanding the report
(question 1; Table 7). Of those who did, comments largely

related to the stages before the PN advice itself (n=8), including
minor issues related to the FFQ (n=3), Baecke questionnaire
(n=3), and difficulties finding the link to the web-based report
(n=2). Comments relating to the PN advice covered the desire
to see the scientific evidence for the recommendations (ie,
details of the m-AHEI score calculations) (n=1) and
disagreement with the personalized advice received (n=4).

Table 7. Qualitative user feedback for the open questions related to the personalized report (N=108).

No, n (%)Yes, n (%)Question

95 (88)13 (12)Question 1: Was there anything in the report that you found particularly difficult to understand?

97 (89.8)11 (10.2)Question 2: Do you need additional information to help you make changes to your diet at this moment?

92 (85.2)16 (14.8)Question 3: Do you have any further comments regarding the feedback you received?

In response to question 2 (Table 7), 83% (5/6) of the comments
provided were about barriers to healthy eating (eg, “more time
to prepare meals”), and 1 participant requested more explanation
of the advice (“If you want me to follow advice, I would like
to understand the basis”). Of the 14 comments received in
response to the third question, 3 (21%) related to the FFQ, 5
(36%) were about the limitations of the PA feedback (eg, “I do
not think the report is a reflection on my sporting activity”),
and the other 6 (43%) were about the diet recommendations,
most of which (4/6, 67%) mentioned their partial disagreement
with some of the diet advice (eg, “I do not agree with the advice
to increase dairy foods. This is a very narrow view of the full

picture,” and “I have too much salt and meat, but I don’t think
I do”).

The results of the questions related to the quality of the report
design and the perceived effectiveness of the recommendations
[33] are shown in Figure 2 using a Likert scale. Although most
participants (94/108, 87%) agreed to understanding the feedback,
less reported (agree and strongly agree) knowing how to change
their diet following feedback (77/108, 71.2%) and finding the
advice useful (72/108, 66.7%). In addition, 15.7% (17/108) of
participants felt that the report did not reflect their dietary intake,
and 7% (7/108) reported finding the eNutri app useless.
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Figure 2. User evaluation of the web-based personalized nutrition report using a Likert scale (N=108). Inconsistencies in the sum of percentages is
due to the rounding of the percentages.

Follow-up Questionnaire
In total, 82 participants returned to complete the follow-up
questionnaire that was administered 4.6 months after the main
study ended; 42 (51%) of these were in the PN group (n=96)
and included in the analysis. The mean follow-up time was 5.9
months (range 4.6-7.6 months, SD 0.65).

Over half of the PN participants agreed or strongly agreed that
the advice encouraged them to eat more healthily (22/42, 52%)
and that it changed some of their eating or drinking habits
(27/42, 65%), with almost one-third (13/42, 31%) claiming that
the advice was still motivating them to improve their diet 5.9

months (mean follow-up) after the study had ended (Figure 3).
However, when asked, “Compared to before you started the
study, are you still following ANY of the healthy eating advice
in your diet now, no matter how small the changes?” this value
was much greater, with 64% (27/42) responding “Yes”
compared with 7% (3/42) “No” and 29% (12/42) responding “I
did not make any changes to my diet whilst using the app.” It
should be noted that during the follow-up questionnaire, 74%
(31/42) of the participants indicated they were “already
motivated” to make changes to their diet before starting the
study. Furthermore, the inclusion of their m-AHEI (healthy
eating) score in the personalized advice was generally
understood (33/42, 79% agreed or strongly agreed).

Figure 3. Follow-up questionnaire responses in the personalized nutrition group using a Likert scale (N=42). Inconsistencies in the sum of percentages
is due to the rounding of the percentages.

The three highest rated reasons why participants did not follow
the advice given were “The recommended foods didn’t fit into
my usual meal plans/recipes” (20/42, 47% agreed or strongly
agreed), “The advice was too general and unrelated to my diet”
(16/42, 38%), and “The advice was not suited to my lifestyle”
(13/42, 31%). The reasons most participants disagreed or
strongly disagreed with were “I was concerned my weight would
change” (31/42, 74%), “I wasn’t willing to try new foods”
(31/42, 74%), and “I won’t change certain aspects of my diet,
regardless of the advice” (30/42, 71%). When asked to rate
which features would be helpful additions to eNutri, the top
three were “More information about the most positive aspects
of my diet” (25/42, 60% rated this extremely or very helpful),

“Advice on the vitamins and minerals to improve in my diet”
(27/42, 64%), and “Advice on my overall energy (calorie)
intake” (23/42, 55%).

Participants were also asked to write a review of the app, in
which some positive comments were provided, such as “The
dietary advice was relevant and easy to implement into my diet,
and was evidence based so felt trustworthy. From just a short
questionnaire, it was able to give personalised recommendations
and practical ways to implement them into my diet. A great
resource for anyone wanting to adopt a healthier dietary pattern”
and “A few of the results I got from the app were surprising and
encouraged me to eat differently—particularly eating more
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whole grains and eating less processed meat—neither of which
were diet modifications that had ever occurred to me.”

Discussion

Principal Findings
This RCT was designed primarily to test whether eNutri’s
personalized food-based dietary web-based advice, using the
m-AHEI as the foundation of the decision engine, was more
effective than generalized population advice for motivating
beneficial dietary change. The significant treatment effect (3.5
points in the m-AHEI scale) represented an increase of 6.1% in
the mean baseline m-AHEI score of 57.5 points. This result
supports the hypothesis that the eNutri app is an effective
web-based tool for PN advice for UK adults.

A total of 2 m-AHEI component scores, nuts and legumes and
red and processed meat, significantly increased, indicating
beneficial dietary change. All component scores increased more
in the PN group than in the control group, except for vegetables,
indicating that the personalization could potentially have reached
significance with more participants. The reduced population
consumption of red and processed meats has become a priority
for many health organizations (eg, the World Health
Organization and World Cancer Research Fund) owing to the
observed reduction in colorectal cancer risk following reduced
intake (particularly in high consumers) and the significant
impact of these items on food-related greenhouse gas emissions
impact [41].

The most frequently presented components, representing dietary
intakes that deviated most from the dietary recommendations
in the m-AHEI, were red and processed meat, nuts and legumes,
whole grains, salt, and sugars. Targeted analysis of m-AHEI
components, based upon those presented to participants or
matched controls, revealed significant decreases in salt and
alcohol intake (ie, greater m-AHEI scores) following PN advice
as compared with control advice. However, alcohol was
presented in only 2.7% (8/187) of cases; thus, further data are
required to confirm these findings with larger sample sizes.

The observed change in diet quality between the 2 groups was
3.5 points out of 100 (or 3.9 points out of 110 before scaling
down). Although relatively small, long-term dietary changes of
this magnitude are likely to have a positive impact on health if
continued over time. For example, the UK Whitehall II study
demonstrated that an increase of 1 SD (equivalent to 9.8 points
out of 110) in the 2010 AHEI (on which the m-AHEI was based)
was associated with a reduced risk of all-cause (–22%) and
CVD mortality (–20%) after a 22-year follow-up [42].
Therefore, an increase in diet quality by 3.9 points maintained
long term could potentially reduce the risk of CVD mortality
to some degree, although further investigation of the m-AHEI
score is warranted. Similarly, findings from the UK Caerphilly
Prospective study reported that the risk of stroke was 17% lower
for every 1 SD increase in the 2010 AHEI (equivalent to 11
points) in middle-aged men after a mean follow-up of 16.6 years
[43]. There is an absence of data examining the impact of
changes in diet quality on risk factors of disease in the shorter
term, and this is an area worthy of further work.

Before the EatWellUK study, the most closely related and
important work was the Food4Me study [44], in which 1269
participants from 7 European countries completed a 6-month
PN study. The Food4Me study used the Healthy Eating Index
(HEI) [45], which was the basis for the AHEI [18], as a
secondary outcome measure of diet quality. Their treatment
effect on the overall HEI was 1.27 points out of 100 (95% CI
0.30-2.25; P=.01) at 6 months, suggesting a significant
improvement in diet quality following PN advice. Participants
randomized to receive PN advice were reported to consume less
red meat, salt, saturated fat, and energy and also increased their
folate intake [12]. Although statistically significant, the increase
in HEI in Food4Me was relatively small, confirming the
challenge to encourage healthier diets and the need of similar
studies.

A systematic review of remotely delivered dietary interventions
(n=26) using self-monitoring or tailored feedback also concluded
a significant, but small (and at risk of bias), positive effect on
dietary change [14]. A total of 51 dietary outcomes were
analyzed in the 23 interventions considered in the meta-analysis,
resulting in an average of 2.2 dietary outcomes per intervention.
The most popular ones were fruits, vegetables, and fat, and only
3 interventions targeted >4 dietary outcomes. This review also
considered interventions delivered over the phone or offline
media (eg, printed reports and CD-ROMs). Only 7 interventions
used modern web-based methods, such as websites or apps. The
differences in the dietary outcomes make the comparisons more
difficult, especially because the changes in some dietary
outcomes may affect other components not measured during
the intervention; for example, a decrease in alcohol consumption
may be associated with an increased consumption of
sugar-sweetened beverages, owing to the dynamic aspect of
diets.

A more recent systematic review (n=6) on the use of mobile
apps to improve nutrition behaviors reported significant
improvements in some objectives (eg, weight status) for 67%
(4/6) the trials included [46]. Similar to eNutri, most apps (83%)
in the review used self-assessment for feedback and monitoring.
Social support in the form of personalized coaching calls [47]
and a phone call and social networking feature [48] were used
in 33% (2/6) of the studies. However, as noted by the review’s
authors, this requires significant financial input [49]. Regarding
deployment costs, this version of eNutri can be deployed in
Google Firebase (database and hosting) using the free plan,
allowing reproducibility and scalability.

It should be noted that this study was powered to measure the
overall m-AHEI treatment effect in all the participants but not
the individual components. The fact that individual m-AHEI
scores started from different baselines and were presented to
the participants more or less frequently according to the
participant’s dietary intake makes it more difficult to reach
statistical significance. For example, some m-AHEI components,
such as dairy products and alcohol started with mean baseline
values close to the best possible score (≥88 out of 100) and were
thus presented to small numbers of participants. To test the
significance of the personalization of these diet messages, a
much larger RCT would be necessary, which is viable over the
internet.
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At follow-up (mean 5.9 months after intervention), 64% (27/42)
of PN participants agreed that the advice from the app had
prompted them to change their eating or drinking habits and
that they were still following some (any) of the advice. It is
important to note that this sample represented only 44% (42/96)
of the PN completers; therefore, these data should be interpreted
with caution. However, maintenance of lifestyle changes,
including dietary change, following intervention is arguably
one of the greatest challenges that researchers and clinicians
face; thus, it is encouraging to see reported benefits at follow-up
in this study. A key consideration for personalized or precision
nutrition, particularly using apps or wearables, is long-term user
engagement and maintenance [50]. In a cross-sectional survey
(n=217) designed to identify the impact of diet- and
nutrition-related apps of health behavior change, both app
engagement (P<.001) and theory-related constructs (P<.001)
were positively associated with diet-related behavior change
[51], with the authors recommending integration of appropriate
theoretical constructs for health behavior change into app
development [51]. Extensive user feedback, such as that
collected in this study, is an important step to understanding
how to drive future development.

The evaluation of the PN report showed that participants largely
understood the report and were confident about the changes
they were advised to make in their diets. Although users and
nutrition professionals were consulted in the design and
composition of the PN feedback, a small number of participants
reported disagreeing with the advice provided (n=4) [16].
However, there is scope to enable user interaction within the
app allowing the user to manipulate the advice to focus on the
aspects they feel more capable of addressing, such as the choice
to select which of the top components recommended for them
they are prepared to change (ie, goal setting). There was also
good acceptance of the content and design of the report, although
the data suggested that the visual appearance (attractiveness)
of the report could be improved, suggesting that further
improvements in its design may be necessary. Of importance,
most of the participants reported that they found the advice
helpful.

In our study, a minimal decrease in the distance to the ideal

BMI of 0.09 kg/m2 was seen in the PN group at 12 weeks;
however, this did not significantly differ from the change
observed in the control group. A minimal decrease was expected,
as the intervention was primarily targeted to healthy eating and
relatively short in duration. In Food4Me, the researchers also
reported no significant effect of personalized advice on BMI

(–0.24 kg/m2) relative to a control group [12], but it is difficult
to compare the effectiveness on BMI because the authors did
not report the distance to the ideal BMI, as proposed by this
research. There was also no benefit of PA feedback based on
the Baecke questionnaire, compared with the control advice in
this study. It may confirm that more robust and personalized
PA trackers, such as accelerometers, GPS, or pedometers, may
be necessary for delivering effective interventions to increase
PA.

Limitations
The power calculation for this study was based on the expected
increase in the overall m-AHEI score. Because of recruitment
challenges and high dropout rate (35.4%), the planned number
of participants (n=274) was not reached, with 187 participants
providing at least two valid FFQs. However, it is worthy of note
that statistically significant differences in our primary outcome
(m-AHEI score) were identified between the intervention and
control groups. Additional studies with more participants,
considering the baseline values (eg, by randomizing according
to baseline diet quality) and distribution of messages may be
necessary if the individual m-AHEI components are to be
analyzed. Therefore, where advice on a particular component
was delivered to only relatively few participants, such as dairy
products, the effect of the advice on the component should be
read cautiously considering the large CIs described. Although
high, our dropout rate is within the range reported in a
systematic review of engagement with remote measurement
technology for managing health outcomes (0%-44%) [52].
Higher dropout rates appear synonymous with remote
interventions, but there is scope to mitigate these by exploring
user experiences (eg, barriers to use). The review notes the
following as key drivers of engagement and re-engagement:
health status, usability, convenience, accessibility, perceived
utility, and motivation [52]. In the short term, more realistic
dropout estimates should be included in sample size calculations
for future studies.

This study used a modified US-based diet quality score for
derivation of PN recommendations. However, the development
of a diet quality score that aligns with the UK Eatwell Guide is
warranted for future delivery and evaluations of dietary
interventions.

Although the design of the diet messages followed the same
protocol for each component [16], some messages were
presented to only a few participants (eg, for dairy products);
thus, the reported understanding of the report should not be
generalized to all the textual diet messages. The fact that diet
and weight were self-reported on the web may have impacted
on the results, although dietary assessment was based on a
previously validated FFQ [11]. Some participants may not have
had weighing scales at home or were not able to weigh
themselves for the subsequent app visits, and participants may
have re-entered the original value without taking a new
measurement. This may explain why 24 participants reported
no change in weight during the study, which may have impacted
the lack of statistical significance for changes in BMI. A
face-to-face validation study (n=140) performed after the
Food4Me study found that BMI was significantly lower (–0.29

kg/m2; P<.001) for self-reported data, although BMI was still
classified correctly in 93% of cases [53]. Underreporting bias
for weight and BMI has also been reported previously [54,55].

A further limitation is that the FFQ was not repeated at the
follow-up, which would have allowed the evaluation of
longer-term dietary changes more accurately. This was to reduce
the participant burden and address the low response rates in the
main study. Instead, adherence to the dietary advice was
self-reported in a questionnaire that may be subject to reporting
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bias. Moreover, because both groups received PN dietary advice
at the end of the study, it was not possible to quantitatively
compare the 2 groups at the follow-up.

Conclusions
This novel study presented the treatment effects of a 12-week
web-based RCT with 187 participants, which, to our knowledge,
is the second largest web-based dietary intervention in the UK
and the only one to deliver PN advice automatically [14]. This
study aims to measure the effectiveness of a novel web-based
PN advice tool (eNutri), using a modified version of the AHEI
(a measure of diet quality) as the foundation of the decision
engine to deliver web-based personalized food-based dietary
advice. The results show that the design and protocol followed
by the PN group in this study motivated greater change to follow
a healthier diet relative to generalized dietary advice, as
evaluated by an increase in diet quality. It is anticipated that the

use of the eNutri app could contribute to improved diet quality
if used more widely within the United Kingdom. The user
evaluation of this study, via the web-based report evaluation
and follow-up questionnaires, is important to improve eNutri
and similar apps to motivate people to use them and follow the
personalized advice given. The design principles and algorithms
of eNutri can be used and improved by other researchers and
institutions interested in web-based PN advice; the eNutri 1.0
web app was made publicly available under a permissive
open-source license [56]. Larger studies evaluating the
longer-term impact of automated PN interventions which include
objective assessment of dietary intake and health outcomes, are
recommended. This work represents an important landmark in
the field of automatically delivered web-based dietary
interventions, particularly those that are personalized to
individual users.
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Abstract

Background: Improved understanding of social constructs around injury may help insurance case managers to understand how
best to support people after injury.

Objective: This study sought to explore what people who sustain work-related injuries may seek from online communities. The
study highlights potential opportunities for improved engagement with insurance case management practice.

Methods: An observational netnographic analysis was undertaken on anonymous, publicly available messages posted on
Australian message boards. All research data were drawn from anonymous, online communities. A person (author SM) with
experience of making a claim through an Australian workers’ compensation system and online engagement was involved in study
conception, design, and analysis. Data were analyzed using NVivo12 in an iterative, multistage process including coding,
journaling, and member checking. A total of 141 people were engaged in discussion across 47 threads housed on 4 Australian
forums.

Results: In this qualitative study, themes emerged from the data, describing how injured workers use online communities to
help make decisions, get support, and solve problems. The key motivators for action and engagement were seeking information,
connection, or justice. Establishment of relationships was a key mediator of each of these parameters.

Conclusions: Some work-related injuries may involve medical and medicolegal complexity as well as changed lifestyle and
routine during convalescence and recovery. The mechanism used by some injured workers to seek information and problem solve
suggests a capacity for self-management and self-care after work-related injury. Netnography provides information on a community
that may not regularly engage with research because of the complexity of their situation and their vulnerability.

(J Med Internet Res 2022;24(4):e17180)   doi:10.2196/17180

KEYWORDS

work-related injury; care coordination; case management; netnography

Introduction

Recovery from work-related injuries involves more than a clear
clinical path. Injured workers can also be impacted by

psychological and lifestyle factors, which moderate both
recovery and return to activities of daily living [1].
Biopsychosocial factors are known to influence recovery
outcomes, overlaying other more obvious aspects of recovery
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such as biomechanics and access to care [2]. Recovery responses
are mediated not only by compliance with treatment, but also
by the expectations of the treatment team, friends and family,
work colleagues, and society at large [3]. Work-related injuries
can be costly for organizations, insurers, and individuals, so
understanding the experiences of injured workers may help
improve care outcomes and reduce costs.

Many individuals making a claim for compensable injuries
describe feeling stigmatized [4]. Previous qualitative research
studies with injured workers describe some positive experiences,
mitigated by a variety of negative experiences [5,6]. Calvey and
Jansz [6] highlight opportunities for practice improvement,
which largely center around communication and information
quality, and maintaining a sense of connection with work teams
and treatment teams.

Research with potentially vulnerable injured workers must take
into account the impact of power differentials, and digital
ethnographic research methods provide a useful way to
undertake sensitive observational research addressing
experiences and perceptions in a public arena [7]. Qualitative,
human-centered web research techniques such as netnography
offer a valid way to describe social phenomena in a less
invasive, cost-effective manner. Qualitative studies highlight
the need to ensure quality communication with workers to
promote improved outcomes following work-related injury [8].

This study sought to explore why injured workers participate
in online communities, and to understand what injured workers
may be seeking to promote or expedite their recovery. This
research sought to discern areas for practice improvement for
claim management, with a view to improve worker experience
and health outcomes. The explorative nature of this work seeks
to inform future research directions.

Methods

Overview
A person with experience of making a claim through an
Australian workers’ compensation system and online
engagement (author SM) was involved in study conception,
design, and analysis. Material was sourced from a variety of
publicly available forums or message boards, all of which had
an explicit position statement indicating that information shared
on the board or website was publicly available, and all with a
policy requiring users to maintain anonymity for themselves
and others. Forums were selected as the most appropriate
medium on the internet (compared with websites or social
media) because of their interactivity and public nature. Forums
were identified through a Google search for “work”, “claim”,
and the truncated wildcard search stems “injur*” and “comp*”.
Forum selection was based upon the search terms; in addition,
only forums with a minimum of 5 posts per thread and minimum
of 5 threads that discussed work-related injury were selected.

Privately held websites that did not have policies on poster
anonymity or were not designed as discussion forums were
excluded because of the potential risk of reidentification of
posters. Anonymous posts from Australian websites were
included, based upon either a variant of “Australia” in the forum
title or the use of Australia’s URL domain extension (.au). Data
were collected from March to June 2019.

Data were analyzed using NVivo12 (QSR International). Code
development was an iterative, multistage process, including
attribute coding, descriptive coding, and modified versus coding,
following a process described by Saldana [9]. In order to become
familiar with the data corpus, the complete data corpus was
reviewed 4 times before coding began, and a codebook acted
as a reference for a priori codes. Analytic memos were used to
record research ideas, as a research log and as part of the audit
trail. To promote rigor and reliability of results, reflexive
journaling was undertaken and member checking occurred with
members of the research team and individuals with lived
experience of compensable injury, as described by Liamputtong
[10]. We used the Standards for Reporting Qualitative Research
Checklist when writing our report [11].

Ethical Considerations
The study design was observational, not participatory, and used
only publicly available archival data. The researchers did not
elicit information from participants or participate in discussion.
We considered the position of Eysenbach and Till [12] in the
development of our methodology, aiming to reduce intrusiveness
through passive analysis of anonymous, publicly available data.
Our intention was to maintain privacy, dignity, and integrity
for the posters who participated in the forums, and we excluded
forums with fewer than 4 threads addressing the topic of
work-related injury to minimize risk of reidentifiability.

Results

Overview
Community members who posted in threads were considered
“produsers” as they both consumed and generated content in
their engagement with the community [13]. Although it is known
that active posters, people who visit such forums and do not
post (lurkers), and nonusers of online forums may differ
significantly, data on the latter two groups was unavailable [14].
The primary sources were 4 individual forums, yielding a total
of 47 threads discussing work-related injury. In total, there were
70,206 words in the data corpus. There were 141 individuals
interacting within the data corpus, which spanned from
2006-2019. No analysis of changes in the use of social media
over time was undertaken. As the study was observational rather
than interventional, assessment of change of psychological states
over time was not possible. A total of 26 codes (6 a priori, 20
emerging, 19 in vivo) were described, as seen in Table 1.
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Table 1. Themes emerging from the data corpus.

Coding, themes, and subthemes

A priori codes

Advice

Claim management

Management and treatment

Physical to psychological injury

Support

Venting

Emergent codes

Legal

Entitled

Legalities

Operational

Decision-making

Financial stressors

Practical loss

Physical, emotional

Experiences of pain

Grief and loss

Justice and injustice

Mindfulness and acceptance

Suicide risk

Trust and mistrust

Validation

Relationship development

Humor and black humor

Mirroring

Relationships emerging

Within and between systems, navigation

Expected responses

Health literacy

System design and navigation

Characteristics of Websites With Injured Worker
Communities
The study sought to examine Australian forums; however, the
forums were anonymous and thus geographic limitations could
not be applied as this would require verification of identity.
Forums provided less restrictive character or word limits than
other digital spaces. There was an apparent preference for sites
where weblog-like dialogue could be shared, rather than
performative communities like Instagram, TikTok, or YouTube,
as evaluated by number of posts available and amount of
interaction achieved by the poster. Private conversations as may
be found in private Facebook groups or WhatsApp, Weebo, or
Messenger groups were excluded because of their private nature.

Online participants largely communicated with words rather
than imagery. Although members of the community often used
humor and black humor, they did not appear to use memes or
gifs as seen in other online communities. Many within the group
used emojis or evocative profile pictures to supplement their
text; however, these were not included in the analysis. The lack
of use of enriched images such as memes, gifs, or video may
indicate the intense desire for anonymity or a potential lack of
confidence or comfort with technology within this cohort.

At times, posts were created in threads that appeared to function
as a diary, with factual information and little engagement with
others; these may provide a historical record, which may be
externally validated by providing timestamps or other metadata.
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An individual worker may be able to identify their own content;
however, it would be difficult for employers, investigators, or
lawyers to reidentify posters because of the anonymity policy
of the boards. This feature allows forums to provide a record
or history, acting as a form of documentary evidence for isolated
workers. Further to this, Hinton and Hjorth [15] notes some
digital content is produced not to elicit or provoke response,
but remind the community that an individual is still there, which
has particular relevance given the social isolation that can be
endemic in this community.

A large proportion of individuals described complicated or
complex injuries; people with straightforward claims appeared

less likely to engage or participate in the communities identified.
Those who engaged in these communities were following a
model of interaction (Figure 1) that appeared to be underpinned
by a need for validation; however, they were consistently
seeking justice, validation, or connection, or combinations of
justice, validation, and connection.

Others in the community seldom provided advice without also
providing validation or empathy to the original poster. This
interplay of seeking advice while receiving validation or
empathy supported the development and emergence of
relationships within groups.

Figure 1. Conceptual framework describing motivation for injured worker community interactions.

Seeking Justice
It appeared that individuals desired validation from members
of their community—they described acknowledgment of their
situation or difficulty by another as validation. Elbers [16]
explains that perceptions of fairness may moderate health
outcomes for individuals with compensable injuries. Individuals
talked generally about the importance of acknowledgment or
an apology following a work-related injury (“I’m still hurt and
angry because no one will listen to me and try to acknowledge
that what I’m going through is real and valid” [B19]).

The individual or organization providing the apology was less
important than providing an acknowledgment of the worker’s
situation (“I just want to feel validated for my experiences and
injury… most injured workers just want an apology… so you
can move forward” [Z18]).

Although some sought financial recompense for their injury,
many others noted that an acknowledgment or validation of
their suffering would go some way toward supporting their
recovery. Previous work has noted the importance of empathy

in increasing perceptions of interpersonal and informational
justice in organizations [17].

Information
Individuals often noted difficulty with navigating complex
medicolegal systems, or alluded to having difficulty with
interpreting information provided by insurance companies or
the workplace Human Resources department. Some workers
displayed frustration directed toward insurers or their agents:
“It’s like they [insurance companies] want us to die to avoid
paying out” [M17]. Individuals also described experiences of
how they are treated as influencing their perceptions of outcomes
or mental states: “I feel like dealing with them is going to break
me” [K19].

Some posters indicated that they required formalized assistance
with navigating complex systems. Although some community
members noted problems interacting with lawyers or
understanding legal complexities, others recommended engaging
a lawyer as an advocate in addition to the treatment and claim
management teams:
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I have 2 [Psychiatric Independent Medical
Examiners], my [Psych] and my doctors reports all
saying I’ll never work again. I also have a no win no
fee lawyer who is handling everything. [G17]

Individuals often described complex circumstances and
empathized with others who were trying to navigate the system
without support. They often engaged with a discussion of
difficulty navigating systems by listening and empathizing rather
than by giving advice.

Connection
Many appeared to be motivated by connection and relationship
with other members of the community in an altruistic way
(“Sitting with you” [B19]), although others described emotional
needs that had been unmet by the system or other stakeholders
within the formal system (“the word frustration is inadequate
compared to the suffering endured” [O13]). As individuals
developed trust and rapport within the community, they turned
to other members of the community for justice, information,
connection, or a combination of these.

Discussion

Principal Findings
In this qualitative study of online communities, the broad themes
of justice, information, and connection emerged. Many
individuals described how acknowledgement and validation
may contribute to or form part of their recovery. For some
injured workers, online communities act as a place to find
support, to aid decision-making, or to problem solve. The
establishment of relationships was a key mediator of each of
these parameters.

Oldenburg describes a “third place” outside of home and the
workplace, which serves to meet a distinct social and emotional
need [18]. Soukup [18] describes online communities as an
essential modern “third place,” with online communities acting
as a social and emotional surrogate for real-world interaction.
Calvey and Jansz [6] describe the consumer-focused service
delivery model for provision of care for injured workers, the
heart of which is being treated as a person and a partner in
activities, and giving and receiving empowerment, trust, and
advocacy. The online injured worker community demonstrates
features of this model, creating community, seeking and sharing
information within their community, and creating a space for
occasional levity. The phrase “I feel like” is used often, which
has a less declarative tone and invites discourse and new
perspectives. Indeed, “I feel like” occurred with twice the
frequency within the data corpus as the less emotionally driven
“I feel that.” Often individuals prefaced a discussion of
intangible concepts by using “I feel like” as a signal, such as “I
feel like a forgotten soldier,” when compared with more concrete
concepts such as “I feel that my right knee is…” Members of
the communities often engaged in relationship building,

empathizing, and advising, as evidenced by repetition of terms,
mirroring of concepts, and reflection on an aspect of a post
before providing further information. This suggests that there
is less desire for performative self-expression and more desire
for engagement with other members of the group.

In addition to online message boards, other communities exist
online. Personal websites such as WorkCover Victim’s Diary
or Pudendal Nerve [19] are not anonymous and serve as a diary
or record, as well as being a source of information; they are not
strictly designed to promote dialogue within the community,
although they permit commenting on published articles. In
contrast, message boards meet “third place” criteria such as
having a sense of community, being accessible, being based on
conversation, and including a sense of playfulness.

From a system navigation perspective, there are some health
literacy implications: injured workers are actively seeking
information and assistance to improve their ability to navigate
complex systems. “Straightforward” claims are seldom
represented: most describe claims which are medically,
operationally, or psychosocially complex (eg, disputed
entitlement, unexpected complications, delayed recovery). Many
describe having made attempts to have their informational needs
met through usual channels such as discussion with stakeholders
including their employer, treatment team, or insurer. Further
work is required to understand informational needs of injured
workers to determine what aspects of formalized information
sharing may need to be improved to better facilitate
decision-making in an adversarial system—whether this is
improved information quality, improved availability, or better
timing of information sharing.

Hinton [15] described Wellman’s [20] “networked
individualism” (Figure 2) as a process through which individuals
participate in the online world to make decisions, solve
problems, or get support. This pattern of participation and
engagement is apparent within the injured worker “produser”
community, where individuals are seeking something beyond
even “person-centered care” or “circles of support”—they are
meaningfully engaged with a broader community of virtual
strangers who provide information, collaboration, and validation.
“Produsers” who act as networked individuals may be
demonstrating their capacity for self-actualization and
self-management of their recovery. Previous case management
research has shown that in a consumer-directed model of care,
the locus of power shifts from the case manager toward the
individual [21]. As individuals move toward self-management,
case managers provide information, enable self-empowerment,
build capacity, and provide support to individuals to self-manage
their care needs [21]. This research elicits the possibility that
some injured workers may benefit from a style of case
management that centers the locus of control away from the
organization and supports proactive decision-making by injured
workers.
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Figure 2. Networked individualism in practice (adapted from Wellman [20]).

Although netnographic analysis permits a rapid and broad
analysis of the online milieu, there are limitations inherent in
using an observational technique. We did not actively engage
participants in research; rather, we observed what was currently
available online. Accordingly, not all workers were represented
and it is not possible to determine whether there were
underrepresented groups within the cohort. This study only
investigates posters, not lurkers or nonusers, and the findings
cannot be generalized. In addition, due to the specific nature of
the Australian system, the results cannot necessarily be
generalized to other systems and countries. Therefore, the
findings must be interpreted and applied with great caution.
This research has a role in informing practice improvement
opportunities for case managers but should not be taken into
account in actuarial models without further analysis.

Conclusions
An observational netnography of injured workers revealed how
a sample of injured workers with complex care needs use
networked individualism online to make decisions, get support,
and solve problems. The study revealed broad themes of seeking
justice, information, and connection, all of which were
underpinned by a desire to find validation. This mechanism for
information seeking and problem solving demonstrates a
meaningful engagement with community and a capacity for
self-management of their own care, as distinct from traditional
models of insurance case management. The actuarial
implications of these findings have not been explored, and
accordingly the findings should be interpreted with cautious
optimism in any scheme translation.
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Abstract

Background: The National Health Service (NHS) Diabetes Prevention Program is a behavior change intervention for adults in
England who are identified as being at high risk of developing type 2 diabetes. The face-to-face service was launched in 2016,
followed by a digital service (NHS Digital Diabetes Prevention Program [NHS-DDPP]) in 2019. A total of 4 service providers
were commissioned to deliver the NHS-DDPP and were required to deliver the digital service in line with a program specification
detailing the key intervention content. The fidelity of the behavior change content in the digital service (ie, the extent to which
the program is delivered as intended) is currently unknown. Digital interventions may allow higher fidelity as staff do not have
to be trained to deliver all intervention content. Assessing fidelity of the intervention design is particularly important to establish
the planned behavior change content in the NHS-DDPP and the extent to which this adheres to the program specification. This
is the first known independent assessment of design fidelity in a large-scale digital behavior change intervention.

Objective: This study aims to assess the fidelity of the behavior change content in each of the 4 NHS-DDPP providers’
intervention designs to the full program specification.

Methods: We conducted a document review of each provider’s NHS-DDPP intervention design, along with interviews with
program developers employed by the 4 digital providers (n=6). Providers’ intervention design documents and interview transcripts
were coded for behavior change techniques (BCTs; ie, the active ingredients of the intervention) using the Behavior Change
Technique Taxonomy version 1 and underpinning theory using the Theory Coding Scheme framework. The BCTs identified in
each digital provider’s intervention design were compared with the 19 BCTs included in the program specification.

Results: Of the 19 BCTs specified in the program specification, the 4 providers planned to deliver 16 (84%), 17 (89%), 16
(84%), and 16 (84%) BCTs, respectively. An additional 41 unspecified BCTs were included in at least one of the 4 digital
providers’ intervention designs. By contrast, inconsistent use of the underpinning theory was apparent across providers, and none
of the providers had produced a logic model to explain how their programs were expected to work. All providers linked some of
their planned BCTs to theoretical constructs; however, justification for the inclusion of other BCTs was not described.

Conclusions: The fidelity of BCT content in the NHS-DDPP was higher than that previously documented for the face-to-face
service. Thus, if service users engage with the NHS-DDPP, this should increase the effectiveness of the program. However, given
that a clear theoretical underpinning supports the translation of BCTs in intervention designs to intervention delivery, the absence
of a logic model describing the constructs to be targeted by specific BCTs is potentially problematic.

(J Med Internet Res 2022;24(4):e34253)   doi:10.2196/34253
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Introduction

Background
Type 2 diabetes mellitus (T2DM) is an international public
health concern, with >4.9 million people having diabetes and
13.6 million people now at an increased risk of T2DM in the
United Kingdom [1]. T2DM is preventable by lifestyle
modifications in diet, physical activity, and weight loss, although
family history, ethnicity, and age are risk factors. Treatment for
T2DM and its associated complications currently costs the
National Health Service (NHS) £10 billion (US $13 billion)
each year; thus, its prevention is a public health priority [2].

In response to this, the NHS Diabetes Prevention Program
(NHS-DPP) was launched in 2016, a behavior change
intervention for adults in England who have been identified as
having elevated blood glucose levels and are thus at a higher
risk of developing T2DM. The main aims of the program are
to improve diet, increase physical activity, and achieve weight
loss, contributing to a reduction in T2DM risk [3]. Early
evaluations suggest that the program is successful in preventing
the progression to T2DM [4]. However, there is a weakness in
reach and retention in the face-to-face program (eg, younger
adults and those from more deprived communities) [5], which
a digital program may overcome. Digital interventions have the
potential to address logistical challenges such as scheduling,
travel, work, and childcare [6], and they have the capacity to
offer wide-reaching and tailored support at a lower cost, both
of which are important for large-scale behavior change [7]. For
example, technology can offer more choice and convenience to
patients who may not be able to engage face to face with health
professionals, and interventions can be designed to address the
specific needs of disadvantaged groups by tailoring those
interventions to the target group [8], especially when these
groups are included in the design of digital interventions [9].

In 2017, NHS England launched a pilot program of the NHS
Digital DPP (NHS-DDPP) [10]. Following this pilot, a digital
pathway was introduced to the program in 2019 [11], with 4
independent service providers commissioned to deliver the
digital service. NHS England produced a service specification
detailing the key features that should be present in the NHS-DPP
[11], based on the currently available evidence [12,13]. This
specification indicated the key behavior change techniques
(BCTs) that should be present in the intervention [11]. BCTs
are defined as the active ingredients of an intervention that
promotes behavioral change (eg, setting goals, monitoring
behavior, and social support) [14]. The use of BCTs to
self-regulate behaviors (eg, goal setting and self-monitoring)
was particularly emphasized in the specification, as the wider
literature suggests that these are key to behavioral change [13].

Intervention fidelity is used to describe whether an intervention
is delivered as intended [15,16]. Without an assessment of
fidelity, it cannot be ascertained whether intervention
effectiveness, or a lack thereof, is because of the intervention
content or other factors added or omitted in the intervention
delivery. A recent evaluation of the face-to-face delivery of the
NHS-DPP produced a thorough fidelity assessment of the
behavior change content in the program, including the

assessment of intervention design [17], staff training [18],
intervention delivery [19-21], and service user receipt [22]. The
results of the face-to-face evaluation revealed an underdelivery
of BCTs to self-regulate behaviors (eg, problem solving and
goal setting) [19,21]. This suggests a gap between what the
evidence base indicated as the most effective in changing health
behaviors and actual program delivery, which is largely because
of failures to translate the BCTs specified in the evidence base
into providers’ program designs [19].

An assessment of the fidelity of the design of interventions is
an important first stage in fidelity evaluation to establish what
key intervention features are planned and whether these are in
line with the evidence base from the outset. If a program is not
designed with fidelity to the evidence base, it will have a
downstream influence on its delivery and receipt. The findings
from the assessment of fidelity of design for the face-to-face
service indicated 19 BCTs in the NHS-DPP full program
specification that should be included in the program; face-to-face
providers described 74% of those BCTs in their intervention
designs [17]. However, we are yet to establish the fidelity of
the behavior change content in the digital offering of the
NHS-DPP; that is, the extent to which the digital providers
include the 19 specified BCTs in their intervention designs.

The underpinning theory of an intervention refers to the theories
that inform the intervention, such as identifying theoretical
constructs to be targeted [23]. Having identified these constructs
allows for appropriate BCTs to be selected. Despite
recommendations for clear descriptions of the underpinning
theory of behavior change interventions [24], there is still a lack
of literature that reports how interventions work (ie, the
theoretical basis of the intervention and the rationale for
selecting the BCTs designed for the intervention). To facilitate
the description of different aspects of theory use, the Theory
Coding Scheme (TCS) was developed [25], which is a 19-item
framework providing a fine-grained assessment of the use of
theory, including the extent to which all mentioned BCTs are
linked to relevant constructs.

A concise way of visually presenting the theoretical basis for
interventions that are informed by multiple theories could be
via a logic model that uses simple diagrams to demonstrate the
causal pathways between the intervention components and
desired outcomes [26]. Without an explicit underpinning theory,
it is not clear how the program is expected to produce the desired
behavioral changes; thus, the rationale for the design of the
intervention is not clear, and there is a lack of justification for
why particular BCTs have been chosen for the intervention [25].
The evaluation of the face-to-face NHS-DPP found variation
in the underpinning theory across face-to-face providers, with
a lack of justification for the inclusion of BCTs in providers’
intervention designs [27].

Digital interventions may allow higher fidelity as staff do not
have to be trained to deliver all the intervention content [7]. To
date, research has primarily focused on patient engagement with
digital health interventions (eg, via methods such as system
usage data, qualitative measures, and self-report questionnaires)
[28] and adherence to digital interventions (ie, the extent to
which patients keep using the digital intervention in the desired
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way) [29]. Some studies have summarized the development
process of digital interventions (eg, describing the theory and
existing evidence to inform the development of a digital
self-management intervention for people with T2DM) [30] and
compared web-based intervention content against the
intervention description [31]. However, there is a lack of
literature examining the extent to which the planned intervention
content of digital health interventions adheres to the evidence
base for what works in changing health behaviors.

Objectives
Assessing the fidelity of nationally implemented digital behavior
change interventions is rare, and to the best of our knowledge,
none to date have assessed the fidelity of design to behavior
change content. This analysis aims to provide the first known
independent evaluation of fidelity of design of a nationally
implemented digital intervention and thus builds on previous
methods set out to measure fidelity [16] by applying them in a
novel way to digital intervention designs using the NHS-DDPP
as an exemplar. Therefore, the objectives of this study are to
(1) describe the planned BCT content and theoretical
foundations of the NHS-DDPP, (2) examine variations in
planned BCT content and theoretical foundations between the
digital providers, and (3) evaluate the fidelity of the planned
BCT content in each provider’s NHS-DDPP intervention design
to the full program specification.

Methods

Design
We conducted a document analysis of the NHS-DDPP
providers’ intervention design documentation, along with
qualitative interviews with program developers of each of the
4 digital providers. There were no single documents for any
digital provider that offered a full and complete summary of
their intervention designs; thus, interviews were used to
supplement the documentation to allow researchers to gain
in-depth information about the development of the NHS-DDPP
and the implementation journey of the digital program. Digital
providers’ intervention designs were compared with the
NHS-DPP program specification.

Document Review

Program Specification Documentation
The program specification documentation indicated the key
intervention content that should be included in the NHS-DDPP.
The documents that comprised the program specification are
described in the following sections.

NHS-DPP Service Specification

This document [11] was specific to the commissioning of the
NHS-DPP and was based on an evidence review of lifestyle
interventions for the prevention of type 2 diabetes [12]. It
specified what NHS England required to be included in the
NHS-DPP (including face-to-face and digital offerings), drawing
on recommendations from the National Institute for Health and
Care Excellence (NICE) PH38 guidance [13].

The NICE PH38 Guideline, Type 2 Diabetes: Prevention in
People at High Risk

This document [13] provided additional information regarding
behavior change content to be included in diabetes prevention
programs and was referred to in the NHS Service Specification
[11].

The research team also consulted the recently published NICE
NG183 guideline, Behavior change: digital and mobile health
interventions [32], providing guidance on digital intervention
development targeting health behaviors, including diet and
physical activity [32]. However, there was no additional
information regarding the specific behavior change content that
was not already included in the NICE PH38 guidance [13].
Thus, the NG183 guideline [32] has not been included as a
specification document in the current research. Multimedia
Appendix 1 provides further justification.

Digital Providers’ Intervention Design Documentation
The following documents from digital providers described
providers’ intervention designs obtained between June 2020
and February 2021:

• Providers’ framework response bids describing digital
providers’ proposed service delivery submitted to NHS
England during service procurement; 1 per digital provider
(n=4)

• Additional documentation supplied by 75% (3/4) of digital
providers, which detailed further information about the
planned behavior change content designed in their digital
programs (Table 1)

• Email correspondence with 25% (1/4) of digital providers
containing further details of the BCTs and the underpinning
theory of their digital programs; this was obtained when
program developers were interviewed and sought further
information from other colleagues who were not available
to be interviewed but could provide further details to some
of the interview questions via email (Table 1)

Table 1. Data obtained from each digital provider.

Further documentation obtained from provider?Further information obtained from participant via
email?

Number of interviewsDigital provider

YesYes2A

YesNo1B

NoNo2C

YesNo1D
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Participants
For the purpose of this manuscript, the term digital providers
indicates the 4 commercial companies commissioned to deliver
the NHS-DDPP. The 4 digital providers were private service
organizations, each of whom secured contracts to deliver the
NHS-DDPP from 2019 to 2021. Of the 4 digital providers, 3
(75%; Oviva, Second Nature, and Liva) were in partnership
with one of the face-to-face providers of the NHS-DPP to deliver
the digital pathway of the program. One of the providers (WW)
delivered both face-to-face and digital pathways of the
NHS-DPP. In this report, providers are labeled A to D to
preserve their anonymity.

To supplement the digital providers’ intervention design
documentation, interviews were conducted between September
2020 and December 2020 with program developers employed
by each of the 4 digital providers. Program developers were
involved in the design and development of the NHS-DDPP.
Participants had job titles including Head of NHS Partnerships,
Head of Clinical Services, and Head of Coaching. Participants
were involved in either adapting their current digital programs
to be in line with the NHS Service Specification [11] or were
a key contact at the digital provider best placed to describe how
the behavior change content was developed for the program.

Ethics Approval
The wider program of research of which this study is a part of
was reviewed and approved by the North West Greater
Manchester East NHS Research Ethics Committee (reference
17/NW/0426; August 1, 2017).

Procedures and Recruitment
The authors were in contact with the management staff of each
of the 4 digital providers to obtain all relevant documentation
detailing the providers’ intervention designs. All documents
were emailed to the research team.

The authors contacted the management staff of each of the 4
digital providers to help identify the appropriate staff members
to be interviewed. The management staff contacted the relevant
individuals directly, and those individuals proactively contacted
the research team, where they expressed an interest in
participating in an interview. We aimed to interview
professionals from different backgrounds who had different
roles in program development (eg, specialists with backgrounds
in behavioral science, nutrition, or physical activity, and provider
leads overseeing program development) to gather a range of
views and provide a comprehensive understanding of the
processes involved in the design and development of each
NHS-DDPP intervention. Before scheduling the interviews, the
participants were sent an information sheet containing details
about the research. Participants were given the opportunity to
ask any questions about the research, and fully recorded verbal
consent was obtained from each participant before commencing
the interview. Interviews were conducted via a video call
platform—Zoom (Zoom Video Communications)
videoconferencing—with one of the two researchers (REH and
LMM) who had previous training in qualitative data collection.

Interviews with 2 professionals took place with digital providers
A and C, and interviews with 1 professional took place with
digital providers B and D (n=6 interviews in total). The
interviews covered the following topics:

• Participants’ professional backgrounds and roles in the
development of the NHS-DDPP

• The theoretical underpinning of their programs, including
targeted constructs and why specific theories or models
were chosen

• Planned BCTs in the program, including behaviors targeted
by these techniques and how these techniques were expected
to work in producing behavioral changes

• The extent to which the programs were adapted from
pre-existing digital programs for the NHS-DDPP

• The extent to which the digital offering of the NHS-DPP
changed from the face-to-face offering of the program

• Strategies in place to support service users throughout the
program (eg, at first contact and continued engagement)

• Content of the digital intervention and format of the
different intervention features included in the program

The interviews were semistructured; the researchers initially
asked open questions about the general topic, followed by a
more detailed probing on specific issues. It was noted that
participants were not expected to be able to answer all the
interview questions, depending on their specific role and
expertise in intervention development. Interviews were
transcribed verbatim. Taken together, the documentation from
each digital provider and interviews with program developers
described the behavior change content that digital providers
intended to deliver in each of their programs (providers’
intervention designs).

Data Analysis

Coding Frameworks
A content analysis of BCTs and the underpinning theory
contained within all documentation and interview transcripts
was conducted using the following coding frameworks: the
Behavior Change Technique Taxonomy version 1 (BCTTv1)
[14] to document the BCTs described in providers’ digital
intervention designs and the TCS [25] to document the
underpinning theory and theoretical constructs described in
providers’ digital intervention designs.

The BCTTv1 [14] lists 93 distinct techniques, each with its own
labels and definitions, categorized into 16 groups. The TCS
[25] is a 19-item framework that captures how theory is directly
used in the intervention (eg, links between theoretical constructs
and BCTs). Both frameworks have been widely used for
reporting interventions; the BCTTv1 has demonstrated good
interrater reliability (IRR), test-retest reliability, and good
validity [33], and the authors of the TCS have reported
satisfactory IRR for each item of the TCS [25].

The semistructured interviews were analyzed using deductive
content analysis. Information relating to the behavior change
content of the program, including BCTs and the underpinning
theory, was extracted from all documentation and interview
transcripts using these coding frameworks.
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Coding Procedures
Providers’ intervention design documentation and interview
transcripts were coded separately using the BCTTv1 [14] and
TCS [25] by one researcher (REH). BCTs were coded using an
author-developed data extraction sheet. Researchers underwent
training in the use of the BCTTv1 [34], and a set of coding rules
was developed through team discussions. BCTs present in the
program specification documentation [11,13] were coded for a
previous fidelity assessment of the face-to-face offering of the
NHS-DPP conducted by the same research team [17]. The study
by Hawkes et al [17], as well as Multimedia Appendix 2,
provides further details on the developed BCT coding rules. To
code the underpinning theory, a data extraction sheet was
developed using the TCS [25]. Multimedia Appendix 2 provides
further details on how the data on the underpinning theory were
extracted.

The framework response bids from the digital providers’
intervention design documentation were double coded for BCTs
and the underpinning theory by a second researcher (LMM).
IRR was calculated using the Cohen κ coefficient [35] to
determine consistency between coders. Identified coding
discrepancies were discussed among REH, LMM, and DPF
until consensus was reached. Cohen κ values were previously

determined for the NHS Service Specification [11] and NICE
PH38 guideline [13] (program specification documentation) by
Hawkes et al [17]. Multimedia Appendix 3 provides all κ values.

Fidelity Analysis
The BCTs present in the NHS Service Specification and NICE
guidance (program specification) were compared with those
present in providers’ intervention design documentation and
interview transcripts (digital providers’ intervention designs),
and the results were tabulated. The theoretical principles detailed
in digital providers’ intervention designs were summarized for
each provider.

Results

BCT Content

Program Specification Documentation
A previous analysis of the NHS-DPP program specification
indicated 19 BCTs that should be included in the NHS-DPP
intervention [17] (Table 2). The program specification
emphasized the use of self-regulatory techniques, including
goal setting, action planning, problem solving, and
self-monitoring.
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Table 2. Behavior change techniques specified in the full program specification compared with behavior change techniques specified in digital providers’

intervention designsa.

DCBANHSd Service SpecificationNICEc PH38Behavior change techniquesb

✓✓✓✓✓✓eCredible source

✓✓✓✓✓✓Goal setting (behavior)

✓✓✓✓✓✓Goal setting (outcome)

✓✓✓✓✓✓Graded tasks

✓✓✓✓✓✓Information about health consequences

✓✓✓✓✓✓Social support (unspecified)

✓✓✓✓✓Action planning

✓✓✓✓✓Behavior substitution

✓✓✓✓✓Problem solving

✓✓✓✓✓Review outcome goals

✓✓✓✓✓Self-monitoring of behavior

✓✓✓✓✓Self-monitoring of outcomes of behavior

✓✓✓✓✓Social support (emotional)f

✓✓✓✓Feedback on behavior

✓✓✓✓Social support (practical)f

✓✓✓✓✓Behavioral practice or rehearsal

✓✓Monitoring of outcomes of behavior without feedback

✓✓✓Pros and cons

✓Pharmacological support

✓✓✓g✓Commitment

✓✓✓✓Demonstration of behavior

✓✓✓✓Feedback on outcomes of behavior

✓✓✓✓Habit formation

✓✓✓✓Instruction on how to perform the behavior

✓✓✓✓Reduce negative emotions

✓h✓✓✓hRestructuring the physical environment

✓✓✓✓Review behavior goals

✓✓i✓i✓iReward (outcome)

✓✓i✓✓iSocial reward

✓✓g✓Framing and reframing

✓✓✓Identification of self as a role model

✓h✓✓hRestructuring the social environment

✓✓✓Social comparison

✓✓✓Biofeedback

✓✓✓Information about antecedents

✓✓✓Prompts and cues

✓✓✓Behavioral contract

✓✓✓Focus on past success

✓✓✓gSelf-talk
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DCBANHSd Service SpecificationNICEc PH38Behavior change techniquesb

✓✓Increase positive emotionsj

✓✓gVerbal persuasion about capability

✓✓Information about emotional consequences

✓Avoidance or reducing exposure to cues for the behavior

✓gBehavioral experiments

✓Material incentive (behavior)

✓Material reward (behavior)

✓Mental rehearsal of a successful performance

✓Monitoring of emotional consequences

✓gNonspecific incentive

✓Remove aversive stimulus

✓Reward alternative behavior

✓Self-incentive

✓gSelf-reward

✓Information about social and environmental consequences

✓Salience of behaviorsk

✓Vicarious consequences

✓Adding objects to the environment

✓Body changes

✓Habit reversal

✓Social incentive

aThe data in this table combine results from design documentation supplied by providers and interviews with program developers involved in the design
of the digital diabetes prevention program.
bThe first 19 behavior change techniques (from Credible source to Pharmacological support) are those 19 core behavior change techniques specified
in the full program specification underpinning the NHS Diabetes Prevention Program.
cNICE: National Institute for Health and Care Excellence.
dNHS: National Health Service.
eAddition from coding of updated guidance when the document was updated in September 2017.
fSocial support (practical) and Social support (emotional) were coded as 1 behavior change technique in the NICE guideline, as it stated that either of
these forms of social support could be delivered.
gFraming and reframing, Self-talk, Verbal persuasion about capability, Nonspecific incentive, Self-reward, Commitment, and Behavioral experiments
were present in optional extra sessions only for this provider.
hRestructuring the physical environment and Restructuring the social environment were coded as 1 behavior change technique in the framework response,
as it stated only to restructure the environment without specifying whether this was the physical or social environment.
iSocial reward and Reward (outcome) were coded as 1 behavior change technique in the framework response, as it did not state whether the reward was
for the behavior or outcome.
jIncreased positive emotions are not listed in the Behavior Change Technique Taxonomy version 1 but were noted by the authors for inclusion in the
next version of the taxonomy and used in Hawkes et al [17].
kSalience of behaviors was not listed in the Behavior Change Technique Taxonomy version 1 but has been identified as a new behavior change technique
by the authors of this paper and used in Hawkes et al [17].

Digital Providers’ Intervention Designs
Cohen κ values ranged from 0.66 to 0.93 for the double coding
of BCTs in digital providers’ intervention design documentation,
demonstrating moderate to almost perfect agreement between
coders [36] before resolving discrepancies (see Multimedia
Appendix 3 for all κ values). Table 2 shows the BCTs identified
in each of the 4 digital providers’ intervention designs based

on all supplied documentation and interviews with the program
developers of each digital provider.

Combining the content analysis of all documentation and
interview data, providers A, B, C, and D planned to deliver 34,
48, 38, and 39 unique BCTs, respectively, in their digital
programs. For provider B, 15% (7/48) of these BCTs were
present only in optional extra sessions. All 4 providers planned
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to deliver 23 common BCTs, including action planning, goal
setting (for behaviors and outcomes), graded tasks, information
about health consequences, problem solving, reviewing goals
(for behaviors and outcomes), self-monitoring (for behaviors
and outcomes), and social support (emotional and unspecified).
Multimedia Appendix 4 provides BCT definitions according to
the BCTTv1 [14].

Fidelity of BCT Content
There were 19 BCTs specified in the program specification
documentation [11,13]. Of these 19 BCTs, the 4 providers
included 16 (84%), 17 (89%), 16 (84%), and 16 (84%) BCTs
in their intervention designs, respectively. Thus, overall, the
mean proportion of BCTs in digital providers’ intervention
designs to the program specification was 85% (SD 2.5%). Of
the 19 BCTs required by the full program specification, 14
(74%) were included in the intervention designs of all 4 digital
providers (Table 2). These included self-regulatory techniques
such as goal setting, action planning, problem solving, and
self-monitoring.

A total of 6 BCTs specified in the program specification
documentation were missing from at least one digital provider’s
intervention designs, indicating a lack of fidelity to the program
specification by BCT omission. One of the BCTs,
pharmacological support (eg, advising on medication for
smoking cessation), was not provided by any of the 4 digital
providers. There were 41 additional BCTs not indicated in the
program specification, which were included in at least one of
the 4 digital providers’ intervention designs.

Underpinning Theory
Across the 4 digital providers, the mean κ value for coding using
the TCS was 0.90, and the mean κ values for theories and
constructs mentioned were 1.00 and 0.97, respectively. Cohen
κ values demonstrated strong to an almost perfect agreement

[36] between coders using TCS before resolving discrepancies
(Multimedia Appendix 3 provides all κ values).

The extent to which theory was used in each of the 4 providers’
intervention designs is summarized in Table 3. All digital
providers mentioned theories on which their programs were
based; however, none had produced an explicit logic model of
how their program was expected to produce changes in behavior.
Providers A, B, and D stated that their digital programs were
informed by the Capability, Opportunity, Motivation–Behavior
framework [37], with providers B and D describing a particular
emphasis on this model. Providers A and C cited multiple
theories to inform their intervention designs, including Social
Cognitive Theory [38], the Transtheoretical Model [39], and
Self-Determination Theory [40] (Table 4).

There was wide variation in the constructs that providers were
targeting in their digital programs. All 4 digital providers
mentioned the constructs of goals, motivations, and capabilities
in their intervention designs. The following constructs were
also mentioned in the digital designs of 75% (3/4) of providers:
self-efficacy, opportunity, and social support (Table 4; constructs
have been grouped based on the Theoretical Domains
Framework [52]).

None of the 4 digital providers linked all of their planned BCTs
(listed in Table 2) to the proposed theoretical constructs,
although provider B did link all constructs and intervention
functions of the Capability, Opportunity, Motivation–Behavior
model (which their intervention was solely based on) to some
planned BCTs, which was detailed in their intervention design
documents (see item 10 in Table 3). All providers linked at least
some of their planned BCTs to theoretical constructs (see item
8a in Table 3). For example, provider A described modeling,
goal setting, and problem solving to drive self-efficacy, and
provider C described the techniques of verbal persuasion,
reviewing goals, and social support to target self-efficacy.
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Table 3. Use of theory in digital providers’ intervention designsa.

DCBAUse of theory (itemb)

✓✓✓✓Theory mentioned (1a)

✓✓✓✓Construct mentioned (1b)c

✓✓✓✓Target construct mentioned as a predictor of behavior (2)

✓✓Intervention based on a single theory (3)

Theory or predictors used to select recipients for the intervention (4)

✓✓✓✓Theory or predictors used to select or develop intervention techniques (5)

✓✓✓Theory or predictors used to tailor intervention techniques to recipients (6)

All intervention techniques are explicitly linked to at least one theory-relevant construct or predictor (7a)

All intervention techniques are explicitly linked to an overall theory or model but not a specific construct (7b)c

✓✓✓✓At least one but not all of the intervention techniques are explicitly linked to at least one theory-relevant construct or
predictor (8a)

At least one but not all of the intervention techniques are explicitly linked to an overall theory or model but not a specific

construct (8b)c

✓✓The group of techniques is linked to a group of constructs or predictors (9a)

The group of techniques is linked to an overall theory or model but not a specific construct (9b)c

✓All theory-relevant constructs or predictors are explicitly linked to at least one intervention technique (10)

✓✓✓dAt least one but not all of the theory-relevant constructs or predictors are explicitly linked to at least one intervention
technique (11)

Theory-relevant constructs or predictors are measured (12)

Quality of measures (13)

aThe data in this table combine the results from the design documentation supplied by providers and interviews with program developers involved in
the design of the digital diabetes prevention program.
bDenotes items of the Theory Coding Scheme [25]; items 14 to 19 of the Theory Coding Scheme relate to postintervention rather than protocol assessment
and are therefore not included in this analysis.
cAdditional items that the authors added to the Theory Coding Scheme for this analysis (Multimedia Appendix 2).
dProvider linked all constructs and intervention functions of the Capability Opportunity Motivation–Behavior model [37] to behavior change techniques
but did not link all other listed theoretical constructs to behavior change techniques.
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Table 4. Theories, approaches, and constructs mentioned in each digital providers’ diabetes prevention program designsa.

DCBAModels, approaches, constructs, and concepts

Model of behavior (change) mentioned

✓✓Behavior change wheel [41]

✓Biopsychosocial model [42]

✓Cognitive behavioral theory [43]

✓✓✓COM-Bb model [37]

✓Functional Learning Theory [44]

✓GROWc model [45]

✓Health Action Process Approach [46]

✓Self-Determination Theory [40]

✓✓Social Cognitive Theory [39]

✓Social Comparison Theory [47]

✓✓Transtheoretical model [39]

Approaches to behavior change mentioned

✓✓Acceptance and commitment therapy [48]

✓✓✓Cognitive behavioral therapy [49]

✓✓✓Motivational interviewing [50]

✓Positive psychology [51]

Constructsd mentioned

✓Autonomy

✓✓Behavior regulation (internal), self-control, and self-management

✓✓✓Beliefs about consequences, benefits and risks, personal beliefs, and risk perceptions

✓✓✓✓Capability, cognitive and interpersonal skills, competence, and physical skills

✓✓✓✓Goals

✓Intentions

✓✓Knowledge

✓✓✓✓Motivation

✓Intrinsic and extrinsic motivation

✓✓✓Opportunity

✓Optimism

✓✓Reinforcement

✓✓✓Self-efficacy, beliefs about capabilities, and observational learning

✓✓Social context, environmental context, and environmental influences

✓✓✓Social support and relatedness

Behavior change concepts mentioned

✓Accountability

✓Approach-avoidance language

✓Behavioral influences

✓Committed action

✓Connectedness

✓✓Lapses and relapses

aThe data in this table combine the results from the design documentation supplied by providers and interviews with program developers involved in
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the design of the digital diabetes prevention program.
bCOM-B: Capability, Opportunity, Motivation–Behavior.
cGROW: Goal, Reality, Options, and Way forward.
dConstructs were grouped together based on the Theoretical Domains Framework [52].

Discussion

Principal Findings
The digital providers of the NHS-DDPP demonstrated good
fidelity to the BCT content of the NHS-DDPP design. In
particular, self-regulatory BCTs, which may be most effective
in changing health behaviors [13], were included in the designs
of all 4 digital providers. However, providers appeared to have
inconsistent use of theory to inform their intervention designs,
and none had developed a logic model or provided an explicit
description of how their digital programs were expected to
achieve the desired health outcomes. Without a clear
underpinning theory and identification of the mechanisms
underlying particular BCTs, the justification for the inclusion
of specific BCT content in digital providers’ programs is not
clear.

Comparison With Prior Work
Overall, digital providers planned to deliver an average of 85%
of the BCT content specified in the NHS-DPP program
specification. Thus, the fidelity of design in the digital offering
of the NHS-DPP is, in principle, higher than that previously
reported for the face-to-face offering, where the fidelity of
design was 74% [17]. The planned self-regulatory BCT content
is particularly encouraging, given that these BCTs are backed
by evidence to suggest that such techniques are most effective
in changing health behaviors such as diet and physical activity
[13]. However, the inconsistent use of theory in digital programs
is similar to the evaluation of face-to-face NHS-DPP, which
also highlighted a lack of mapping of BCTs to theoretical
constructs and a lack of a logic model produced by any of the
providers [27]. Both findings could be explained by the fact
that providers’digital programs were adapted from pre-existing
digital interventions already implemented before the
commissioning of the NHS-DDPP service. This may be a
particular problem for digital interventions.

Strengths and Limitations
This study provides a detailed analysis of the planned behavior
change content of each of the 4 digital providers commissioned
to deliver the NHS-DDPP using standardized coding frameworks
[14,25], which demonstrated high κ agreement between coders.
All framework response documentation obtained from each
digital provider was submitted to the commissioners during
service procurement; thus, they should represent an accurate
description of digital providers’ intervention designs. In addition,
the research team requested any other relevant documentation
from each digital provider that contained information about the
planned behavior change content of the NHS-DDPP. Providers
were given multiple opportunities to share all relevant
documentation with the research team to support the current
analysis.

However, one of the providers was reluctant to share all
documentation detailing the theoretical underpinning because

of the commercial sensitivity of these documents. Researchers
attempted to obtain as much information as possible about the
theoretical foundations of providers’ programs via interviews,
especially when documentation could not be shared with the
research team. The interviews were able to supplement the
document review and were used to fill any gaps in the
information that was not present in the documentation. Despite
some reluctance to share documentation with the research team
from one of the digital providers, analyses from this provider
were similar to those of the other 3 providers, who shared all
documentation. Furthermore, all digital providers confirmed
that they had not developed a logic model to explicitly map how
their digital programs would achieve the desired program
outcomes, nor was there an alternative presentation of how their
interventions were expected to work (eg, via free text).

It should also be noted that participants who were interviewed
for this study were not always necessarily directly involved in
the development of the BCT content and the theoretical
underpinning of the programs. Some people involved in the
early stages of design and development had since moved on to
other roles. Nonetheless, the research team tried to identify ≥1
relevant individual from each digital provider and aimed to
interview professionals from different backgrounds to gather a
range of views and provide a comprehensive understanding of
the processes involved in the design and development of each
NHS-DDPP intervention.

Future Directions
Digital interventions have the potential to be delivered with
higher fidelity than face-to-face interventions [7] as they do not
rely solely on facilitator-centered delivery; instead, the BCT
content can be standardized in its delivery via the functions of
an app or website. Therefore, the current fidelity of design
results is encouraging, as drift in delivery fidelity is less likely,
thus increasing the chances of the program being effective if
the BCT content is proven to be engaged with effectively.

Despite the encouraging results with regard to the planned BCTs
in digital providers’ program designs, there is inconsistent use
of theory from providers to justify why specific BCTs have
been included and how they will produce the desired behavior
changes (ie, the theoretical constructs they are targeting). Given
that a clear underpinning theory supports the translation of BCTs
in intervention designs to intervention delivery [24-26], the
absence of a clear logic model or an explicit explanation of
underpinning theory describing the constructs to be targeted by
specific BCTs is potentially problematic.

One of the ways in which providers could usefully describe the
underpinning theory is via a logic model, which provides a
concise and clear way of visually presenting interventions
informed by multiple theories. However, there is no clear
guidance on whether it should be the role of the providers to
produce a logic model or whether it would be more appropriate
for commissioners of large-scale programs to produce an initial
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logic model to guide providers from the outset [27]. However,
the requirement of a logic model during the commissioning
process of large-scale programs could ensure a clear rationale
for the BCTs included in intervention designs, which may result
in fewer issues in delivery and receipt fidelity in program
implementation [27]. It should be noted that the inclusion of a
logic model is a recommendation that has emerged since the
evaluation of the NHS-DPP commenced and following the
previous round of service procurement. Commissioners of the
program are now increasingly focusing on the important role
of logic models in the upcoming round of service procurement
for the NHS-DPP.

In addition, a further 68% of the planned BCT content in the
digital service was not specified in the program specification,
a finding similar to the face-to-face offering of the NHS-DPP
[17]. It is possible that interventions containing more techniques
to help people change their diet and physical activity behaviors
may be more effective [53,54]. However, without a logic model
or explicit description of the underpinning theory justifying the
inclusion of additional BCT content, programs cannot be tested
and evaluated effectively to establish the techniques that work
in digital behavior change interventions and why.

This research provides an example of a design fidelity
assessment of a large-scale digital intervention. Using the
present findings as a baseline, future research will assess fidelity
of the delivery of the digital service and service user engagement
with the program. The current analysis found that some digital
providers still plan to rely on health coaches to deliver aspects

of the program to service users (eg, support via telephone); thus,
the nature of this delivery will depend on the skills of the health
coach in a similar way as that delivered by facilitators of
face-to-face sessions. This may help to increase program
engagement [55] but may also pose a risk to delivery fidelity
because of variations in the background or training of health
coaches. This study will be critical to assess whether the plans
digital providers state they will put in place (with high fidelity)
translate into program content that is actually delivered and
understood as intended. Ongoing qualitative work examines
how the behavior change content of the program is understood
by service users, an underresearched aspect of fidelity [56].
Further analysis of the interview data with program developers
from this study is also planned, with the aim of qualitatively
capturing the nuances of intervention development and how
each of the digital providers’ programs has evolved over time.

Conclusions
When designing their programs, the digital providers of the
NHS-DDPP demonstrated good fidelity to the BCT content of
the program specification. Thus, if the NHS-DDPP is delivered
with high fidelity and engaged with by service users, it should
increase the effectiveness of the program in achieving a
reduction in the incidence of T2DM. However, the lack of theory
described in digital providers’ intervention designs is potentially
problematic if providers are not explicit in how their programs
will work to achieve behavior change, given that a clear
underpinning theory supports the translation of BCT content in
intervention design to intervention delivery.
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Abstract

Background: Advances in biomedical research using deep learning techniques have generated a large volume of related literature.
However, there is a lack of scientometric studies that provide a bird’s-eye view of them. This absence has led to a partial and
fragmented understanding of the field and its progress.

Objective: This study aimed to gain a quantitative and qualitative understanding of the scientific domain by analyzing diverse
bibliographic entities that represent the research landscape from multiple perspectives and levels of granularity.

Methods: We searched and retrieved 978 deep learning studies in biomedicine from the PubMed database. A scientometric
analysis was performed by analyzing the metadata, content of influential works, and cited references.

Results: In the process, we identified the current leading fields, major research topics and techniques, knowledge diffusion, and
research collaboration. There was a predominant focus on applying deep learning, especially convolutional neural networks, to
radiology and medical imaging, whereas a few studies focused on protein or genome analysis. Radiology and medical imaging
also appeared to be the most significant knowledge sources and an important field in knowledge diffusion, followed by computer
science and electrical engineering. A coauthorship analysis revealed various collaborations among engineering-oriented and
biomedicine-oriented clusters of disciplines.

Conclusions: This study investigated the landscape of deep learning research in biomedicine and confirmed its interdisciplinary
nature. Although it has been successful, we believe that there is a need for diverse applications in certain areas to further boost
the contributions of deep learning in addressing biomedical research problems. We expect the results of this study to help
researchers and communities better align their present and future work.

(J Med Internet Res 2022;24(4):e28114)   doi:10.2196/28114

KEYWORDS

deep learning; scientometric analysis; research publications; research landscape; research collaboration; knowledge diffusion

Introduction

Deep learning is a class of machine learning techniques based
on neural networks with multiple processing layers that learn
representations of data [1,2]. Stemming from shallow neural
networks, many deep learning architectures, such as
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), have been developed for various purposes

[3]. The exponentially growing amount of data in many fields
and recent advances in graphics processing units have further
expedited research progress in the field. Deep learning has been
actively applied to tasks, such as natural language processing
(NLP), speech recognition, and computer vision, in various
domains [1] and has shown promising results in diverse areas
of biomedicine, including radiology [4], neurology [2],
cardiology [5], cancer detection and diagnosis [6,7],
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radiotherapy [8], and genomics and structural biology [9-11].
Medical image analysis is a field that has actively used deep
learning. For example, successful applications have been made
in diagnosis [12], lesion classification or detection [13,14],
organ and other substructure localization or segmentation
[15,16], and image registration [17,18]. In addition, deep
learning has also made an impact on predicting protein structures
[19,20] and genomic sequencing [21-23] for biomarker
development and drug design.

Despite the increasing number of published biomedical studies
on deep learning techniques and applications, there has been a
lack of scientometric studies that both qualitatively and
quantitatively explore, analyze, and summarize the relevant
studies to provide a bird’s-eye view of them. Previous studies
have mostly provided qualitative reviews [2,9,10], and the few
available bibliometric analyses were limited in their scope in
that the researchers focused on a subarea such as public health
[24] or a particular journal [25]. The absence of a coherent lens
through which we can examine the field from multiple
perspectives and levels of granularity leads to a partial and
fragmented understanding of the field and its progress. To fill
this gap, the aim of this study is to perform a scientometric
analysis of metadata, content, and citations to investigate current
leading fields, research topics, and techniques, as well as
research collaboration and knowledge diffusion in deep learning
research in biomedicine. Specifically, we intend to examine (1)
biomedical journals that had frequently published deep learning
studies and their coverage of research areas, (2) diseases and
other biomedical entities that have been frequently studied with
deep learning and their relationships, (3) major deep learning
architectures in biomedicine and their specific applications, (4)
research collaborations among disciplines and organizations,
and (5) knowledge diffusion among different areas of study.

Methods

Data
Data were collected from PubMed, a citation and abstract
database that includes biomedical literature from MEDLINE
and other life science journals indexed with Medical Subject
Heading (MeSH) terms [26]. MeSH is a hierarchically structured
biomedical terminology with descriptors organized into 16
categories, with subcategories [27]. In this study, deep learning
[MeSH Major Topic] was used as the query to search and
download deep learning studies from PubMed. Limiting a MeSH
term as a major topic increases the precision of retrieval so that
only studies that are highly relevant to the topic are found [28].
As of January 1, 2020, a total of 978 PubMed records with
publication years ranging from 2016 to 2020 have been retrieved
using the National Center for Biotechnology Information Entrez
application programming interface. Entrez is a data retrieval
system that can be programmatically accessed through its
Biopython module to search and export records from the
National Center for Biotechnology Information’s databases,
including PubMed [26,29]. The metadata of the collected
bibliographic records included the PubMed identifier or PubMed
ID, publication year, journal title and its electronic ISSN, MeSH
descriptor terms, and author affiliations. We also downloaded

the citation counts and references of each bibliographic record
and considered data sources other than PubMed as well. We
collected citation counts of the downloaded bibliographic
records from Google Scholar (last updated on February 8, 2020)
and the subject categories of their publishing journals from the
Web of Science (WoS) Core Collection database using the
electronic ISSN.

Detailed Methods

Metadata Analysis

Journals

Journals are an important unit of analysis in scientometrics and
have been used to understand specific research areas and
disciplines [30]. In this study, biomedical journals that published
deep learning studies were grouped using the WoS Core
Collection subject categories and analyzed to identify widely
studied research areas and disciplines.

MeSH Terms

Disease-related MeSH terms were analyzed to identify major
diseases that have been studied using deep learning. We mapped
descriptors to their corresponding numbers in MeSH Tree
Structures to identify higher level concepts for descriptors that
were too specific and ensured that all the descriptors had the
same level of specificity. Ultimately, all descriptors were
mapped to 6-digit tree numbers (C00.000), and terms with >1
tree number were separately counted for all the categories they
belonged to. In addition, we visualized the co-occurrence
network of major MeSH descriptors using VOSviewer (version
1.6.15) [31,32] and its clustering technique [33] to understand
the relationships among the biomedical entities, as well as the
clusters they form together.

Author Affiliations

We analyzed author affiliations to understand the major
organizations and academic disciplines that were active in deep
learning research. The affiliations of 4908 authors extracted
from PubMed records were recorded in various formats and
manually standardized. We manually reviewed the affiliations
to extract organizations, universities, schools, colleges, and
departments. For authors with multiple affiliations, we selected
the first one listed, which is usually the primary. We also
analyzed coauthorships to investigate research collaboration
among organizations and disciplines. All the organizations were
grouped into one of the following categories: universities,
hospitals, companies, or research institutes and government
agencies to understand research collaboration among different
sectors. We classified medical schools under hospitals as they
are normally affiliated with each other. In the category of
research institutes or government agencies, we included
nonprofit private organizations or foundations and research
centers that do not belong to a university, hospital, or company.
We extracted academic disciplines from the department section
or the school or college section when department information
was unavailable. As the extracted disciplines were not coherent
with multiple levels and combinations, data were first cleaned
with OpenRefine (originally developed by Metaweb then
Google), an interactive data transformation tool for profiling
and cleaning messy data [34], and then manually grouped based
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on WoS categories and MeSH Tree Structures according to the
following rules. We treated interdisciplinary fields and fields
with high occurrence as separate disciplines from their broader
fields and aggregated multiple fields that frequently co-occurred
under a single department name into a single discipline after
reviewing their disciplinary similarities.

Content Analysis
We identified influential studies by examining their citation
counts in PubMed and Google Scholar. Citation counts from
Google Scholar were considered in addition to PubMed as
Google Scholar’s substantial citation data encompasses WoS
and Scopus citations [35]. After sorting the articles in
descending order of citations, the 2 sources showed a Spearman
rank correlation coefficient of 0.883. From the PubMed top 150
list (ie, citation count >7) and Google Scholar top 150 list (ie,
citation count >36), we selected the top 109 articles. Among
these, we selected the sources that met the criteria for applying
or developing deep learning models as the subjects of analysis
to understand the major deep learning architectures in
biomedicine and their applications. Specifically, we analyzed
the research topics of the studies, the data and architectures used
for those purposes, and how the black box problem was
addressed.

Cited Reference Analysis
We collected the references from downloaded articles that had
PubMed IDs. Citations represent the diffusion of knowledge
from cited to citing publications; therefore, analyzing the highly
cited references in deep learning studies in biomedicine allows
for the investigation of disciplines and studies that have greatly
influenced the field. Toward this end, we visualized networks
of knowledge diffusion among WoS subjects using Gephi

(v0.9.2) [36] and examined metrics such as modularity,
PageRank score, and weighted outdegree using modularity for
community detection [37]. PageRank indicates the importance
of a node by measuring the quantity and quality of its incoming
edges [38], and weighted outdegree measures the number of
outgoing edges of a node. We also reviewed the contents of the
10 most highly cited influential works.

Results

Metadata Analysis

Journals
On the basis of the data set, 315 biomedical journals have
published deep learning studies, and Table 1 lists the top 10
journals selected based on publication size. Different WoS
categories and MeSH terms are separated using semicolons.

From a total of 978 records, 96 (9.8%) were unindexed in the
WoS Core Collection and were excluded, following which, an
average of 2.02 (SD 1.19) categories were assigned per record.
The top ten subject categories, which mostly pertained to (1)
biomedicine, with 22.2% (196/882) articles published in
Radiology, Nuclear Medicine, and Medical Imaging (along with
Engineering, Biomedical: 121/882, 13.7%; Mathematical and
Computational Biology: 107/882, 12.1%; Biochemical Research
Methods: 103/882, 11.7%; Biotechnology and Applied
Microbiology: 76/882, 8.6%; Neurosciences: 74/882, 8.4%);
(2) computer science and engineering (Computer Science,
Interdisciplinary Applications: 112/882, 12.7%; Computer
Science, Artificial Intelligence: 75/882, 8.5%; Engineering,
Electrical and Electronic: 75/882, 8.5%); or (3)
Multidisciplinary Sciences (82/882, 9.3%).
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Table 1. Top 10 journals with the highest record counts.

Record
count, n

PublisherNational Library of Medicine
catalog Medical Subject Head-
ing term

Web of Science categoryJournal title

38BMCComputational BiologyBiochemical Research Methods; Mathe-
matical and Computational Biology;
Biotechnology and Applied Microbiolo-
gy

BMCa Bioinformatics

37Nature ResearchNatural Science DisciplinesMultidisciplinary SciencesScientific Reports

35ElsevierNerve Net; Nervous SystemNeurosciences; Computer Science, Arti-
ficial Intelligence

Neural Networks

31IEEEBiomedical EngineeringN/AcProceedings of the Annual
International Conference of

the IEEEb Engineering in
Medicine and Biology Society

30IEEEElectronics, Medical; Radiogra-
phy

Imaging Science and Photographic
Technology; Engineering, Electrical and
Electronic; Computer Science, Interdis-
ciplinary Applications; Radiology, Nu-
clear Medicine, and Medical Imaging;
Engineering, Biomedical

IEEE Transactions on Medi-
cal Imaging

26Multidisciplinary Digital
Publishing Institute

Biosensing TechniquesChemistry, Analytical; Electrochemistry;
Instruments and Instrumentation; Engi-
neering, Electrical and Electronic

Sensors

22Oxford University PressComputational Biology;
Genome

Biochemical Research Methods; Mathe-
matical and Computational Biology;
Biotechnology and Applied Microbiolo-
gy

Bioinformatics

21Nature ResearchBiomedical Research/methods;
Research Design

Biochemical Research MethodsNature Methods

20American Association of
Physicists in Medicine

BiophysicsRadiology, Nuclear Medicine, and
Medical Imaging

Medical Physics

20Public Library of ScienceMedicine; ScienceMultidisciplinary SciencesPloS one

aBMC: BioMed Central.
bIEEE: Institute of Electrical and Electronics Engineers.
cN/A: not applicable.

MeSH Terms
For the main MeSH term or descriptor, an average of 9 (SD
4.21) terms was assigned to each record as subjects. Among
them, we present in Figure 1 the diseases that were extracted
from the C category. In the figure, the area size is proportional
to the record count, and the terms are categorized by color. In
addition, terms under >1 category were counted multiple times.
For instance, the term Digestive System Neoplasms has two
parents in MeSH Tree Structures, Neoplasms and Digestive
System Diseases, and as such, we counted articles in this
category under Neoplasmsby Site as well as under Digestive
System Neoplasms. Owing to the limited space, 7 categories
whose total record counts were ≤10 (eg, Congenital, Hereditary,
and Neonatal Diseases and Abnormalities; Nutritional and
Metabolic Diseases; and Stomatognathic Diseases) were

combined under the Others category, and individual diseases
that had <10 record counts were summed up with each other in
the same category to show only their total count (or with one
of the diseases included as an example). In the process, we
identified Neoplasms as the most frequently studied disease
type, with a total of 199 studies.

We further constructed a co-occurrence network of the complete
set of major MeSH descriptors assigned to the records to
understand the relationships among the biomedical entities. To
enhance legibility, we filtered out terms with <5 occurrences.
Figure 2 presents the visualized network of nodes (100/966,
10.4% of the total terms) with 612 edges and 7 clusters. In the
figure, the sizes of the nodes and edges are proportional to the
number of occurrences, and the node color indicates the assigned
cluster (although the term deep learning was considered
nonexclusive to any cluster as it appeared in all records).
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Figure 1. Disease-related Medical Subject Heading descriptors studied with deep learning.

Figure 2. Co-occurrence network of the major Medical Subject Heading descriptors (number of nodes=100; number of edges=612; number of clusters=7).

As depicted in Figure 2, each cluster comprised descriptors
from two groups: (1) biomedical domains that deep learning
was applied to, including body regions, related diseases,
diagnostic imaging methods, and theoretical models, and (2)
the purposes of deep learning and techniques used for the tasks,
including diagnosis, analysis, and processing of biomedical
data. In the first cluster, computer neural networks and software
were studied for the purposes of computational biology,

specifically protein sequence analysis, drug discovery, and drug
design, to achieve precision medicine. These were relevant to
the biomedical domains of (1) proteins, related visualization
methods (microscopy), and biological models, and (2)
neoplasms, related drugs (antineoplastic agents), and diagnostic
imaging (radiology). In the second cluster, deep learning and
statistical models were used for RNA sequence analysis and
computer-assisted radiotherapy planning in relation to the
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domains of (1) genomics, RNA, and mutation, and (2) brain
neoplasms and liver neoplasms. The third cluster comprised (1)
heart structures (heart ventricles), cardiovascular diseases, and
ultrasonography and (2) eye structures (retina), diseases
(glaucoma), and ophthalmological diagnostic techniques. These
had been studied for computer-assisted image interpretation
using machine learning and deep learning algorithms. The
biomedical domain group of the fourth cluster involved specific
terms related to neoplasms such as type (adenocarcinoma),
different regions (breast neoplasms, lung neoplasms, and
colorectal neoplasms), and respective imaging methods
(mammography and X-ray computed tomography) to which
deep learning and support vector machines have been applied
for the purpose of computer-assisted radiographic image
interpretation and computer-assisted diagnosis. The fifth cluster
included (1) brain disorders (Alzheimer disease), neuroimaging,
and neurological models; (2) prostatic neoplasms; and (3)
diagnostic magnetic resonance imaging and 3D imaging.
Supervised machine learning had been used for
computer-assisted image processing of these data. In the sixth
cluster, automated pattern recognition and computer-assisted
signal processing were studied with (1) human activities (eg,
movement and face), (2) abnormal brain activities (epilepsy and
seizures) and monitoring methods (electroencephalography),
and (3) heart diseases and electrocardiography. In the last
cluster, medical informatics, specifically data mining and NLP,
including speech perception, had been applied to (1) electronic
health records, related information storage and retrieval, and
theoretical models and (2) skin diseases (skin neoplasms and
melanoma) and diagnostic dermoscopy.

Author Affiliations
To investigate research collaboration within the field, we
analyzed paper-based coauthorships using author affiliations
with different levels of granularity, including organization and
academic disciplines. We extracted organizations from 98.7%
(4844/4908) of the total affiliations and visualized the
collaboration of different organization types. The top 10
organizations with the largest publication records included
Harvard University (37/844, 4.4%), Chinese Academy of
Sciences (21/844, 2.5%; eg, Institute of Computing Technology,
Institute of Automation, and Shenzhen Institutes of Advanced
Technology), Seoul National University (21/844, 2.5%),
Stanford University (20/844, 2.4%), Sun Yat-sen University
(14/844, 1.7%; eg, Zhongshan Ophthalmic Center and
Collaborative Innovation Center of Cancer Medicine),
University of California San Diego (14/844, 1.7%; eg, Institute
for Genomic Medicine, Shiley Eye Institute, and Institute for
Brain and Mind), University of California San Francisco
(14/844, 1.7%), University of Michigan (14/844, 1.7%), Yonsei
University (14/844, 1.7%), and the University of Texas Health
Science Center at Houston (12/844, 1.4%). The extracted
organizations were assigned to one of the following four
categories according to their main purpose: universities,

hospitals, companies, or research institutes and government
agencies. Among these, universities participated in most papers
(567/844, 67.2%), followed by hospitals (429/844, 50.8%),
companies (139/844, 16.5%), and research institutes or
government agencies (88/844, 10.4%). We used a co-occurrence
matrix to visualize the degrees of organizational collaboration,
with the co-occurrence values log normalized to compare the
relative differences (Figure 3).

From Figure 3, we found that universities were the most active
in collaborative research, particularly with hospitals, followed
by companies and research institutes or government agencies.
Hospitals also frequently collaborated with companies; however,
research institutes or government agencies tended not to
collaborate much as they published relatively fewer studies.

We also examined the collaborations among academic
disciplines, which we could extract, as described in the Methods
section, from 76.24% (3742/4908) of the total affiliations.
Approximately half (ie, 386/756, 51.1%) of the papers were
completed under disciplinary collaboration. Figure 4 depicts
the network with 36 nodes (36/148, 24.3% of the total) and 267
edges after we filtered out disciplines with weighted degrees
<10, representing the number of times one collaborated with
the other disciplines. In the figure, the node and edge sizes are
proportional to the weighted degree and link strength,
respectively, and the node color indicates the assigned cluster.

As shown in the figure, the academic disciplines were assigned
to 1 of 6 clusters, including 1 engineering-oriented cluster
(cluster 1) and other clusters that encompassed biomedical fields.
We specifically looked at the degree of collaboration between
the biomedical and engineering disciplines. Figure 4 depicts
that the most prominent collaboration was among Radiology,
Medical Imaging, and Nuclear Medicine; Computer Science;
and Electronics and Electrical Engineering. There were also
strong links among Computer Science or Electronics and
Electrical Engineering and Biomedical Informatics, Biomedical
Engineering, and Pathology and Laboratory Medicine.

Among the top 10 disciplines in Figure 4, the following three
had published the most papers and had the highest weighted
degree and degree centralities: Computer Science (number of
papers=195, weighted degree=193, and degree centrality=32);
Radiology, Medical Imaging, and Nuclear Medicine (number
of papers=168, weighted degree=166, and degree centrality=30);
and Electronics and Electrical Engineering (number of
papers=161, weighted degree=160, and degree centrality=32).
Meanwhile, some disciplines had high weighted degrees
compared with their publication counts, indicating their
activeness in collaborative research. These included Pathology
and Laboratory Medicine (5th in link strength vs 8th in
publications) and Public Health and Preventive Medicine (9th
in link strength vs 15th in publications). A counterexample was
Computational Biology, which was 12th in link strength but 7th
in publications.
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Figure 3. Collaboration of organization types.

Figure 4. Collaboration network of academic disciplines (number of nodes=36; number of edges=267; number of clusters=6).
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Content Analysis

Overview
We analyzed the content of influential studies that had made
significant contributions to the field through the application or
development of deep learning architectures. We identified these
studies by examining the citation counts from PubMed and

Google Scholar, assigning the 109 most-cited records to one of
the following categories: (1) review, (2) application of existing
deep learning architectures to certain biomedical domains
(denoted by A), or (3) development of a novel deep learning
model (denoted by D). Table 2 summarizes the 92 papers
assigned to the application or development category according
to their research topic in descending order of citation count.
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Table 2. Top 92 studies with the highest citation count under the application or development category, according to the research topic.

Deep learning architecturesDataTask typeResearch topic and
number

(Diagnostic) image analysis

InceptionRetinal disease OCTa and chest x-ray with pneu-
monia

ClassificationA1 [39]

U-net and CNNbRetinal disease OCTSegmentation and classificationA2 [40]

InceptionMelanoma dermoscopic imagesClassificationA3 [41]

CNN_SBrain glioblastoma MRIcSurvival predictionA4 [42]

CNN with CAEe and DeconvNetWSId of 13 cancer typesClassification and segmentationA6 [43]

ResNetf basedBrain MRISegmentationD1 [44]

InceptionRetinal fundus images with cardiovascular diseasePredictionA7 [45]

ResNet-based DeeperCut subsetVideo of freely behaving animalTrackingD2 [46]

InceptionColonoscopy video of colorectal polypsClassificationA8 [47]

CNNLung cancer CTgClassificationA9 [48]

Encoder-decoder CNNRetinal OCT with macular diseaseClassification and segmentationA10 [49]

CNN basedBrain glioma MRISegmentationD3 [50]

SqueezeNet basedProtein-ligand complexes as voxelBinding affinities predictionD4 [51]

CNN and mCNNiBrain glioma MRI, functional MRI, and DTIhSurvival classificationA11 [52]

InceptionFundus images with glaucomatous optic neuropa-
thy

ClassificationA12 [53]

ResNet and CheXNetChest radiographs with pneumoniaClassificationA13 [54]

ResNet, U-net, and DeepLabCritical head abnormality CTClassification and segmentationA14 [55]

ResNetBrain glioma MRIClassificationA15 [56]

DenseNet basedThoracic disease radiographsClassificationD6 [57]

VGGNet and U-netEchocardiogram video with cardiac diseaseClassification and segmentationA16 [58]

InceptionBrain positron emission tomography with
Alzheimer

ClassificationA17 [59]

CNN basedBreast cancer histopathological imagesClassificationD7 [60]

ResNetSkin tumor imagesClassificationA18 [61]

CNNChest CT with chronic obstructive pulmonary
disease and acute respiratory disease

Classification and predictionA19 [62]

FCNNjBrain MRI with autism spectrum disorderSegmentationA20 [63]

Proposal network (P-Net) basedFetal MRI and brain tumor MRISegmentationD8 [16]

AlexNet and De-CNNNatural movies and functional MRI of watching
movies

Classification, prediction, and
reconstruction

A21 [64]

CNN basedFacial images with a genetic syndromeDetection and classificationD9 [65]

U-netMicroscopic images of cellsDetection and segmentationA22 [66]

Faster region-based CNN with VGGNetBreast cancer mammogramsClassification and localizationA23 [67]

Mask-RCNN, CNN with GoogLeNet and
RetinaNet

Lung cancer CTSegmentation and predictionA24 [68]

CNN; fully connected NN; SAEkLung cancer CTClassificationA26 [69]

CNNLung cancer CTSurvival classificationA27 [70]

CNNPolar maps of myocardial perfusion imaging with

CADl
PredictionA29 [71]
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Deep learning architecturesDataTask typeResearch topic and
number

CNNProstate cancer MRIClassificationA30 [72]

CNN basedLiver SWEm with chronic hepatitis BClassificationD12 [73]

DenseNet with U-net basedLiver cancer CTSegmentationD14 [74]

AlexNet, GoogLeNet, VGGNet, inception,
ResNet, and inception-ResNet

Fundus images with macular degenerationClassificationA31 [75]

cuda-convnetBladder cancer CTClassificationA32 [76]

MobileNetProstate cancer tissue microarray imagesClassificationA34 [77]

CNN basedHolographic microscopy of Bacillus speciesClassificationD19 [78]

CNNChest CTSurvival classificationA36 [79]

ResNet basedMalignant lung nodule radiographsClassification and localizationD20 [80]

ResNetShoulder radiographs with proximal humerus
fracture

ClassificationA37 [81]

VGG-FaceFacial images of hetero and homosexualClassificationA39 [82]

CNN and CAECAD CT angiographySegmentation and classificationA41 [83]

U-netRadiographs with fractureClassification and localizationA42 [84]

CNNPeptide major histocompatibility complex as im-
age-like array

Binding classificationA43 [85]

CNNLung nodule CTDetectionA44 [86]

LeNetConfocal endomicroscopy video of oral cancerClassificationA45 [87]

MILn with ResNet and RNNWSI of prostate, skin, and breast cancerClassificationA46 [88]

FCNN basedVideo of freely behaving animalTrackingD24 [89]

U-net basedFundus images with glaucomaSegmentationD25 [90]

U-net; M-Net; Dense U-net; SVF-Net;
Grid-Net; Dilated CNN

Cardiac disease cine MRISegmentation and classificationA47 [91]

AlexNet basedKnee abnormality MRIClassificationD27 [92]

CNN basedProtein-ligand complexes as gridBinding affinities predictionD28 [93]

FCNN with VGGNetAutosomal dominant polycystic kidney disease
CT

SegmentationA50 [94]

VGGNetKnee cartilage lesion MRISegmentation and classificationA51 [95]

ResNetMammogramsClassificationA52 [96]

FCNNCAD CT angiographyPredictionA54 [97]

Inception basedWSI of lymph nodes in metastatic breast cancerClassification and localizationD31 [98]

FFNNo basedFluorescence microscopic images of cellsClassificationD35 [99]

ResNet; GoogLeNetRetinal fundus images with diabetic retinopathy
and breast mass mammography

ClassificationA56 [100]

Image processing

U-netBrain and abdomen CT and radial MRp dataArtifact reductionA25 [101]

GANq with U-net and CNNFluorescence microscopic imagesResolution enhancementA28 [102]

GAN with U-net and VGGNet basedCompressed sensing brain lesion and cardiac MRIDealiasingD15 [103]

GAN with U-net–based pix2pix network
modified

Superresolution localization microscopic imagesResolution enhancementD16 [104]

GAN with FCNN and CNNBrain and pelvic MRI and CTReconstructionA33 [105]

CNN basedCTArtifact reductionD18 [106]

Encoder-decoder CNNContrast-enhanced brain MRIReconstructionA38 [107]
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Deep learning architecturesDataTask typeResearch topic and
number

FFNN basedBrain MR fingerprinting dataReconstructionD22 [108]

CNN basedHi-C matrix of chromosomesResolution enhancementD23 [109]

U-netBrain tumor MRIResolution enhancementA48 [110]

CNN basedLung vessels CTReconstructionD26 [111]

CNN basedKnee MRIResolution enhancementD32 [112]

CNN basedCTReconstructionD33 [113]

CNN basedCardiac cine MRI and chest CTRegistrationD34 [18]

Sequence analysis

Stack-RNNs with GRUt- and LSTMu

based
SMILESrNovel structures generation and

property prediction
D17 [114]

variational AEv; CNN- and RNN with

GRU-based AAEw

SMILESNovel structures generationA40 [115]

CNN basedGenomic sequenceGene expression (variant effects)
prediction

D21 [116]

GAN with differentiable neural computer
and CNN based

SMILESNovel structures generation and
classification

D30 [117]

LSTMSMILESNovel structures generationA53 [118]

CNN with LSTMAntimicrobial peptide sequenceClassificationA57 [119]

Sequence and image analysis

ResNet basedProtein sequence to contact matrixContact predictionD13 [120]

(Diagnostic) pattern analysis

AEMulti-omics data from liver cancerSubtype identification (survival
classification)

A5 [121]

GoogLeNet and deeply supervised net
based

GenotypePhenotype predictionD5 [122]

FFNN basedGenomic profiles from cancerSurvival predictionD10 [123]

FFNN basedGene expression profiles of cancer cell line and
chemical descriptors of drugs

Drug synergies predictionD11 [124]

Attention-based BLSTMyElectronic health record with pediatric diseaseNLPx (classification)A35 [125]

SAEProtein sequence as matrix and drug molecular
fingerprint

Binding classificationA49 [126]

BLSTM basedElectrocardiogram signalClassificationD29 [127]
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Deep learning architecturesDataTask typeResearch topic and
number

CNNPolysomnogram signalClassificationA55 [128]

aOCT: optical coherence tomography.
bCNN: convolutional neural network.
cMRI: magnetic resonance imaging.
dWSI: whole slide image.
eCAE: convolutional autoencoder.
fResNet: residual networks.
gCT: computed tomography.
hDTI: diffusion tensor imaging.
imCNN: multicolumn convolutional neural network.
jFCNN: fully convolutional neural network.
kSAE: stacked autoencoder.
lCAD: coronary artery disease.
mSWE: shear wave elastography.
nMIL: multiple instance learning.
oFFNN: feedforward neural network.
pMR: magnetic resonance.
qGAN: generative adversarial network.
rSMILES: simplified molecular input line-entry system.
sRNN: recurrent neural network.
tGRU: gated recurrent unit.
uLSTM: long short-term memory.
vAE: autoencoder.
wAAE: adversarial autoencoder.
xNLP: natural language processing.
yBLSTM: bidirectional long short-term memory.

Research Topics
In these studies, researchers applied or developed deep learning
architectures mainly for the following purposes: image analysis,
especially for diagnostic purposes, including the classification
or prediction of diseases or survival, and the detection,
localization, or segmentation of certain areas or abnormalities.
These 3 tasks, which aim to identify the location of an object
of interest, are different in that detection involves a single
reference point, whereas localization involves an area identified
through a bounding box, saliency map, or heatmap, segmentation
involves a precise area with clear outlines identified through
pixel-wise analysis. Meanwhile, in some studies, models for
image analysis unrelated to diagnosis were proposed, such as
classifying or segmenting cells in microscopic images and
tracking moving animals in videos through pose estimation.
Another major objective involved image processing for
reconstructing or registering medical images. This included
enhancing low-resolution images to high resolution,
reconstructing images with different modalities or synthesized
targets, reducing artifacts, dealiasing, and aligning medical
images.

Meanwhile, several researchers used deep learning architectures
to analyze molecules, proteins, and genomes for various
purposes. These included drug design or discovery, specifically
for generating novel molecular structures through sequence
analysis and for predicting binding affinities through image

analysis of complexes; understanding protein structure through
image analysis of contact matrix; and predicting phenotypes,
cancer survival, drug synergies, and genomic variant effects
from genes or genomes. Finally, in some studies, deep learning
was applied to the diagnostic classification of sequential data,
including electrocardiogram or polysomnogram signals and
electronic health records. In summary, in the reviewed literature,
we identified a predominant focus on applying or developing
deep learning models for image analysis regarding localization
or diagnosis and image processing, with a few studies focusing
on protein or genome analysis.

Deep Learning Architectures
Regarding the main architectures, most of them were
predominantly CNNs and based on ≥1 CNN architecture such
as a fully CNN (FCNN) and its variants, including U-net;
residual neural network (ResNet) and its variants; GoogLeNet
(Inception v1) or Inception and VGGNet and its variants; and
other architectures. Meanwhile, a few researchers based their
models on feedforward neural networks that were not CNNs,
including autoencoders (AEs) such as convolutional AE and
stacked AE. Others adapted RNNs, including (bidirectional)
long short-term memory and gated recurrent unit. Furthermore,
models that combined RNNs or AEs with CNNs were also
proposed.

Content analysis of the reviewed literature showed that different
deep learning architectures were used for different research
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tasks. Models for classification or prediction tasks using images
were predominantly CNN based, with most being ResNet and
GoogLeNet or Inception. ResNet with shortcut connections
[129] and GoogLeNet or Inception with 1×1 convolutions,
factorized convolutions, and regularizations [130,131] allow
networks of increased depth and width by solving problems
such as vanishing gradients and computational costs. These
mostly analyzed medical images from magnetic resonance
imaging or computed tomography, with cancer-related images
often used as input data for diagnostic classification, in addition
to image-like representations of protein complexes. Meanwhile,
when applying these tasks to data other than images, such as
genomic or gene expression profiles and protein sequence
matrices, researchers used feedforward neural networks,
including AEs, that enabled semi- or unsupervised learning and
dimensionality reduction.

Image analysis for segmentation and image processing were
achieved through CNN-based architectures as well, with most
of them being FCNNs, especially U-net. FCNNs produce an
input-sized pixel-wise prediction by replacing the last fully
connected layers to convolution layers, making them
advantageous for the abovementioned tasks [132], and U-net

enhances these performances through long skip connections
that concatenate feature maps from the encoder path to the
decoder path [133]. In particular, for medical image processing
tasks, a few researchers combined FCNNs (U-net) with other
CNNs by adopting the generative adversarial network structure,
which generates new instances that mimic the real data through
an adversarial process between the generator and discriminator
[134]. We found that images of the brain were often used as
input data for these studies.

On the other hand, RNNs were applied to sequence analysis of
the string representation of molecules (simplified molecular
input line-entry system) and pattern analysis of sequential data
such as signals. A few of these models, especially those
generating novel molecular structures, combined RNNs with
CNNs by adopting generative adversarial networks, including
adversarial AE. In summary, the findings showed that the current
deep learning models were predominantly CNN based, with
most of them focusing on analyzing medical image data and
different architectures that are preferred for the specific tasks.

Among these studies, Table 3 shows, in detail, the objectives
and the proposed methods of the 35 studies with novel model
development.
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Table 3. Content analysis of the top 35 records in the development category.

Methods (proposed model)Development objectivesNumber

Voxelwise Residual Network: trained through residual learning of volumetric feature
representation and integrated with contextual information of different modalities and
levels

Segment brain anatomical structures in 3D MRIaD1

DeeperCut’s subset DeepLabCut: network fine-tuned on labeled body parts, with de-
convolutional layers producing spatial probability densities to predict locations

Estimate poses to track body parts in various ani-
mal behaviors

D2

Deep learning–based radiomics: segment tumor regions and directly extract radiomics
image features from the last convolutional layer, which is encoded for feature selection
and prediction

Predict isocitrate dehydrogenase 1 mutation in
low-grade glioma with MRI radiomics analysis

D3

KDEEP: 3D network to predict binding affinity using voxel representation of protein-
ligand complex with assigned property according to its atom type

Predict protein-ligand binding affinities represent-
ed by 3D descriptors

D4

DCell: visible neural network with structure following cellular subsystem hierarchy
to predict cell growth phenotype and genetic interaction from genotype

Predict phenotype from genotype through the bi-
ological hierarchy of cellular subsystems

D5

DenseNet-based CheXNeXt: networks trained for each pathology to predict its presence
and ensemble and localize indicative parts using class activation mappings

Classify and localize thoracic diseases in chest
radiographs

D6

CSDCNNb: trained through end-to-end learning of hierarchical feature representation
and optimized feature space distance between breast cancer classes

Multi-classification of breast cancer from
histopathological images

D7

Bounding box and image-specific fine-tuning–based segmentation: trained for interac-
tive image segmentation using bounding box and fine-tuned for specific image with
or without scribble and weighted loss function

Interactive segmentation of 2D and 3D medical
images fine-tuned on a specific image

D8

DeepGestalt: preprocessed for face detection and multiple regions and extracts pheno-
type to predict syndromes per region and aggregate probabilities for classification

Facial image analysis for identifying phenotypes
of genetic syndromes

D9

SurvivalNet: deep survival model with high-dimensional genomic input and Bayesian
hyperparameter optimization, interpreted using risk backpropagation

Predict cancer outcomes with genomic profiles
through survival models optimization

D10

DeepSynergy: predicts drug synergy value using cancer cell line gene expressions and
chemical descriptors, which are normalized and combined through conic layers

Predict synergy effect of novel drug combinations
for cancer treatment

D11

DLREd: predict the probability of liver fibrosis stages with quantitative radiomics
approach through automatic feature extraction from SWE images

Classify liver fibrosis stages in chronic hepatitis

B using radiomics of SWEc
D12

RaptorX-Contact: combined networks to learn contact occurrence patterns from se-
quential and pairwise protein features to predict contacts simultaneously at pixel level

Predict protein residue contact map at pixel level
with protein features

D13

Hybrid Densely connected U-net: 2D and 3D networks to extract intra- and interslice
features with volumetric contexts, optimized through hybrid feature fusion layer

Segment liver and tumor in abdominal CTe scansD14

DAGANf: conditional GANg stabilized by refinement learning, with the content loss
combined adversarial loss incorporating frequency domain data

Reconstruct compressed sensing MRI to dealiased
image

D15

Artificial Neural Network Accelerated–Photoactivated Localization Microscopy:

trained with superresolution PALMh as the target, compares reconstructed and target
with loss functions containing conditional GAN

Reconstruct sparse localization microscopy to
superresolution image

D16

Reinforcement Learning for Structural Evolution: generate chemically feasible molecule
as strings and predict its property, which is integrated with reinforcement learning to
bias the design

Generate novel chemical compound design with
desired properties

D17

CNNi-based Metal Artifact Reduction: trained on images processed by other Metal
Artifact Reduction methods and generates prior images through tissue processing and
replaces metal-affected projections

Reduce metal artifacts in reconstructed x-ray CT
images

D18

HoloConvNet: trained with raw holographic images to directly recognize interspecies
difference through representation learning using error backpropagation

Predict Bacillus species to identify anthrax spores
in single cell holographic images

D19

Deep learning–based automatic detection: predict the probability of nodules per radio-
graph for classification and detect nodule location per nodule from activation value

Classify and detect malignant pulmonary nodules
in chest radiographs

D20

ExPecto: predict regulatory features from sequences and transform to spatial features
and use linear models to predict tissue-specific expression and variant effects

Predict tissue-specific gene expression and genom-
ic variant effects on the expression

D21

Deep reconstruction network: trained with a sparse dictionary that maps magnitude
image to quantitative tissue parameter values for MRF reconstruction

Reconstruct MRFj to obtain tissue parameter mapsD22

HiCPlus: predict high-resolution matrix through mapping regional interaction features
of low-resolution to high-resolution submatrices using neighboring regions

Generate high-resolution Hi-C interaction matrix
of chromosomes from a low-resolution matrix

D23
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Methods (proposed model)Development objectivesNumber

LEAPk: videos preprocessed for egocentric alignment and body parts labeled using

GUIl and predicts each location by confidence maps with probability distributions

Estimate poses to track body parts of freely mov-
ing animals

D24

M-Net: multi-scale network for generating multi-label segmentation prediction maps
of disc and cup regions using polar transformation

Jointly segment optic disc and cup in fundus im-
ages for glaucoma screening

D25

Deep gradient descent: learned iterative image reconstruction, incorporated with gra-
dient information of the data fit separately computed from training

Reconstruct limited-view PATm to high-resolution
3D images

D26

MRNet: networks trained for each diagnosis according to a series to predict its presence
and combine probabilities for classification using logistic regression

Predict classifications of and localize knee injuries
from MRI

D27

Pafnucy: structure-based prediction using 3D grid representation of molecular com-
plexes with different orientations as having same atom types

Predict binding affinities between 3D structures
of protein-ligand complexes

D28

Deep bidirectional LSTMn network–based wavelet sequences: generate decomposed
frequency subbands of electrocardiogram signal as sequences by wavelet-based layer
and use as input for classification

Classify electrocardiogram signals based on
wavelet transform

D29

Reinforced Adversarial Neural Computer: combined with GAN and reinforcement
learning, generates sequences matching the key feature distributions in the training
molecule data

Generate novel small molecule structures with
possible biological activity

D30

LYmph Node Assistant: predict the likelihood of tumor in tissue area and generate a
heat map for slides identifying likely areas

Detect and localize breast cancer metastasis in
digitized lymph nodes slides

D31

DeepResolve: trained to compute residual images, which are added to low-resolution
images to generate their high-resolution images

Transform low-resolution thick slice knee MRI
to high-resolution thin slices

D32

Learned Experts’Assessment–Based Reconstruction Network: iterative reconstruction
using previous compressive sensing methods, with fields of expert-applied regulariza-
tion terms learned iteration dependently

Reconstruct sparse-view CT to suppress artifact
and preserve feature

D33

Deep Learning Image Registration: multistage registration network and unsupervised
training to predict transformation parameters using image similarity and create warped
moving images

Unsupervised affine and deformable aligning of
medical images

D34

Localization Cellular Annotation Tool: predict localization per cell for image-based
classification of multi-localizing proteins, combined with gamer annotations for
transfer learning

Classify subcellular localization patterns of pro-
teins in microscopy images

D35

aMRI: magnetic resonance imaging.
bCSDCNN: class structure-based deep convolutional neural network.
cSWE: shear wave elastography.
dDLRE: deep learning radiomics of elastography.
eCT: computed tomography.
fDAGAN: Dealiasing Generative Adversarial Networks.
gGAN: generative adversarial network.
hPALM: photoactivated localization microscopy.
iCNN: convolutional neural network.
jMRF: magnetic resonance fingerprinting.
kLEAP: LEAP Estimates Animal Pose.
lGUI: graphical user interface.
mPAT: photoacoustic tomography.
nLSTM: long short-term memory.

Black Box Problem
In quite a few of the reviewed studies, the black box problem
of deep learning was partly addressed, as researchers
implemented various methods to improve model interpretability.
To understand the prediction results of image analysis models,
most used one of the following two techniques to visualize the
important regions: (1) activation-based heatmaps [45,54,65,70],
especially class activation maps [57,61,77,92], and saliency
maps [59] and (2) occlusion testing [39,75,82,94]. For models

analyzing data other than images, there were no generally
accepted techniques for model interpretation, and researchers
suggested some methods, including adopting an interpretable
hierarchical structure such as the cellular subsystem [122] or
anatomical division [125], using backpropagation [123],
observing gate activations of cells in the neural network [114],
or investigating how corrupted input data affect the prediction
and how identical predictions are made for different inputs [93].
As such, various methods were found to be used to tackle this
well-known limitation of deep learning.
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Cited Reference Analysis
On average, each examined deep learning study with at least
one PubMed indexed citation (429/978, 43.9%) had 25.8 (SD
20.0) citations. These cited references comprised 9373 unique
records that were cited 1.27 times on average (SD 2.16).
Excluding the ones that were unindexed in the WoS Core
Collection (8618/9373, 8.06% of the unique records), an average
of 1.77 (SD 1.07) categories were assigned to a record. The top
ten WoS categories, which were assigned to the greatest number
of total cited references, pertained to the following three major
groups: (1) biomedicine (Radiology, Nuclear Medicine, and
Medical Imaging: 2025/11,033, 18.35%; Biochemical Research
Methods: 1118/11,033, 10.13%; Mathematical and
Computational Biology: 1066/11,033, 9.66%; Biochemistry and
Molecular Biology: 1043/11,033, 9.45%; Engineering,
Biomedical: 981/11,033, 8.89%; Biotechnology and Applied
Microbiology: 916/11,033, 8.3%; Neurosciences: 844/11,033,
7.65%), (2) computer science and engineering (Computer
Science, Interdisciplinary Applications: 1041/11,033, 9.44%;
Engineering, Electrical and Electronic: 645/11,033, 5.85%),
and (3) Multidisciplinary Sciences (with 1411/11,033, 12.79%
records).

To understand the intellectual structure of how knowledge is
transferred among different areas of study through citations, we
visualized the citation network of WoS subject categories. In
the directed citation network shown in Figure 5, the edges were
directed clockwise with the source nodes as the WoS categories
of the deep learning studies we examined and the target nodes
as the WoS categories of the cited references from which
knowledge was obtained. To enhance legibility, we filtered out
categories with <100 weighted degrees, excluding self-loops,
to form a network of 20 nodes (20/158, 12.7% of the total) and
59 edges (59/2380, 2.48% of the total). In the figure, the node
color and size are proportional to the PageRank score
(probability 0.85; ε=0.001; Figure 5A) and weighted-out degree
(Figure 5B), and the edge size and color are proportional to the
link strength. PageRank considers not only the quantity but also
the quality of incoming edges, identifying important exporters
for knowledge diffusion based on how often and by which fields
a node is cited. On the other hand, the weighted outdegree
measures outgoing edges and identifies major knowledge
importers that frequently cite other fields.

Figure 5. Citation network of the Web of Science subject categories assigned to the reviewed publications and their cited references according to (A)
PageRank and (B) weighted outdegree (number of nodes=20; number of edges=59).

As depicted in Figure 5A, categories with high PageRank scores
mostly coincided with the frequently cited fields identified
above and were grouped into two communities through
modularity (upper half and lower half). The upper half region
centered on Radiology, Nuclear Medicine, and Medical Imaging,
which had the highest PageRank score (0.191) and proved to
be a field with a significant influence on deep learning studies
in biomedicine. Meanwhile, important knowledge exporters to
this field included Engineering, Biomedical (0.134);

Engineering, Electrical and Electronic (0.110); and Computer
Science, Interdisciplinary Applications (0.091). The lower half
region mainly comprised categories with comparable PageRank
scores in which knowledge was frequently exchanged between
one another, including Biochemical Research Methods (0.053),
Multidisciplinary Sciences (0.053), Biochemistry and Molecular
Biology (0.052), Biotechnology and Applied Microbiology
(0.050), and Mathematical and Computational Biology (0.048).
Specifically, in Figure 5B, Mathematical and Computational
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Biology (1992), Biotechnology and Applied Microbiology
(1836), and Biochemical Research Methods (1807) were
identified as major knowledge importers with the highest
weighted outdegrees, whereas Biochemistry and Molecular
Biology (344) had a relatively low weighted outdegree,
indicating their role as a source of knowledge for these fields.

We analyzed the 10 most frequently cited studies to gain an
in-depth understanding of the most influential works and
assigned these papers to one of the three categories: review,
application, or development. Review articles provided
comprehensive overviews of the development and applications
of deep learning [1,3], with 1 focusing on applications to
medical image analysis [4]. We summarize the 7 application

(denoted by A) or development (denoted by D) studies in Table
4.

In these studies, excluding the study by Hochreiter and
Schmidhuber [135], whose research topic pertained to computer
science, deep learning was used for diagnostic image analysis
of various areas [12-14,136] and for sequence analysis of
proteins [21] or genomes [22]. The main architectures
implemented to achieve the different research objectives mostly
comprised CNNs [12-14,136] or CNN-based novel models
[21,22] and RNNs [135]. The findings indicated that these deep
neural networks either outperformed previous methods or
achieved a performance comparable with that of human experts.

Table 4. Content analysis matrix of the highly cited references in the application or development category.

Methods (deep learning architectures)ObjectivesResearch topic: task typeCitation
count, n

Category

Inception version 3 fine-tuned end to end with
images; tested against dermatologists on 2 bi-
nary classifications

Apply CNNa to classifying skin lesions
from clinical images

Diagnostic image analysis:
classification

53A1 [12]

Inception version 3 trained and validated using
2 data sets of images graded by ophthalmolo-
gists

Apply CNN to detecting referrable diabetic
retinopathy on retinal fundus images

Diagnostic image analysis:
classification

51A2 [13]

LSTMc achieved constant error flow through
memory cells regulated by gate units; tested
numerous times against other methods

Develop a new gradient-based RNNb to
solve error backflow problems

Computer science34D1 [135]

CNN-based DeepBind trained fully automati-
cally through parallel implementation to predict
and visualize binding specificities and variation
effects

Propose a predictive model for sequence
specificities of DNA- and RNA-binding
proteins

Sequence analysis: binding
(variant effects) prediction

33D2 [21]

Compare performances of AlexNet, CifarNet,
and GoogLeNet trained with transfer learning
and different data set characteristics

Evaluate factors of using CNNs for thora-
coabdominal lymph node detection and in-
terstitial lung disease classification

Diagnostic image analysis:
classification

27A3 [14]

CNN-based DeepSEA trained for chromatin
profile prediction to estimate variant effects
with single nucleotide sensitivity and prioritize
functional variants

Propose a model for predicting noncoding
variant effects from genomic sequence

Sequence analysis: chro-
matin profiles (variant ef-
fects) prediction

23D3 [22]

Compare performances of AlexNet and
GoogLeNet and ensemble of 2 trained with
transfer learning, augmented data set, and radi-
ologist-augmented approach

Evaluate CNNs for tuberculosis detection
on chest radiographs

Diagnostic image analysis:
classification

23A4 [136]

aCNN: convolutional neural network.
bRNN: recurrent neural network.
cLSTM: long short-term memory.

Discussion

Principal Findings
With the increase in biomedical research using deep learning
techniques, we aimed to gain a quantitative and qualitative
understanding of the scientific domain, as reflected in the
published literature. For this purpose, we conducted a
scientometric analysis of deep learning studies in biomedicine.

Through the metadata and content analyses of bibliographic
records, we identified the current leading fields and research
topics, the most prominent being radiology and medical imaging.
Other biomedical fields that have led this domain included

biomedical engineering, mathematical and computational
biology, and biochemical research methods. As part of
interdisciplinary research, computer science and electrical
engineering were important fields as well. The major research
topics that were studied included computer-assisted image
interpretation and diagnosis (which involved localizing or
segmenting certain areas for classifying or predicting diseases),
image processing such as medical image reconstruction or
registration, and sequence analysis of proteins or RNA to
understand protein structure and discover or design drugs. These
topics were particularly prevalent in their application to
neoplasms.
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Furthermore, although deep learning techniques that had been
proposed for these themes were predominantly CNN based,
different architectures are preferred for different research tasks.
The findings showed that CNN-based models mostly focused
on analyzing medical image data, with RNN architectures for
sequential data analysis and AEs for unsupervised
dimensionality reduction yet to be actively explored. Other deep
learning methods, such as deep belief networks [137,138], deep
Q network [139], and dictionary learning [140], have also been
applied to biomedical research but were excluded from the
content analysis because of low citation count. As deep learning
is a rapidly evolving field, future biomedical researchers should
pay attention to the emerging trends and keep aware of
state-of-the-art models for enhanced performance, such as
transformer-based models, including bidirectional encoder
representations from transformers for NLP [141]; wav2vec for
speech recognition [142]; and the Swin transformer for computer
vision tasks of image classification, segmentation, and object
detection [143].

The findings from the analysis of the cited references revealed
patterns of knowledge diffusion. In the analysis, radiology and
medical imaging appeared to be the most significant knowledge
source and an important field in the knowledge diffusion
network. Relatedly, we identified knowledge exporters to this
field, including biomedical engineering, electrical engineering,
and computer science, as important, despite their relatively low
citation counts. Furthermore, citation patterns revealed
clique-like relationships among the four fields—biochemical
research methods, biochemistry and molecular biology,
biotechnology and applied microbiology, and mathematical and
computational biology—with each being a source of knowledge
and diffusion for the others.

Beyond knowledge diffusion, knowledge integration was also
encouraged through collaboration among authors from different
organizations and academic disciplines. Coauthorship analysis
revealed active research collaboration between universities and
hospitals and between hospitals and companies. Separately, we
identified an engineering-oriented cluster and
biomedicine-oriented clusters of disciplines, among which we
observed a range of disciplinary collaborations, with the most
prominent 2 between radiology and medical imaging and
computer science and electrical engineering, which were the 3

disciplines that were most involved in publishing and
collaboration. Meanwhile, pathology and public health showed
a high collaborative research to publications ratio, whereas
computational biology showed a low collaborative ratio.

Limitations
This study has the following limitations that may have affected
data analysis and interpretation. First, focusing only on
published studies may have underrepresented the field. Second,
publication data were only retrieved from PubMed; although
PubMed is one of the largest databases for biomedical literature,
other databases such as DataBase systems and Logic
Programming may also include relevant studies. Third, the use
of PubMed limited our data to biomedical journals and
proceedings. Given that deep learning is an active research area
in computer science, computer science conference articles are
valuable sources of data that were not considered in this study.
Finally, our current data retrieval strategy involved searching
deep learning as the major MeSH term, which increased
precision but may have omitted relevant studies that were not
explicitly tagged as deep learning. We plan to expand our scope
in future work to consider other bibliographic databases and
search terms as well.

Conclusions
In this study, we investigated the landscape of deep learning
research in biomedicine and identified major research topics,
influential works, knowledge diffusion, and research
collaboration through scientometric analyses. The results showed
a predominant focus on research applying deep learning
techniques, especially CNNs, to radiology and medical imaging
and confirmed the interdisciplinary nature of this domain,
especially between engineering and biomedical fields. However,
diverse biomedical applications of deep learning in the fields
of genetics and genomics, medical informatics focusing on text
or speech data, and signal processing of various activities (eg,
brain, heart, and human) will further boost the contribution of
deep learning in addressing biomedical research problems. As
such, although deep learning research in biomedicine has been
successful, we believe that there is a need for further exploration,
and we expect the results of this study to help researchers and
communities better align their present and future work.
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Abstract

Background: The application of big data resources and the development of medical collaborative networks (MCNs) boost each
other. However, MCNs are often assumed to be exogenous. How big data resources affect the emergence, development, and
evolution of endogenous MCNs has not been well explained.

Objective: This study aimed to explore and understand the influence of the mechanism of a wide range of shared and private
big data resources on the transaction efficiency of medical services to reveal the impact of big data resources on the emergence
and development of endogenous MCNs.

Methods: This study was conducted by administering a survey questionnaire to information technology staff and medical staff
from 132 medical institutions in China. Data from information technology staff and medical staff were integrated. Structural
equation modeling was used to test the direct impact of big data resources on transaction efficiency of medical services. For those
big data resources that had no direct impact, we analyzed their indirect impact.

Results: Sharing of diagnosis and treatment data (β=.222; P=.03) and sharing of medical research data (β=.289; P=.04) at the
network level (as big data itself) positively directly affected the transaction efficiency of medical services. Network protection
of the external link systems (β=.271; P=.008) at the level of medical institutions (as big data technology) positively directly
affected the transaction efficiency of medical services. Encryption security of web-based data (as big data technology) at the level
of medical institutions, medical service capacity available for external use, real-time data of diagnosis and treatment services (as
big data itself) at the level of medical institutions, and policies and regulations at the network level indirectly affected the transaction
efficiency through network protection of the external link systems at the level of medical institutions.

Conclusions: This study found that big data technology, big data itself, and policy at the network and organizational levels
interact with, and influence, each other to form the transaction efficiency of medical services. On the basis of the theory of
neoclassical economics, the study highlighted the implications of big data resources for the emergence and development of
endogenous MCNs.

(J Med Internet Res 2022;24(4):e32776)   doi:10.2196/32776
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Introduction

Background
There has been a long-term coexistence of imbalanced allocation
and low use efficiency of medical resources in China. Most
health care reforms have tried to encourage a variety of medical
collaborative practices as a means to improve the quality and
efficiency of health care delivery. For example, the New Rural
Cooperative Medical Scheme was launched to protect rural
households from catastrophic medical expenditure [1] and
various medical consortia were mainly used to improve the
system of tiered medical services to balance inadequate medical
resources [2]. These studies often assumed that medical
collaborative networks (MCNs) are exogenous and had already
been formed. However, many medical collaborative practices
have not achieved the desired results. Su et al [3] showed that
there was no statistically significant difference between the
distribution of inpatients in county and township hospitals before
and after the implementation of the New Rural Cooperative
Medical Scheme in China. The practice of collaborative health
care will produce various forms of MCNs. The MCNs’
structures are always complex [4]. It was corroborated that the
MCNs’ structures and collaborative practices influence each
other [5], the mutual recursive influence becoming meaningful
through a complex net of organizational and institutional
features, as well as patients’nosological profiles [6]. MCNs are
often assumed to be exogenous; however, they are endogenous.
It is very important to pay attention to how endogenous MCNs
emerge and develop.

At the same time, the development of the internet and big data
technology has promoted the transformation of medical service
patterns and management modes [7,8], leading to the emergence
of various MCNs, such as collaboration between hospitals of
different levels [2,9]. Furthermore, many internet companies
(such as Hao Daifu, Chunyu Doctor, and Weiyi) have been
pouring into the medical service industry to lead more diverse
forms of medical collaborative practices [10]. Big data resources
in health care have advanced the development of MCNs, which
in turn further promotes the application of big data in the health
care field [11]. It is generally believed that big data resources
affect the emergence and development of MCNs; yet, there is
a lack of understanding of the mechanism of the impact of big
data resources on the emergence and development of MCNs.

As the organizational network has increasingly become an
important form of business operation, the commercial value of
information technology (IT) to the organizational network has
gradually become an issue of concern. Han et al [12] analyzed
the value of the relationship, based on the enterprise resource
planning system, between suppliers of the enterprise resource
planning system and their partners through case studies.
Ceccagnoli et al [13] explored the cocreation of value in a
platform ecosystem based on the resource-based view of the
firm. These studies have emphasized the organizational
privatization of traditional IT resources [14,15] without
considering the particularity of big data resources or the
coexistence of shared and private resources in the organizational
network [16]. The value realization of big data should be

analyzed from the work practice, organizational, and
supraorganizational levels [17] and be integrated information,
technology, policy, and so on [18,19].

This study aims to explore and understand the influence of the
mechanism of shared and private big data resources on the
emergence and development of MCNs. The coexistence of labor
division and cooperation is not only the most basic phenomenon
of MCNs, but also the most basic driving force of survival and
development. On the basis of neoclassical economics, this paper
took the transaction efficiency of medical services as a key
variable to represent the emergence and development of
endogenous MCNs. Next, we classified big data resources
related to value cocreation of MCNs according to two
dimensions: (1) public big data resources at the network level
versus private big data resources at the medical institution level
and (2) the three elements of big data value (data itself,
technology, and various organizational elements). At the level
of medical institutions in the MCN, there are external web-based
big data (health care big data itself) and outward interaction
security (big data technology); at the public level of the MCN,
there are sharing of big data (health care big data itself) and
policies and regulations related to big data (data policy). Finally,
we empirically analyzed the direct and intermediary effects of
all kinds of big data resources on the transaction efficiency of
medical services.

Hypotheses and Modeling

Transaction Efficiency of Medical Services
Medical collaboration refers to a process that occurs when a
group of autonomous stakeholders with various medical
resources communicate and coordinate with each other to share
decision-making, goal setting, and implementation of a plan of
care [2,5,6,20].

Extant empirical studies often assumed that MCNs are
exogenous and found that medical collaborative practices may
be affected by factors at individual, organizational, and system
levels, such as mutual trust [20,21], IT infrastructure [22-24],
medical policies, investment of public funds [9], and
remuneration methods [4]. However, the conclusions drawn
regarding the influence of these factors are inconsistent and
contradictory [5]. Because of the interaction of many factors,
it is necessary to analyze the nature of the impact of these factors
on medical collaborative practices from the perspective of
system and process [5,6].

From the perspective of system and process, various forms of
medical collaborative practices have been explored. Touati et
al [6] elicited three specific modalities of collaboration:
quasi-inexistent, restrained, and extended. Braun and Cusick
[25] explored four innovative care models that aimed to expand
access to dental care: expanded coordinated care, colocated
care, integrated care, and virtual dental home. Huang and Li
[26] divided the medical alliance into three types (compact,
semicompact, and loose) according to the closeness of the
contact. The recursive interaction between structures and
collaborative practices has been corroborated [5] and becomes
meaningful through a complex network of organizational and
institutional characteristics and the nosological profiles of
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patients [6]. However, to explore the influence of the mechanism
of big data resources on the emergence and development of
MCNs, we need to integrate factor research and structure
research to determine a theoretical construct that can reflect the
changes in network structure and embody various factors
influencing collaborative practices.

The neoclassical economics framework proposed by Yang and
Ng [27] studied organizational topological properties by
introducing transaction costs. The increase in division of labor
will increase the number of transactions, and each transaction
will produce transaction costs. If the transaction efficiency is
low, the transaction cost is greater than the specialized economy
generated by the division of labor and individuals will choose
to be self-sufficient. If the transaction efficiency is fully
improved, the transaction cost is offset by the specialized
economy and individuals will choose division of labor.
Therefore, organizational topological properties are closely
related to transaction efficiency: the smaller the size of the
organization, the more the cooperation with the outside world
[28].

MCN members are afforded both cooperation and division of
labor. Touati et al [6] emphasized that transaction cost cannot
be ignored in all kinds of collaboration involving various factors
at individual, organizational, and clinical levels. Collaborative
practice requires collaborators to share rules, beliefs, and codes
of conduct [5], regarding which there are often differences in
the collaborators’ cognitions. These differences will incur
transaction costs, affecting the results of collaborative practice.
McComb et al [20] showed that physicians and nurses in general
medical units have different perceptions of role, responsibility,
and mutual trust, which act as obstacles to cooperation in these
units. Communication problems among collaborators often
persist and seriously affect the implementation of collaborative
practices. Without videoconferencing, some diagnostic pathways
(visual and clinical examination) would be lost in the interaction
between cardiologists and family physicians [23]. The traditional
written referral usually led to incomplete information, thus
affecting the quality and comprehensiveness of communication
[24]. There are also some factors at the system level, such as
poor public infrastructure [9], that lead to low transaction
efficiency and high transaction cost.

Because of the characteristics of autonomy and limited
resources, there is division of labor everywhere in MCNs. At
the same time, the collaborative community is different from
the simple addition of the original individuals and relies on
value rationality among members to create a unique social
structure oriented to the ultimate goal of common commitment,
which can support members to work collaboratively [29]. The
decision of whether to choose medical collaborative practice is
based on the trade-off between the health care specialized
economy and transaction cost. Collaborators make decisions in
their own self-interest under a specific MCN, but their decisions
are affected by other decision-makers in the MCN. Finally,
through the interaction of all parties and the balance of interests,
a specific structure will emerge. The MCN’s structure and
individual decision-making are entangled to produce and
reproduce. To sum up, MCNs are endogenous and the

transaction efficiency of health care is the key variable for the
emergence and development of MCNs.

In this paper, the transaction efficiency of medical services
refers to the quality of the medical transaction service. The
higher the quality of the transaction service, the smaller the
transaction cost and the higher the transaction efficiency. At
this time, it is more likely that MCNs will be chosen to provide
medical services in a cooperative way.

Big Data Resources
There were 2 main concepts of big data. The first is based on
the characteristics of the generated data, such as the 3V model
[30], 4V model [31], and 5V model [32]. The second is focused
on various technologies and methods such as big data storage
and management [33], cloud computing and cloud service [34],
big data security and privacy [31], real-time data-processing
technology [7], and various big data analysis technologies [35].
De Mauro et al [18] proposed that the four elements (technology,
method, information, and impact) that affect the value of big
data should be integrated. Wamba et al [19] believed that the
business value of big data is enabled through data policy,
technology, organizational change, data access, industry
structure, and so on. However, the classification of these value
factors lack a theoretical basis.

The IT resources of a single organization were often
conceptualized and classified based on the resource-based view
of the firm [14,15], which emphasized the organizational
privatization of resources with a clear definition of property
rights. Dover [16] studied the business value of IT based on the
relationship theory, expanded the limitations of the
resource-based view of the firm on the assumption of ownership
and control of resources, and distinguished shared resources
from nonshared resources. In network organizations, IT
resources (especially big data resources) are both publicly owned
by the network and privately owned by a specific organization.

We applied and further extended the classification of IT
resources for a single organization [14,15] to that of big data
for MCNs and extended the process of realizing IT business
value to the process of realizing big data business value. Big
data resources for MCNs involve health care big data itself, big
data technology, and data policy at both the public level of
MCNs and the institution level in MCNs. At the level of medical
institutions in the MCN, external web-based big data (health
care big data itself) and outward interaction security (big data
technology) form the conditions and basis for medical
institutions to export or import medical services as
decision-makers. At the public level of MCNs, the sharing of
big data (health care big data itself) and policies and regulations
related to big data (data policy) affect all kinds of support
conditions and constraints for the operation of medical
institutions in MCNs by forming or changing the public
environment at the network level.

At the level of medical institutions in the MCN, external
web-based big data resources (big data itself) play a balancing
and optimizing role in ensuring the supply of medical service
resources to other hospitals or institutions and include real-time
data of diagnosis and treatment services and medical service
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capacity available for external use. Real-time data of diagnosis
and treatment services refers to the degree to which a medical
institution provides information on physician suspending the
diagnosis and treatment and opening consultations for external
systems (such as remote consultation platforms, government
public platforms, and medical networking). Real-time data of
diagnosis and treatment services are the data source of the
catalog of external services provided by medical institutions
[36,37]. Medical service capacity available for external use is
a medical institution’s ability to determine medical service
resources such as consultation services and appointment services
that can be provided to other hospitals or institutions and can
be obtained by comparing the real-time use status of the medical
service resources with the ideal status [38,39]. Medical service
capacity available for external use is a relevance index of health
care big data that reflects the connectivity of health care data
[40,41].

As big data technology, outward interaction security at the level
of medical institutions provides security for stable and
continuous connection of data distributed at different medical
institutions. It includes encryption security of web-based data
and network protection of external link systems. Encryption
security of web-based data is the perceived ability of a medical
institution to ensure data security during interaction with other
hospitals or institutions [42,43]. Network protection of the
external link systems is the perceived ability of a medical
institution to deploy the physical security foundation for the
connection between medical institutions and the outside world
[24,44].

At the public level of MCNs, sharing of big data may improve
medical service and research capabilities by sharing health care
big data with each other [45]. This includes the sharing of
diagnosis and treatment data as well as medical research data.
Sharing of diagnosis and treatment data refers to the degree to

which a medical institution within MCNs can obtain diagnosis
and treatment data from other medical institutions through
government public platforms or third-party platforms [41,46].
Sharing of research data refers to the degree to which a medical
institution within MCNs can obtain research data from other
medical institutions through Chinese National Knowledge
Infrastructure, PubMed, and so on. Policies and regulations
related to big data at the public level of MCNs refers to the
degree to which policies, laws, and regulations (such as 3-level
referral from the Health and Family Planning Commission,
medical consortium, and regional medical treatment center) can
support the construction of the regional medical service platform
[19].

Model
On the basis of the assumption that MCNs are endogenous and
that the transaction efficiency of health care is the key variable
for the emergence and development of MCNs, this study aims
to explore and understand the mechanism of the influence of
shared and private big data resources in MCNs on transaction
efficiency to reveal the impact of big data resources on the
emergence and development of MCNs. The research questions
are as follows:

1. What big data resources at the two levels (shared and
private) directly affect transaction efficiency?

2. When there is no direct impact, what are the paths of
indirect influence of these big data resources on transaction
efficiency?

Figure 1 presents the model examined in this research. It shows
relationships that are hypothesized to exist among big data
resources at the level of medical institutions in the MCN, big
data resources at the public level of the MCN, and the
transaction efficiency of medical services.
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Figure 1. Conceptual model: the impact of big data resources of medical collaborative networks on transaction efficiency of medical services. H:
hypothesis.

Methods

Measurement Instruments and Questionnaire
Development

Overview
For most constructs, measures validated in previous studies
were adapted. For constructs unique to the model, multiple
operational measures based on field interviews were developed.
All constructs were measured using a 7-point Likert-scale
ranging from 1=strongly disagree to 7=strongly agree. Details
of the measures are presented in Multimedia Appendix 1.

Transaction Efficiency of Medical Services
In this study, collaborative medical care was mainly carried out
through third-party platforms such as Baiyulan and cloud
hospitals. The transaction efficiency of medical services depends
on the quantity and quality of medical service resources provided
by the platform. The first concerns the scope and level of experts
available on the platform. The accuracy, real-time nature, and
comprehensiveness of information on the experts enable the

requester to know the experts in time, make correct judgments,
and reduce unnecessary transaction costs caused by the provision
of asymmetric information. The second concerns the
performance of the communication mechanism provided by the
platform for all partners. To better cooperate with collaborative
diagnosis and treatment, the platform needs to support multiple
medical institutions to read medical records and images on the
web and in real time at the same time to ensure that the image
data can be transmitted to the consultation experts without
distortion. Inefficient web-based reading will lead to long
waiting periods, resulting in uncontrollable average visit time.
The smooth reading of required data is not only a powerful
guarantee for the rapid completion of services, but also the basis
for the continuous demand for collaborative medical services.

On the basis of the studies by DeLone and McLean [47] and
Taylor and Todd [48], the transaction efficiency of medical
services was measured with 6 items that reflect the extent to
which the platform provides reliability, timeliness, and
comprehensiveness of expert information, as well as timeliness
and stability of communication.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e32776 | p.926https://www.jmir.org/2022/4/e32776
(page number not for citation purposes)

Yuan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Big Data Resources
To ensure content validity, the measures for most constructs
were used, expanded, and modified from the studies by DeLone
and McLean [47], Taylor and Todd [48], Bailey and Pearson
[49], and Goodhue [50]. For constructs unique to the big data
resources for MCNs, items were self-developed.

The real-time data of diagnosis and treatment services were
measured by 3 items that reflect the extent of timeliness,
accuracy, and accessibility of physician suspending the diagnosis
and treatment as well as the opening information provided by
medical institutions to the external systems. The medical service
capacity available for external use was measured with 4 items
that reflect the extent of the ability and accuracy of external
consultation and appointment services provided by medical
institutions according to the physician’s workload. The
encryption security of web-based data was measured by 4 items
that reflect the extent of effect, convenience, transmission
efficiency, and coverage of the encryption and decryption
technology used by medical institutions when interacting with
external systems. The network protection of external link
systems was measured with 4 items that reflect the extent of
effect, convenience, satisfaction, and coverage of network
protection and application protection deployed by medical
institutions.

The sharing of diagnosis and treatment data with other medical
institutions was measured by 7 items that reflect the extent of
accessibility, accuracy, and integrity of diagnosis and treatment
data of other medical institutions, as well as the effect of the
data sharing on effectively shortening diagnosis time, avoiding
repeated examination, avoiding repeated medication, and
avoiding adverse drug-drug reactions. Sharing of medical
research data with other medical institutions was measured by
3 items that reflect the extent of convenience, functional
completeness, and accuracy of research data provided by other
medical institutions. The policies and regulations were measured
by 3 items that reflect the extent of rationality, existence, and
functional completeness of relevant policies, laws, and
regulations supporting the construction of a regional medical
service platform.

Data Collection and Demographic Profiles
Data were collected using a survey questionnaire. In China,
public hospitals are the main institutions providing health care
services. Accordingly, we mainly chose public hospitals, along
with some private hospitals. It is very important for medical
staff to cooperate closely with IT staff to ensure the
implementation of collaborative medical services. Accordingly,
each medical institution selected 1 medical staff member and
1 IT staff member as respondents.

The specific data collection plan was designed as follows:

1. Contact the relevant personnel at the target medical
institution through WeChat and ask whether they were
willing to participate in the survey.

2. Through the relevant personnel, ask the medical institution
to determine the respondents, administer the questionnaire
on-site, and collect it after completion.

3. If the medical institution is located far away and if the
relevant person agrees, provide the questionnaire through
WeChat to the person responsible for administering it.

The survey packages were mailed to the appropriate IT executive
at each target hospital, with a request that the recipient complete
the survey.

The survey packages were also mailed to the appropriate
business executive at each target hospital. Part A of the
questionnaire was distributed among the appropriate medical
staff to complete the measurement items regarding sharing of
diagnosis and treatment data, sharing of research data, and
transaction efficiency of medical services. Part B was distributed
among the appropriate IT executive staff to complete the items
related to real-time data of diagnosis and treatment services,
medical service capacity available for external use, network
protection of external link systems, encryption security of
web-based data, and policies and regulations. The questionnaire
was administered between August 1, 2017, and October 31,
2017.

Of the 150 medical institutions (involving 18 provinces,
autonomous regions, and municipalities) that participated in the
survey, 132 (88%) provided valid questionnaires. A total of 264
respondents took part: 132 (50%) IT staff and 132 (50%)
medical staff. The sample profile is shown in Table 1.
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Table 1. Statistical description of the sample (N=132).

Values, n (%)Variables and categories

Hospitals

Hospital level

39 (29.5)Tertiary general hospitals

15 (11.4)Tertiary specialty hospitals

75 (56.8)Second-class general hospitals

4 (3)Second-class specialty hospitals

1 (0.8)Community hospitals

Type of hospital

126 (95.5)Public hospitals

6 (4.5)General practice

ITa staff

Sex

83 (62.9)Male

49 (37.1)Female

Age (years)

35 (26.5)20-30

79 (59.8)31-40

18 (13.6)41-50

Education

8 (6.1)High school graduate

114 (86.4)Bachelor’s degree

10 (7.6)Master’s degree

Medical staff

Sex

74 (56.1)Male

58 (43.9)Female

Age (years)

23 (17.4)20-30

72 (54.5)31-40

30 (22.7)41-50

7 (5.3)51-60

Education

5 (3.8)High school graduate

75 (56.8)Bachelor’s degree

50 (37.9)Master’s degree

2 (1.5)Doctorate

aIT: information technology.

Ethics Approval
The study protocol was reviewed and approved by the ethics
review committee at the Shanghai Chest Hospital (IS[P]22003).
Before the research was conducted, all participants gave their
consent in writing after being informed of the purpose and

procedure of the study. We ensured the confidentiality and
anonymity of the information collected from the participants.

Data Analysis Process
SmartPLS is a component-based path-modeling software tool
based on the partial least squares regression method. We used
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SmartPLS (version 2.0) to evaluate the measurement properties
and test our hypotheses. Our strategy for data analysis was as
follows. First, we evaluated the measurement model by
analyzing reliability and validity (including convergent and
discriminant validity). Next, applying SmartPLS by using the
standard bootstrap resampling procedure (5000 samples) to
estimate the significance of the paths, the direct impact of big
data resources on transaction efficiency of medical services was
examined. For those big data resources that had no direct impact
on transaction efficiency, we analyzed their indirect impact.

Results

Reliability and Validity
The measurement model was evaluated using the following
criteria:

1. Reliability: The outer loading for the indicator should be
≥0.70 (indicator reliability). The cutoff value for Cronbach
α was .70 and that for composite reliability was 0.70
(internal consistency reliability) [51].

2. Validity: The average variance extracted (AVE) should be
≥0.50 (convergent validity), based on the Fornell-Larcker
criterion [52] (discriminant validity).

As shown in Table 2, the factor loading values of all items were
higher than 0.89 and significant at P=.001, with composite
reliability value=0.9, above the normal value of 0.7. All values
met the minimum requirement for indicator reliability and
internal consistency reliability. In addition, the AVE used to
assess the convergent validity was >0.70 for all constructs,
proving that the model had good convergence validity.
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Table 2. Reliability and convergence validity test results.

Average variance extractedComposite reliabilityLoad valueValues, mean (SD)Constructs and items

0.8910.970Encryption security of web-based data

0.9594.99 (1.532)ESa_1

0.9284.95 (1.536)ES_2

0.9515.09 (1.395)ES_3

0.9374.85 (1.515)ES_4

0.8620.961Network protection of external link systems

0.9125.72 (1.236)NPb_1

0.9415.69 (1.253)NP_2

0.9445.51 (1.224)NP_3

0.9165.47 (1.383)NP_4

0.9830.995Real-time data of diagnosis and treatment services

0.9905.15 (1.619)RTc_1

0.9955.11 (1.644)RT_2

0.9915.11 (1.611)RT_3

0.9820.995Medical service capacity available for external use

0.9914.33 (1.812)SCd_1

0.9924.30 (1.788)SC_2

0.9884.44 (1.798)SC_3

0.9934.31 (1.781)SC_4

0.8790.956Policies and regulations related to big data

0.9685.5 (1.297)PRe_1

0.9195.64 (1.151)PR_2

0.9255.33 (1.292)PR_3

0.9310.990Sharing of diagnosis and treatment data

0.9644.4 (1.654)TSf_1

0.9504.57 (1.687)TS_2

0.9734.39 (1.681)TS_3

0.9584.54 (1.656)TS_4

0.9724.47 (1.820)TS_5

0.9684.56 (1.715)TS_6

0.9704.45 (1.836)TS_7

0.9520.984Sharing of medical research data

0.9664.66 (1.690)RSg_1

0.9784.82 (1.587)RS_2

0.9844.79 (1.717)RS_3

0.8590.973Transaction efficiency of medical services

0.9374.84 (1.621)TEh_1

0.9474.92 (1.574)TE_2

0.9534.89 (1.580)TE_3

0.9254.91 (1.551)TE_4
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Average variance extractedComposite reliabilityLoad valueValues, mean (SD)Constructs and items

0.9064.86 (1.528)TE_5

0.8904.95 (1.541)TE_6

aES: encryption security of web-based data.
bNP: network protection of external link systems.
cRT: real-time data of diagnosis and treatment services.
dSC: medical service capacity available for external use.
ePR: policies and regulations.
fTS: sharing of diagnosis and treatment data.
gRS: sharing of medical research data.
hTE: transaction efficiency of medical services.

Table 3 presents the test results of discriminant validity. The
square root of the AVE values of each construct were greater
than the correlation coefficient between the constructs, which

conforms to the Fornell-Larcker criterion [52], proving that the
measurement model had good discriminant validity.

Table 3. Discriminant validity test results.

TEhRSgTSfPReSCdRTcNPbESa

———————i0.944ES

——————0.9280.540NP

—————0.9920.6130.475RT

————0.9910.6150.4320.690SC

———0.9380.6580.5270.6010.637PR

——0.9650.3460.4170.4230.2860.359TS

—0.9760.6980.5210.4330.5080.3180.430RS

0.9270.6210.5810.5190.5000.5540.5270.466TE

aES: encryption security of web-based data.
bNP: network protection of external link systems.
cRT: real-time data of diagnosis and treatment services.
dSC: medical service capacity available for external use.
ePR: policies and regulations.
fTS: sharing of diagnosis and treatment data.
gRS: sharing of medical research data.
hTE: transaction efficiency of medical services.
iNot applicable.

Influence Path

Overview
The results of the influence path analysis, including the
standardized regression weights and levels of significance, are
presented in Table 4 and Figure 2. The coefficient of

determination R2 was used to measure the explained variance
of the latent dependent variables compared with the total

variance. The cutoff levels were as follows: 0.190, weak; 0.333,
moderate; and 0.670, substantial; 55.3% of the variance in
transaction efficiency of medical services, 53.3% of the variance
in the network protection of external link systems, and 48.7%
of the variance in sharing of diagnosis and treatment data were
moderately explained, whereas 27.2% of the variance in sharing
of medical research data was weakly explained, but met the
cutoff level.
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Table 4. Direct effect test results.

SupportP valueβ coefficient (SE)Direct pathHypothesis

Not supported.56.070 (0.121)RTa to TEbH1a

Not supported.35.116 (0.123)SCc to TEH1b

Not supported.93−.011 (0.115)ESd to TEH2a

Supported.008.271 (0.101)NPe to TEH2b

Supported.03.220 (0.105)TSf to TEH3a

Supported.04.289 (0.135)RSg to TEH3b

Not supported.85.023 (0.118)PRh to TEH4

aRT: real-time data of diagnosis and treatment services.
bTE: transaction efficiency of medical services.
cSC: medical service capacity available for external use.
dES: encryption security of web-based data.
eNP: network protection of external link systems.
fTS: sharing of diagnosis and treatment data.
gRS: sharing of medical research data.
hPR: policies and regulations.

Figure 2. Model results, including direct and indirect effects. GOF: goodness of fit.
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The model’s goodness of fit was our last criterion to assess the
overall fit of the model. The model’s goodness of fit for this
study as calculated was 0.651, which was deemed large [53].

Direct Influence Path
From Figure 2, it can be observed that the direct effects of the
network protection of external link systems (β=.271; P=.008),
sharing of diagnosis and treatment data (β=.220; P=.04), and
sharing of medical research data (β=.289; P=.04) on transaction
efficiency of medical services were significant. Hypotheses
H2b, H3a, and H3b gained empirical support.

The direct effects of real-time data of diagnosis and treatment
services, medical service capacity available for external use,
encryption security of web-based data, and policies and
regulations on transaction efficiency of medical services were
not significant. Hypotheses H1a, H1b, H2a, and H4 did not gain
empirical support.

Indirect Influence Analysis
As the encryption security of web-based data, real-time data of
diagnosis and treatment services, medical service capacity
available for external use, and policies and regulations had no
direct impact on transaction efficiency of medical services, the
indirect effects of these 4 variables on transaction efficiency of
medical services were further analyzed. The results of the
mediation test are presented in Table 5 and Figure 2. To assess
the magnitude of the indirect effect [54], the variance accounted
for (VAF) value was calculated, which represents the
relationship between the indirect effect and the total effect.

From Table 5, we can observe the following:

1. The indirect impact of policies and regulations. Although
the policies and regulations had no direct impact on
transaction efficiency of medical services, there was a
completely mediated path (policies and regulations →
network protection of external link systems → transaction
efficiency of medical services) in which the network
protection of external link systems played a mediating role
in the effect of policies and regulations on transaction
efficiency of medical services (VAF=0.945; P=.03). It
indicated that the government’s establishment of regulations
in network security should be conducive to ensuring
transaction efficiency and data security.

2. The indirect impact of the encryption security of web-based
data. Although the encryption security of web-based data
in the external web-based security environment had no
direct impact on the transaction efficiency of medical
services, there was a completely mediated path (encryption
security of web-based data → network protection of external
link systems → transaction efficiency of medical services)
in which the network protection of external lnk systems
played a mediating role in the effect of encryption security

of web-based data on transaction efficiency of medical
services (VAF=0.879; P=.03). It indicated that the
encryption security of web-based data improved people’s
perception of the degree of network protection of external
systems and indirectly affected the transaction efficiency
of medical services.

3. The indirect impact of real-time data of diagnosis and
treatment services. Although the real-time data of diagnosis
and treatment services in the external big data analysis
environment had no direct impact on the transaction
efficiency of medical services, there was a completely
mediated path (real-time data of diagnosis and treatment
services → network protection of external link systems →
transaction efficiency of medical services) in which the
network protection of external link systems played a
mediating role in the effect of real-time data of diagnosis
and treatment services on transaction efficiency of medical
services (VAF=0.678; P=.02). It indicated that the stronger
the ability of internal data extraction, the safer the external
data pipeline and the higher the transaction efficiency.

4. The indirect impact of medical service capacity available
for external use. Although the medical service capacity
available for external use in the external big data analysis
environment had no direct impact on the transaction
efficiency of medical services, there was a completely
mediated path (medical service capacity available for
external use → network protection of external link systems
→ transaction efficiency of medical services) in which there
was the indirect effect of medical service capacity available
for external use through the network protection of external
link systems on transaction efficiency of medical services
(VAF=0.391; P=.05). From Figure 2, it can be observed
that medical service capacity available for external use has
a significant direct negative effect on the network protection
of external link systems (β=−0.294; P=.005), which
indicated that frequent service adjustment will increase the
complexity of security control and indirectly reduce the
transaction efficiency of medical services.

5. The indirect impact of sharing of medical research data. In
addition to the direct and significant impact of medical
services on the transaction efficiency, there was a partial
mediated path (sharing of medical research data → sharing
of diagnosis and treatment data → transaction efficiency
of medical services) in which sharing of diagnosis and
treatment data played a mediating role in the effect of
sharing of medical research data on transaction efficiency
of medical services (VAF=0.345; P=.04). The sharing of
research data was conducive to the ability of physicians to
interpret the patient’s past medical history to issue an
accurate diagnosis faster, promote the sharing of diagnosis
and treatment data, and indirectly promote transaction
efficiency of medical services.
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Table 5. Mediation test results.

Type of relationshipVAFaSobel testMediated pathsP valueIndirect effect/direct path

P valueSobel statistic (SE)

Full mediation0.945.032.170 (0.046)PRb to TEc

.85PR to TE

<.001PR to NPd

.008NP to TE

Full mediation0.879.032.122 (0.042)ESe to TE

.93ES to TE

.003ES to NP

.008NP to TE

Full mediation0.678.022.313 (0.054)RTf to TE

.56RT to TE

<.001RT to NP

.008NP to TE

Full mediation0.391.05−1.958 (0.041)SCg to TE

.35SC to TE

.005SC to NP

.008NP to TE

Partial mediation0.345.042.086 (0.075)RSh to TE

.04RS to TE

<.001RS to TSi

.04TS to TE

aVAF: variance accounted for.
bPR: policies and regulations.
cTE: transaction efficiency of medical services.
dNP: network protection of external link systems.
eES: encryption security of web-based data.
fRT: real-time data of diagnosis and treatment services.
gSC: medical service capacity available for external use.
hRS: sharing of medical research data.
iTS: sharing of diagnosis and treatment data.

Discussion

Principal Findings
On the basis of the assumption that MCNs are endogenous and
that service transaction efficiency is the key variable for the
emergence and development of MCNs, this study empirically
analyzed the impact of big data resources of MCNs on the
transaction efficiency of health care and provided evidence
regarding the following:

1. Sharing of diagnosis and treatment data (big data itself) at
the network level directly affected the transaction efficiency
of medical services.
An important challenge of implementing precision medicine
based on big data is to share data in MCNs [45]. Sharing

diagnosis and treatment data with other hospitals or
institutions is an important part of the big data–sharing
environment [41]. Only by formulating the classification,
grading, and domain-sharing system of medical big data
can we steadily promote the opening of medical big data.
The sharing of diagnosis and treatment data can result in
many obvious benefits, including timely and effective
improvement in diagnosis accuracy, strengthening of
physician-patient communication and coordination,
reduction in repeated treatments, and decrease in the risk
of medical errors. By accessing the entire treatment record
of the patient through government or third-party platforms,
physicians can quickly review the patient’s condition,
reduce medical expenses, and avoid adverse medical events
such as drug-drug interactions and drug contraindications,
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thus improving the overall transaction efficiency of medical
services.

2. Sharing of research data (big data itself) at the network
level directly affected the transaction efficiency of medical
services.
The sharing of research data is another important factor in
the overall improvement of medical service quality. Be it
clinical effectiveness research, new drug development, or
basic medical research, each is often based on the research
results of others [40,55]. There are already many shared
and free medical research databases such as the
electrocardiogram database of the National Institutes of
Health, Brain-CODE [43], and Alzheimer disease big data
[56] that have advanced related medical research.
Integrating the research data of multiple medical institutions
is conducive to overcoming the limitations of scientific
research and improving the scientific research ability of
physicians. With the advent of the era of precision medicine,
more and more knowledge-sharing methods have come into
being, which has promoted the improvement of
multidisciplinary diagnosis and treatment ability and
improved the transaction efficiency of medical services.

3. Network protection of external link systems (big data
technologies) at the level of medical institutions directly
affected the transaction efficiency of medical services.
Outward interaction security (big data technologies) at the
level of medical institutions provides a safe and efficient
web-based environment in which a medical institution can
be connected with other hospitals or institutions and
exchange data. To connect data distributed in different
medical institutions steadily and continuously, the first thing
to address is the security problem [7,31,57].
In the past, medical institutions only needed to pay attention
to the security of the internal network, which was basically
isolated from the outside world. The local area network had
high security but poor interoperability. With the
development of the internet and big data, the applications
of telemedicine are changing rapidly [23,24] and medical
institutions are facing increasing need for connections to
other hospitals or institutions. The network protection of
an outreach system is an important security guarantee for
contact between medical institutions and the outside world.
Network protection must take into account both security
and efficiency, and it should not reduce the efficiency and
availability of facilities while ensuring the security of data
exchanged by external systems. Abbasi et al [58] point out
that through a secure and stable link, the activities of the
cooperating parties in the network can be more closely
linked and the transaction is more efficient.

4. Real-time data of diagnosis and treatment services (big data
itself), medical service capacity available for external use
(big data itself), encryption security of web-based data (big
data technologies) at the level of medical institutions, and
policies and regulations at the network level indirectly
affected the transaction efficiency of medical services
through network protection of the outreach system (big data
technology) at the level of medical institutions. These 4 big
data resources will affect the perception of physicians
regarding the deployment of a physical security foundation

for the connection between medical institutions and the
outside world [24,44]. These results highlight that big data
technology, big data, and policy at the network and
organizational levels interact with, and influence, each other
to form the service transaction efficiency of various MCNs.

Theoretical Implications
This study contributes to research in 3 ways. First, we
highlighted the important role of service transaction efficiency
in MCN research. Prior research has largely emphasized that
service transaction efficiency is one of the factors that affect
the operation effect of specific MCNs [6]. In these studies, it
was often assumed that MCNs are exogenous and that there is
an absolute standard for the quality of MCNs. But this paper
emphasized that an MCN is not exogenous; rather, many factors
are responsible for its emergence and development. On the basis
of the theory of neoclassical economics [27], this study took
service transaction efficiency as the key variable for the
emergence and development of MCNs and connected the 2
perspectives of factor-oriented research and process-oriented
research in current collaborative medical research. From the
perspective of MCN being endogenous, the foothold of the
study was not the absolute quality of the MCN but the fitness
of the MCN to the specific environment. On the basis of
transaction efficiency, the study provided the basis for future
research on the emergence and development of MCNs. This
logic may help explain why there are various contradictions in
prior studies on the factors responsible.

Second, we conceptualized big data resources oriented to MCNs
from the network and medical institution levels, including big
data itself, big data technology, and policy. The combination
of big data resources at the level of medical institutions in the
MCN and the network public level of the MCN thus affected
the transaction efficiency of medical services as a key variable
for the emergence and development of MCNs. It emphasized
the coexistence and intertwined influence of public big data
resources of MCNs and private big data resources in MCNs.
This study expanded the limitation of the existing IT-enabling
value based on the resource-based view of the firm, which
emphasized the private and exclusive nature of IT resources. It
also corresponded to the call for research on analyzing the value
realization of big data from the work practice, organizational,
and supraorganizational levels [17].

Third, this study provided empirical support for De Mauro et
al [18] and Wamba et al [19], who proposed integrating big data
technology, big data itself, and policy to realize the value of big
data. The results further refined and enriched this insight to
reveal the detailed impact path of big data technologies, big
data itself, and policies on transaction efficiency of medical
services. Big data itself was divided into the network level and
the organizational level. Big data assets at the network level
have a direct impact on transaction efficiency of medical
services. However, big data assets at the organizational level
affected the transaction efficiency by affecting people’s
perception of outward interaction security technology at the
organizational level. The negative impact of medical service
capacity available for external use on network protection of
external link systems indicated that an increase in external
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services would make people develop a great sense of insecurity.
Policies and regulations related to big data at the public level
cannot directly affect the services’ transaction efficiency, but
they affected the overall formation and operation of MCNs by
affecting the public big data resources and the perception of
outward interaction security technology at the organizational
level.

Practical Implications
The results have several implications for practice. This study
provided the corresponding theoretical guidance for the
government to formulate policies. The government should
specify corresponding strategies to develop policies regarding
sharing of big data resources at the public level and promote
various institutions to strengthen the security of external
collaborative networks. These policies will affect the ecological
service environment of an MCN’s operation to improve
transaction efficiency and ultimately enhance the development
of MCNs. In addition, all kinds of medical institutions that are
willing to interact with the outside world to form an MCN must
first strengthen network security, which can especially balance
the negative effects caused by the increase in external
collaborative services.

Study Limitations
This study includes several limitations. The data collection was
based on the convenient sampling method. Although the medical

institutions covered were basically in line with the relative
proportion of public and private hospitals in China’s medical
institutions, the selection of regions was based on the principle
of convenient sampling. Furthermore, this study only considered
the transaction efficiency of medical services to reveal the
impact of big data resources on the emergence and development
of MCNs. In fact, other variables, such as the learning cost of
medical services, can affect the emergence and development of
MCNs. Future research can analyze the impact of big data
resources on the emergence and development of MCNs from
the perspective of the learning cost of medical services.

Conclusions
Our study contributes to both theory and practice. First, it
focused on the effects of big data resources on the transaction
efficiency of medical services and highlighted how MCNs
emerge and develop. Second, it theorized that there are two
levels of big data resources—network level and medical
institution level—and highlighted the intertwined effect of public
and private big data resources on transaction efficiency
(including direct impact and intermediary impact). Third, it
focused on the effects of health care big data itself, big data
technology, and policy on transaction efficiency and revealed
the interaction and influence mechanism of these 3 elements of
big data value as well as their impact on the formation and
development of MCNs.
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Abstract

Background: Growing numbers of people use medication for chronic conditions; nonadherence is common, leading to poor
disease control. A web-based tool to identify an increased risk for nonadherence with related potential individual barriers might
facilitate tailored interventions and improve adherence.

Objective: This study aims to assess the effectiveness of a newly developed tool aimed at improving medication adherence.

Methods: We performed a cluster randomized controlled trial in patients initiating cardiovascular or oral blood glucose–lowering
medication. Participants were recruited from community pharmacies. They completed an online questionnaire comprising
assessments of their risk for medication nonadherence and subsequently of barriers to adherence. In pharmacies belonging to the
intervention group, individual barriers displayed in a graphical profile on a tablet were discussed by pharmacists and patients
with high nonadherence risk in face-to-face meetings and shared with their general practitioners and practice nurses. Tailored
interventions were initiated by pharmacists. Barriers of control patients were not presented nor discussed and these patients
received usual care. The primary outcome was the effectiveness of the intervention on medication adherence at 8 months’ follow-up
between patients with an increased nonadherence risk from the intervention and control groups, calculated from dispensing data.

Results: Data from 492 participants in 15 community pharmacies were available for analyses (intervention 253, 7 pharmacies;
control 239, 8 pharmacies). The intervention had no effect on medication adherence (B=–0.01; 95% CI –0.59 to 0.57; P=.96),
nor in the post hoc per-protocol analysis (B=0.19; 95% CI –0.50 to 0.89; P=.58).

Conclusions: This study showed no effectiveness of a risk stratification and tailored intervention addressing personal barriers
for medication adherence. Various potential explanations for lack of effectiveness were identified. These explanations relate, for
instance, to high medication adherence in the control group, study power, and fidelity. Process evaluation should elicit possible
improvements and inform the redesign of intervention and implementation.

Trial Registration: The Netherlands National Trial Register NTR5186; https://tinyurl.com/5d8w99hk

(J Med Internet Res 2022;24(4):e16141)   doi:10.2196/16141
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Introduction

Adherence to chronic medication is problematic, leading to poor
disease control with a burden on patients’ quality of life and
health care systems [1]. Studies show that 17%-80% of patients
with a chronic condition were not adherent, especially in
asymptomatic conditions [2-6]. Various causes can hamper
adherence and additionally, adherence varies between types of
diseases and within patients over time [4,7,8]. Vrijens et al [9]
made a taxonomy of nonadherence based on phases in the
process of medication use: initiation, implementation, and
persistence.

The multifaceted nature of the adherence problem illustrates
that improving adherence needs interventions that are tailored
to the individual patient [7,10]. Accordingly, recent high-quality
randomized controlled trials in a systematic review on
interventions for enhancing medication adherence tailored their
interventions. These methods of improving medication
adherence for chronic health problems were mostly complex
and lacked effectivity [11]. In an overview of systematic
reviews, Ryan et al [12] found self-monitoring of medicines
and self-management programs to be generally effective.
Simplified dosage regimens and pharmacists involvement in
medication reviews and pharmaceutical care services on
adherence involving patient education on good medication use
were considered promising.

Systematic reviews showed that the pharmacist can play an
important role in the prevention of cardiovascular diseases,
mainly through patient education and counseling, drug safety
management, medication reviews, monitoring and reconciliation,
detection and control of risk factors, and clinical outcomes
[13,14]. Community pharmacies are a natural location for patient
recruitment at first dispensing to target patients with an increased
risk for nonadherence and to perform a tailored intervention at
the second dispensing moment.

In recent reviews nonadherence was reported to be high for
cardiovascular and oral blood glucose–lowering medication
[15-18]. In several studies, the risk for nonadherence was shown
to be the highest in the first year after the start of chronic
medication [19,20]. Consequently, interventions to warrant
adherence are potentially most effective at the initiation of a
chronic medication treatment.

At present, there is no tool that combines selection of those
patients who are at risk for nonadherence and assessment of
their individual barriers for good medication use in combination
with offering tailored interventions by care professionals to
overcome individual barriers. We have now developed a
user-friendly medication adherence tool comprising a
nonadherence risk and barrier assessment in an online patient
questionnaire, pharmacists’ equipment to perform a tailored
intervention based on a graphic barrier profile, and the
intervention itself.

The primary research question reported in this paper was: What
is the effectiveness of using the medication adherence tool on
medication adherence of patients starting with cardiovascular
or oral blood glucose–lowering medication identified as being
at high risk for nonadherence at 8 months’ follow-up compared
with usual care? Medication adherence was measured by
pharmacy dispensing data. Furthermore, we assessed predictive
values of the medication nonadherence risk assessment and the
barrier questionnaire. Parallel to the effectiveness evaluation,
we performed a process evaluation. In this publication we only
report on the effectiveness evaluation.

Methods

Study Design
This was a cluster randomized trial with an intervention group
of pharmacies (using the medication adherence tool) and a
control group of pharmacies (providing usual care). The study
design is explained in detail in the study protocol [21]. The
patient inclusion period was from 2015 to 2017.

Study Setting
In the Netherlands, the vast majority of the patient groups
included (diabetes, cardiovascular risk management) is treated
in primary care. General practices provide cardiovascular risk
management and diabetes care, generally supported by care
groups.

In the Netherlands, at the start of chronic medication patients
with a first dispensing usually receive medication for 2 weeks.
A second dispensing after 2 weeks is intended to assess first
patient experiences with the drug. Only when the patient is
willing to use the drug chronically, a follow-up dispensing for
mostly 90 days is supplied. Consequently, patients starting with
the study medication (intervention group) were expected to have
a second dispensing after 2 weeks. The follow-up dispensing
of chronic medication is expected to take place every 3 months.

The Medication Adherence Tool

Overview
The medication adherence tool developed was based on the
emotional, cognitive, and practical components in nonadherence.
It comprised 3 elements: a patient questionnaire, pharmacy
equipment, and the tailored intervention. All patients filled the
questionnaires; however, the intervention and control groups
differed in patient information from the questionnaire available
to the pharmacist at the second dispensing, additional pharmacy
training, and recommendations to address potential risk and
barriers by a tailored intervention.

Patient Questionnaire
The online questionnaire consisted of 2 parts. First, the
Probabilistic Medication Adherence Scale (ProMAS) measuring
the nonadherence risk. The ProMAS is an 18-item validated
questionnaire to assess nonadherence behavior in general [22].
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One question from the original questionnaire was excluded
because the validation study results showed that it had a
substantially lower model fit than the other questions [22]. Two
other questions needed to be excluded for those patients who
did not already use medication chronically at that point of time.
To know whether that was the case for the specific patient, we
preceded the ProMAS with a question on whether the patient
was on medication already. If answered with “no,” the 15-item
questionnaire was presented excluding the questions about
longer medication use; otherwise the 17-item questionnaire was
presented. Patients were invited to participate in the study at
the first dispense. Participating patients received the
questionnaire shortly before the second dispense. If it appeared
that they had not answered the questionnaire at the second
dispensing moment, they were offered to answer the
questionnaire in the pharmacy. Consequently, patient’s answers
evaluated their experiences in medication adherence for at least
10 days.

The items consist of statements with yes/no answer categories.
Examples of statements are “It has happened at least once that
I forgot to take (one of) my medicines”; and “When I am away
from home, I occasionally do not take (one of) my medicines.”
The items skipped related to making changes in the medication
use and being late for refills, as these questions consider a longer
experience in chronic medication use. One original question
considering longer medication use (“In the past month, I have
forgotten to take my medication at least once”) was adapted to
“Since the first dispensing, I have forgotten to take my
medication at least once.”

Second, the barrier questionnaire measured to what extent the
following emotional, cognitive, and practical barriers for
nonadherence were present: feelings with regard to medication
(emotional), fear of side effects (emotional), concerns about
medication usage (emotional and cognitive), necessity beliefs
(cognitive), attitude with regard to medication (cognitive),
self-efficacy (cognitive and practical), inconvenience (practical),
and applying the medication scheme (practical). The barrier
questionnaire was developed and validated in an earlier study
(data not shown). First, a list of 25 adherence determinants was
composed, based on existing evidence in the literature about
their relationship with medication nonadherence [8,23-27].
Second, an extensive questionnaire was composed by assessing
this list of 25 determinants making use of existing (shorter
versions of) instruments for the constructs for which they existed
and self-composed items when instruments did not exist. Third,
the questionnaire was administered to 1247 patients taking

medication for their chronic condition in the Netherlands and
United Kingdom. Furthermore, their medication adherence was
assessed through pharmacy refills. Finally, based on predictive
modeling, the determinants that were significantly predictive
of medication nonadherence were selected and the less
predictive ones were excluded. This resulted in a short and
manageable questionnaire that included 24 items that screen
for a set of 8 determinants (named barriers) that have been
shown to have a significant impact on medication nonadherence.
The questionnaire entails a screening for the potential presence
of the barriers in the patient rather than a validated assessment.
The result is verified in the conversation between the patient
and the care provider. Examples of items and answering
categories are as follows:

• In the domain self-efficacy: “If I do my best, I will succeed
in taking my medicines according to my doctor’s
prescriptions.” Answering categories: Strongly disagree/
Disagree/ Uncertain/ Agree/ Strongly agree.

• In the domain attitude: “How positive or negative are you
about your prescribed medication?” Possible answers:
Negative/ Somewhat negative/ Neutral/ Somewhat positive/
Positive.

• In the domain feelings: “I feel that I would rather stay away
from my medication.” Answering categories: Strongly
disagree/ Disagree/ Uncertain/ Agree/ Strongly agree
(scored reversed).

Barrier Profile
The answers to the barrier questionnaire were translated into a
visual barrier profile that presents each domain as a circle: a
small circle corresponding to a barrier “asking for much
attention”; a larger circle corresponding to “asking for some
attention”; and the largest circle corresponding to “no barrier
present” (Figure 1). The visual representation of the profile
deliberately showed the largest circle when no barrier was found,
to emphasize a patient’s strengths (full circle) and represent
barriers as opportunities for growth (from small to larger
circles).

The profile shows 8 potential adherence barriers: 2 emotional
barriers (feelings with regard to medication and fear of side
effects), 1 emotional/cognitive barrier (concerns about
medication usage), 2 cognitive barriers (necessity beliefs and
attitude with regard to medication), 1 cognitive/practical barrier
(self-efficacy), and 2 practical barriers (inconvenience and
applying the medication scheme).
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Figure 1. An example of a barrier profile.

Pharmacy Equipment
Intervention pharmacists and their pharmacy assistants received
a 3-hour training comprising an introduction to patient-centered
motivational communication, a demonstration of a second
dispense discussion with a barriers profile, and skills practice
using role play. The training was provided by a psychologist
with expertise in patient-centered communication technique.
The psychologist instructed the intervention pharmacists and
their pharmacy assistants on discussing the profile with the
patients to tailor the intervention to overcome personally
relevant cognitive, emotional, or practical barriers.

Intervention pharmacies received a manual containing
instructions for discussing and overcoming the various potential
barriers as reference material at their disposal when they would
need it. This manual was developed based on principles of
patient-centered communication and with experts’ input. The
manual held recommendations on how to address each of the
possible barriers. In the developmental phase a stakeholder
group was involved. This group comprised pharmacists, general
practitioners (GPs), a communication expert, technicians, and
researchers.

Each pharmacy was provided with a tablet that had an app
(BOMM) installed, which was specially developed for
registration of participating patients.

It also offered the opportunity to the patient to fill out the
questionnaire at the second dispensing as a second chance to
those who wanted to participate but failed to do so before. In
the intervention pharmacies, the pharmacist used the tablet to
review the graphical barrier profile during the second dispensing
moment, and to make any notes regarding the conversation and
applied intervention. Control pharmacies did not receive the
information from the questionnaires, and their consultation
during the second dispense was performed as usual.

Tailored Intervention
At the second dispensing moment, a tailored intervention was
initiated for patients in the intervention group with an increased
risk for nonadherence. The intervention started with a
presentation and discussion of the barriers profile. In a personal
face-to-face consultation, the pharmacist discussed the relevant
barriers in the profile trying to take away or diminish these
barriers using a patient-centered communication technique. The
pharmacist could use the manual as a reference source to rely
on for addressing the relevant barriers (the manual contained
specific instructions for addressing each barrier). To address,
for instance, the cognitive barrier of necessity beliefs, the
intervention, for example, focused on emphasizing the necessity
of the medication or stimulating the patient to start
self-monitoring of blood pressure or blood glucose levels to
make the effect of the medication more visible to him/her and
thereby improve the belief that it is necessary to take the
medication. Self-monitoring devices were made available by
the research group for patients to use during the study. To
overcome the practical barrier of a lack of applying the
medication scheme, the pharmacist could give additional
explanation about the medication scheme or a pill organizer or
multidose drug dispensing systems; in some cases, a
simplification of the dosage scheme could also be offered. The
pharmacist could plan a follow-up consultation.

The pharmacist registered the intervention type in the automated
information system, which is shared with the pharmacy team
and the GP. This enabled the health care professionals in the
general practice to take notice of the intervention and to pay
attention to the adherence in line with the pharmacists’
intervention.

The feasibility of implementing the use of the adherence tool
in the daily pharmacy workflow was piloted in 2 intervention
pharmacies. Based on the experiences during the pilot period,
workflow adaptations to increase convenience and efficiency
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were made. Study information for patients and pharmacists,
comprising clarification for the patients and flowcharts for the
pharmacies, was adapted after the pilot period based on feedback
from the pilot pharmacies.

Implementation of the Medication Adherence Tool
Members of the research team visited all participating
pharmacists to explain the study in detail and the use of the app
on the tablet and to provide them with an easy-to-understand
explanation of the workflow concept. They subsequently also
discussed how the workflow concept could be optimally tailored
to existing routine work procedures in their pharmacy. One of
the project group members from the care group was available
during working hours to answer questions arising from the study.
Finally, pharmacists had the opportunity to contact one of the
pilot pharmacists for questions and advice about study
procedures.

Furthermore, intervention pharmacies received a follow-up
group session from the trainer on the patient-centered
communication technique to provide support and exchange
experiences on discussing the barriers profiles.

Recruitment of Pharmacies, General Practices, and
Patients

Drug Classes and ATC Codes
The trial was carried out with community pharmacists, GPs,
and their patients with a first prescription of cardiovascular or
oral blood glucose–lowering medication with Anatomic
Therapeutical Chemical (ATC) codes A10B, B01AC, C01A,
C01D, C03, C07, C08, C09, or C10 within the study period (see
Multimedia Appendix 1 for drug classes and ATC codes and
[28]). A first prescription was defined as no drug dispensing
from that drug class to the patient in the preceding year. In the
Netherlands, patients are listed with a GP. Furthermore, patients
generally receive their medication from 1 community pharmacy.

The primary care collaborative DOH (De Ondernemende
Huisarts or The Innovative General Practitioner) recruited the
pharmacies and general practices for this study. DOH is a
general practice collaborative in the South of the Netherlands
that developed and implemented structured care for several
prevalent chronic conditions including cardiovascular diseases
and diabetes. The DOH works in close collaboration with the
regional pharmacist organization Stichting Categorale Zorg
voor apothekers in Zuidoost Brabant (CaZo). During the trial
period patient inclusion failed compared with the expected
numbers. For that reason we allowed pharmacies to also include
patients listed in general practices not part of the DOH
collaborative.

Pharmacies
DOH closely cooperates with 25 pharmacies and invited all for
the study. In a pilot phase, 2 pharmacies tested the use of the
medication adherence tool in their daily practice; for that reason
they participated in the intervention group. The other
participating pharmacies were randomly assigned to the
intervention or control group by drawing lots (performed by an
independent research assistant), and were informed about their
assignment. To ensure that small and large pharmacies were

evenly spread over the intervention and control groups,
pharmacies were stratified by “size,” dichotomized as “large”
or “small” (ie, the number of registered patients from DOH
GPs).

General Practices
DOH general practices received written information about the
study before the start. They were encouraged to contact a
member of the research team for posing their questions in case
things were unclear.

Furthermore, they were offered waiting room materials including
information on the study for narrowcasting, to raise awareness
about the study, and thus enhance patient inclusion. During the
study period, GPs were informed about the study progress in
terms of number of participants recruited. The barrier profile
and the pharmacists’ notes on the intervention were available
to the GPs and practice nurses in the electronic chain system,
so they could build on this information related to these patients
in the intervention group to increase medication adherence in
their follow-up contacts with the patient.

Patients
Patients (>18 years) from a DOH GP with a first dispensing of
cardiovascular or oral blood glucose–lowering medication (ATC
codes mentioned above), without cognitive impairments, and
able to read and speak Dutch were eligible for inclusion. The
pharmacies’automatized computer system alerts the pharmacist
at first dispensing of any drug at the ATC level 5 (eg,
simvastatin). However, the inclusion criterion for this study was
more strict in defining a first prescription within a drug class
(ATC level 3, eg, statins). Consequently, upon receiving an
alert for a first dispensing, the pharmacist had to check whether
the prescription was related to the medication studied and
whether this dispensing concerned the first drug that the patient
received within the drug class during the last year. Pharmacists
informed eligible patients about the study, provided them with
an information package that also contained the informed consent
form, and invited them to participate. Those interested in
participating were registered. We included only those patients
who returned a signed informed consent form. One week after
the first dispensing, these patients received a link to the online
questionnaire by email or a paper-based questionnaire if
preferred.

For all patients starting with cardiovascular or oral blood
glucose–lowering medication with a first prescription from a
DOH GP, the GP starts a treatment plan in the electronic
information system (referred to as chain information system)
that GPs and pharmacies use in their current daily practice to
report about the condition and laboratory results of their patients
and this is accessible to the different caregivers in the chain
who are involved in the care of the patient (eg, GP, pharmacist,
nurse practitioner). For patients in intervention pharmacies with
a high nonadherence risk, the pharmacists could access the
graphical barrier profile (see Figure 1 for an example) in the
chain system and in the app on the tablet by entering the
credentials of the patient.
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Ethical Approval and Informed Consent
The study was reviewed and approved by the local Medical
Research Ethics Committee, the Commissie Mensgebonden
Onderzoek (CMO) region Arnhem-Nijmegen (registration
number 2015-1604).

During their pharmacy visit for a first dispense, eligible patients
were invited to participate and received a package with study
information and an informed consent form. Additionally, we
asked informed consent from participating pharmacies and GPs
to share data regarding the condition and the medication use of
participating patients.

Measures

Nonadherence Risk
The revised ProMAS questionnaire consisted of 15 or 17
questions depending on the use of chronic medication prior to
the study. Each question on the ProMAS has 2 answer
categories, leading to a maximum sum score of 15 or 17. In the
18-item ProMAS the cut-off value for being at risk for
nonadherence was 14. As we skipped 1 question, we
pragmatically lowered the cut-off value to 13: patients with a
score of ≤13 were classified as having an increased risk for
nonadherence, whereas those with a score above 13 were not.
We used the same cut-off for patients who had to answer only
15 questions to minimize the probability of excluding patients
that might have an increased risk for nonadherence. The revised
ProMAS was applied 2 weeks after treatment initiation
(baseline) and at 8 months’ follow-up, both in the intervention
and in the control group. In the follow-up measurement all
patients received the 17-item revised ProMAS questionnaire.
The revised ProMAS score at baseline signaled nonadherence
risk and showed whether the patient was eligible for an
intervention while the control group data were used to assess
the predictive values of the revised ProMAS. The effectiveness
of the intervention on the revised ProMAS score at follow-up
was a secondary outcome measure.

Barriers to Adherence
Similar to the nonadherence risk, barriers were assessed at
inclusion and follow-up, and in both the intervention group and
the control group. The result at baseline informed the
infographic and consequently the intervention in those patients
in the intervention group that had a revised ProMAS score
indicative of a high nonadherence risk. Data at inclusion in the
control group were used to assess the predictive values of the
barrier questionnaire. The results at follow-up were used to
assess the effectiveness of the intervention on the barriers.

Adherence
Medication adherence was calculated as the percentage of days
covered (PDC) by medication based on pharmacy dispensing
data of 1 drug group from therapy initiation to follow-up after
8 months. The denominator of the PDC was the number of days
in 8 months from the first dispensing. For the numerator of the
PDC we counted the days covered by medication. Gaps in
availability due to late follow-up dispensing led to a lower PDC.

We used the PDC in a dichotomized way and as a continuous
measure. Applying Haynes’s empirical definition of adequate

adherence (ie, at least 80% of drugs taken) to antihypertensive
medication, patients with a PDC of at least 80% were labeled
as “adherent.” Although it may depend on the specific
medication in use, this cut-off point is commonly used in the
literature as a critical value for nonadherence [29,30]. As second
main outcome, we assessed the effectiveness of the intervention
on the PDC as continuous measure.

PDCs were calculated per medication group (Multimedia
Appendix 1), except for blood glucose–lowering drugs, which
were calculated at the subclass level, for example, biguanides
(ATC code A10BA) and sulfonylurea derivatives (ATC code
A10BB).

The follow-up period was set at 8 months to include at least
two follow-up prescriptions covering 3 months each after the
first dispensing for 2 weeks. Within participating pharmacies
information on the PDC of included patients was received in
an anonymized way for intervention and control pharmacies.

Outcomes

Primary Outcome
The primary outcome was the effectiveness of the intervention
on medication adherence (PDC dichotomized as ≥80% of days
covered and PDC as a continuous measure) comparing
intervention and control group patients after an 8-month
follow-up.

Secondary Outcomes
• The difference in percentage of patients with an increased

risk for nonadherence based on the revised ProMAS
between the intervention and control groups after an
8-month follow-up.

• The effectiveness of the intervention on the composite
barrier score (See the “Data Analysis” section).

• The positive and negative predictive values of (1) the
revised ProMAS score and (2) the barriers profile measured
at baseline in the control group in relation to medication
adherence at 8 months’ follow-up.

In the study protocol we formulated a secondary outcome
relating to medication adherence in the subgroup of patients
with a follow-up period of at least one year. As data might be
available easily, this would be a way to study whether an effect
would sustain. We refrained from this outcome because we
found no effectiveness in the primary outcome after 8 months.

Sample Size
For the sample size calculation we assumed that 60% of the
patients at high risk in our sample, based on their revised
ProMAS score, would be nonadherent (defined as PDC <80%),
with a 20% increase in patients with a PDC ≥80% in the
intervention group compared with the control group [31].
Concerning the effect of clustering of patients within
pharmacies, we assumed an intracluster correlation of 0.05.

For this trial in the care group setting, we expected at least 14
community pharmacies to participate. The sample size
calculation indicated that 39 patients at high risk for
nonadherence are needed per pharmacy (power 80%, type 1
error 5%; PASS software version 11).
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Data Analysis
To assess differences between the groups, we performed linear
and logistic mixed model multilevel analyses, with adjustment
for potential confounders (patient age, gender, diagnosis
[diabetes or not]). We planned to control for the number of
comedication in chronic use, but lacked the data for this.

We compared differences in medication adherence between the
intervention and control groups both as a dichotomous (PDC
<80% versus PDC ≥80%) and as a continuous outcome measure.
We performed intention-to-treat analyses.

During the study period data from the process evaluation (eg,
patient interviews) showed that the intervention was not always
applied. Post hoc we performed the same analyses per protocol.
From the intervention group we included only those patients
from whom we had proof that they actually received an
intervention (based on a note about the intervention in the
electronic chain system or from questionnaire or interview data
from the process evaluation) and compared these with the
patients in the control group.

During analysis we discovered much higher adherence rates in
the control condition than anticipated. We therefore tested
whether the dichotomized adherence differed between all
patients starting research medication in control pharmacies and
our research sample in the control group that was part of this
larger group of patients. Adherence was based on the PDC,
assessed in the same way as for the study population. We used
a chi-square test.

We compared differences in the revised ProMAS score between
the intervention and control groups by a fixed cut-off point
(score ≤13 versus >13) and the mean score between the groups
at follow-up.

Further secondary analyses assessed the difference in the
composite barrier profile score between the intervention and
control groups. For this outcome we computed a composite
barrier score based on the profile presentation. Each barrier was
scored as 1 (indicative for serious barrier), 2 (possible barrier
asking for some attention), or 3 (no barrier). We added the 8
barrier scores to form the composite barrier score with a range
from 8 to 24, with a higher score indicating fewer barriers.

The predictive values of the revised ProMAS score were
computed based on cross tabulation of revised ProMAS and
PDC scores dichotomized. All these analyses were performed
using SPSS software (version 25; IBM Corp).

Finally, the predictive value of the barrier profile was assessed
using machine learning, performed in R [32,33]. The barrier
profile consists of 8 individual barrier scores that were used to
train a machine learning algorithm to predict adherence at 8
months. The benefit of using a machine learning technique is
that combinations of the individual barrier scores that are
indicative of nonadherence will be discovered during the training
phase of the machine learning model. To create a
machine-learned predictive model, the data set was split into
training, test, and validation sets. The training set was used for
learning the parameters of the predictive model. The test set
was used to tune the parameters of a predictive model and the
validation set to evaluate the performance of the predictive
model. Two-thirds of the sample was used as the test and
training sets and one-third for validation.

For evaluating the performance of the predictive model, a
10-fold cross validation was applied [34]. To find the most
appropriate machine learning technique for our data, 3
techniques were tested: random forest, kernel support vector
machines, and generalized linear models [35,36].

Results

Overview
A total of 15 community pharmacies participated (7 pharmacies
in the intervention group and 8 in the control group).

In total, pharmacies registered 1405 patients for the study. Of
them, 806 completed the first questionnaire and returned a
signed informed consent form. Of these 806 patients, pharmacy
data were available for 684 patients. We had to exclude 192
patients as they turned out to be no initiators of their drug group
according to study criteria (but switchers or restarters) or
because they did not start chronic medication from our
predefined groups and thus were not eligible for inclusion. So,
for analyses we finally had available data from 492 patients. In
the intervention group 129/253 patients (51.0%) had a revised
ProMAS score, indicating high nonadherence risk; in the control
group this concerned 115/239 patients (48.1%). Table 1
describes the sample in terms of the basic patient characteristics;
the intervention group and the control group showed no
important differences. The questionnaire at 8-month follow-up
was filled in by 370 of the 492 patients. Patient inclusion
numbers per pharmacy varied from 3 to 107 patients.
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Table 1. Patient characteristics.

Control group (n=239)Intervention group (n=253)Characteristics

107 (44.8)127 (50.2)Female, n (%)

62.5 (10.6)63.7 (10.8)Age, mean (SD)

185 (77.4)194 (76.7)On chronic medication before starting the study medication, n (%)

43 (18.0)39 (15.4)In a disease management program for diabetes, n (%)

12.9 (3.0)12.8 (3.3)Revised ProMASa score, mean (SD)

115 (48.1)129 (51.0)Revised ProMAS score ≤13, n (%)

19.3 (2.26)19.4 (2.34)Composite barrier score, mean (SD)

182 (76.2)188 (74.3)Second survey completed, n (%)

aProMAS: Probabilistic Medication Adherence Scale.

Outcomes

Primary Outcome
Our primary outcome, medication adherence after 8 months,
was 65.1% (84/129) in the intervention group and 66.1%
(76/115) in the control group. There was no significant
difference between the intervention group and the control group
(B=–0.01; 95% CI –0.59 to 0.57; P=.96). Patients with
programmed diabetes care showed a significantly better
medication adherence (B=1.02; 95% CI 0.21-1.84; P=.01).

Analyzing the data considering the PDC as a continuous
outcome gave comparable results (effect intervention: B= –0.74;
95% CI –11.0 to 9.5; P=.87; effect programmed diabetes care:
B=16.3; 95% CI 6.2-26.5; P=.002).

In our post hoc per-protocol analysis we compared the
medication adherence of 74/129 patients in the intervention
group who received an intervention (71 based on records in the
information system, and an additional 3 based on data from
patient interviews) with the 115 patients in the control group.
No significant difference in medication adherence was found
for adherence dichotomized (B=0.19; 95% CI –0.50 to 0.89;
P=.58) and as a continuous outcome (B=4.5; 95% CI –7.8 to
16.9; P=.40).

Medication adherence in all patients starting research medication
in the control pharmacies during the research period was 47.79%
(2471/5170). This differed significantly from the 72.8%
(174/239) in our control sample (P<0.001).

Secondary Outcomes

ProMAS Score and Effectiveness of the Intervention
A total of 370 patients filled in the first as well as the second
survey. In the intervention group 55.3% (104/188) had a low

revised ProMAS score at 8 months’ follow-up, indicative of a
high nonadherence risk; in the control group 51.6% (94/182)
had a low revised ProMAS score. The average revised ProMAS
score was 12.64 and 12.74, respectively (P=.77).

Controlling for clustering in pharmacies, the revised ProMAS
score at inclusion, age, gender, and disease management
program (diabetes or not), the effect of the intervention was
nonsignificant (B=0.05; 95 CI –0.46 to 0.57; P=.85). Revised
ProMAS dichotomized gave comparable results (B=0.16; 95%
CI –0.31 to 0.62; P=.50).

We assessed the effectiveness of the intervention on the barrier
profile. The average score on the barrier profile at follow-up
was 19.7 in the control group and 19.9 in the intervention group.
Controlling for clustering in pharmacies, the barrier profile at
inclusion, age, gender, and disease management program
(diabetes or not), the effect of the intervention was
nonsignificant (B=0.11; 95% CI –0.49 to 0.71; P=.69).

Predictive Values of Revised ProMAS
We tested the predictive value of the revised ProMAS and the
barrier questionnaire on the data from all 239 patients in the
control group (all data are presented in Table 2). In the control
group medication adherence was 72.8% (174/239). Of the
patients with a low revised ProMAS score predicting a high
risk for nonadherence, 33.9% (39/115) had a PDC less than
80% (nonadherent). This was the positive predictive value of
revised ProMAS. Conversely, the negative predictive value was
79% (98/124), meaning that 79% of the patients with a high
revised ProMAS score not indicative for a high nonadherence
risk had a PDC of 80% or more (adherent). The sensitivity of
revised ProMAS was 60% (39/65).

J Med Internet Res 2022 | vol. 24 | iss. 4 |e16141 | p.947https://www.jmir.org/2022/4/e16141
(page number not for citation purposes)

van Lieshout et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Revised ProMAS score versus medication adherence.

Medication adherenceRevised ProMASa score

TotalAdherentNonadherent

1157639≤13

1249826≥14

23917465Total

aProMAS: Probabilistic Medication Adherence Scale.

Predictive Values of the Barrier Questionnaire
The barrier profile consists of 8 individual barrier scores that
were used to train a machine learning algorithm to predict
adherence at 8 months. Figure 2 shows the average performance

of the 3 applied learners. The best performing learner was the
random forest with an area under the curve of 0.795.

Applying the random forest model to the validation set (102/239
patients) yielded the following results: positive predictive value
74%; negative predictive value 80%; and sensitivity 76%.

Figure 2. The performance of 3 machine learning techniques (random forest, kernel support vector machines [KSVMs], and generalized linear models).
The results are the average outcomes of a 10-fold cross validation and relate to the predictive value of the answers on the barrier assessment survey.

Discussion

Principal Findings
Among initiators of diabetic or cardiovascular drugs, we found
no effect of our intervention on medication adherence as
measured by pharmacy dispensing data at 8 months’ follow-up.
Further, the intervention did not significantly change the
secondary outcomes for the medication adherence risk and
barriers at 8 months’ follow-up. Instead, receiving programmed
diabetic care was associated with higher medication adherence.

The positive and negative predictive values of the risk
assessment based on the revised ProMAS questionnaire were
34% and 79%, respectively. Sensitivity was 60%. The predictive

values of the barrier questionnaire were 74 and 80%,
respectively.

Below we discuss several factors that may have influenced the
results: (1) the adherence in the control group was high and left
little room for improvement; (2) our study lacked power, as the
final patient number eligible for analysis was lower than
expected; (3) the fidelity of the pharmacists in the intervention
group to perform the intervention was lower than expected
(many patients actually did not receive the intervention); (4)
the accuracy of the revised ProMAS in predicting nonadherence
was limited; (5) the quality of the intervention delivery may
have been suboptimal; (6) the opportunities to enhance the
impact of the intervention in the care chain were not leveraged.
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An important hindrance in our study was—in itself very
positive—the finding of the high medication adherence level
in the control group: 66.1% (76/115) of the patients at high
nonadherence risk had a PDC over 80%. Many patients had an
already optimal PDC of 100% from usual care alone, which
leaves no room for improvement. Although we have no data
proving it, we expect that repeat prescription services and
multidose dispensing systems may have led to more patients
with a PDC of 100%. When offered more often in study patients,
this might be seen as a form of cross over.

Our assumptions for the sample size calculation were based on
average adherence data in the literature of 50%. This percentage
was confirmed by the adherence of all patients starting research
medication in the control pharmacies of 47.79% (2471/5170).
The high medication adherence in our sample gives rise to
several possible explanations. First, this may be due to selection
in the pharmacies during the phase of inviting patients at the
first dispensing. Selection bias might also have occurred at the
patient level: patients who consider medication adherence
important might be more willing to participate in the study.
Another explanation of the high adherence rate in our study
sample might be the so-called Hawthorn effect: knowing you
participate in a study will influence your behavior [37,38].
Finally, the questionnaire used in both the intervention and
control groups might have triggered patients to reflect on their
behavior, their health, and the importance of medication,
resulting in higher adherence rates. Therefore, filling out the
questionnaire might be considered an intervention in itself.

We operationalized medication adherence by pharmacy dispense
data, which might be criticized. The PDC as a surrogate measure
of adherence is a conservative measure for nonpersistence
without taking noninitiation into account [9].

Second, the intervention was not always delivered to those
patients selected for it. All patients with a revised ProMAS
score indicative of a high nonadherence risk had to be offered
an intervention with notes in the multidisciplinary electronic
file. From the lack of notes and from patient information
gathered in the process evaluation, we learned that many eligible
patients did not receive an intervention. Clear descriptions,
possibilities for flexible time management, simple patient
inclusion, and task delegation could increase participation in
the intervention [39]. Although the pharmacists agreed to
participate, the lack of flexibility relating to the timing of the
intervention might have been a barrier to perform it according
to the intervention protocol.

In our per-protocol analyses we only included those patients to
whom the intervention was actually offered. However, in this
smaller sample we did not find an effect.

Third, the number of included patients per month proved to be
far lower than anticipated. The research team, therefore, put
much effort in supporting the pharmacies to invite patients and
we increased the potential of eligible patients by allowing them
to be included from GPs other than the participating GP care
group. Still, we did not manage to reach the calculated sample
size. Moreover, we ended up with a large variation between
numbers of included patient per pharmacy. Variation in cluster
size requires even higher numbers to achieve the same statistical

power level [40]. The final sample size was even further
compromised because we had to exclude patients from the
analysis who did not fulfil the inclusion criteria. This was mainly
due to the stricter criteria for therapy initiation from our study
compared with the automated alerts from the pharmacy system.

Fourth, the accuracy of the prediction of nonadherence risk was
limited. We preferred to use the revised ProMAS over other
adherence questionnaires as it measures behavior and not the
beliefs, attitudes, and intentions [22]. The adherence results in
our control group showed that 2 out of 3 patients who were
offered an intervention would have been adherent at 8 months
without an intervention. This is inefficient regarding time and
means and dilutes any possible effect from a research
perspective. By contrast, with a revised ProMAS sensitivity of
60% in 40% of nonadherent patients we missed the chance to
offer these patients an intervention. Although personalized care
involves risk stratification, the diagnostic ability of revised
ProMAS may not have been sufficient yet. The predictive
characteristics of the barrier questionnaire proved to be better.

Fifth, the quality of intervention delivery may have been
suboptimal. Before the start of the project, pharmacists followed
a 3-hour training in communication skills and intervention
delivery. During the intervention period, pharmacists were
offered extra training to improve their communication skills for
the intervention. Process evaluation showed that this training
was mainly used to discuss difficulties in patient inclusion and
thus communication skills may not have been developed as
expected.

Sixth, collaboration between pharmacy and general practice in
reinforcing the intervention did not happen. Moreover,
pharmacists did not offer devices to measure blood pressure or
blood glucose to the patients, although we offered this as a way
to improve patients’ motivation [12]. Interviews during the
study period with the pharmacists showed that they experienced
a lack of skills to recruit and perform adherence conversation
and often lacked time to execute interventions on busy days.

Improvement of our intervention might apply various elements.
The basic principle of profiling a patient based on nonadherence
risk and barriers for adherence seems to align well with the
trend to provide personalized care in general and more specific
with the trend to tailor medication adherence interventions to
the needs of the patient.

Improving the instrument for patient selection would help to
put the energy where it is most beneficial. The positive and
negative predictive values of the revised ProMAS were 34%
and 79%, respectively. In their review, Lam and Fresco [41]
mentioned that the Morisky Medication Adherence Scale has
advantages over other self-reporting adherence scales. Tan et
al [42] found in their review 2 studies reporting predictive values
of the Morisky Medication Adherence Scale. The positive
predictive values were 0.41 and 0.71, the negative predictive
values were 0.65 and 0.43, respectively [43,44]. Further research
could include the evaluation of the individual responses of all
patients to the revised ProMAS questionnaire. This would
provide more insight into its test characteristics.
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Additionally, from dispensing data available in the pharmacy,
it should be possible to only provide the intervention to patients
on chronic medication not collecting their medication in time.

The assessment of the predictive values of the barrier profile
shows better results to target patients than those of the revised
ProMAS, indicating that the barriers measured are relevant for
medication adherence.

More collaboration in the chain of health care professionals is
another possible way to strengthen the intervention. When in
the general practice the barrier profile and the data from the
pharmacist’s intervention are directly visible in the chain system,
the GP and practice nurse can build upon the intervention or at
least support and underline it. In our study the intervention was
not supported in the general practice.

Strengths and Limitations
As discussed above, the sample size was an important limitation
of our study. We failed to include the patient numbers needed
and for about 100 participants medication data could not be
linked. Almost 200 patients included were not eligible because
they were not a “starter” with one of the trial medications. To
increase patient recruitment, we allowed pharmacists who hardly
managed to include patients to include patients listed with GPs
from another care group. Although we do not expect effect on
the outcome, this change in eligibility is a limitation.

Another limitation was that we had to adapt the ProMAS
questionnaire for those patients not on medication yet.
Consequently, the version we used, excluding questions, was
not formally validated as the original version. The measurement
of nonadherence risk only shortly after medication initiation
may result in a slightly more positive nonadherence risk due to
the situation-specific nature of certain items and the decreased

chance of the occurrence of these situations in a short period
compared with a longer period (eg, When I am away from home,
I occasionally do not take my medicine). However, we used a
liberal cut-off, thereby lowering the chances of missing any
patients at increased risk for nonadherence.

In our research we were not able to control for polypharmacy.
Patients on medication and starting with another medication
(add-on) are in another situation than patients starting with 1
first medication. While more medication can add more
difficulties, it could also enhance adherence to existing
regimen(s).

An important strength of our study was the trial design, with
pharmacies being randomized and analyses taking patient
clustering into account. This was achieved in collaboration with
an industrial company providing user-friendly technology and
the care professionals with their care group policy makers. This
study was carried out in the daily practice after a pilot phase to
customize the processes and materials.

Taking less medication by skipping dosages and stopping after
a certain period may result in the same PDC indicating
nonadherence. So, our PDC data do not allow for conclusion
on the type of nonadherence.

Conclusion
Our tailored intervention for initiators of cardiovascular or
diabetes medication did not improve medication adherence
compared with usual care. However, interventions tailored to
individual barriers of those patients with an increased risk for
nonadherence appear to be a good strategy in line with the
current policy to personalize care. A study with a better selection
of those patients who could benefit and a better implementation
of the intervention might well show positive results.
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PDC: percentage of days covered
ProMAS: Probabilistic Medication Adherence Scale
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Abstract

Background: Little is known about the role of the World Health Organization (WHO) in communicating with the public on
social media during a global health emergency. More specifically, there is no study about the relationship between the agendas
of the WHO and Twitter users during the COVID-19 pandemic.

Objective: This study utilizes the network agenda-setting model to investigate the mutual relationship between the agenda of
the WHO’s official Twitter account and the agenda of 7.5 million of its Twitter followers regarding COVID-19.

Methods: Content analysis was applied to 7090 tweets posted by the WHO on Twitter from January 1, 2020, to July 31, 2020,
to identify the topics of tweets. The quadratic assignment procedure (QAP) was used to investigate the relationship between the
WHO agenda network and the agenda network of the 6 Twitter user categories, including “health care professionals,” “academics,”
“politicians,” “print and electronic media,” “legal professionals,” and the “private sector.” Additionally, 98 Granger causality
statistical tests were performed to determine which topic in the WHO agenda had an effect on the corresponding topic in each
Twitter user category and vice versa.

Results: Content analysis revealed 7 topics that reflect the WHO agenda related to the COVID-19 pandemic, including
“prevention,” “solidarity,” “charity,” “teamwork,” “ill-effect,” “surveillance,” and “credibility.” Results of the QAP showed
significant and strong correlations between the WHO agenda network and the agenda network of each Twitter user category.
These results provide evidence that WHO had an overall effect on different types of Twitter users on the identified topics. For
instance, the Granger causality tests indicated that the WHO tweets influenced politicians and print and electronic media about
“surveillance.” The WHO tweets also influenced academics and the private sector about “credibility” and print and electronic
media about “ill-effect.” Additionally, Twitter users affected some topics in the WHO. For instance, WHO followers affected
“charity” and “prevention” in the WHO.

Conclusions: This paper extends theorizing on agenda setting by providing empirical evidence that agenda-setting effects vary
by topic and types of Twitter users. Although prior studies showed that network agenda setting is a “one-way” model, the novel
findings of this research confirm a “2-way” or “multiway” effect of agenda setting on social media due to the interactions between
the content creators and audiences. The WHO can determine which topics should be promoted on social media during different
phases of a pandemic and collaborate with other public health gatekeepers to collectively make them salient in the public.

(J Med Internet Res 2022;24(4):e34321)   doi:10.2196/34321
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Introduction

Problem Statement
Social media has changed how online users share and receive
news and information on various public health emergencies. A
contagious and fatal public health emergency that started in
early 2020 was the COVID-19 pandemic, with 263,563,622
confirmed cases, including 5,232,562 deaths worldwide as of
December 03, 2021 [1]. Right after the outbreak of the virus,
social media became the main technology for sharing and
receiving information about various aspects of the pandemic.

During the pandemic, social media users received information
from various sources such as the news media, politicians, and
celebrities. These sources sometimes disseminate biased
information due to their politically biased and partisan stance
on public issues, consequently impacting public opinion and
behavior [2]. Brennen et al [3] found that approximately 20%
of misinformation about COVID-19 on social media with a high
engagement was posted by gatekeepers, such as politicians,
celebrities, and other influential public figures. Thus, even
trusted sources of information are likely to produce biased and
irrelevant information [3,4], which can develop biased opinions
or a false reality about COVID-19.

The widespread distribution of information on social media
resulted in the dissemination of low-quality and unverified
stories and facts about COVID-19 [3,5,6], increasing public
uncertainty about the situation and what will happen next [7].

Potential Solution
In such situations, trusted sources of public health information
such as the World Health Organization (WHO) can develop an
agenda to make the public aware of existing challenges and
fight against the spread of false information. The WHO agenda
can be defined as the topics emphasized and presented to the
public at a given time [8].

Research Questions
To understand and explore the role of the WHO in setting a
public health agenda regarding COVID-19 for various social
media user categories (ie, health care professionals, academics,
politicians, print and electronic media, legal professionals, and
the private sector), this study investigated the following research
questions:

• Research question 1 (RQ1): “Which topics (ie, agenda)
related to the COVID-19 pandemic were promoted by the
WHO’s account on Twitter?”

• Research question 2 (RQ2): “What is the relationship
between the WHO agenda regarding COVID-19 and the
agenda of different categories of WHO followers on
Twitter?”

• Research question 3 (RQ3): “How do the WHO and
different categories of WHO followers on Twitter affect
each other’s agenda regarding COVID-19?”

These research questions help us (1) understand the extent to
which the WHO has been successful in setting its agenda about
COVID-19 on Twitter and (2) propose how the WHO can more
effectively create information-related benefits for different
categories of users on Twitter during public health emergencies.

This study adopted the agenda-setting theory [9] as a lens to
address the research questions, as it can be used to understand
and explain the impact of gatekeepers in shaping public agenda
on various issues such as health crises. The importance of
agenda setting is that it can be employed by gatekeepers to tell
the public what critical issues a country is facing [10] and to
impact public opinion about those issues [11]. This study is
specifically focused on the network agenda-setting model [12],
which states that the salience of interrelationships among
attributes (eg, social distancing, handwashing, face covering)
of an issue (eg, COVID-19) emphasized by gatekeepers can be
transferred to (affect) the public agenda [12].

Literature Review

Agenda Setting
Gatekeepers such as the news media determine which issues
are important in society and consequently set the public agenda
around those issues [9]. When an issue is being shared frequently
and prominently, the public may also come to perceive them as
important [13]. For instance, the presentation and repetition of
“social distancing” by the WHO on social media could make
the majority of people perceive it as an important attribute of
COVID-19 that should be given considerable attention.

The agenda-setting theory [9] is about transferring the salience
of issues and issue attributes to the public, suggesting that
gatekeepers can tell people what to think about and how to think
about them [11]. For example, COVID-19 is a public health
issue that has a variety of attributes (eg, social distancing, hand
hygiene, face covering). The WHO can set an agenda around
COVID-19, to bring the importance of COVID-19 and its
attributes to the public’s attention.

Agenda-Setting Effect
Agenda setting proposes that the repetition of messages about
public issues by a gatekeeper can influence people’s minds [13].
As a result, people mentally connect to those issues to a similar
degree in which they have been emphasized by the gatekeeper
[14]. For instance, by emphasizing social distancing, hand
hygiene, and face covering, the public is more likely to make
links to these 3 attributes in their minds than other less
highlighted attributes.

Agenda-setting research uses correlation tests to investigate
how the issue and issue attributes presented by a gatekeeper
(representing the gatekeeper agenda) correlate with the issue
and issue attributes in the public discourse (representing the
public agenda). The assumption is that, if there is a positive
correlation between both agendas, the gatekeeper, such as the
news media, has been able to impact the public agenda [15].
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Network Agenda Setting
Guo and McCombs [12] proposed an agenda-setting model,
called network agenda setting, according to which gatekeepers
like the news media have the power to impact people’s cognitive
network. A gatekeeper builds “network connections” between
the attributes of an issue and transfers those interconnected
attributes to the public’s minds (see Figure 1). For instance, if

the news media consider a country’s economic problems to be
associated with its foreign policy, audiences are also likely to
consider them to be associated with each other [16]. According
to network agenda setting, “the more frequently that two
elements are associated in the news coverage, the more likely
it is that the audience will consider the two interconnected”
[16].

Figure 1. Comparison of a traditional agenda-setting approach with a network agenda-setting model [17].

Therefore, the attributes of an issue can be transferred to the
public as a network of interconnected attributes. For instance,
social distancing, handwashing, and face covering, as 3 attributes
related to COVID-19, can be transferred to the public agenda
simultaneously as a network of attributes [12]. That said, when
people think about social distancing, they would also think about
handwashing and face covering as measures for protecting
against the COVID-19 virus. Therefore, the public can be told
not only what issues and attributes to think about and how to
think about them but also how to link those issues and attributes
in their minds [15].

The main difference between traditional agenda setting and
network agenda setting is that the former assumes an issue and
its attributes are separately and discretely transferred to the
public agenda, while the latter assumes they are transferred
simultaneously as a bundle of networked attributes [12]. Figure
1 [18] compares the traditional and network agenda-setting
models.

Network Agenda-Setting Effect
To identify the network agenda-setting effect, just as with the
traditional agenda-setting effect, correlation tests are used to

identify how well a gatekeeper’s agenda is correlated with the
public agenda. However, in network agenda setting, the agenda
will be presented in a network or co-occurrence square matrix
(ie, a matrix with the same number of rows and columns)
consisting of issue attributes (see Table 1). The value in each
cell in the matrix represents how many times the 2
corresponding attributes have co-occurred in a data set: the
higher the value, the stronger the 2 attributes are connected. For
instance, in Table 1, attributes 3 and 2, with a co-occurrence of
30, are connected stronger than other attributes [18].

Therefore, a matrix represents the agenda network of a
gatekeeper or the public for a given issue in a specific period
[15]. Assessing the correlation between the 2 matrices can
determine if the former has had any agenda-setting effect on
the latter [18].

In network agenda-setting studies, social network analysis is
applied to illustrate how issue attributes are interrelated [18].
In a network that demonstrates an agenda, each node represents
an attribute of an issue, and each tie between any 2 nodes
represents their relationships. The number of times the 2
attributes co-occur in a data set represents the strength of the
tie [19].
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Table 1. The matrix of an agenda network for a hypothetical gatekeeper.

Attribute 4Attribute 3Attribute 2Attribute 1Attribute

52515—aAttribute 1

1530—15Attribute 2

12—3025Attribute 3

—12155Attribute 4

aNot applicable.

Agenda Setting on Social Media
Social media plays an increasingly significant role in agenda
setting [20] by making large-scale communication possible and
giving voice to different groups of people, such as minorities
[21]. The increasing adoption of social media has changed how
the news media, politicians, and other influential actors
communicate with people and perform their agenda-setting
activities [20]. For instance, during elections, candidates and
their campaigns make strategic use of social media to mobilize
voters by bringing their attention to the issues that are of great
public concern [22]. Agenda setting can also be used in health
promotion activities on social media [23].

Hemsley [24] stated that the strategic use of social media such
as Twitter and its features such as hashtags could establish and
promote health, social, political, or environmental agendas.
Hashtags and the stories that form around them can become
part of people’s social reality and inform their worldviews [24].
For instance, Twitter and hashtags can be used to enhance
information dissemination, publicize the movement, invite new
people to the movement, enhance its visibility, broadcast
messages to broader audiences, and attract people’s attention
[25,26].

Lee and Xu [27] also noted that Twitter could be used during
elections to set public agendas. For instance, Donald Trump
used Twitter and hashtags during the 2016 US presidential
election to develop a variety of public agendas, most
importantly, the “media bias” and “Clinton’s alleged
dishonesty.” Lee and Xu [27] showed that Donald Trump was
more successful than Hillary Clinton in drawing public attention
to the agendas highlighted by his campaign on Twitter. Feezell
[17] indicated that being exposed to political information on
Facebook increased perceived issue salience and importance,
yielding an agenda-setting effect.

The Gap in the Network Agenda-Setting Literature
Past agenda-setting studies have been mostly focused on
gatekeepers such as the news media and topics such as political
issues (eg, [17,28]). However, it is less studied how global health
gatekeepers such as the WHO set an agenda on social media
during public health emergencies and what impact they can
have on various social media users.

Past studies have suggested that agenda setting can have
different effects on various public subgroups [11,19,29]. The
network agenda-setting model and the literature in this area
does not focus on how different user categories on social media
are affected by the gatekeepers they follow on social media.

This study fills in these gaps in the literature, by studying the
network agenda-setting effect of the WHO on 6 Twitter user
categories (that follow WHO's Twitter account).

Methods

Classifying WHO Followers on Twitter to 6 User
Categories
The WHO’s followers on Twitter were classified into 6
categories, including (1) health care professionals, (2)
academics, (3) politicians, (4) print and electronic media, (5)
legal professionals, and (6) the private sector. This classification
was done to investigate if and how different categories on social
media react to a public health issue.

We adopted and modified the approach used by Toupin et al
[30] to classify Twitter users. The main reason for selecting
these categories is that they are influential actors in society
whose actions can impact citizens during crisis events as
explained in the following paragraphs.

In this study, health care professionals include public health
workers in academia and industry sectors, such as doctors and
nurses. Health care professionals serve citizens during public
health emergencies in various ways, for instance, by warning
them against self-medicating [31].

Academics were defined as the people who work in academia
(except health care professionals), such as professors,
researchers, and students who can inform society through their
research and writing about various issues related to the
COVID-19 pandemic [32].

Politicians include policy and decision makers in the state and
federal governments, such as mayors, congressmen,
congresswomen, and senators. Politicians can impact people
by, for instance, communicating with them about the concerns
raised around vaccine safety [33].

Print and electronic media include those responsible for
information dissemination and public awareness, such as
journalists, press, news agencies, and publishers. The print and
electronic media are powerful sources of information for the
public as a crisis unfolds [34]. They can, for example, fact-check
the information shared on social media related to COVID-19
[35].

Legal professionals include courts, lawyers, and attorneys who
provide legal advice and resources, for instance, for an ideal
crisis communication strategy [36]. Additionally, they can
ensure the compliance of policies with national laws such as
human rights [37].
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Private sectors include corporations, incorporated organizations,
companies, chief executive officers, and for-profits who serve
society by satisfying the needs of citizens. For example,
companies can take necessary actions to serve their customers
by empowering their employees to operate remotely [38].

The classification of followers into 6 categories was done
according to the short biographical profiles of Twitter users.
The data sets used in this study can be found online [39]. R
software was used to collect and analyze the biographies of
Twitter users according to the steps in the following paragraphs.

First, the IDs of the approximately 7.5 million Twitter accounts
following the WHO in 2020 were retrieved, and the “username”
associated with each ID was collected.

Next, the “description” used in biographies of the accounts (ie,
usernames) were collected. Table S12 in Multimedia Appendix
1 provides a list of keywords used to classify and identify the
Twitter user categories. The list was generated by searching on
the Internet and using websites such as the US Bureau of Labor
Statistics [40] that provide a list of job titles in various domains.
For instance, the keywords used to identify “academics” were
as follows: “lecturer,” “professor,” “phd,” “student,” “ph.d.,”
“postdoc,” “postdoctoral,” “doctoral,” “msc,” “master,” “ms,”
“bs,” “bachelor,” “undergrad,” “grad,” “graduate,”
“undergraduate,” “scientist,” “postgrad,” “faculty,” “chancellor,”
“university,” “college,” “school,” “provost,” and “vice-provost.”

To make each category as exclusive as possible and increase
the reliability of the classification, general keywords, such as
“research,” “researching,” “teams,” “organizations,” “institutes,”
“campus,” “professional,” “officer,” “change,” “equity,” and
“policy,” were excluded in classifying Twitter users. The
preliminary investigation and analysis of user biographies
indicated that some keywords such as “chief” or “boss” appeared
in several categories. Such keywords were also excluded.

Data Collection

Collecting WHO Tweets
Twitter was the main source for data collection. Twitter contains
features such as hashtags, retweets, replies, mentions, and likes
that make it a suitable platform for studying online social
interactions [41]. Using the brandwach platform, the current
study collected 7090 tweets posted by the WHO from January
1, 2020, to July 31, 2020.

Collecting Tweets for the 6 Twitter User Categories
The tweets related to COVID-19 posted by each Twitter user
category from January 1, 2020, to July 31, 2020, were collected
using the rtweet package.

Data Cleaning

Removing Bots
Previous studies have shown that bot accounts are active on
Twitter, specifically during political debates, social movements,
and public health emergencies. For instance, Ferrara [42]
indicated that bots actively promoted political conspiracies
during the COVID-19 pandemic. Our study used the
tweetbotornot package in the R software to classify Twitter

accounts into bots and nonbots; the package is 91.78% accurate
in identifying bots and 92.61% accurate in identifying nonbots
[43]. Accounts that receive a score of at least 50%, or a
probability of 0.5, are bots and should be removed from the
analysis [44]. Of the 656,805 Twitter accounts in the data set,
441,041 (ie, 67.15%) were classified as bots and consequently
excluded from the analysis.

Removing Non-English and Non-COVID-19 Tweets
The WHO tweets that included irrelevant keywords such as
Ebola, opioids, cancer, tobacco, and malaria were removed.
Only the tweets that contained keywords and hashtags related
to COVID-19 (see A1 in Multimedia Appendix 1) were included
in the study. This approach removed 2111 (ie, 29.77%) of the
tweets, leaving 4979 tweets in the WHO data set.

Overall, 7,965,610 tweets written in non-English languages
were removed from the data set of WHO followers, leaving
7,547,019 tweets (48.65% of the total tweets) in the data set
written in English (see Table S8 in Multimedia Appendix 1).
Only the tweets posted by the 6 Twitter user categories that
contained at least a keyword or hashtag related to COVID-19
(see A2 in Multimedia Appendix 1) were included in the
analysis. This resulted in including 918,976 tweets (ie, 5.9% of
the total tweets) related to COVID-19 and written in English in
the data set (see Table S8 in Multimedia Appendix 1).

Content Analysis to Identify the WHO’s Agenda
Content analysis was used to identify the main topics discussed
by the WHO in the first half of 2020. These topics constitute
the WHO’s agenda related to COVID-19 on Twitter. An
agenda is the topics presented in the public or media or any
other medium at a given time [8].

The tweets posted by the WHO (n=7090) were stratified by
months (January 2020 to July 2020) in Microsoft Excel. Using
stratified sampling, 10.00% (n=709) of WHO tweets were
randomly selected. The sample size for each stratum (ie, month)
was proportional to the number of tweets in the stratum [45],
as indicated in Table S9 in Multimedia Appendix 1.

The content analysis was carried out in 3 steps: In the first step,
called the training phase, the 2 coders familiarized themselves
with the content of the tweets. They coded a set of randomly
selected tweets together inductively to increase their comfort
level with and learn about the content of tweets. This helped
them come to the same understanding of how the tweets should
be coded [46]. The second phase, called the pilot test, included
coders coding 100 of the tweets from a separate representative
sample and assessing the intercoder reliability, independently
[47], and resolving the discrepancies. The final step included
coding the total sample size, independently, which resulted in
an intercoder reliability agreement of 85%.

The coding was done by assigning 1 to 3 keywords that
described the tweet's content to each tweet. For example,
“handwash” and “handrub” were the 2 keywords assigned to a
tweet by the WHO [48].

In analyzing the WHO tweets, the context of the tweets was
taken into consideration: The keywords that appeared in more
than one topic or those not contextually meaningful were
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removed. For instance, “support” was removed because it
appeared in 3 topics. Each topic was identified by a set of
exclusive keywords and hashtags (see Table S11 in Multimedia
Appendix 1).

This study ensured the keywords within each topic were
representative of that category by several rounds of discussions
among researchers. We identified 7 topics in the WHO tweets,
including “prevention,” “solidarity,” “charity,” “teamwork,”
“ill-effect,” “surveillance,” and “credibility.” These topics
constitute the WHO’s agenda about COVID-19 in the first half
of 2020. The frequency of the 7 topics in the entire WHO data
set was calculated. To identify the relationship between the
agenda network of the WHO and its followers, we also identified
the frequency of each topic for the 6 Twitter user categories.
To do this, the frequency of keywords and hashtags within each
topic was calculated and summed.

Constructing Co-occurrence Matrices and Networks
To create the agenda network for the WHO and each Twitter
user category, co-occurrence matrices should be created

[12,19,49]. Following the literature (eg, [18,49]), a
co-occurrence matrix was created for each of the 7 topics for
the WHO and the 6 Twitter user categories. Each matrix
included 7 columns and 7 rows. Each row and each column
represent a topic related to COVID-19. Each cell contains a
digit representing how many times the 2 topics have
co-occurred. For example, the cell associated with “teamwork”
and “charity” in the WHO matrix has a value of 51, which means
that they were mentioned 51 times together by the WHO on
Twitter in the first half of 2020. The number of times the 2
topics co-occurred in a data set represents the strength of the
tie between those topics [19]. For instance, Table 2 demonstrates
the co-occurrence matrix for WHO followers (ie, all 6 Twitter
user categories together). To provide a better understanding of
what the matrices look like, they were visualized in networks
using the quanteda library in the R software. The networks
associated with the matrices are presented in Multimedia
Appendices 2-9.

Table 2. The matrix of topics in the data set of World Health Organization (WHO) followers on Twitter.

CredibilityIll-effectSolidarityPreventionSurveillanceCharityTeamworkTopic

2083072390304133113030Teamwork

863324838415914101303Charity

828585628490141331Surveillance

2136250213,1320284941593041Prevention

6821425013,13285648382390Solidarity

8401425250285332307Ill-effect

08468221368286208Credibility

3278473523,32327,819434410,8597580Total

Quadratic Assignment Procedure (QAP)
The quadratic assignment procedure (QAP) was used to assess
the correlation between the WHO’s agenda network (ie, matrix)
and the agenda network of each Twitter user category. The QAP
is a commonly used statistical test in social network analysis
and network agenda-setting studies (eg, [49,50]) to calculate
the Pearson correlation coefficient between 2 matrices [15]. The
QAP indicates whether the correlation between 2 matrices or
networks is statistically significant. Once 2 matrices are
significantly correlated, the QAP regression test can be used to
assess whether an independent variable can predict a dependent
variable [18]. QAP linear regression was used to assess if the
WHO agenda network could predict the agenda network of each
Twitter user category.

Time Series Modeling (Granger Causality)

Overview
Granger causality has been used in previous agenda-setting
studies to examine the relationship between media agenda and
public agenda (eg, [51-53]). Granger causality was used in the
current study to determine if the changes in 1 variable or time
series (a series of data points over time) would impact the
changes in another time series [54]. According to Granger [54],

Y is said to cause X if the current or lagged values of Y can
help to predict the future values of X. It determines whether the
future value of a dependent variable can be predicted by the
past values of an independent variable. Granger causality
determines if there is a correlation between the past values of
one variable and the present value of another variable [51].

In this study, Granger causality was used, for instance, to
examine if “credibility” as a topic that was promoted by the
WHO on Twitter predicted the future values of “credibility” in
the tweets posted by the WHO’s followers on Twitter. If the P
value of a Granger causality test is less than .05, the independent
variable is said to Granger cause or predict the value of the
dependent variable [51]. For instance, it can be said Y Granger
caused the values of X. However, it is important to note that
Granger causality does not mean causation. In the Results and
Discussion sections of this study, “influenced” or similar terms
such as “affected” will be used instead of “Granger caused.”

To investigate if each time series in the WHO (eg, teamwork)
could predict the value of its corresponding time series (ie,
teamwork) in any of the Twitter user categories, a vector
autoregression (VAR) model was created. Additionally, to
investigate if each time series in any of the Twitter user
categories (eg, teamwork) could predict the value of its
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corresponding time series (ie, teamwork) in the WHO, VAR
models were created. Overall, 98 VAR models were created in
this study.

To perform Granger causality, first, each variable (ie, topic)
should be treated as a time series [53]. This study created time
series for each of the 7 topics in the WHO and the 6 Twitter
user categories, as explained in the following section.

Creating Time Series
To create time series for each topic, the frequency was calculated
over time from January 1, 2020, to July 31, 2020, for both the
WHO and the 6 categories of WHO followers on Twitter. For
each topic, a time series with 182 records was created. Each
record contained the frequency of the topic on a specific date.
The initial analysis indicated that each time series had many
zero number values, which skewed the data. Each zero number
represents a lack of data for a given topic on a given date. The
highly skewed data violated the normality assumption (see
Testing the Residual Normality).

Additionally, having a wide range of values from zero to several
hundred led to violating the heteroscedasticity assumption (see
Testing the Residual Heteroskedasticity) in many cases. This
study tried to resolve the normality and heteroscedasticity issues
by aggregating the data to weekly data to reduce zeros.
Therefore, for each topic, a time series of 26 weeks was created.
Although the data were aggregated to weekly data, the first 2
weeks for most topics still included zero numbers, which again
violated the normality assumption in some cases. Removing
the first 2 weeks of June 2020 from the analysis resolved the
normality issue. Therefore, the analysis was carried out on times
series with 24 records (ie, weeks). As an example, the times
series for the topics of WHO followers (ie, all 6 Twitter user
categories together) are presented in Table S10 in Multimedia
Appendix 1.

To perform Granger causality, VAR models should be created
first, as explained below.

VAR Model

Overview

A VAR model is used to determine how 2 or more times series
influence each other. In a VAR model, each time series is
modeled as a linear combination of past values of itself and the
past values of other variables [55]. For instance, a VAR model
can be used to determine the relationship between the
“teamwork” time series in the WHO (TW) and the “teamwork”
time series in one of the Twitter user categories (TU) at time
(t). Since there are 2 time series, 2 VAR models should be
created: 1 for TW and 1 for TU. The VAR model for TW uses
the past values of itself (TW) and the past values of the other
variable (TU). In its simple form, the VAR model for TW and
TU can be as follows, where TWt-1 and TWt-2 are the first and
second lags of TW (first variable) and TU t-1 + TO t-2 are the
first and second lags of TU (second variable). Each lag is x
period ago. For instance, lag one is 1 time period ago or lag two
is 2 time periods ago:

TW = TWt-1 + TUt-1 + TWt-2 + TUt-2

TU = TUt-1 + TWt-1 + TUt-2 + TWt-2

In a VAR model, a different number of lags can be considered
for each variable. Thus, the optimal number of lags should be
selected using a criterion. This study used the Akaike
information criterion (AIC) to select the optimal lag for each
VAR model, as explained in the following sections.

Lag Selection

The most commonly used criterion in lag selection in VAR
models is the AIC [56,57]. The AIC specifies the number of
lags to be used in a VAR model [57].

Testing the Stationary Nature

A major assumption underlying the VAR model and Granger
causality is that time series must be stationary [54]; otherwise,
they should be made stationary using the first or higher
differences of the variables. A stationary time series has no
systematic trend, meaning that its mean and variance do not
change over time [58]. Nonstationary time series lead to
incorrect inferences [55]. The Augmented Dickey-Fuller Test
was used to test whether the variables were stationary [59].

A time series is stationary if the P value of the Augmented
Dickey-Fuller test is less than .05. In this study, all variables in
the WHO and the 6 Twitter user categories were nonstationary,
which were transformed to become stationary through
differencing (first or higher differences of the variables).
Differencing is the process in which the differences between
consecutive observations of a variable (ie, time series) are
computed [60].

Testing the Residual Autocorrelation

A VAR model should be tested to determine if it “provides an
adequate description of the data...In time series models,
autocorrelation of the residual values is used to determine the
goodness of fit of the model. Autocorrelation of the residuals
indicates that there is information that has not been accounted
for in the model” [61]. The Portmanteau test was used to check
the presence of autocorrelation in the models. If the resulting
P value in this test is less than .05, autocorrelation exists.

Testing the Residual Normality

Another assumption underlying the VAR model is that its
residuals should be normally distributed; otherwise, inferences
may be incorrect. The normality of residuals for all models was
tested using the multivariate Jarque-Bera test. After performing
this test, when the resulting P value is larger than .05, the
residuals of VAR model are normal. In 4 cases, BoxCox
transformation was used to make the VAR model normal (see
Tables S22 and S24 in Multimedia Appendix 1).

Testing the Residual Heteroscedasticity

Another assumption underlying the VAR model is that there
should be no heteroscedasticity in residuals. Heteroscedasticity
refers to a condition in which the variance of the residual in a
regression model varies widely. To test heteroscedasticity, the
Autoregressive Conditional Heteroscedasticity-Lagrange
Multiplier (ARCH-LM) test proposed by Engle [62] was used.
Once the test is performed, if the resulting P value is larger than
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.05, there is no heteroscedasticity in the data. No
heteroscedasticity was observed in the VAR models.

Results

Results of Content Analysis
The first study objective was to identify the topics discussed by
the WHO on Twitter about COVID-19. Using content analysis,
7 topics were identified inductively, including prevention
(n=2430), solidarity (n=717), teamwork (n=601), surveillance
(n=276), charity (n=243), ill-effect (n=213), and credibility
(n=156). The numbers in the parentheses represent the frequency
of each topic.

“Prevention” refers to the tweets posted by the WHO about how
to avoid contracting the virus, including content about
disinfecting surfaces, hand washing, wearing masks, vaccination,
social distancing, isolation, and staying home. “Solidarity”
refers to the tweets emphasizing the importance of unity,
resilience, kindness, or supporting groups like refugees.
“Teamwork” was another topic discussed by the WHO to
highlight that countries, governments, organizations, and people
should collaborate, coordinate, cooperate, be committed, and
be accountable to control the pandemic. “Surveillance”
emphasizes that governments should keep tracing, investigating,
monitoring, and screening people and regions affected by the
virus to take necessary actions. “Charity” refers to the donations,
fundraisings, and financial support received by the WHO from
governments, organizations, companies, celebrities, or other
countries to fight against the virus. “Ill-effect” refers to the
WHO's tweets about the consequences of the virus, such as
disruptions in the economy, trades, health systems, mental
health, abuse, and home violence during the quarantine.
“Credibility” includes the tweets that demonstrate the
importance of facts and bring people’s attention to the rumors,
misinformation, and fake information related to COVID-19.

This study also calculated the frequency of these topics for the
6 Twitter user categories and all of them together (hereafter,
WHO followers). In the data set of WHO followers, prevention
(228,700) had the highest frequency, followed by solidarity
(72,192), charity (28,870), teamwork (23,879), ill-effect
(15,151), surveillance (13,761), and credibility (11,726). Table
S13 in Multimedia Appendix 1 presents the frequency of these
topics in the WHO data set, WHO followers data set, and data
set of each Twitter user category.

There was a strong tie between “prevention” and “solidarity”
in in the matrix of the WHO and WHO followers and all 6
Twitter user categories. The strong tie between “solidarity” and
“prevention” could indicate that the former is vital for the

prevention of COVID-19 (or even treatment and response to
the virus). For instance, to help prevent the spread of the virus,
people should be united in following public health guidelines
such as staying home, hand washing, and social distancing.
These connections could represent social realities constructed
around COVID-19 on Twitter and be transferred to the public
agenda through network agenda setting [53].

Results of the QAP and QAP Regression
The QAP was used to measure the similarity between agenda
matrices (networks). The QAP calculates the Pearson’s
correlation coefficient between the 2 matrices. The
co-occurrence matrices for the WHO followers and WHO are
presented in Table 2 and Table 3, respectively. Other matrices
are presented in Tables S14 to S19 in Multimedia Appendix 1.

Degree centrality is an important concept in network analysis,
which indicates how important a node within the network is
and will be calculated by the total number of connections a node
has [63]. In this study, nodes are topics. The most central topic
on the WHO agenda network is “prevention,” with 483 degrees
of centrality, followed by “solidarity,” with 420 degrees of
centrality (see the row that shows the Total in Table 3). The
most central topic on the WHO followers’ agenda is
“prevention,” followed by “solidarity” and “charity” (see the
row that shows the Total in Table 2). The 2 most frequently
linked topics on the WHO agenda network and WHO followers’
agenda network are “solidarity” and “prevention” because they
have co-occurred 150 times.

Results of the QAP tests indicated a positive and high correlation
between the WHO’s agenda network and the agenda network
of WHO followers (see Table 4). The QAP correlation tests
also showed that the WHO agenda network and the agenda
network of Twitter user categories are significantly correlated.
According to network agenda setting [12], these results provide
evidence that the salience of interrelationships among topics
can be transferred from the WHO to the agenda of its followers
on Twitter.

QAP linear regression was also carried out to assess whether
the WHO agenda network (the independent variable) could
predict the agenda networks of Twitter user categories (the
dependent variables). As evident in Table 5, the WHO agenda
network could predict all dependent variables, providing
evidence that the agenda network of the WHO can impact the
agenda network of Twitter user categories. For instance, the
adjusted R-squared for politicians is 0.71, indicating that the
WHO can explain 71% of the variance in the politicians’agenda
network. The WHO also explains 62% of the variance in the
network of WHO followers.

J Med Internet Res 2022 | vol. 24 | iss. 4 |e34321 | p.961https://www.jmir.org/2022/4/e34321
(page number not for citation purposes)

Tahamtan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. The matrix of topics in the World Health Organization (WHO) data set on Twitter.

CredibilityIll-effectSolidarityPreventionSurveillanceCharityTeamworkTopic

6911811023510Teamwork

2390371051Charity

02141010123Surveillance

3748150010137110Prevention

202801501490118Solidarity

302848239Ill-effect

032037026Credibility

6893420483141184317Total

Table 4. The quadratic assignment procedure (QAP) correlations between the World Health Organization (WHO) agenda network and agenda network
of WHO followers and Twitter user categories.

P valueCorrelation (r) with the WHO agenda matrixTwitter user categories

.0010.85Politicians

.010.79Private sector

.010.77Print and electronic media

.010.80Legal professionals

.0010.79Health care professionals

.010.79Academics

.010.80WHO followers

Table 5. The quadratic assignment procedure (QAP) linear regression for the World Health Organization (WHO) agenda network (independent variable)
and networks of Twitter user categories (dependent variables).

P value (2-tailed)Adjusted R-squaredCoefficientF statisticDependent variables

.0020.715.80104.90Politicians

.0050.614.9066.22Private sector

.0080.599.5060.43Print and electronic media

.0050.633.2071.95Legal professionals

.0010.6013.6061.70Health care professionals

.0040.6217.0067.89Academics

.0010.6251.2070.01WHO followers

Results of Granger Causality
By performing 98 Granger causality tests, this study examined
if the 7 topics in the WHO agenda Granger caused or predicted
the future values of the topics in the tweets by the 6 types of
Twitter users or vice versa. For instance, we tested to see if
“teamwork” in the WHO Granger caused (ie, predicted the
future values of) “teamwork” in health care professionals. We
also investigated if “teamwork” in health care professionals
Granger caused “teamwork” in the WHO. This study uses the
term “influenced” or “affected” instead of “Granger caused” or
“predicted the value of.”

Tables 6 and 7 provide summaries of the Granger causality tests
for the WHO and WHO followers. The summary of the Granger
causality tests for other Twitter user categories is presented in
Table S20 to Table S25 in Multimedia Appendix 1. Among the

7 topics, only “surveillance” in the WHO influenced
“surveillance” in WHO followers (F5,10=4.74, P=.01). On the
other hand, among the 7 topics in the WHO followers, “charity”
influenced “charity” in the WHO (F6,6=7.48, P=.01), and
“prevention” influenced “prevention” in WHO (F5,10=4.69,
P=.01).

The results indicated that the WHO influenced “surveillance”
in politicians (F6,6=5.13, P=.03) and “surveillance” in print and
electronic media (F5,10=9.33, P=.001). Additionally, the WHO
influenced “ill-effect” in print and electronic media (F5,10=4.02,
P=.02), “credibility” in the private sector (F5,10=7.12, P=.001),
and “credibility” in academics (F5,10=12.5, P=.001).

Twitter user categories also influenced several topics in the
WHO’s agenda: “credibility” in academics (F5,10=6.10, P=.001),

J Med Internet Res 2022 | vol. 24 | iss. 4 |e34321 | p.962https://www.jmir.org/2022/4/e34321
(page number not for citation purposes)

Tahamtan et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


“credibility” in politicians (F5,8=8.06, P=.001), and “credibility”
in the private sector influenced “credibility” in the WHO
(F5,10=4.33, P=.02). “Charity” in health care professionals
(F6,6=37.93, P=.001) and “charity” in academics influenced
“charity” in the WHO (F6,6=4.62, P=.04). “Prevention” in
politicians (F5,10=13.21, P=.001) and “prevention” in print and

electronic media (F5,10=15.04, P=.001) influenced “prevention”
in the WHO. Print and electronic media influenced
“surveillance” (F5,10=3.7, P=.04) in the WHO. The private sector
also influenced “ill-effect” in the WHO (F5,10=7.35, P=.001).
The WHO and legal professionals did not influence each other
in any of the 7 topics.

Table 6. Granger causality test for World Health Organization (WHO) topics as independent variables and the topics of WHO followers as dependent
variables.

P valueF testTopics

.990.04Teamwork

.910.31Charity

.014.74Surveillance

.920.27Prevention

.970.16Solidarity

.291.49Ill-effect

.112.57Credibility

Table 7. Granger causality test for the topics of World Health Organization (WHO) followers as independent variables and WHO topics as dependent
variables.

P valueF testTopics

.780.49Teamwork

.017.48Charity

.221.70Surveillance

.014.69Prevention

.500.93Solidarity

.660.66Ill-effect

.381.23Credibility

Discussion

Contribution to Agenda Setting

Who Sets the Agenda?
Rarely any previous network agenda-setting study has
investigated the relationship between a gatekeeper’s agenda
network and the agenda networks of various types of social
media users, specifically in the context of public health
emergencies.

This study found that, although there was a high correlation
between the WHO agenda network and agenda network of
Twitter user categories, the WHO influenced only some topics
related to COVID-19 in the 6 Twitter user categories and vice
versa (see the Granger causality test results). For instance, the
WHO only influenced “ill-effect” in print and electronic media.
Likewise, different Twitter user categories only influenced some
(not all) topics in the WHO agenda.

It is hard to say who is leading the overall trends and topics
related to COVID-19 on Twitter, mainly because social media
provides unlimited space where various sources can interact
with and impact each other [15]. However, it seems that there

is less interaction between the WHO and some Twitter user
categories during public health emergencies. For instance,
neither legal professionals nor the WHO influenced each other.
It is possible that legal professionals are not influenced by the
WHO because they naturally often perform independently and
remain impartial of external resources.

This study was not designed to measure the impact of the WHO
on top influencers within each type of Twitter user or vice versa.
Future research can explore who sets the agenda and who
establishes the agenda-setting effect first. It is possible that the
WHO originates the tweets about COVID-19, but the top
influencers within each Twitter user category set the agenda or
promote the agenda already set by the WHO, through retweeting
the WHO’s tweets.

Two-Way Agenda-Setting Effect
This study informs the network agenda-setting model by
demonstrating that there can be a “2-way” relationship between
the agenda of the WHO and its followers on Twitter. Vargo and
Guo [53] also stated that the media agenda is reciprocal, in that
network agenda setting is more complex than what past
traditional agenda-setting studies have suggested. Evaluating
the network agenda-setting effects on social media is more
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complex than other platforms because, for instance, the agenda
of WHO followers about COVID-19 could have been influenced
by other resources too, such as the Centers for Disease Control
and Prevention (CDC), providing initial evidence for a
“multidirectional” network agenda setting effect.

Thus, the WHO does not seem to set the public agenda in a
unidirectional nature. Neither the WHO nor Twitter user
categories play a leading role on social media because they
influence each other’s agenda. It is possible that the WHO and
different types of Twitter users pay attention to each other’s
agenda and interact with each other on some topics related to
COVID-19 in a bidirectional way (or multidirectional way).

Vargo and Guo [53] also suggested that different news media
pay attention to and are impacted by each other’s agenda.
Therefore, agenda setting is not always a 1-way communication
mechanism from the mainstream media to the public. Actually,
by making large-scale communication possible through social
media, agenda setting is no longer only in the control of certain
types of users [21]. An agenda can be created by laypeople on
social media and shape the media agenda or vice versa [64].

Two Levels of the Agenda-Setting Effect on Twitter
A limitation in most network agenda-setting studies is that it is
not clear if the public agenda is directly impacted by gatekeepers
(eg, news media) or if other sources are involved too in
influencing public agenda. For instance, the study by Vu et al
[15] compared the most prominent issues in the national news
media in the United States from 2007 to 2011 (extracted from
the Pew Research Center’s PEJ) with public opinion extracted
from the Gallup Poll results (which has been surveying the
public since 1939 about the most important problems facing
the United States). In such studies, it is hard to determine if the
national news media impact public agenda or whether other
sources are also involved. One way to minimize this
methodological limitation is to analyze the opinions of the users
who follow a gatekeeper’s account on social media or to analyze
those users subscribed to a news media channel, such as CNN.

To fill this gap, this study investigated 6 Twitter user categories
that follow the WHO Twitter account. From the results of this
study, it can be concluded that there are 2 levels of the
agenda-setting effect on Twitter—one at the aggregate level
(see [19]), that is all social media users (eg, WHO followers on
Twitter), and another at the Twitter user category level, in which
each user category would be influenced differently by the agenda
that is set by a gatekeeper. It may also be the case that the
interaction among the agenda networks of all Twitter user
categories builds the overall Twitter agenda network.

Practical Implications for the WHO
The results of this study can inform policy and be used to
prepare for future pandemics in several ways: First, the WHO
should define a clear strategy as how to use social media during
pandemics to convey its messages to the public. The WHO
should have a plan for what topics are more critical for the
public during similar public health emergencies and work on
transferring them to the public agenda.

Second, how messages are framed and presented to the public
is important. The WHO can identify the needs of social media
users and provide information-related benefits for them by
framing and presenting more effective messages during public
health emergencies. The strategic framing of public health
messages can help the WHO to have greater impact on social
media users. For instance, to design more effective messages
and attract more audiences, the WHO can frame its messages
by using hashtags that are popular among the public [65].

Third, using hashtags can lead to establishing and promoting
important public health, social, political, or environmental
agendas [24]. Hashtags have various functions, such as
information searching and discovering, information organization,
information distribution, information collection, and protecting
information [26]. Our analysis of WHO tweets indicated that
the WHO had used only a few hashtags related to COVID-19
in its tweets, including #safehands, #togetherathome,
#handhygiene, #unitedagainstcoronavirus, and #stayhome. The
WHO can use more hashtags during public health emergencies
to convey its messages to people and create more engagement
with them [65]. For instance, WHO could frame its message
about “credibility” of information, using a hashtag like
“#WHOFactChecker, as follows: “#WHOFactChecker
recommends that you continue to take appropriate actions to
protect yourself and those around you in the summer as there
is no evidence that warm weather can kill the #COVID-19
virus.”

Fourth, this study suggests that there could be a “2-way” or
“multiway” agenda-setting effect on social media. For instance,
the WHO, the CDC, the US government, and politicians could
all interact with and influence each other’s agenda. Therefore,
in future public health emergencies, the WHO can determine
which topics should be promoted on social media during
different phases of a pandemic and collaborate with other
gatekeepers such as the CDC to collectively make them salient
in the public.

Limitations and Future Research
This study investigated only 6 Twitter user categories. There
are other types of users following the WHO on Twitter, which
can be studied in future work, such as artists and athletes.

Another limitation of using Twitter data is that Twitter users
are not representative of the entire population.

The agenda of WHO followers about COVID-19 could have
been influenced by other resources too, such as the CDC or any
other government agency. Future studies should find ways to
also take the effect sources other than the WHO into
consideration. Surveys and interviews with WHO followers on
Twitter can provide more insights into the WHO's impact on
social media users’ opinions about COVID-19.

The 7 topics promoted by the WHO on Twitter could possibly
also be found in the messages shared on Twitter by other
resources such as the US government. It could be the case that
the 6 categories of WHO followers on Twitter were also
propagating the agenda by other resources and not specifically
that of the WHO. Therefore, although this study suggests that
there can be a “2-way” agenda-setting effect on social media,
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there could be a “multiway agenda-setting effect” on social
media.

This study was limited to tweets written in English. Analyzing
tweets in other languages may provide new insights on the
agenda-setting effect of the WHO on Twitter.

Although this study analyzed a sample of tweets in the first 6
months in 2020, it is possible that the analysis of all the tweets
posted by the WHO and its followers in the second half of 2020
could lead to different findings.

We attempted to make the Twitter user categories as exclusive
as possible; however, there might be some overlap among
different categories. For instance, a Twitter user account could
fall into the academics and print and electronic media categories.

Future studies in this area can also determine to which social
media user categories and top influencers within those categories
the WHO should reach out if it wants to have more impact on
social media users.

Future studies in this area can also study whether and to what
extent the WHO has made strategic use of hashtags to
communicate its messages about COVID-19 to the public.
Future research can also investigate the role of hashtags used
by the WHO in setting its COVID-19 agenda and the effect of
that agenda on public opinion.

Although using social media data provides a legitimate method
for studying the agenda-setting effect of WHO, more empirical
research, including surveys and interviews, can be used in future
studies to understand the role of the WHO in shaping public
agenda on social media.

The results show that the WHO and Twitter user categories of
different types could influence some of the COVID-19–related
topics in each other; however, this study did not investigate
whether different Twitter user categories would also impact
each other’s agenda network. This impact can be examined in
future studies by exploring, for instance, the network
agenda-setting effect between academics and health care
professionals on Twitter.

Conclusions
This is among the first studies that demonstrate the presence of
network agenda-setting effects between the WHO and its
followers on Twitter, specifically different Twitter user
categories. In line with the network agenda-setting model, this
study showed that the topics promoted by the WHO about
COVID-19, such as “credibility” or “surveillance,” were linked
together in a network.

This study extends theorizing on agenda setting by providing
evidence that agenda–setting effects vary by different Twitter
user categories and topics. For instance, the WHO only
influenced “surveillance” in politics and print and electronic
media, or health care professionals only influenced “charity”
in the WHO, while the WHO and legal professionals did
influence each other.

This study also extends theorizing on agenda setting by
indicating that, while network agenda setting is known as a
“1-way” model, there can be “2-way” or “multiway” effects of
agenda setting on social media, because the influences between
the WHO and Twitter user categories were reciprocal on Twitter.
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Abstract

In the 21st century, the internet and particularly social media have become essential platforms for the spread of health information
(including misinformation and disinformation). One of the distinguishing features of communication on these platforms is the
widespread use of emojis. Though seemingly trivial emojis are now used by many if not most public health figures and organizations
alongside important health updates. Much of that information has had to do with vaccination. Vaccines are a critical public health
tool but one surrounded by falsehoods, phobias, and misinformation fueling vaccine hesitancy. Part of that has to do with their
lack of positive representation on social media (eg, the syringe emoji is a plain needle, which for many people is an uncomfortable
image). We thus argue that vaccination deserves an entirely new emoji to communicate vaccine confidence and discuss a design
proposal for a vaccinated emoji that has gained traction in the global public health community.

(J Med Internet Res 2022;24(4):e35786)   doi:10.2196/35786
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Digital Media and Vaccine Hesitancy

Communicating online has reached an all-time high for both
scientists and the public, and has been catalyzed by public health
and social measures in the context of the COVID-19 pandemic.
The potential value of emojis in the context of medical
communication and care has recently come into the limelight
[1], given that their use is a defining feature of many of the
online platforms. For instance, a recent survey of 68 million
tweets found that one in five contained an emoji [2]. These
emojis are often used to discuss current events, and indeed in
the early phases of the COVID-19 pandemic, there was a clear

increase on the microbe emoji and face with medical mask
emoji [3]. As the BioNTech/Pfizer and Moderna mRNA
vaccines began to roll out, there was then a subsequent increase

in the use of the syringe emoji [4]. However, for many

people, it did not feel representative since the syringe is meant
to represent blood donation; influential medical doctor Jeremy
Faust referred to it on Twitter as an “inaccurate bloody syringe”
[3,5,6]. Several platforms responded by removing the blood

from the syringe emoji . Yet this does not address the fact

that for many people needles themselves come with a host
of negative associations. Needle phobia affects some 25% of
adults [7], often causing them to delay or turndown vaccination.
Even for those without a phobia, the symbol is still tied to a
painful experience. This is despite vaccination being a
profoundly protective intervention central to public health. We
therefore argue that there is currently no accurate emoji for
vaccination.

This is no small problem. In 2019, the World Health
Organization (WHO) listed vaccine hesitancy, or the reluctance
to vaccinate despite availability, among the top 10 threats to

J Med Internet Res 2022 | vol. 24 | iss. 4 |e35786 | p.970https://www.jmir.org/2022/4/e35786
(page number not for citation purposes)

Boender et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:BoenderS@rki.de
http://dx.doi.org/10.2196/35786
http://www.w3.org/Style/XSL
http://www.renderx.com/


global health [8]. This was before the pandemic, when the
lifesaving power of vaccines had come to be taken for granted,
despite them being one of the best tools we have to prevent
moderate and severe disease. Take for example the human
papillomavirus vaccine that has the remarkable ability to prevent
cancer. It has all but eliminated cervical cancer in women in
the United Kingdom born after the mid-1990s. Yet, the
WHO/United Nations Children’s Fund (UNICEF) estimate that
average performance coverage for the final dose among member
states is only about 54% [9]. Lack of uptake year after year has
surely caused a great deal of unnecessary suffering.

Vaccine hesitancy becomes an especially pressing problem in
the context of pandemics, such as the 2009-2010 H1N1
(hemagglutinin type 1 and neuraminidase type 1) novel influenza
A pandemic and the current COVID-19 pandemic. This is
especially costly given that the COVID-19 vaccines offer an
extraordinary degree of protection against severe clinical
outcomes, including death. In 33 countries across the WHO
European Region, an estimated 470,000 lives have been saved
among those aged ≥60 years in 2021 alone [10]. Yet, only about
one-third of the region was fully vaccinated by October 2021,
with hesitancy being a major barrier to uptake [11].

Improving vaccine confidence, whether in Europe or elsewhere,
will require more effective messaging. In the social media age
[12], this means coming up with new tools for digital
communication, supporting online risk communication and
community engagement. We would specifically highlight the
use of digital symbols to create shifts in attitude toward
real-world phenomena. For instance, Plan International ran a
campaign back in 2017 to create a “period emoji” [13]. Their
stated intent was to reduce stigma and push back against harmful
beliefs by coming up with a more modern way to communicate
about menstruation. The product (designed alongside National
Health Services Blood and Transplant) was the drop of blood

emoji . In another case, Apple decided to change its pistol

emoji to a water pistol emoji [14,15]. This was widely

perceived to be an effort to reduce progun sentiment given that
the company also vetoed a rifle emoji.

With regard to public health, the creation of emojis is not a new

idea. For example, the mosquito emoji was proposed in 2016
in the context of the Zika virus outbreak [16]. The mosquito is
the deadliest animal on earth due to spreading diseases like
Zika, malaria, dengue, and yellow fever. The emoji helps health
professionals to communicate with the public about the presence
of mosquitoes and allows researchers to promote their work
around mosquito-borne diseases more easily via social media
and other digital platforms. Of note, the original mosquito emoji

design has been added to the permanent collection of the
Victoria and Albert Museum in London [17].

In this viewpoint, we build the case for a vaccinated emoji to
meet the current public health need for better digital
communication on vaccine confidence.

The Design Proposal: The Vaccinated
Emoji

We present a design for a new emoji that accurately reflects the
benefits of vaccination: the vaccinated emoji (Figure 1).

Following the request for an alternative to the syringe emoji 
as posted on Twitter by author TSB on January 1, 2021 [18],
she contacted author GD for his ideas for the design of a
vaccinated emoji that conveys the message of both the act and
sentiment of vaccination: the protection of being vaccinated.
The design process unites the strengths of health sciences and
epidemiology (TSB) with design (GD). As a first step, it made
sense to remove the blood from the syringe and leave it clear
[3]. However, the emoji would still contain a sharp needle,
which for many people is an uncomfortable image. We wanted
to create a symbol of hope, which represents protection against
once-deadly diseases.

Figure 1. The proposed design of the vaccinated emoji.

We aimed for a generic arm as a base for the emoji, representing
all ages, genders, and skin tones, based on the flexed biceps

emoji . The flexed biceps emoji is a top-ranked emoji in
its class (body parts) and often used to indicate strength, success,
overcoming a struggle, or rolling up your sleeve to receive a

vaccine [19]. We then added the adhesive bandage emoji 
over the deltoid to couple this symbol of strength with one of
protection and care. Their combination enables the user to
communicate the benefits of vaccination in an intuitive, playful
way. The initial design of the vaccinated emoji by author GD,
introducing the relatable and protective image of an arm with

a bandage, was posted on Twitter by January 6, 2021 [20]. Of
note, accurate placement of the bandage on the deltoid muscle
has been challenging, and the bandage itself is also
disproportionally large. However, disproportionate scale in the
relationship between parts is typical for emojis. For example,

the crying face emoji has a relatively large tear because it
would not be visible otherwise. The emoji was designed using
the graphics editor and design programs Photoshop (Adobe Inc)
and Illustrator (Adobe Inc).

To enable universal and international access to the vaccinated
emoji, TSB and GD have submitted the design proposal to the
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Unicode Consortium—who formally manages emoji approval
and implementation across devices, platforms, and
languages—in 2021. The Unicode Standard can ensure global
access to the emojis across all platforms through the associated
license agreement [21,22]:

Submitter hereby acknowledges and agrees that they
are submitting the Proposed Emoji for inclusion in
the Standards, and further acknowledges and agrees
that, if included in the Standards, the Proposed Emoji
will be freely licensed by Unicode to all users around
the world under the Unicode Licenses.

The Unicode Emoji Subcommittee only selects a limited number
of emojis that can be encoded and unfortunately did not select
the vaccinated emoji proposal to move forward in 2021.
Nonetheless, we are currently revising the emoji proposal for
resubmission in 2022. It is not uncommon for emojis to be
proposed multiple times before successful implementation,

which was also the case for the mosquito emoji [23]. To
ensure optimal advocacy for the vaccinated emoji, we also
reached out to Emojination, a grassroots organization that has
previously been successful at advocating for inclusive and
representative emojis, including the hijab (person headscarf)

emoji , as well as the infectious disease prevention–related

emojis for soap and microbe [24].

To increase uptake where vaccines are available and affordable,
thoughts, feelings, and social processes can motivate getting
vaccinated [25]. People are more likely to get vaccinated if those
in their social circle do so as well [26]. Sending an emoji to
friends and family or adding one to a tweet is literally a matter
of two clicks or phone taps. The vaccinated emoji is a low-key
way of both seeing and signaling others about their support of
vaccination and sharing the news that they just got vaccinated.
The vaccinated emoji pairs well with ongoing trends such as
the vaccine selfie, where social media users post photos of
themselves at a clinic with a bandage over their arm [27].
Perhaps most importantly, the emoji can be used alongside
personal stories, posts, and chats or group chats about
vaccination to mark the event and reinforce one’s reasons for
getting vaccinated. This is important both because antivaccine
messages are much more likely to make use of emotionally
compelling stories [28] and users are more likely to remember
and be deterred by stories of harm [29].

Communicating Vaccine Confidence

The vaccine emoji was created by TSB, a health scientist and
field epidemiologist, and GD, a designer. After posting the
design proposal to Twitter on January 1, 2021 [18], it quickly
gained 40,000 impressions (user views). This prompted NRC—a
Dutch newspaper with 4.1 million monthly readers—to pick up
and report on the trend the following week [30]. The emoji has
been encouraged by campaigns such as Voices for Vaccines
#WhyIVax on Twitter where trusted doctors and public health
professionals gave positive examples, often with a photo of a
loved one they were protecting through vaccination. The idea
behind the campaign—which author NLF played a role in—was
to give other users the courage to speak up about vaccines. The

powerful flex of the vaccine emoji conveys confidence in one’s
convictions and helps animate the important yet dry facts that
comprise many provaccine posts [28]. People are more likely
to engage in social media trends that take minimal effort. The
intuitive nature of the action—though itself small—can have
compounding effects due to the nature of virality and the fact
that vaccination in one season predicts vaccination in the
following seasons [26]. An emoji is the most organic, least
heavy-handed way of getting that point across.

Later, NLF, who was a social media specialist for the Task
Force for Global Health, began to help popularize the emoji.
We reached out to a number of people through Twitter and
rallied the global and public health community for

#WorldEmojiDay, July 17 . International attention
skyrocketed, and within a day, the proposal had been endorsed
by many, including senior leaders at the WHO including Dr
Tedros Adhanom Ghebreyesus (Director-General) and Dr Maria
van Kerkhove (COVID-19 technical lead) [31,32]. The Task
Force for Global Health metrics show that the emoji had
received 300,000 impressions on their page alone in a matter
of 3 days, and one can see many tweets from ordinary users
endorsing the emoji and posting selfies with flexed arms. Much
of this support seemed to come from the fact that the emoji is
an explicitly positive symbol. Hashtags, which can also be used
to rally support for a cause, have in the past year often been a
site of misinformation as they can be “hijacked” easily. They
are also less intuitive with respect to what they mean or how
they are to be used. The success of the vaccinated emoji is
driven by its accessibility, ease of use, and universal appeal,
winning praise from commentators as diverse as Heidi Murkoff
(the author of the What to Expect When You’re Expecting series
of pregnancy guides) and Toyin Saraki (global health advocate,
health care philanthropist, and the Founder-President of
Wellbeing Foundation Africa). The emoji going viral on Twitter
spilled over to media coverage in the United States [6] and the
Netherlands [33]. We see this kind of organic support as crucial
to the success of any public health symbol. We also see scientific
communication as an underleveraged component of public
health. This means we should follow organic interest to create
public investment in health campaigns. The vaccine emoji does
precisely that.

Since World Emoji Day 2021, the vaccinated emoji has become
a fixture in the space of digital health advocacy. By August
2021, the emoji was selected for presentation at the Stanford
Infodemic Conference on Social Media and COVID-19
Misinformation [34]. In October 2021, GD was commissioned
by the German Federal Government to design an icon for their
national contact-tracing app (Corona-Warn-App, Version 2.13
[35]) to visually strengthen the call to get vaccinated, drawing
heavily upon the vaccine emoji. Both events speak to a growing
recognition that the public health community must adopt
symbols that meet the public where they are at. Though still
considered trivial by some, our need to shift tactics is more than
urgent in a time when vaccine hesitancy has hardened into
refusal by some and a sense of defeat by the rest. Now more
than ever, an intuitive participatory approach to health
communications is needed to support vaccine confidence. At
times of physical distancing and increased use of digital
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communications, such as app groups and social media, emojis
add to the sentiment of conversation around vaccination.
Furthermore, the visual language of the vaccinated emoji (ie,
showing an arm with a bandage) has been integrated into health
promotion materials by national and international public health
institutes with large reach, such as the Robert Koch Institute
(Germany) [36], the US Centers for Disease Control and
Prevention [37,38], and European Centre for Disease Prevention
and Control [39], as well as the Google Doodle with the message
“Get vaccinated. Wear a mask. Save lives” [40].

One year after its initial design, the proposal to add an emoji
for vaccination gained international support from public health
and medical professionals, national and international
nongovernmental organizations, the infodemic management
community, and the public. We endorse previous advocacy for
expanding the available set of medical emojis and wish to
amplify the need for emojis for public health by our proposed
vaccinated emoji (Figure 1). Big tech companies have taken the
first steps to provide appropriate visual digital communication
tools for public health on the topic of vaccination, such as the
Vaccines for All WhatsApp Sticker Pack in collaboration with
the WHO [41] and the Twitter hashflag for the hashtag

#vaccinated [42]. Furthermore, UNICEF is running a major
social media campaign using the hashtag #vaccinated to help
spread the word that COVID-19 vaccines are safe and effective
by encouraging people to post pictures of their bandage [43].
These major social media campaigns highlight the need for a
universal icon supporting this hashtag (potentially also used as
a hashflag). The utility of a symbol cannot be divorced from its
popularity, and from a communications perspective, the latter
is a primary determinant of value.

Emojis are here to stay in our societies and have played a role
not only in the fields of computer science and communication
but also in marketing, behavioral science, linguistics,
psychology, medicine, and education [44,45]. Importantly,
social development is linked to emojis, such as the availability
for emojis with different skin tones and genders, menstruation,
and pregnancy. Encoding the vaccine emoji in the global
Unicode Standard would help to make this symbol available
for direct use for all to facilitate swift adaptation to ongoing
(online) narratives regarding vaccination, which is much needed
in the context of the pandemic and infodemic. Ultimately, the
vaccinated emoji aims to be more than just an icon: a tool for
public health.

 

Disclaimer
All rights of the vaccinated emoji (Figure 1 in this work) are preserved to the author GD. For the illustrative purpose of publication
for this article, JMIR is granted permission to use this image (Figure 1) with open access. The vaccinated emoji design proposal
will be resubmitted to Unicode in 2022, in agreement with the Emoji Proposal Agreement & License. In this legal agreement,
we warrant that the proposed emoji is available for free and open licensing, and grant to the Consortium broad rights, specifically
a nonexclusive, irrevocable, perpetual, worldwide, royalty-free license to encode the proposed emoji and to sublicense it under
the Consortium’s various open-source licenses.
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Abstract

Background:  Social media platforms have numerous potential benefits and drawbacks on public health, which have been
described in the literature. The COVID-19 pandemic has exposed our limited knowledge regarding the potential health impact
of these platforms, which have been detrimental to public health responses in many regions.

Objective: This review aims to highlight a brief history of social media in health care and report its potential negative and
positive public health impacts, which have been characterized in the literature.

Methods:  We searched electronic bibliographic databases including PubMed, including Medline and Institute of Electrical and
Electronics Engineers Xplore, from December 10, 2015, to December 10, 2020. We screened the title and abstracts and selected
relevant reports for review of full text and reference lists. These were analyzed thematically and consolidated into applications
of social media platforms for public health.

Results:  The positive and negative impact of social media platforms on public health are catalogued on the basis of recent
research in this report. These findings are discussed in the context of improving future public health responses and incorporating
other emerging digital technology domains such as artificial intelligence. However, there is a need for more research with pragmatic
methodology that evaluates the impact of specific digital interventions to inform future health policy.

Conclusions:  Recent research has highlighted the potential negative impact of social media platforms on population health, as
well as potentially useful applications for public health communication, monitoring, and predictions. More research is needed to
objectively investigate measures to mitigate against its negative impact while harnessing effective applications for the benefit of
public health.

(J Med Internet Res 2022;24(4):e33680)   doi:10.2196/33680
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Introduction

Humans are an inherently social species, and the evolutionary
and health benefits of this trait are well documented [1]. This
predilection to form and live in groups is deeply rooted in human
psychology. It follows that the fourth industrial revolution of
digitization has brought with it social platforms as a
technological embodiment of human interconnectedness and
communication. Social media platforms bring content sharing
and entertainment to the masses. They superficially bridge time
and space to enable friendship, intimacy, and a sense of
connection, consuming the time and attention of most
individuals across all ages on a daily basis [2,3]. However, the
COVID-19 pandemic has revealed the downside of this “online
closeness,” as with the greater ease of infectious disease
transmission from physical closeness [4,5].

Social media platforms have drawn criticism for propagating
misinformation and crowding out of public health
communication [6,7]. As the pandemic rages on, it has exposed
our limited knowledge regarding the potential health impact of
these platforms, which have been a medium to propagate false
information and widespread population anxiety [8,9]. It is
timely, therefore, to investigate the benefits and drawbacks of
social media on population health [10]. In this review, we aim
to highlight a brief history of social media in health care, its
negative public health impact that has marred outbreak
responses, and its potential positive impact.

Methods

We searched electronic bibliographic databases, including
PubMed, including Medline and Institute of Electrical and
Electronics Engineers Xplore, from December 10, 2015, to
December 10, 2020, with the following search terms: “((Social
media[Title/Abstract]) OR (Social network[Title/Abstract]) OR
(TikTok[Title/Abstract]) OR (Facebook[Title/Abstract]) OR
(Instagram[Title/Abstract]) OR (Twitter[Title/Abstract]) OR
(Baidu[Title/Abstract]) OR (Weibo[Title/Abstract])) AND
((Public health[Title/Abstract]) OR (Infectious
Disease[Title/Abstract]) OR (Outbreak[Title/Abstract]) OR
(Pandemic[Title/Abstract]) OR (COVID[Title/Abstract])) AND

((Intervention[Title/Abstract]) OR (Content
analysis[Title/Abstract]) OR (Trial [Title/Abstract]) OR
(Application[Title/Abstract]) OR (Health Promotion
[Title/Abstract])) AND (English[Language]).”

A total of 678 reports were identified. We screened the title and
abstract of these reports to identify relevant English-language
manuscripts for this review. The full text of selected manuscripts
and their reference lists were analyzed thematically on the basis
of the thematic paradigm of social media apps for public health
communication, monitoring, and predictions. This analysis was
conducted by a multidisciplinary panel of clinicians, researchers,
public health specialists, and professors from business and
medical schools to provide a holistic assessment of the published
literature. The findings of this panel based on the reviewed
studies are described using a narrative review approach in
accordance with specific issues described in the literature, which
have a positive or negative impact on population health, in order
to inform future public health responses.

Results

Social Media: A Brief History Before the COVID-19
Pandemic
Prior to the COVID-19 pandemic, the possibilities of scalable
public health promotion through leveraging the network effects
of social media had garnered praise from the academic
community. The effectiveness of these platforms for
dissemination of information, conduct of digital interventions,
or individual campaigns can be evaluated at three levels of
chronology. These include the short-term using level of
engagement (frequency or duration a platform is accessed each
day, number of reactions or shares to content, etc), medium-term
with frequency of engagement (daily or monthly active users,
etc), and long-term based on retention or duration of engagement
(adherence to or compliance with digital interventions) [11,12].
The ubiquity of social media platforms enables many public
health applications including the communication of public health
messages, real-time monitoring of population health, and
potential predictions such as infectious disease outbreaks [13].
Descriptions of these applications in existing literature are
summarized thematically and depicted in Figure 1.
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Figure 1. Evaluating the impact and applications of social media in public health. AI: artificial intelligence, EHR: electronic health record, ILI:
influenza-like illness.

Communication: Digital Public Health Promotion
The exponential potential of social media platforms for
information dissemination has been strategically used for
positive impact in the past [3]. They can be applied to
reinvigorate public health promotion efforts and raise awareness
about diseases, as exemplified by the “ALS Ice Bucket
Challenge” in 2014 [14]. Other such health promotion
campaigns include smoking cessation campaigns such as
Tweet2Quit [12], and the #smearforsmear campaign to raise
awareness about cervical cancer screening [15]. These initiatives
capitalize on the network effects of social media to amplify the
impact of web-based public health interventions. This is
achieved by leveraging visibility (through search or content),
peer-to-peer advocacy (“word of mouth”), or contextual paid
advertising, the fundamental pillars of marketing digital
initiatives [16,17].

The Tweet2Quit initiative attracted considerable attention to
public health promotion using social media following a
randomized controlled trial of a digital intervention using
Twitter to help smokers abstain from their habit. It recruited
users into twitter groups of 17-20 participants and encouraged
smoking cessation by seeding conversation topics for users
using automated messages to each group. These messages were
aligned with clinical practice smoking cessation guidelines. The
messages served as a conversation starter for users to provide
encouragement for others, forging camaraderie as they embarked
on their arduous smoking cessation journeys. The digital
intervention was found to be more effective than Nicotine
patches and a quit smoking website in this study [18].

Monitoring: Precision Public Health
The epidemiological value of social media applications includes
surveillance of information, disease syndromes, and events
(outbreak tracing, needs or shortages during disasters) [19]. The
benefit of social media is that it provides real-time big data
rapidly to epidemiologists from millions of users worldwide.
The utility of epidemiological monitoring using social media
during public health emergencies was well illustrated in the
H7N9 avian influenza A virus outbreak using user-generated
content (UGC) in the Sina microblog and the daily Baidu
Activity Index [20]. This facilitated network monitoring for
rapid information collection, allowing officials to disseminate
public health communication in a relevant and timely manner
when information-seeking behavior was at its highest. These
methods were reproduced following subsequent outbreaks,
highlighting potential rapid surveillance of population reactions
to outbreaks and informing public health responses [21,22].

During the initial onset of an outbreak, uncertainty promotes
fear among members of the public, who become desperate for
more information. During the H1N1 outbreak: internet attention
peaked in the first 3 days before dwindling as information
saturation set in [23]. Public attention was also positively
correlated with the case fatality rate and geographical
advancement of the outbreak. This suggests that public health
communication should use such critical features and time points
in an outbreak to draw attention to accurate information. To
achieve this, social media seems to present a potential tool for
governments to (1) rapidly assess public reaction to an outbreak,
(2) identify critical time points and topics that need to be
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addressed, and (3) rapidly disseminate vital public health
communication during outbreaks.

During the 2009 H1N1 outbreak, real-time monitoring using
Twitter was clearly demonstrated [23]. Tweets containing
relevant keywords such as “flu,” “swine,” and “Tamiflu” among
others were extracted along with geolocations and time stamps.
These were largely found to be posted by users in Twitter “live”
(ie, real-time) and often contained information about the users’
condition or symptoms. The researchers then applied a machine
learning method to create a real-time model for the estimation
of disease activity from the data, and demonstrated positive
correlation with the national and regional prevalence of
influenza-like illness reported by the US Centre for Disease
Control and Prevention’s (CDC’s). They proposed other
potential applications of social media using similar techniques,
including surveillance for treatment side effects and shortages
in medical supplies.

Predictions: Public Health Forecasting and Planning
Infodemiology (ie, information epidemiology) entails methods
which analyze trends in web-based health data for applications,
such as policy making [24,25]. On the other hand, infoveillance
(ie, information surveillance) is the detection of events using
web-based data, which can be faster than traditional surveillance
methods [26,27]. Earlier studies have successfully illustrated
the use of social media microblogs and geographical locations
to track infectious disease outbreaks in many countries [28].
The authors searched Twitter for keywords such as “headache,”
“fever,” and “runny nose” among others, mapping the locations
of these tweets against the results of CDC’s surveillance system
FluView. They then modeled the potential spread of influenza
on the basis of airline traffic and demonstrated predictions of
influenza outbreaks a week in advance. The technical
demonstration of these capabilities was a prelude to their future
application during the current pandemic, which are discussed
in a later section on social media and the COVID-19 pandemic.

Social Media and Infodemics
Although social media has the potential for positive public
health utility, it can also amplify poor quality content [3]. Public
fear and anxiety are known to be heightened by sensational
reporting in the media during outbreaks, a phenomenon
heightened by the ease of sharing on social media. These trends
were described during previous outbreaks, such as the
prominence of risk-elevating messages in American media
during the Ebola outbreak [29]. During the COVID-19
pandemic, cross-sectional surveys in Russia, Bangladesh, and
Iraq found elevated baseline levels of anxiety in individuals
with higher levels of consumption of COVID-19–related news
[8,30,31].

Similar associations between media consumption and mental
health disorders have been reported during the COVID-19
pandemic and were worsened by poor quality of information
dissemination among quarantined undergraduates in France
[32]. The sharing of poor-quality information during outbreaks
was also highlighted in an earlier infodemiological analysis of
public reactions to the Zika epidemic between 2015 and 2016.
Reliable sources, including the World Health Organization, had

accounted for less than 0.1% of all highest-ranking content by
dissemination, while over a quarter originated from social media
like Facebook and Twitter. A similar study conducted during
the COVID-19 pandemic suggested improved prominence of
reliable sources [33], which may be driven by technology and
public health partnerships for education campaigns [3,34].

The Impact of Social Media During the COVID-19
Pandemic
Despite the negative impact of social media in propagating
“infodemics,” it also provides a reservoir of UGC as individuals
share a range of topics from emotions to symptoms [35]. The
COVID-19 pandemic has shed light on various public health
applications of social media that were developed and piloted
post hoc using retrospective data such as trends in UGC
following earlier outbreaks [36]. However, the potential
real-world impact of several applications of social media
platforms as digital health interventions have been hindered by
a lack of stakeholder engagement and barriers to adoption [37].
The following section summarizes descriptions of social media
apps for public health communication, monitoring, and
predictions during the COVID-19 pandemic.

Communication During the COVID-19 Pandemic
The volumes of fear-driven information sharing at the beginning
of the pandemic overwhelmed individuals and the capacity of
regulators in many regions [7]. Some distributors capitalized
on public anxiety, using fear mongering and predatory sales
tactics for fraudulent medical products, a situation worsened
by high-profile figures touting baseless claims [6,38]. Moreover,
professionals were bombarded with rapidly evolving advisories
as public health organizations and academia scrambled to
process the flood of scientific reports of variable quality [39].
These challenges have presented an unprecedented need for
scalable tools that detect trends in information sharing, develop
targeted public health communications, and facilitate their
dissemination—both to members of the public as well as
frontline health care workers [5].

Fortunately, new methods using topical modeling and
engagement metrics in social media were available to allay the
concerns of the public and provide updated information to health
care professionals. These leveraged application programming
interfaces (APIs) of platforms such as Twitter or Weibo to
identify trends in content sharing to inform public health
communications [34,40]. These methods used such APIs to
filter UGC on the basis of predetermined hashtags as well as
identify temporal or geographical trends in information sharing,
topical modeling, and engagement using the natural language
processing branch of artificial intelligence (AI) [33]. Reports
have also described pairing these techniques with sentiment
analysis using Python textblob library or Valence Aware
Dictionary and sEntiment Reasoner to provide a barometer of
public sentiment [41,42].

Finally, social media has also been applied as a tool for
grassroots health promotion initiatives [3,43]. For example,
many US physicians actively used Twitter for health promotion
during the COVID-19 pandemic [44], and in Singapore, the
Government applied various social media platforms for health
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promotion initiatives [5]. In Italy, these platforms were even
used by health care professionals to share practice updates and
scientific information among one another [45]. Despite these
benefits, the relative lack of legitimate voices has been thought
to enable the propagation of misinformation in social media,
such as the purported association between the COVID-19
pandemic and 5G networks in the United Kingdom [46].
Nonetheless, sometimes misinformation has been aggravated
by academics or health care providers stepping outside their
areas of expertise in well-meaning attempts to help educate the
public [47].

Monitoring Applications During the COVID-19
Pandemic
Comprehensive surveillance is vital during infectious disease
outbreaks to monitor compliance and effectiveness of measures
such as social distancing [48]. This allows the extensiveness of
these measures to be tailored, to balance competing individual
freedoms, health, and economic priorities for public benefit
[48]. During the COVID-19 pandemic, methods leveraging
social media, which were validated in previous outbreaks, were
applied prospectively to inform advisories for both health care
practitioners and public health administrators. Social reactions
on Instagram and Twitter can be used as proxies for outbreak
monitoring and assessment of public health measures for
outcomes such as reduction in the basic reproductive number
of COVID-19 with social distancing, as demonstrated in the
United States [49].

This underscores the importance of investigating the relationship
between web-based and offline behavior for translatable
population health benefits. Digital data from social media
platforms has also been used to detect predatory sellers,
counterfeit health products, and unapproved products with
questionable claims [50]. These emerging applications can
provide governments and health authorities effective tools for
real-time monitoring of public health measures, targeted law
enforcement activities, and developing protective measures for
public safety.

Prediction Techniques Applied During the COVID-19
Pandemic
The AI and regression techniques applied for the
abovementioned real-time monitoring applications were based
on cross-sectional data that became available during the
pandemic. However, increases in computational power and
availability of large, longitudinal data sets have paved the way
for applications of big data from social media for future outbreak
forecasting among other predictions. Applications that predict
the potential number of cases during the COVID-19 outbreak
used social media search indexes (SMSI) for keywords such as
“dry cough,” “fever,” “coronavirus,” and “pneumonia” on
platforms such as Baidu, where a significant correlation between
new COVID-19 cases and SMSI findings have been reported
[51].

Researchers have even developed and demonstrated such
capabilities during the COVID-19 pandemic to accurately
predict the burden of incident cases 2 weeks ahead of official
sources [52]. This was achieved by applying the machine

learning (ML) branch of AI to the social media posts of over
250 million users of the Weibo social media platform, based
on self-reported symptoms and illness in UGC. The scale of big
data and predictive value of novel such approaches represent a
paradigm shift for public health capabilities, enabling
anticipatory strategies and agile infection control responses
driven by real-world data during an evolving threat [9].

However, it is worth noting that the CDC’s prediction initiative
COVID-19 forecast hub has indicated that methods using social
media big data have underperformed traditional methods such
as the Susceptible-Exposed-Infectious Removed (SEIR) model
when applied for forecasting. Ultimately, further research is
necessary to fine-tune these novel techniques, and researchers
may find that applying social media apps together with existing
traditional modeling paradigms such as the SEIR may yield
superior results. Limitations of existing modeling approaches
include their primary focus on human-human transmission,
along with difficulties modelling environmental transmission
from fomites as well as variations in transmissibility. The latter
is particularly important in a new public health emergency with
growing awareness over time and public health communication
such as that to encourage the adoption of hygiene measures.
Public health organizations may also consider funding this
research for capacity building to evaluate how these tools can
be applied to enhance resource allocation during future health
crises.

Discussion

Principal Findings
The COVID-19 pandemic has exposed the public health risks
of unchecked health information–sharing on social media. It
has also highlighted the pivotal role of human behavior in
epidemic risk, prevention, and control [53]. This review has
highlighted the potential negative impact of social media
platforms on population health, as well as their useful public
health applications for communication, monitoring, and
predictions. Strategic planning for outbreaks should specifically
explore leveraging the benefits of social media as potential tools
for public health responses, as well as specific measures to
mitigate against its potential drawbacks [9]. This includes
planned behavioral and social communication to mitigate the
infodemic, along with monitoring and predictive applications
identified in this review. To be most effective, this needs to be
developed using a participatory approach involving members
of target populations [53,54].

The literature regarding social media apps for public health
communication before the COVID-19 pandemic highlighted
that digital behavioral modifications can be less time-consuming
and less costlier than traditional approaches implemented using
offline channels, such as patient support groups [55]. Through
the rapidity and ease of recruitment facilitated by social media,
these studies have shed light on the potential for social media
to be applied in a scalable manner for behavioral modifications
through peer support and networks. Other benefits include ease
of monitoring and withdrawing these trials, as well as low
inherent risks to participants given the use of platforms that are
already widely used. Nonetheless, as with any patient-directed
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digital intervention, risk mitigation measures such as
methodology and ethics review are critical to ensure participants
understand the intervention, potential benefits, and its risks [56].

Although similar applications of social media for communication
were effectively applied to amplify public health messages
during the COVID-19 pandemic, they were also used by some
to perpetuate the spread of misinformation, thus marring its
positive impact [47]. Therefore, researchers are now calling for
novel approaches such as provider-moderated online health
communities (OHCs), to leverage the utility of social networks
as scalable channels for the dissemination of information, with
added controls such as expert peer-verification to amplify
benefits over its risks [57]. OHCs have been developed by social
entrepreneurs to connect stakeholders such as health experts,
providers, caregivers, and patients on a common platform.
Besides OHCs, social entrepreneurs have also devised frugal
solutions to successfully address a range of public health
problems such as last-mile health, sanitation, and capacity
building of health care workers [58]. Other relevant applications
for health include disease-focused virtual communities, such
as ParkinsonsNet, topical forums within Reddit, and the
Psoriasis MSN or Google groups [59,60]. General health forums
such as WebMD communities have also been previously
described [61]. New OHCs have since been created for clinical
practice updates, ranging from individual clinical discussions
to entire virtual conferences. These include the inaugural virtual
Primary Care Grand Conference (AGC) launched on the internet
in Singapore in 2020 by an OHC, with participation of
stakeholders from various sectors—clinical, allied health,
political, and social sectors—to provide comprehensive updates
on trends in disease presentation and administration [62].

New trends in personal content creation are constantly emerging,
such as video logging (“vlogging”) using platforms such as
TikTok or modules of established platforms such as “Stories”
in Instagram [63]. These present new challenges for regulation.
Content moderation is especially challenging given the size of
video content and configurations with automated purging after
a brief interval during which many impressions can be formed.
This can happen rapidly at scale, creating a narrow window for
enforcement. Users of these platforms are disproportionately
represented by youth, and their demand for health-related
content producers exceed their supply, exposing vulnerable
users to content from sources of uncertain reliability [63].

Nonetheless, various reports of these public health responses
to the COVID-19 pandemic, which applied social media for
positive impact signal a future in which these platforms can be
used to address new public health threats. Social media data
can be combined with other sources of publicly available and
digital behavioral data to improve the accuracy of existing
approaches for various public health applications. These include
analysis of UGC in open social media platforms such as Twitter,
as well as internet search trends in search engines using ML.
This has been demonstrated for applications such as monitoring
for influenza surveillance [64]. Data from social media
applications for public health monitoring in this manner can be
used for operational planning. This is particularly useful when
triangulated with other sources of data pertaining to web-based
behavior, such as search trends, which have been used to predict

future requirements for telehealth capacity [65]. These were
also introduced during the COVID-19 pandemic for the
monitoring of social distancing measures [49] and predictions
of outbreaks [66].

However, the effectiveness of applying these tools at a
population level has yet to be formally evaluated [36]. Moreover,
given the heterogeneity between these social media platforms
and within them as they evolve over time, another future area
for further research would be to evaluate the public health
implications of specific modules or social media functions.
These remain key priorities for future research to improve our
understanding of this new digital domain within public health.
New variables of interest in outbreaks, such as attention
saturation with temporal and topical variation, were already
described in one such multinational study corroborating
multimodal content from Reddit, Wikipedia, and news media
with epidemic progression [67]. Furthermore, data from
electronic medical records (EMRs) have been previously applied
through global disease registries to improve our understanding
of infectious diseases [68,69]. The incorporation of data from
EMRs to triangulate with publicly available data can also
improve the validity of these tools [70]. However, each
additional source of data carries privacy concerns that must be
addressed [71].

Future research is needed to develop scalable methods to
mitigate against the risks of “online closeness.” Fortunately,
solutions such as provider-moderated OHCs have emerged as
potential tools to counter web-based medical misinformation,
with applications described in fields such as psychiatry [57]
and anesthesia for chronic pain management during the
COVID-19 pandemic [72]. Moreover, promising solutions to
automate the processing of big data using the deep learning
branch of AI, such as long short-term memory or gated recurrent
unit neural networks are emerging [60,73]. Finally, progress in
cryptography has resulted in the successful incorporation of
blockchain in digital platforms [74]. These are distributed
databases with security configurations accommodating smart
contracts, and programmable permissions for data access
[75,76]. These configurations help address privacy concerns
with data accession for the applications of social media big data
by only revealing aggregated trends for public health planning
while concealing individual identity through cryptography, or
enabling the incorporation of individual consent for data
accession transparently using smart contracts. Relevant
applications of blockchain in health care during the COVID-19
pandemic include real-time tracking of drug delivery following
telemedicine services [74]. The field of blockchain is still
evolving with new potential applications such as social money
solutions that provide financial incentives for content creation
[77], and could be applied to reward creators of reliable content
to combat web-based medical misinformation. Other potential
health care applications include programmable patient consent
or compute-to-data solutions for privacy-preserving data
applications [78,79], data storage in medical devices [80], and
queries from pharmacogenomics databases [81].

The incorporation of these various technologies with social
media platforms may eventually contribute to a “learning”
digital public health system in future, that can scale up and
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improve existing methods for targeted communication,
monitoring, and predictions [60]. However, improved study
design and more empirical investigations of specific digital
interventions using social media platforms are needed to develop
and validate targeted strategies for key responses. For instance,
recent reports described the use of programmed reminders to
prompt individuals to consider accuracy of UGC [82]. Others
forged partnerships between formal news media and social
media influencers for targeted health promotion campaigns [43].

Finally, strategies for implementing these tools in health care
macrosystems will also need to be developed. Examples of these
include implementation of these tools using the lighthouse and
safety net operational models for remote monitoring solutions
[37]. Ultimately, more research on the link between health and
human behavior is urgently required.

Conclusions
The pandemic has had a massive human toll and economic
impact [83]. However, even with the availability of vaccines,
new challenges remain including problems of logistics,
distribution to low-income nations, and antivaccine activism
[6,84]. Fortunately, social media platforms have emerged as
new digital tools for public health professionals and providers.
This review has highlighted existing and developing applications
of social media for public health communication, monitoring,
and predictions. These tools were sharpened by our experience
with the COVID-19 pandemic and will likely have increasing
prominence in responses to future public health threats.
However, we also identified a need for greater pragmatic
research for these applications of social media in order to better
inform public health responses.
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Abstract

Background: Vaccination is an important intervention to prevent the incidence and spread of serious diseases. Many factors
including information obtained from the internet influence individuals’ decisions to vaccinate. Misinformation is a critical issue
and can be hard to detect, although it can change people's minds, opinions, and decisions. The impact of misinformation on public
health and vaccination hesitancy is well documented, but little research has been conducted on the relationship between the size
of the population reached by misinformation and the vaccination decisions made by that population. A number of fact-checking
services are available on the web, including the Islander news analysis system, a free web service that provides individuals with
real-time judgment on web news. In this study, we used such services to estimate the amount of fake news available and used
Google Trends levels to model the spread of fake news. We quantified this relationship using official public data on COVID-19
vaccination in Taiwan.

Objective: In this study, we aimed to quantify the impact of the magnitude of the propagation of fake news on vaccination
decisions.

Methods: We collected public data about COVID-19 infections and vaccination from Taiwan's official website and estimated
the popularity of searches using Google Trends. We indirectly collected news from 26 digital media sources, using the news
database of the Islander system. This system crawls the internet in real time, analyzes the news, and stores it. The incitement and
suspicion scores of the Islander system were used to objectively judge news, and a fake news percentage variable was produced.
We used multivariable linear regression, chi-square tests, and the Johnson-Neyman procedure to analyze this relationship, using
weekly data.

Results: A total of 791,183 news items were obtained over 43 weeks in 2021. There was a significant increase in the proportion
of fake news in 11 of the 26 media sources during the public vaccination stage. The regression model revealed a positive adjusted
coefficient (β=0.98, P=.002) of vaccine availability on the following week's vaccination doses, and a negative adjusted coefficient
(β=–3.21, P=.04) of the interaction term on the fake news percentage with the Google Trends level. The Johnson-Neiman plot
of the adjusted effect for the interaction term showed that the Google Trends level had a significant negative adjustment effect
on vaccination doses for the following week when the proportion of fake news exceeded 39.3%.

Conclusions: There was a significant relationship between the amount of fake news to which the population was exposed and
the number of vaccination doses administered. Reducing the amount of fake news and increasing public immunity to misinformation
will be critical to maintain public health in the internet age.
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Introduction

To take the blue pill or the red pill: decisions are made every
day in our lives. As expressed in the 1999 film The Matrix,
“You take the blue pill—the story ends, you wake up in your
bed and believe whatever you want to believe. You take the red
pill—you stay in Wonderland, and I show you how deep the
rabbit hole goes” [1]. Every decision may have critical or trivial
effects on our future and may be influenced by our environment.
Decisions about whether to accept or reject vaccination can be
influenced by a variety of factors [2-6] including personal
lifestyle, disease severity, vaccine effectiveness, side effects,
peer decisions, and internet information. The internet has
brought everyone together over the last decades, and
misinformation on the internet can spread like a plague and
affect public positions [7-13], even encouraging individuals to
make potentially self-harming health decisions [14,15].

The COVID-19 pandemic spread around the world from about
mid-2020, and vaccines were authorized for emergency use in

early 2021 [16]. Taiwan, located in East Asia, with a population
of 23 million (population density of 646 people/km²), received
its first batch of COVID-19 vaccines on March 3, 2021, and
started vaccination on March 22, 2021 [17]. Given the initially
limited number of vaccine doses available, and the policy to
vaccinate health care workers first, public vaccination started
on June 12, 2021 [17]. During the vaccination period, Taiwan
experienced its first wave of large-scale community infections,
and the internet was flooded with news about COVID-19 and
vaccines (Figure 1). Considerable research has indicated that
misinformation about diseases and potential vaccine side effects
have adverse effects on vaccination rates [15,18,19]. Some
researchers have designed questionnaire-based studies to
investigate this association [20-22]. One such study quantified
the rise in the number of antivaccine tweets during the pandemic
[23], and several studies investigated factors affecting the spread
of misinformation [24,25]. Building upon this previous research,
we hypothesized that a higher prevalence of misinformation
might have a greater adverse effect on vaccination decisions.

Figure 1. Data about COVID-19 infection cases, total vaccine doses, vaccine uptake (vaccination doses), and the percentage of COVID-19 news in
Taiwan. The data covers a period ranging from March 2021 to December 2021, and the orange dotted line represents vaccinations in Taiwan, with
missing values on weekends and holidays. The public vaccination stage began on June 12, 2021, as indicated by the green background.
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Detecting misinformation or fake news from big data on the
internet is challenging [13]. In this decade, deep learning for
natural language processing (NLP) has been developed to help
address this problem, and many news analysis services are
already available on the web [26]. These services use machine
learning algorithms or manual detection methods to provide
online fact-checking covering multiple topics [26,27]. However,
these services were difficult to use in this study due to language
differences. In this study, we focused on digital media news in
Taiwan and used the Islander news analysis system [28], which
uses an innovative language model to automatically screen and
score internet news.

There is no consistent definition of fake news; its identification
is complex and can sometimes be difficult to determine
[12,27,29-31]. The definition of fake news can be as broad as
improper information or stories [18,27,32], or as narrow as
verifiably false articles deliberately published by the media
[11,12,27], and anything in between [13,33]. Experts or the
wisdom of crowds can detect false information manually
[27,34], but efficiency can be an issue when news may have
spread before a judgment was made. An automatic detection
method could involve knowledge base retrieval systems [27],
but breakthrough knowledge may be considered misinformation.
Content style analysis is another automated method, based on
the assumption that there is a certain pattern in intentional news
[31,35-37], but outlets may evade detection by manipulating
their writing style [27]. In this study, we employed a style-based
approach to fake news detection. Generally speaking, the typical
characteristics of fake news are associated with the writing style,
quantity of subjective language, and sentiment lexical or incited
discourse [26,27,31,35-37]. We adopted the scores of suspicion

and incitement provided by the Islander news analysis system
[28] in which a language model, RoBERTa [38], was trained
using a supervised learning approach to analyze and score news
(Figure 2). This news analysis language model was trained on
the Chinese valence-arousal text data set (CVAT) [39], and 198
random news items from mid-2019, labeled by 2 journalism
experts. These 2 experts labeled the bias of the title and objective
statements or subjective claims, and crossvalidated them. CVAT
includes 720 texts tagged with affective words, and each
sentence was scored according to valence and arousal, which
were used to train the incitement judgment of the Islander
system. This quantifiable domain knowledge, combined with
the writing style and incited score, constitutes the Islander
system's fake news discriminator.

Individuals obtain internet information by passively accepting
pushes from web services or by actively searching for specific
terms. Searches reflect user interests [40,41], and many web
news services have adopted a recommendation system to push
information to potentially interested people using data gathered
from personal surfing behavior or search histories [13,42-44].
Some studies have indicated that search trends can reflect the
amount of information dissemination [45,46]. We used Google
Trends as a metric for the amount of information propagated
by web news, due to its up to 85% market share [6,47].

Few studies have investigated the interplay among the quantity
of misinformation, information propagation, and its impact on
decision-making [13]. In this study, we retrospectively analyzed
the relationship between vaccination acceptance and digital
news dissemination in Taiwan and aimed to quantify the effect
of the propagation of fake news on COVID-19 vaccination
decisions (Figure 3).

Figure 2. The Islander news analysis system. This system has 3 components: a web crawler to collect web news in real time, a news analysis model
to judge the news objectively, and a website that provides a user interface.
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Figure 3. Graphical summary of this study. Taiwanese officials publicly release COVID-19 and vaccination information, and the media post news
about this information on the internet. The public may obtain relevant information using searches or pushes from a recommendation service. This
information will help individuals make vaccination decisions. In this study, we investigated the relationship between the quality of news, its dissemination,
and vaccination decisions.

Methods

Study Design and Setting
The study population was the population of Taiwan. We
conducted a retrospective study using publicly available data
from March 1, 2021, to December 25, 2021, starting from when
Taiwan first obtained the vaccine. The government publicly
releases information about COVID-19, vaccines, and vaccination
numbers, and we collected information on the COVID-19
pandemic from the Taiwan Ministry of Health and Welfare [17]
and the Our World In Data [48] website. A total of 5 variables
were used, including the number of COVID-19 infection cases,
the number of COVID-19 deaths, total vaccine doses available,

total vaccinations, and the number of vaccinated individuals.
The web news we collected came from the Islander system news
database in which news is crawled and stored in real time. Each
news item included the title, content, source, publishing time,
suspicion score, and incited score. We obtained data on daily
trends through a Google Trends news subgroup search for “疫
苗” (vaccine) in Taiwan within the date range.

To investigate the relationship between internet news and
vaccination acceptance by the public, we set the analysis interval
from June 13, 2021, to December 25, 2021, according to the
timing of public vaccination. We divided the time interval into
training and validation parts, with a ratio of 70 to 30. Data from
before October 30, 2021, were analyzed separately, and the
other data were used for validation (Figure 4).

Figure 4. The news collected in this study. A total of 2,018,278 items were included and filtered by keywords for COVID-19 and vaccine news, leaving
791,183 news items for research. A study interval of June 13, 2021, to December 25, 2021, was used to investigate decisions by the public about
vaccination. We used data from October 31, 2021, to December 25, 2021, for validation.
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Variables and Outcome
We resampled daily to weekly data and obtained the following
information: the number of available vaccine doses, calculated
as the difference between the number of vaccine doses available
and the number of vaccinations; the number of new COVID-19
cases per week; the number of new COVID-19 deaths per week;
the number of new vaccinations administered per week; the
number of newly vaccinated people per week; and the average
Google Trends score each week. Individuals will be interested
in the issue and search for it, and relevant information will be
provided; thus, we selected COVID-19 and vaccine keywords
to filter the news data set. We filtered news related to COVID-19
and vaccination using the following keywords limited to Chinese
news: “破口,” “病例,” “polymerase chain reaction (PCR),” “放
寬,” “疫,” “隔離,” “確診,” “COVID,” “新冠,” “新型冠狀病
毒,” “肺炎,” “疾管,” “疫苗,” “BioNTech (BNT),” “AstraZeneca
(AZ),” “高端,” “默德納,” “Moderna,” “vaccine,” “接種,”
“vaccinate,” “vaccination.” Multimedia Appendix 1 presents
the meaning and English translation of the Chinese search
keywords. Subgroups of digital news with different subsets of
keywords were also employed in the study to investigate their
relationship with vaccination doses. We counted the weekly
number of news and the percentage of fake news. In this study,
fake news was set as news with a suspicion score greater than
zero. Suspicion scores ranged from 0 to 1000; lower scores
indicate greater objectivity, and zero scoring was predominant
in the data, which looked like a Poisson distribution. We also
selected the weekly average incitement score as a variable.
Incitement scores ranged from 0 to 1000 and presented as a
Gaussian distribution; lower scores indicate less incitement
(Multimedia Appendix 2).

The outcomes of this study were the number of new vaccination
doses and newly vaccinated people for the following week. We
investigated the factors affecting vaccination decisions using

the following variables available: vaccine doses, new COVID-19
cases, average Google Trends score, fake news percentage,
average incitement score, and the interaction term of the average
Google Trends score with the fake news percentage.

Statistical Analysis
We used chi-square tests for the analysis of fake news
percentages, and multivariable linear regression with the
stepwise method was used for variable selection. The variance
inflation factor was used to detect multicollinearity among
variables and to remove probable linear combinations of
variables. The Johnson-Neyman procedure was used to generate
plots of the interaction effects with 95% CIs. The final models
were validated using the validation data.

Data were normalized and then analyzed using the R (version
4.1.1; R Core Team), statistical packages interactions (version
1.1.5), R commander (version 2.7-1), and RStudio (version
1.3.1093). All P values in this study were 2-sided and were
considered statistically significant when less than .05.

Results

Using the settings described, 791,183 COVID-19 and vaccine
news items were collected from 26 internet news media sources.
A higher percentage of fake news (193,188/512,435, 37.7%;
95% CI 37.6%-37.8%) was found during the public vaccination
stage, than during the nonpublic vaccination stage
(99,791/278,748, 35.8%; 95% CI 35.6%-36.0%); and 11 of the
26 news media sources had significantly increased fake news
percentages during the public vaccination stage (Figure 5). This
study involved 28 weeks of data for the regression analysis
(details on variables and outcomes are shown in Table 1). Every
week, about 3 million vaccine doses were available in Taiwan,
and about 1 million doses were administered to the public.

Figure 5. Fake news percentages, with 95% CI, of each media. Multimedia Appendix 1 provides the sources of digital media.
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Table 1. Summary statistics of the variables used in the study.

MaximumMedianMinimumMean (SD)

Variables

6,263,8383,291,468351,6623,129,315.5 (1,684,054.2)Available vaccine doses

115065.528148 (238)New COVID-19 cases

1272015.7 (30.4)New COVID-19 death cases

492.4488.5483.9488.7 (2.4)Incitement score

41.337.633.737.4 (1.9)Fake news (%)

54194.322.4 (14.9)Google Trends

Outcomes

2,764,0541,090,186.5308,4001,194,379.4 (632,178.6)Following week’s vaccination doses

1,590,232460,499.552,519633,134.8 (490,868.2)Following week’s newly vaccinated people

Multivariate analysis revealed a statistically significant
relationship between the number of vaccine doses administered
and the number of available vaccine doses, as well as an
interaction term for the percentage of fake news and Google
Trends levels. These significances persisted even when analyzed
together with the validation data (Table 2). These coefficients
suggested that there may be a positive relationship between the
number of vaccine doses available and the number of vaccine
doses administered during the following week, and that the
incitement score might adversely affect vaccination doses in
the following week. There also appeared to be an interaction

between the fake news percentage and the Google Trends level,
due to the opposite sign of the interaction term.

The interaction effects for fake news percentage and Google
Trends levels in the multiple regression revealed that as the fake
news percentage increased, the slope of the Google Trends level
moved from positive to negative (Figure 6). The
Johnson-Neyman procedure suggested that when the fake news
percentage exceeded 39.3%, the Google Trends level had a
significantly negative adjusted effect on the following week's
vaccination doses (Figure 7).

Table 2. A multivariable linear regression model of factors associated with vaccination doses for the following week. The variance inflation factor
(VIF) for each factor was less than 10.

June 13 to December 25, 2021bJune 13 to October 30, 2021a

VIFP valueSEEstimateVIFP valueSEEstimate

Coefficients

—.900.3721–0.0450—c.760.4805–0.1482Intercept

1.43.02d0.17740.45101.96.002d0.26370.9799Available vaccine doses

2.40.03d0.2279–0.52223.31.130.2953–0.4725Incitement score

2.53.181.17711.64204.72.071.98843.8286Fake news (%)

6.64.02d0.39701.03828.14.140.52080.8257Google Trends

5.23.009d0.9058–2.58469.95.04d1.3796–3.2121Fake news: Google Trends

aMultiple R2=0.647, adjusted R2=0.521, F5,14=5.133; P=.007.
bMultiple R2=0.507, adjusted R2=0.395, F5,22=7.714; P<.001.
cNot applicable.
dIndicates significant values.
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Figure 6. Interaction plot with 95% confidence bands. This plot demonstrates the interaction of the following week’s vaccination doses with the Google
Trends levels for those with 1 SD above and below the average for the fake news percentage.
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Figure 7. Johnson-Neyman plot with 95% confidence bands. This plot shows the Google Trends level coefficient adjusted for different percentages
of fake news. NS: not significant.

Discussion

Principal Findings
In this study, we quantified the relationship between the
proportion of fake news, its propagation, and vaccination
decisions in Taiwan, using multivariable linear regression and
interaction analysis. A higher percentage of fake news about
COVID-19 and vaccines on the internet and greater search
volumes predicted more adverse effects on vaccination doses
administered in the following week. During the study interval,
the fake news percentage threshold was 37.4%, which was the
zero-crossing coefficient of the Google Trends level and was
statistically significant when it reached 39.3%. This number
may vary with study intervals, but this trend existed even in the
unseen validation data. The exposure of populations to more
than a specific amount of fake news about diseases and vaccines
can negatively impact public health. Public health work on
vaccination should strengthen public immunity to fake news
and encourage balance and objectivity among news media
outlets.

The overall percentage of fake news rose by 2 points during the
public vaccination stage. One reason for this increase might be
the official announcement of the community spread of
COVID-19 in Taiwan on May 15, 2021, although there was no
specifically significant increase in the fake news percentage for
the following 2 weeks (26,447/73,669, 35.9%; 95% CI

35.6%-36.3%). The percentage increased significantly during
the first 10 days of June 2021 (19,969/52,276, 38.2%; 95% CI
37.8%-38.6%). At the same time, Taiwan was facing its second
peak of infection and received Japan's donation of the first batch
of vaccines. The number of infections then ebbed, but some
media outlets seemed to still overreact during the public
vaccination stage (Multimedia Appendix 3). News media have
different news styles based on their culture, which might relate
to varying levels of suspicion and incitement. Figure 5 shows
the different fake news percentages for each form of media,
some of which maintained a consistent style in both stages, but
some of which increased significantly in the second stage. The
greatest increase was 1.7 times and the second largest was a
34% increase. Lazer et al [13] indicated that the internet
accelerated the news media's move toward biased and affective
reporting. Internet news outlets are commercial, and
click-through rates reflect revenue and sometimes share prices.
Using attractive discourse and sentimental titles will be the
preference of some media companies, and sometimes the content
is subjective and lacks fact-checking. It may be reasonable to
change styles in the pursuit of click-through rates, but this
approach might undermine the credibility of the media and
public trust.

The number of vaccine doses available had a positive adjusted
effect on the number of vaccine doses administered in the
following week. For most people seeking vaccinations in
Taiwan, it is necessary to reserve a vaccination day and then
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visit. As when booking a flight, the number of seats on an
aircraft determines the number of bookings available. Although
no-shows happen, overselling is prohibited when it comes to
vaccination, as limited resources could lead to a “bank run”
phenomenon on vaccination, especially if the masses panic. In
August 2021, fewer than 400,000 vaccine doses were available
every week, and the rate of vaccination was slow without the
“vaccine run” effect (Figure 1). In that month, the percentage
of fake news increased 1 point to 38.5% (95% CI 38.2%-38.8%),
exceeding the threshold, but not reaching a significant level,
which may be a decelerating factor.

In the regression model analysis, we factored out infection and
death cases, because COVID-19 was gradually brought under
control over the interval analyzed, and the number of deaths
was correlated with the number of infections. We found
multicollinearity between the number of infections and the
percentage of fake news, the Google Trends level, and their
interaction term. The values for infection cases could be almost
linear combinations of these factors, potentially undermining
the reliability of the model. The coefficients for these factors

were 1.0, –0.7, and 2.9 respectively (R2=0.896; P<.001).

In this study, we used the Google Trends level to represent the
magnitude of the spread of COVID-19 and vaccine news. We
believe this approach is justifiable because Google’s dominance
of the market share of searches makes them a good proxy for
the overall data. The trend for declining search levels within
the study interval may be related to the ebb of COVID-19
infections and the public's attention shifting to other issues.
These tendencies might reflect a link between information
dissemination and the Google Trends level. It is a caveat to note
that the Google Trends tool does not provide consistent results;
specifically, the Google Trends level varies based on the selected
time interval and is relative over time rather than being a fixed
score. In the regression analysis, normalization was used to
counteract this variation in the data. The effects of the subgroups
of COVID-19 and vaccine news on vaccination were also
analyzed, but only the entire set had statistically significant
results. When people search for information about vaccines,
relevant information will be available to the public through
associated links, search engines, or recommender systems.
Everyone is faced with an overwhelming amount of information
on the internet, few people read every news item, and sometimes
people skim them. Also, attention may shift to another related
topic rather than the original one during a search [49]. These
sources of noise might lead to a lack of statistical significance
when using news subgroups with only COVID-19 or vaccines.

The interaction between the fake news percentage and the
Google Trends level is an important factor in this regression
analysis, without which no statistical significance can be
observed for the individual variables. This observation may
suggest that no matter what the media has to offer, it cannot
influence public opinion without human contact. However, this
lack of access is not possible unless the internet collapses. In
this study, we found that there is a threshold above which the
fake news percentage had a negative impact, which might be
regarded as the point at which the resistance of the public to
misinformation was overcome. As more media outlets adopt

attractive journalism styles and more inciting discourse, it may
be practical to strengthen our resistance rather than restrict the
freedom of expression of the media, but the media should reflect
and consider returning to the essence of journalism.

Comparison With Prior Works
Lazer et al [13] points out that little is known about the
prevalence of misinformation or the scale of its spread and
impact. To the best of our knowledge, studies to date have not
explicitly addressed these gaps. Loomba et al [22] designed a
prospective study to examine vaccine intent before and after
exposure to misinformation and confirmed that misinformation
has adverse effects on vaccination rates. Questionnaire studies
have demonstrated the impact of misinformation on vaccine
hesitancy [20-22], but this approach does not quantify how
much misinformation is needed to change the public’s
perspective. King and Wang [24] retrospectively collected 42
million tweets and found that messages containing
misinformation or emotional content spread quickly. Infodemic
research involving social media data is common [23,24], and
information about user interactions can be used to analyze the
dissemination of information. The amount of misinformation
can be estimated from public postings, but this approach may
lead to an underestimation of the extent of the misinformation
because the data do not include information from private
communities or groups on social media.

This study used big news data, and the target population was
the population of Taiwan. The results were consistent with those
from previous studies [20-22], which found that misinformation
can lower vaccine intent. We further quantified the effect of
varying amounts of fake news on the public vaccination rate.
By accessing almost every news outlet in Taiwan, we estimated
the prevalence of fake news using an automatic style-based
detection method. Although we adopted a broad definition of
fake news, the results of this study provided an estimate of the
extent of fake news in Taiwan. However, the best way to directly
estimate the spread of misinformation remains a challenge.

Implications
The internet connects the world, shortening the distance between
people by the rapid transfer of information. Computers have
shrunk to the size of a palm, and in the information society,
most people can surf the internet anytime and anywhere. During
the last few decades, many economic activities and startups
have flourished with the benefit of the internet. These
organizations provide as much information as we can imagine
for free or very cheaply. Much knowledge and information are
open source and can enhance our abilities or interfere with our
decision-making based on the way we use it. As more and more
well-designed open-source generative language models become
available, large amounts of unverified information may shortly
be packaged by bots as attractive news on the web. Sometimes
bots are designed for a specific issue [13] and might have
malicious intent. The growth of biased, intentional, or extremist
public opinion in the news is sometimes difficult to detect, but
it potentially impacts our thinking [25,26]. Understanding the
potential media framing is a vital personal ability in the internet
age of massive information floods.
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Some online resources are available for fact-checking [26],
providing the public with access to media literacy. While the
Islander system cannot directly detect false information, it can
monitor the media in real time and provide objective scores.
These scores help us think critically; identify the opinions, roles,
and goals of the media; and determine whether an item of
information is credible. The news analysis systems work like
an attenuated vaccine, reducing the toxicity of malicious
information, increasing our immunity to misinformation, and
preventing the spread of fake news. Future work on this issue
should focus on providing a progressively more robust
information judgment system that can grow with fake news
generators even under adversarial attacks.

Limitations
One limitation of this study is the lack of detailed demographic
information about vaccination recipients, as a result of which
we could not investigate further factors that influence
vaccination decisions. The scope of the study was to investigate
the relationship between digital news and vaccination decisions,
and some demographic characteristics that may be relevant for
accessing web news. The lack of such detailed information
makes it challenging to explore consumer engagement with

digital media. Another limitation is that this study was conducted
in an Asian society, and the news judgment system is only
applicable to Chinese news, which makes it difficult to adapt
the results and web applications to another region or society.
Nevertheless, in recent years, dubiousness in digital news has
become an important global issue, and the results of this study
revealed its implications for vaccination in Asian societies. In
future works, such news analysis systems may be established
in different regions to help enhance the media literacy of the
public, while collecting news data in different areas and
conducting extended analyses.

Conclusions
In this study, we retrospectively analyzed an Asian society of
23 million people, using deep learning NLP methods to analyze
0.7 million digital news items over a half-year period, and
identified a correlation between the percentage of fake digital
news and COVID-19 vaccination doses. A higher prevalence
of fake news had a significantly more adverse effect on
vaccination decisions. Public health policy efforts to increase
vaccination coverage might focus on reducing the impact of
fake news on the public, and the use of news analysis systems
may help to improve the public's media literacy.
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