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Abstract

Background: An increase in the prevalence of neurodevelopmental conditions worldwide, alongside resource constraints within
clinical services, has led to increased interest in health information technologies, such as apps and digital resources. Digital tools
are often viewed as a solution to bridge this divide and to increase supports for families. There is, however, a paucity of research
that has evaluated digital health tools, their potential benefits for child neurodevelopment and associated concerns (eg, mental
health, well-being), and their benefit for families.

Objective: This study conducted the first review of existing mobile apps and digital resources targeted at supporting the needs
of children with developmental concerns or neurodevelopmental conditions.

Methods: We identified 3435 separate resources, of which 112 (43 apps and 69 digital resources) met the criteria. These resources
were categorized according to their purpose or target and were then reviewed based on their engagement, information quality,
and evidence base using the Adapted Mobile App Rating Scale.

Results: The most common condition of concern targeted by apps and digital resources was autism (19/112, 17% resources),
with retrieved resources focusing on supporting challenging behaviors, promoting speech, language, and social development,
and providing options for alternative and assistive communication. Other common areas of concern targeted by apps and digital
resources included language and communication (16/112, 14.3%) and attention-deficit/hyperactivity disorder (11/112, 9.8%).
Results showed that reviewed resources were engaging, with high levels of accessibility and functionality. Resources had various
functions, including developmental or behavioral tasks targeted at children, assistive communication support, scheduling support,
journaling, and advice, activities, and strategies for parents. The information quality of resources, such as credibility of source
and evidence base was, however, mostly low. Apps and digital resources with good credibility and an existing evidence base
were largely developed in partnership with research, health, or government institutions, and were rated significantly higher on
overall quality compared with apps and digital resources not developed in partnership with such institutions (apps; t41=–4.35,
P<.001; digital resources; t67=–4.95, P<.001).

Conclusions: The lack of evidence base across resources means that it is extremely difficult to provide recommendations to
families with respect to apps or digital resources that may support their needs. Frameworks for the development of new tools are
discussed, highlighting the novel approaches required to demonstrate the efficacy of tools for improving outcomes for children
and families. Such a framework requires collaboration with multiple stakeholders (software developers, researchers, regulatory
bodies, clinicians, children, and families) and engagement across multiple levels of expertise (app development, implementation,
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and dissemination within services, policy, and clinical regulations), to harness the potential of digital health for improving outcomes
and promoting support in child neurodevelopment, which at this juncture remains largely underdeveloped.

(J Med Internet Res 2025;27:e58693)   doi:10.2196/58693

KEYWORDS

digital tools; neurodevelopmental conditions; mental health; digital health; implementation; digital interventions; child
neurodevelopment; digital technology; mobile phone

Introduction

In recent years, there has been a reported increase in the
prevalence of neurodevelopmental conditions (NDCs) [1,2] and
a rising awareness of the importance of early diagnosis and
intervention in children with signs of developmental delay [3,4].
This has been matched with a growing number of
recommendations and guidelines for multidisciplinary supports
provided as early as possible [5-7]. Early identification and
evidence-based supports are argued to be crucial for enhancing
outcomes in the 1 in 10 children diagnosed with a
neurodevelopmental condition [4].

Despite this, there is consistent evidence across nations of the
considerable delays and barriers children and families face when
seeking assessment [8,9] and support [10,11]. In addition, the
wide range of multidisciplinary support needs often experienced
by children and caregivers are frequently reported to result in
fragmented care, where co-occurring conditions (eg, mental
health) are often left unaddressed [12-14]. Caregivers can often
report feeling overwhelmed and confused, and comment on the
lack of coordination of care and difficulty in obtaining
trustworthy, accessible information about supports [15-17].

It is unsurprising, given these resource constraints, that many
families turn to health information technologies, such as apps
and digital tools, to obtain information to supplement their health
care [18,19]. The potential utility of such technologies has been
reinforced internationally, with global commissioned reports
recommending the integration of digital technologies to facilitate
and optimize health care for children and adolescents [20,21].
Digital tools may bridge the divide between existing limited
resources and growing demand [22], providing more instant
access to supports that may be delivered in a flexible manner.
Such tools may also bridge geographical barriers, facilitate
access to care for diverse communities, and provide additional
opportunities for assessment and feedback to support child and
family needs across time [23-25].

Despite enthusiasm for the use of innovative digital solutions
[26,27], there is an urgent need to understand the digital tools
that currently exist for children with NDCs and their families,
the platforms that these tools can be accessed on, and whether
these tools are reliable, credible and have an existing evidence
base to support their implementation. There is also a need for
such evaluations to map existing resources so that supports can
be strategically developed where gaps exist. For example, it has
previously been shown that, despite the promise of digital tools
for mental health, only a minority of apps purported to monitor
and manage mental health symptoms have clinically validated
evidence of effectiveness [28,29]. More recently, a meta-analysis

of the efficacy of smartphone apps for symptoms of depression
and anxiety reported overall small effects for symptom
amelioration [30]. In addition, while there can be many valuable
resources available, there are also many poor sources of
information [31-33]. As a result, individuals may instead be
influenced by factors such as the star rating of an app, which
have been shown to have little relationship with clinical utility
[34].

In addition to evaluating digital tools in terms of their evidence
base and credibility, it is critical to also evaluate these tools in
terms of their engagement, aesthetics, and user quality.
Worldwide, there is consistent evidence that poor quality of an
app or digital resource is associated with abandonment [35]. In
contrast, the design and visual features of apps including an
engaging interface, and being intuitive and easy to navigate, all
increase engagement and use [36]. To illustrate, digital mental
health tools have been shown to have continued uptake as low
as 0.1% when rolled out at scale and this low rate is believed
to be associated with low appeal and poor app maintenance to
promote engagement [37]. This means that the ongoing use of
a digital tool, no matter the evidence behind it, is likely to fail
without high appearance and usability ratings [23,37]. This may
be particularly important for families with NDCs as research
shows that personal characteristics moderate the type of apps
and digital tools that are used [38]. People with NDCs are more
likely to learn from well-structured, easy-to-understand, and
clear information, further highlighting the need to evaluate the
quality and aesthetics of apps and digital resources [39].

The objective of this study was to review available mobile apps
and digital resources that are targeted at supporting the needs
of children with developmental concerns or NDCs. The study
first sought to conduct a systematic review of all existing mobile
apps and digital resources and to categorize them according to
their purpose or target. Second, the review then sought to
evaluate the information quality, utility, and evidence base for
each resource by using the Adapted Mobile App Rating Scale
(A-MARS) [40] to demonstrate the quality and evidence base
of existing tools.

Methods

Design
This review used a stepwise approach in a similar manner to a
systematic review. Our approach included a search strategy,
assessment against prespecified eligibility criteria, app, and
digital resource selection through an initial screening of all
identified apps and digital resources, a full review of included
apps and digital resources, data extraction and analysis, and
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quality assessment of included apps and digital resources using
a reliable quality assessment tool, the A-MARS [40,41].

Search Strategy
A search of the main online app stores, iTunes (Apple Inc,
Australia) and Google Play (Google Inc, Australia), and a search
of digital resources using the Google search engine was
conducted from October 2023 to November 2023. To avoid a
selection bias from personal Google algorithms, search histories
were cleared before each search term as per previous
recommendations [42]. Search terms were identified following
consultations with researchers with expertise in NDCs, clinicians
practicing in neurodevelopmental assessment services, and
families with lived experience of NDCs. Search terms were
selected based on keywords caregivers of children with
developmental concerns or NDCs may use when attempting to
access apps and digital resources. The final search terms also
demonstrated the best performance in identifying apps and
digital resources of interest for this review during preliminary
searches. In total, 28 search terms were identified by an expert
clinical team based on DSM-5 (Diagnostic and Statistical
Manual of Mental Disorders [Fifth Edition]) terms for
neurodevelopment and transdiagnostic terms that families might
typically use. Search terms included neurodevelopment kids,
intellectual disability kids, global developmental delay,
communication disorder, language disorder kids, stuttering kids,
autism spectrum disorder,  autism kids,
attention-deficit/hyperactivity disorder (ADHD) kids, ADHD
kids, learning disorder kids, motor disorder kids, Tourette’s
disorder kids, cerebral palsy kids, dyslexia kids, epilepsy kids,
anxious kids, depressed kids, sleep problem kids, attention kids,
social problems kids, restricted behaviors kids, repetitive
behaviors kids, social skills kids, well-being kids, education
kids, emotion kids, cognition kids.

Eligibility Criteria
To be considered for inclusion in this review, apps, and digital
resources were required to meet the following inclusion criteria:
(1) contain keywords of the search term in the title or
description, (2) have a focus on the needs of children with
developmental concerns or NDCs (eg, social skills, well-being,
academic skills, or mental health), (3) be free of charge, and (4)
be in the English language. To ensure the resources contained
relevant and applicable information that was catered to families
of children with developmental concerns or NDCs, a variety of
exclusion criteria was applied. Apps and resources were
excluded if they (1) had no actionable information for families
to use (eg, purely game, social media site, news article, research
paper, clinic website, or home assessment), (2) if they were

selling products (eg, books, materials, or therapy sessions), (3)
if the information was not relevant to our target population (eg,
app or resource targeted only at adults or included information
was overly general), or (4) if they were in unsuitable formats
for review with the A-MARS (ie, PDF document, podcast, or
video).

Selection Process
Three authors (MH, ES, and KB) carried out the app store and
search engine searches. To balance feasibility and search
comprehensiveness, the first 50 resources for each search term
were selected from both the app stores and the search engine
[43]. A predesigned Microsoft Excel spreadsheet developed for
this review was used to enter information about the apps and
digital resources. Information entered included the name of the
app or digital resource, the name of the app developer or the
URL for digital resources, the app store or stores in which the
app was available, and the search terms or terms that identified
each app or digital resource.

Following removal of duplicates between search terms, 1 rater
(MH) conducted an initial screen for eligibility, by reviewing
the title, description, and home page of the app or digital
resource. Additional screening was conducted on the remaining
apps and digital resources to confirm inclusion in the review.
This screening was conducted by 2 raters (MH and ES) and
involved the installation of the app and a more detailed review
of the digital resource, including a review of written information,
pictures, and videos. Any disagreements were discussed with
a 3rd rater (KB) and resolved by consensus. Reasons for
exclusion were recorded.

Data Extraction
Apps and digital resources identified as eligible in the screening
phase were then assessed using the A-MARS [40]. The
A-MARS consists of 28 items, developed to assess the quality
of mobile apps and e-tools (eg, websites and digital resources).
The A-MARS provides an evaluation of app and e-tool quality
by grading each app or digital resource on several domains, as
described below (Textbox 1). Each item was scored using a
5-point Likert scale (1: inadequate, 2: poor, 3: acceptable, 4:
good, and 5: excellent). Supplementary questions within the
A-MARS capture information pertaining to the health-related
quality of the app or digital resource. Eight scores are calculated
for the A-MARS, including the mean score for each domain
(ie, engagement, functionality, aesthetics, information,
subjective quality, and health-related quality), a mean quality
score based on the engagement, functionality, aesthetics and
information domains, and a mean total score.
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Textbox 1. List of Adapted Mobile App Rating Scale subscales and subscale descriptions.

Subscale and description

Engagement (5 items)

• Is the app or digital resource engaging and interesting for the user? Does it have prompts (eg, send alerts, messages, or reminders)?

Functionality (4 items)

• How does the app or digital resource function, does it have a logical flow and design? Is it easy to navigate?

Aesthetics (3 items)

• How appealing is the app or digital resource in terms of its overall visual appeal, graphic design, and stylistic consistency?

Information (6 items)

• Does the app or digital resource contain high-quality information (eg, text, feedback, measures, or references) from a credible source?

Subjective quality (4 items)

• Subjective quality rating of the app or digital resource.

Health-related quality (6 items)

• Does the app or digital resource provide access to other resources, strategies linked to the target issue, or the option for real-time tracking?

All apps and digital resources were rated using the A-MARS
instrument. Three expert raters conducted this review: (1) a
senior research fellow with a PhD in Psychology and 10 years’
experience working with pediatric NDCs and digital health; (2)
a senior research assistant with a Master’s degree in Brain and
Mind Sciences and 3 years’ experience in working with NDCs
and digital tools to support children with NDCs and their
families; and (3) a research affiliate with Bachelors’ degrees in
Psychology and Medical and Health Sciences and a Postgraduate
Diploma in Psychology. Two of these raters were also people
with a diagnosed NDC. All raters reviewed the A-MARS in
depth before conducting initial pilot ratings. Two apps and 2
digital resources were initially reviewed independently for
training purposes. After independently rating the apps and digital
resources, the raters met to compare and review results and to
resolve discrepancies in ratings. To reach a consensus, the raters
reviewed the A-MARS in depth to improve the alignment of
ratings. The remaining apps and digital resources were then
rated independently by 2 raters. Based on the methodology
described by others [40,41], each rater trialed the apps and
digital resources for a minimum of 10 minutes and then
independently rated their quality using the A-MARS.

Statistical Analyses
Statistical analyses were conducted using SPSS (version 28;
IBM Corp). Descriptive statistics were used to summarize the
A-MARS domain scores, the mean quality score, and the mean
total score across apps and digital resources. Cronbach α and
intraclass correlation coefficients were used to calculate the
internal consistency and interrater reliability of the A-MARS
domain scores, the quality score, and the total score. As this is

the first study to our knowledge that has applied the A-MARS
in apps and digital resources targeted at child development and
NDCs, 2-tailed independent samples t tests were also used to
compare mean domain scores, quality scores, and total scores
between apps and digital resources. Bonferroni corrections were
used for these comparisons and a P value of <.006 was
considered statistically significant. To understand how the
involvement of a reputable and credible organization impacted
ratings for apps and digital resources, 2-tailed independent
samples t tests were used to compare domain scores, quality
scores, and total scores for apps and digital resources that had
been developed in partnership with a university, health or
government institution, relative to those that had not been
developed in partnership with such institutions.

Results

Overview
The process of identification and inclusion of apps and digital
resources is outlined in Figure 1. A total of 3435 apps and digital
resources were initially identified. After the removal of
duplicates, 2211 apps and digital resources were excluded
following initial screening by title and description, and an
additional 229 apps and digital resources were excluded
following installation and more detailed screening. The most
common reason for exclusion was an absence of actionable
information that children and families could use (575/2440,
23.6%), followed by not being free of charge (334/2440, 13.6%),
and not being relevant to the target population (320/2440,
13.1%). A total of 12 Apple apps, 31 Android apps, and 69
digital resources were included in the final review of this paper.
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Figure 1. Flowchart of selection of included resources.

Features of Included Apps and Digital Resources
Table 1 displays the primary area of focus for retrieved apps
and digital resources. The most common conditions that the
resources targeted were autism, language, or communication
difficulties, and ADHD. Both apps and digital resources were
retrieved for most searched terms; however, resources retrieved

for anxiety, attention, and developmental delay were mainly
digital resources. Comparatively, the resources retrieved for
epilepsy, cerebral palsy, and child well-being were mainly apps.
Retrieved apps and digital resources had a range of functions,
including developmental or behavioral tasks targeted at children,
assistive communication support, scheduling support, journaling,
and advice, activities, and strategies for parents.
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Table 1. Primary focus areas included apps and digital resources.

Apps and digital resources combined, n (%)Digital resources, n (%)Apps, n (%)Topic area

19 (17.0)14 (20.3)5 (11.6)Autism

16 (14.3)9 (13.0)7 (16.3)Language and communication

11 (9.8)5 (7.2)6 (14.0)ADHDa

10 (8.9)9 (13.0)1 (2.3)Anxiety

9 (8.0)6 (8.7)3 (7.0)Dyslexia

7 (6.3)5 (7.2)2 (4.7)Mood and depression

6 (5.4)4 (5.8)2 (4.7)Social skills

6 (5.4)4 (5.8)2 (4.7)Emotions

5 (4.5)2 (2.9)3 (7.0)Intellectual disability

5 (4.5)0 (0)5 (11.6)Epilepsy

5 (4.5)4 (5.8)1 (2.3)Attention

4 (3.6)2 (2.9)2 (4.7)Sleep

3 (2.7)1 (1.4)2 (4.7)Cerebral palsy

3 (2.7)3 (4.3)0 (0)Developmental delay

2 (1.8)0 (0)2 (4.7)Child well-being

1 (0.9)1 (1.4)0 (0)Tourette

aADHD: attention deficit hyperactivity disorder.

Overall Assessment of Apps and Digital Resources
Across the 43 apps and 69 digital resources, excellent internal
consistency and inter-rater reliability was found across the total
and sub-domain A-MARS scales. Detailed item and domain
statistics for the reviewed apps are displayed in Tables S1 and
S2 in Multimedia Appendix 1. Table 2 displays the mean and
median scores of the reviewed apps (n=43) and digital resources
(n=69) across the 5 A-MARS domains, as well as for the quality

and total scores. The apps, taken together, scored higher than
the minimum acceptable score of 3.0 across most A-MARS
domains, excluding the health-related quality domain (Table
2). Apps typically received low scores on this domain due to a
lack of additional resources available (mean 1.81, SD=1.22),
and limited access to further support or related information
(mean 1.85, SD=1.24). Furthermore, the digital resources scored
higher than 3.0 across all A-MARS domains except the
subjective quality domain (Table 2).

Table 2. Adapted Mobile App Rating Scale ratings for apps and digital resources.

ValuesDigital resourcesApps

P valueT-statistic
(df)

N (%) scoring
≥3.0

Median (range)Mean (SD)N (%) scoring
≥3.0

Median (range)Mean (SD)Domain

<.0013.97 (110)45 (65.2%)3.13 (2.00-4.50)3.19 (0.54)36 (83.7%)3.60 (2.40-4.90)3.67 (0.74)Engagement

.720.37 (110)66 (95.7%)4.13 (2.50-5.00)4.09 (0.55)40 (93.0%)4.25 (2.25-5.00)4.13 (0.68)Functionality

.570.56 (110)62 (89.9%)3.67 (2.00-5.00)3.66 (0.68)38 (88.4%)4.00 (1.84-5.00)3.73 (0.72)Aesthetics

.002-3.16 (110)61 (88.4%)3.67 (2.33-4.75)3.57 (0.59)27 (62.8%)3.13 (1.00-4.75)3.06 (0.95)Information

.042.04 (110)27 (39.1%)2.88 (1.38-4.25)2.89 (0.68)26 (60.5%)3.50 (1.50-4.88)3.21 (0.88)Subjective quality

<.001-4.74 (110)45 (65.2%)3.33 (2.00-5.00)3.34 (0.78)13 (30.2%)2.33 (1.00-4.83)2.58 (0.91)Health-related quality

.04–2.01 (110)60 (87.0%)3.66 (2.38-4.69)3.62 (0.53)32 (74.4%)3.40 (2.17-4.88)3.40 (0.67)Quality score

.47–0.73 (110)54 (78.3%)3.50 (2.32-4.67)3.48 (0.55)31 (72.1%)3.29 (2.00-4.72)3.40 (0.64)Total score

Both apps and digital resources scored higher than 3.0 across
quality and total scores. Apps and digital resources scored high
on the functionality domain, with consistently high average
scores across subcriteria. Of note, included apps scored
relatively low in the information quality domain primarily due
to questionable source credibility (mean 2.52, SD 0.79).
Furthermore, a minority of apps (3/43, 7%) and no digital

resources met the criteria for a verifiable evidence base as
outlined by the A-MARS (has been trialed or tested and
published in scientific literature). Independent sample t tests
revealed statistically significant differences in mean scores
between apps and digital resources on the engagement,
information, and health-related quality domains (P<.006). While
apps had higher ratings relative to digital resources for
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engagement, digital resources had higher ratings relative to apps
on information and health-related quality domains.

Overall, apps and digital resources that had been developed in
partnership with a health, university, or government institution,
or where such an institution was listed as a partner, were rated
more highly across domains of engagement, functionality,

information, subjective quality, and health-related quality, as
well as on overall quality and total scores. As shown in Tables
3 and 4, these effects were moderate to large for most
comparisons. In total, 19% (8/43) of apps were developed in
partnership with a health, university, or government institution,
and 48% (33/69) of digital resources were developed in
partnership with these institutions.

Table 3. Adapted Mobile App Rating Scale ratings for apps split by partnerships with health, university, or government institutions.

AppsDomain

P valueT-statistic (df)Effect sizeNo institution partnership (n=35),
mean (SD)

Institution partnership (n=8),
mean (SD)

.02–2.53 (41)0.693.54 (0.68)4.23 (0.75)Engagement

.02–2.53 (41)0.644.01 (0.69)4.64 (0.30)Functionality

.07–1.85 (41)0.703.64 (0.73)4.15 (0.62)Aesthetics

<.001–7.52 (41)0.752.78 (0.80)4.30 (0.42)Information

.002–3.29 (41)0.803.02 (0.83)4.05 (0.58)Subjective quality

.04–2.42 (41)0.792.36 (0.63)3.53 (1.33)Health-related quality

<.001–4.04 (41)0.573.23 (0.57)4.13 (0.58)Quality score

<.001–4.35 (41)0.543.23 (0.54)4.14 (0.51)Total score

Table 4. Adapted Mobile App Rating Scale ratings for digital resources split by partnerships with health, university, or government institutions.

Digital resourcesDomain

P valueT-statistic (df)Effect sizeNo institution partnership (n=36),
mean (SD)

Institution partnership (n=33),
mean (SD)

<.001–4.76 (67)0.472.93 (0.44)3.47 (0.51)Engagement

<.001–4.58 (67)0.483.83 (0.51)4.36 (0.46)Functionality

<.001–4.24 (67)0.63.36 (0.59)3.98 (0.62)Aesthetics

<.001–4.60 (67)0.513.30 (0.50)3.87 (0.53)Information

.004–2.95 (67)0.642.67 (0.58)3.13 (0.70)Subjective quality

<.001–3.95 (67)0.73.02 (0.65)3.69 (0.76)Health-related quality

<.001–5.18 (67)0.453.35 (0.44)3.92 (0.44)Quality score

<.001–4.95 (67)0.473.21 (0.45)3.77 (0.50)Total score

Individual Assessment of Apps and Digital Resources
Figures 2 and 3 display scores of the top 5 and bottom 5 apps
in terms of their A-MARS ratings. These radar charts show how
individual apps and digital resources scored on each A-MARS
domain, as well as on the overall quality and total scores.
Showing the difference between the top 5 and bottom 5
highlights the disparity between apps and digital resources on
A-MARS ratings. In general, the top 5 apps and digital resources

were characterized by high levels of factually correct
information, relevant resources, good visuals, and engaging and
user-friendly interfaces. Highly rated apps and digital resources
were developed in collaboration with research, health, or
government institutions. In contrast, the bottom 5 apps and
digital resources were characterized by less involvement with
a reputable institution, defective or inactive links, difficult or
cumbersome interfaces, and a lack of information relevant to
the purported concern or condition.
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Figure 2. Radar chart of the top 5 and bottom 5 ranked apps. ADHD: attention-deficit/hyperactivity disorder.

Figure 3. Radar chart of the top 5 and bottom 5 ranked digital resources.

Discussion

This study reviewed existing apps and digital resources that are
targeted at the needs of children with developmental concerns
or NDCs. To our knowledge, this is the first study that has
evaluated apps and digital resources for child neurodevelopment
and mental health broadly. From the initial 3435 resources
identified, the study reviewed 112 resources in total (43 apps
and 69 digital resources). Developed for children with NDCs
and their families, the most common resources focus on supports

for autism, language or communication difficulties, and ADHD.
Most apps and digital resources exceeded the minimum
acceptable score of 3.0, suggesting that retrieved resources were
engaging, with high levels of accessibility and functionality.
However, the results also showed items relating to information
quality, such as credibility of source and evidence base, were
generally low. Only 7% of apps or digital resources had an
established evidence base. Interestingly, mobile apps and digital
resources that were developed in partnership with a health,
university, or government institution were rated significantly
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higher across most domains in comparison to apps and resources
that were not developed in partnership with such an
organization. Unfortunately, the review showed there was almost
no evidence for their efficacy or effectiveness in promoting
supportive behaviors or improving outcomes. As a result, there
is a significant existing divide between the availability of digital
tools that can be integrated into family systems to support needs
and evidence that warrants recommendations from clinical
teams. While the findings of the review provide an evaluation
and collation of existing tools, this conclusion highlights the
urgent need to develop new frameworks to test efficacy for
improving outcomes and promoting supportive behaviors.

These results show that most apps and digital resources alike
met the minimum acceptable criteria in terms of quality (eg,
highly engaging and functional). However, we did observe some
differences as a function of resource type (ie, apps or digital
resources). We found that apps displayed higher ratings on the
domain of engagement, suggesting that the reviewed apps were
more interesting, customizable, and entertaining, compared to
digital resources. In contrast, reviewed digital resources had
higher ratings on domains of information and health-related
quality compared with apps. This indicates that the quality and
credibility of information, as well as any additional resources
and strategies provided, was higher in the reviewed digital
resources.

Apps and digital resources were rated highly in terms of their
engagement and functionality, but somewhat lower on
information quality, particularly with respect to credibility of
source and existing evidence base. We observed that apps and
digital resources that had been developed by or in collaboration
with a research, health, or government institutions were rated
significantly more highly on information quality and credibility.
This aligns with studies that have used evaluation tools like the
Mobile App Rating Scale and A-MARS in other fields [40,44].
However, we note that very few apps or digital resources had
a scientific evidence base to support their use, which points to
the dearth of evidence evaluating the effectiveness of apps and
digital resources [40,45]. This lack of evidence base may relate
to the iterative, fast-paced nature of technological development
and the linear, incremental approach to clinical science and
research-based interventions. With established lags of up to 17
years for research to be translated into clinical practice, software
developers may opt to move to large-scale dissemination of
their product before developing a rigorous evidence base [24].
However, the consequence of this is an abundance of apps and
digital resources that have little to no evidence base and may
not be beneficial for consumers [27]. To resolve this issue, a
novel framework with investment prioritized for development
is critical, whereby the effectiveness of apps and digital
resources can be rigorously evaluated in a streamlined and
timely manner. Such a framework needs to incorporate the swift
evaluation of real-world implementation alongside both the
evaluation of resource development and the evaluation of
efficacy. It is unlikely to be achieved by applying standard
academic approaches or randomized controlled trial methods
and may need to incorporate adaptive research designs within
implementation science methodologies. Integrated research
enabling platforms [46-48] that permit rapid implementation of

clinical trials for multiple apps and resources within existing
ethics and governance frameworks are also required for swift
and sustained translation.

Our results show that the most common condition of concern
targeted by apps and digital resources was autism (19/112,
17.0% of all apps and digital resources), with retrieved resources
focusing on supporting challenging behaviors, promoting
speech, language, and social development, and providing options
for alternative and assistive communication. Given the growing
prevalence of conditions like autism [1], an increase in the
number of health information technologies focused on these
conditions is relevant and has the potential to provide children
and families with a variety of support tools. However, the
proportion of resources targeted at comorbid conditions, such
as mental health, was lower (10/112, 8.9% targeted at anxiety
and 7/112, 6.3% targeted at mood or depression). Mental ill
health is one of the fastest-growing health problems in children
and adolescents, particularly in the wake of the COVID-19
pandemic [49]. Moreover, children with existing developmental
delays and NDCs are more likely to experience mental health
conditions relative to their neurotypical peers [12]. Together
these findings point to a gap in existing digital resources for
children with co-occurring developmental and mental health
concerns.

It is unlikely that a single resource will meet the varied needs
of children and families. The application and evaluation of
digital resources to uplift support in the community may require
integrated approaches targeting different needs at different stages
of child development and different stages of support seeking.
Recent arguments have also been made for the integration of
digital navigators that can further facilitate the engagement and
implementation of digital health tools within multidisciplinary
care teams and standard clinical care [40,50]. With the
increasing frequency of digital navigators in other disciplines,
such as mental health [51,52], health systems providing child
development and assessment services can benefit from adopting
a similar approach, to support children and families in accessing
reliable, credible, and efficacious digital tools across their health
care journey.

While this study provided a first review of apps and digital
resources targeted at child neurodevelopment, mental health,
and well-being, we note certain limitations. The evaluation of
apps and digital resources can be made difficult due to the
growing number of app evaluation frameworks [50]. While the
evaluation tool we selected, the A-MARS, has sound reliability
[53], has been used across disciplines [54,55], and has been
adapted for use specifically with digital resources [40], we note
that there are challenges common across evaluation tools [50].
While it was deemed the most suitable evaluation tool for this
review, we note specific limitations of the A-MARS, such as
potential subjectivity in ratings, a relative lack of focus on the
clinical effectiveness of health information, and a lack of
validation across cultures and languages, which may warrant
further evaluation of apps and digital resources with additional
evaluation tools. However, there is currently no consensus for
the evaluation and regulation of apps and digital resources,
making it difficult to conduct standardized evaluations that can
provide clear guidance and recommendations to patients and
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clinicians. We also note that we restricted our search to apps
and digital resources that were available free of charge. While
this may have excluded potentially valuable paid resources, we
argue that reviewing freely available resources increases the
value of this study for use in the broader community and serves
to increase equity in access to supports and resources. In a
similar vein, we restricted our search to English language apps
and digital resources, potentially limiting the applicability of
our findings for non–English speaking populations. However,
we have detailed a process that future researchers can use to
identify and evaluate apps and digital resources in their region
of interest, thereby facilitating evaluations in different countries
and contexts. Further, we included a large number of search
terms, which resulted in many retrieved resources. As a team
we discussed restricting the search strategy; however, it was
noted that children with developmental concerns or NDCs often
experience multiple transdiagnostic concerns, with caregivers
likely to search for support across many of these domains. As
such, our more extensive search strategy was considered
appropriate in order to capture the broad needs and concerns
experienced by this patient population.

A crucial next step for this field is to understand how accessible,
reliable, evidence-based health information technologies that
meet the needs of children, families, and health care providers
can be developed and disseminated across clinical settings. This
requires collaboration with multiple stakeholders (app
developers, researchers, regulatory bodies, clinicians, children,
and families) as well as a reconceptualization of how to
implement and recommend health information technologies
across clinical services for maximum uptake and maintained
engagement. At the development level, for example, partnerships
between industry, research, and end-users are key to drive the
timely co-production of evidence-based, accessible digital tools.
Furthermore, given findings from digital mental health [56], a
focus on developing tools that include gamification features

may be key to optimizing uptake and engagement by children
and families. At the implementation and dissemination level,
existing models of care may need to be rethought to optimally
engage recipients (ie, patients and clinicians) and encourage the
integration of digital tools and solutions into clinical practice.
Meanwhile, at the policy level, clinical regulation and
recommendations require flexibility to enable innovative digital
solutions to be adopted and embedded within health services
and systems. While complex and multifaceted, such a framework
would enable the development of evidence-based digital tools
that are primed for accessibility and engagement with children
and families and would facilitate the embedding of digital health
into clinical service settings in a sustainable manner, uplifting
the capacity of services to provide access to reliable,
evidence-based digital tools that are likely to be used to support
children and families.

In the current technology-driven world, apps and digital
resources are being increasingly used and promoted as a source
of information or an adjunct to support and therapy. In this
review, we found that a large number of apps and digital
resources targeted at child neurodevelopment, mental health,
and well-being are engaging and functional, but lack an adequate
evidence base. Those apps and digital resources that did show
good credibility and an evidence base were largely developed
in partnership with research, health, or government institutions.
As a result, there is a pressing need to recognize, value, and
promote this type of collaboration when developing new digital
tools, and to also develop a framework where new digital tools
can be rigorously evaluated in a timely manner, to promote
swift translation from evidence-based research and development
into practice. Clinicians and health care professionals can then
be supported to recommend reliable, evidence-based apps and
digital resources to children and families based on their
individual needs, providing an ideal opportunity to evaluate the
effectiveness of these tools for enhancing outcomes.
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Abstract

Background: In recent years, with the rapid development of machine learning (ML), it has gained widespread attention from
researchers in clinical practice. ML models appear to demonstrate promising accuracy in the diagnosis of complex diseases, as
well as in predicting disease progression and prognosis. Some studies have applied it to ophthalmology, primarily for the diagnosis
of pathologic myopia and high myopia-associated glaucoma, as well as for predicting the progression of high myopia. ML-based
detection still requires evidence-based validation to prove its accuracy and feasibility.

Objective: This study aims to discern the performance of ML methods in detecting high myopia and pathologic myopia in
clinical practice, thereby providing evidence-based support for the future development and refinement of intelligent diagnostic
or predictive tools.

Methods: PubMed, Cochrane, Embase, and Web of Science were thoroughly retrieved up to September 3, 2023. The prediction
model risk of bias assessment tool was leveraged to appraise the risk of bias in the eligible studies. The meta-analysis was
implemented using a bivariate mixed-effects model. In the validation set, subgroup analyses were conducted based on the ML
target events (diagnosis and prediction of high myopia and diagnosis of pathological myopia and high myopia-associated glaucoma)
and modeling methods.

Results: This study ultimately included 45 studies, of which 32 were used for quantitative meta-analysis. The meta-analysis
results unveiled that for the diagnosis of pathologic myopia, the summary receiver operating characteristic (SROC), sensitivity,
and specificity of ML were 0.97 (95% CI 0.95-0.98), 0.91 (95% CI 0.89-0.92), and 0.95 (95% CI 0.94-0.97), respectively.
Specifically, deep learning (DL) showed an SROC of 0.97 (95% CI 0.95-0.98), sensitivity of 0.92 (95% CI 0.90-0.93), and
specificity of 0.96 (95% CI 0.95-0.97), while conventional ML (non-DL) showed an SROC of 0.86 (95% CI 0.75-0.92), sensitivity
of 0.77 (95% CI 0.69-0.84), and specificity of 0.85 (95% CI 0.75-0.92). For the diagnosis and prediction of high myopia, the
SROC, sensitivity, and specificity of ML were 0.98 (95% CI 0.96-0.99), 0.94 (95% CI 0.90-0.96), and 0.94 (95% CI 0.88-0.97),
respectively. For the diagnosis of high myopia-associated glaucoma, the SROC, sensitivity, and specificity of ML were 0.96
(95% CI 0.94-0.97), 0.92 (95% CI 0.85-0.96), and 0.88 (95% CI 0.67-0.96), respectively.

Conclusions: ML demonstrated highly promising accuracy in diagnosing high myopia and pathologic myopia. Moreover, based
on the limited evidence available, we also found that ML appeared to have favorable accuracy in predicting the risk of developing
high myopia in the future. DL can be used as a potential method for intelligent image processing and intelligent recognition, and
intelligent examination tools can be developed in subsequent research to provide help for areas where medical resources are
scarce.

Trial Registration: PROSPERO CRD42023470820; https://tinyurl.com/2xexp738

(J Med Internet Res 2025;27:e57644)   doi:10.2196/57644
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high myopia; pathological myopia; high myopia-associated glaucoma; machine learning; deep learning
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Introduction

Myopia is currently widely regarded as a significant public
health issue, leading to substantial vision loss and serving as a
risk factor for a range of other serious ocular diseases. It is
estimated that by 2050, 4.758 billion people (49.8% of the world
population) and 938 million people (9.8% of the world
population) will suffer from myopia and high myopia,
respectively [1]. A recent meta-analysis study proposed that the
global economic burden due to productivity losses from
uncorrected myopia and myopic macular degeneration is
estimated to reach US $250 billion [2]. Therefore, the prevention
of high myopia as well as the diagnosis and treatment of
pathological myopia remain a formidable societal challenge.

High myopia is defined as the spherical equivalent ≤–6.0 diopter
[3] when the accommodation of the eye is relaxed. However,
increased severity of myopia and elongation of the eye’s axial
length could alter the posterior segment structures, causing
posterior scleral staphyloma, myopic macular degeneration, and
optic neuropathy related to high myopia, potentially leading to
the loss of best-corrected visual acuity [3]. High myopia-related
fundus lesions stand as an important contributing factor to
blindness across the world as well as in China [4]. The detection
of high myopia hinges primarily on artificial auxiliary
techniques, like refraction detection, fundus examination,
measurement of axial length, and fundus photography.
Nevertheless, manual examination and analysis by
ophthalmologists are still essential, necessitating a significant
investment of time and effort [5]. Additionally, in regions with
limited medical resources, the shortage of ophthalmologists and
medical equipment impedes the early and accurate identification
of high-risk patients with high myopia, resulting in missed
opportunities for optimal treatment. Therefore, forecasting the
risk of high myopia and precisely diagnosing pathological
myopia are currently major research focus.

With the rapid advances in computing technology and the
ongoing refinement of statistical theory, machine learning (ML)
has gradually been promoted and applied in clinical practice.
For instance, ML can not only improve image quality, reduce
misregistration, and simulate attenuation correction imaging in
core cardiology [6], but also be used for cancer screening
(detection of lesions), characterization and grading of tumors,
and prognosis prediction, thus facilitating clinical
decision-making [7]. Since fundus images are noncontact,
noninvasive, low-cost, easily accessible, and easy to process,
ML has been extensively used to diagnose common retinal
diseases, including diabetic retinopathy [8-10], macular
degeneration [10], and glaucoma [11-13]. ML has been applied
to various image-processing tasks. Novel techniques for
analyzing fundus images of high myopia and pathological
myopia are continuously emerging [14,15]. However, the
accuracy of these ML detections has not been systematically
studied. Consequently, the present study was executed to
comprehensively describe the accuracy of ML in detecting
different degrees of lesions in high myopia, furnishing an
evidence-based reference for subsequent lesion management.

Methods

Study Registration
This study was implemented as per the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
2020 guidelines and prospectively registered with PROSPERO
(ID: CRD42023470820). The PRISMA checklist is available
in Multimedia Appendix 1.

Inclusion and Exclusion Criteria
We established detailed inclusion and exclusion criteria for this
systematic review. To enhance visualization, these criteria are
presented in tabular form (Textbox 1).

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• Study type: (1) case-control, cohort, nested case-control, and case-cohort studies and (2) studies reported in English.

• Machine learning (ML): studies that fully constructed ML models for the prediction or diagnosis of high myopia, the diagnosis of pathological
myopia, or the diagnosis of high myopia-associated glaucoma.

• Outcome measures: at least one of the following outcome indicators were reported: receiver operating characteristic (ROC), c-index, sensitivity,
specificity, accuracy, recovery rate, accuracy rate, confusion matrix, F1-score, and calibration curve.

• Datasets: (1) some studies lacked independent validation sets, and only k-fold cross-validation was leveraged to verify the effect of the constructed
mode; and (2) in some publicly available datasets, particularly those involving medical imaging, different studies have reported the efficiency
of varying ML methods.

Exclusion criteria

• Study type: (1) meta, review, guide, expert opinion; and (2) studies with too few samples (less than 20 cases).

• ML: literature that only executed the risk factor analysis but did not develop a complete ML mode.

• Outcome measures: none of the following outcomes were reported: ROC, c-index, sensitivity, specificity, accuracy, recovery rate, accuracy rate,
confusion matrix, F1-score, and calibration curve.
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Data Sources and Search Strategy
PubMed, Cochrane, Embase, and Web of Science were
thoroughly retrieved up to September 3, 2023, using the form
of MeSH (Medical Subjects Headings) + free term, without any
restrictions on region or publication period. The specific search
strategy is depicted in Multimedia Appendix 2.

Study Selection and Data Extraction
Duplicates were excluded from the retrieved literature, and titles
and abstracts were reviewed to delete obviously irrelevant
studies. The full texts of the remaining studies were then
downloaded and thoroughly read to determine the final included
studies in the systematic review. A standard electronic data
extraction spreadsheet was prepared prior to extracting data.
The extracted data encompassed the title, first author, type of
study, year of publication, author’s country, patient source,
target event, number of cases of the target event, the total
number of cases, number of training set cases, the total number
of training set cases, method of validation set generation, number
of events in the validation set, total number of cases in the
validation set, type of models, and modeling variables.

Two researchers (HZ and LF) independently screened the
literature and extracted data. Upon completion, their findings
were cross-checked. A third reviewer (JH) was consulted for
resolution in case of any dissents.

Risk of Bias in Studies
The risk of bias in the eligible studies was appraised by two
independent reviewers (HZ and LF) using the prediction model
risk of bias assessment tool [16]. This tool is comprised of a
large number of questions in four domains (participants,
predictors, outcomes, and analysis), which reflect overall bias
risk and applicability. The 4 domains involve 2, 3, 6, and 9

specific questions, respectively, and each question may be
answered by yes or probably yes, no or probably not, or no
information. Following the quality evaluation, a cross-check
was carried out. In the event of any disputes, a third researcher
(JH) was consulted for resolution.

Synthesis Methods
In some of the original studies included in our research, there
was not only 1 validation set. Therefore, the number of models
included in the meta-analysis does not equal the number of
studies. The meta-analysis of sensitivity and specificity was
executed using a bivariate mixed-effects model [17]. Sensitivity
and specificity were meta-analyzed as per the diagnostic 2×2
table. However, most included studies did not provide the
diagnostic 2×2 table. In such cases, the following two
approaches were used to calculate the diagnostic 2×2 table: (1)
it was computed based on sensitivity, specificity, and precision,
combined with the number of cases; and (2) sensitivity and
specificity were extracted based on the optimal Youden index,
and then combined with the number of cases for calculation.
The meta-analysis was implemented using R (version 4.2.0; R
Foundation for Statistical Computing).

Results

Study Selection
A total of 4214 records were retrieved from the databases, of
which 582 were duplicates. After reading the titles and abstracts,
3561 studies unrelated to ML in high myopia were excluded,
leaving 71 studies. Of these, 13 only conducted image
segmentation without constructing ML models, 5 did not provide
full extractable outcome indicators, and 8 analyzed risk factors.
Ultimately, 45 studies were incorporated into this review. The
literature screening process is depicted in Figure 1.

Figure 1. Flowchart of literature screening.
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Study Characteristics
The included studies were published from 2010 to 2023. Four
of the studies [18-21] were about the prediction of high myopia,
and the predicted variables were mainly derived from life
characteristics, environmental and genetic factors, and routinely
interpretable ocular clinical characteristics. Five of the studies
[22-26] were about the diagnosis of high myopia, of which 1
study [22] also involved the diagnosis of pathological lesions
of high myopia. Six studies focused on the diagnosis of high
myopia-associated glaucoma [27-32]. Out of the included
studies, 31 studies focused on the diagnosis of pathological
myopia, primarily using optical coherence tomography and
fundus imaging to construct artificial intelligence models. Of
these, 26 studies [4,15,22,33-55] were based on DL (deep

learning), while 5 studies [56-60] required manually coded ML
for construction. Additionally, it was noted that in the 45 original
studies, all 45 studies included binary classification tasks, with
9 studies [4,33,34,38,39,49,50,52,61] additionally incorporating
multiclassification tasks. Regarding validation methods, 31
studies provided an external validation set, and 23 used a
combination of internal and external validation sets. In terms
of the generation method of validation set, 6 studies
[23,24,34,40,47,59] used k-fold cross-validation, 29
[15,19-22,25-29,35-38,41,42,45,48-58,61] used random
sampling, and 6 [4,18,32,33,44,60] applied a combination of
k-fold cross-validation and random sampling. The detailed
characteristics of the eligible studies are shown in Tables 1 and
2.
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Table 1. Fundamental features of included studies.

Total number of casesTarget eventsPatient sourceStudy typeCountry of authorsYear of publicationFirst author

1395 fundus photographs, 895
patients

Diagnosis of
pathologic myopia

MulticenterRetrospective
study

China, United
States

2022Tang et al
[33]

20,870 patientsDiagnosis and pre-
diction of patholog-
ical myopia

Single centerNested case-con-
trol study

China2023Li et al [56]

313 patients with high myopia
and 457 eyes

Diagnosis of
pathologic myopia

Single centerRetrospective
study

China2021Du et al [57]

965 children with 1878 eyes
and 7456 fundus photographs

Prediction of high
myopia

MulticenterProspective studySingapore2023Foo et al
[18]

860 eyesDiagnosis of
pathologic myopia

MulticenterRetrospective
study

Korea2021Kim et al
[58]

2258 patientsDiagnosis of
pathologic myopia

Registry databaseRetrospective
study

Singapore2013Zhang et al
[59]

6078 photographsDiagnosis of
pathologic myopia

Single centerRetrospective
study

China2023Zhu et al
[34]

1853 photographsDiagnosis of
pathologic myopia

Single centerRetrospective
study

China2022Wu et al [35]

1041 patients with pathologic
myopia and with 2342 eligible

OCTa macular images

Diagnosis of
pathologic myopia

Single centerRetrospective
study

China2021Ye et al [36]

7606 patients with 10,347
fundus photographs

Diagnosis of
pathologic myopia

Single centerRetrospective
study

China2023Wang et al
[37]

15,765 patientsPrediction of my-
opia and high my-
opia

Wenzhou large-
scale survey

Prospective, longi-
tudinal, observa-
tional study

China2022Wang et al
[19]

858 photographsDiagnosis of
pathologic myopia

Single centerRetrospective
study

China2021Wan et al [4]

1750 photographsDiagnosis of
pathologic myopia

Single centerRetrospective
study

China2023Wan et al
[38]

125,421 patients with 251,349
photographs

Diagnosis of high
myopia + patholog-
ical myopia

Multicenter +
registry database

Retrospective mul-
ticohort study

Singapore2021Tan et al
[22]

1514 fundus photographsDiagnosis of
pathologic myopia

Multicenter +
registry database

Retrospective mul-
ticohort study

China2023Sun et al
[39]

910 patients with 910 imagesDiagnosis of
pathologic myopia

Single centerRetrospective
study

Japan2020Sogawa et al
[40]

1327 patients with 2400 high
myopia eyes and 9176 OCT
images

Diagnosis of
pathologic myopia

Single centerRetrospective
study

Japan2022Du et al [41]

576 patientsDiagnosis of
pathologic myopia

Single centerProspective cohort
study

China2023Hou et al
[60]

29,230 patients with 57,148
fundus photographs

Pathologic myopiaMulticenterRetrospective co-
hort study

China2022Li et al [52]

2731 participants with 2731
eyes

Diagnosis of glau-
coma in high my-
opia

MulticenterCase-control studyChina2021Li et al [27]

1063 patientsPrediction of high
myopia

Single centerProspective studyChina2019Chen et al
[20]

492 patients with 690 eyesPrediction of high
myopia

Single centerRetrospective
study

Korea2021Choi et al
[23]

800 imagesDiagnosis of
pathologic myopia

Registry databaseRetrospective
study

China, Taiwan2021Cui et al [42]
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Total number of casesTarget eventsPatient sourceStudy typeCountry of authorsYear of publicationFirst author

1,285,609 participantsPrediction of high
myopia

MulticenterRetrospective
study

China2023Guan et al
[24]

2866 patients with 3945 OCT
images

Diagnosis of
pathologic myopia

MulticenterRetrospective
study

China2022He et al [61]

1200 photographsDiagnosis of
pathologic myopia

Registry databaseRetrospective
study

Belgium2021Hemelings et
al [15]

840 photographsDiagnosis of
pathologic myopia

Registry databaseRetrospective
study

Pakistan2021Rauf et al
[44]

367 eyesDiagnosis of
pathologic myopia

Single centerRetrospective
study

Korea2022Park et al
[45]

• 17,330 photographs
• 17,330 photographs

Diagnosis of
pathologic myopia
and diagnosis of
pathologic myopia

Single centerRetrospective
study

China2021Lu et al [46]

32,419 patients with 37,659
images

Diagnosis of
pathologic myopia

MulticenterRetrospective
study

China2021Lu et al [47]

80 photographsPathologic myopiaSingle centerRetrospective
study

Singapore2010Liu et al [54]

1139 patients with 5917 im-
ages

Diagnosis of
pathologic myopia

Single centerRetrospective
study

China, United
States

2022Li et al [48]

260 eyes and 260 imagesDiagnosis of glau-
coma in high my-
opia

Single centerRetrospective
study

Korea2023Lee et al
[28]

2607 eyesDiagnosis of glau-
coma in high my-
opia

Single centerRetrospective
study

Korea2023Kim et al
[29]

274 patientsDiagnosis of glau-
coma in high my-
opia

Single centerRetrospective
cross-sectional
study

Korea2023Jeong et al
[30]

1298 patientsPrediction of high
myopia

Single centerCase-control studyChina2022Huang et al
[21]

1131 patients with 3441 im-
ages

Diagnosis of
pathologic myopia

Single centerRetrospective
study

China, United
Kingdom

2023Huang et al
[49]

4432 eyes and 7020 imagesdiagnosis of patho-
logic myopia

Single centerRetrospective
study

Japan2021Du et al [50]

84 patients with 84 eyes and
252 photographs

diagnosis of patho-
logic myopia

MulticenterCase-control studyItaly2023Crincoli et al
[51]

242 patients and 242 eyesDiagnosis of glau-
coma in high my-
opia

MulticenterCase-control studyJapan2014Asaoka et al
[31]

593 eyesDiagnosis of glau-
coma in high my-
opia

Single centerRetrospective
study

United States, Ger-
many

2023Bowd et al
[32]

546 patientsPrediction of high
myopia

Single centerRetrospective
study

China2022Zhao et al
[25]

80 photographsDiagnosis of
pathologic myopia

Single centerRetrospective
study

Singapore2010Liu et al [53]

319 patients with 932 imagesPrediction of high
myopia

Single centerRetrospective
study

China2020Dai et al [26]

481 photographsDiagnosis of
pathologic myopia

Registry databaseRetrospective
study

India2019Baid et al
[55]

aOCT: optical coherence tomography.
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Table 2. Fundamental features of included studies.

Modeling variablesModel typeTotal number of cases
in test set

Total number of cases
in validation set

Generation of validation setTotal number of cas-
es in training set

Fundus photographsDLa238 fundus pho-
tographs

238 fundus pho-
tographs

5-fold cross-validation + random
sampling

727 fundus pho-
tographs

Clinical featuresACPb, MLcUnclear1382 patientsRandom sampling2069 patients

Fundus photographsML-based

radiomics analy-
sis method

Unclear138 eyesRandom sampling319 eyes

Fundus photographs
+ clinical features

DL99 children with 189
eyes and 821 pho-
tographs

196 children with 376
eyes and 1511 fundus
photographs

Internal validation (5-fold cross-
validation + random sampling) +
multicenter external validation

769 children with
1502 eyes and 5945
photographs

Fundus photographsSVMd, MLunclear258 eyesRandom sampling602 eyes

SNPe + clinical fea-
tures + fundus pho-
tographs

SVM, MLunclearunclearStratified 20-fold cross-validation2258 patients

Fundus photographsDL1826 photographsunclearStratified 20-fold cross-validation4252 photographs

Fundus photographsDL370 photographsunclearRandom sampling1483 photographs

Fundus photographsDL450 photographs468 photographsInternal validation (random sam-
pling) + external validation（multi-
center）

1874 photographs

Fundus photographsDL1828 patients with
2137 photographs

775 patients with 821
photographs

Random sampling5003 patients with
7389 photographs

Clinical featuresLRf, GBDTg,

NNh

6168 patients (prog-
nostic cohort)

4415 patientsInternal validation (random sam-
pling) + external validation(prospec-
tive)

11,350 patients

Fundus photographsDLUnclear100 photographs5-fold cross-validation + random
sampling

758 photographs

Fundus photographsDL174 photographs174 photographsRandom sampling1402 photographs

Fundus photographsDL213,475 photographs11,303 photographsInternal validation (random sam-
pling) + external validation（multi-
center）

226,686 photographs

Fundus photographsDL714 fundus pho-
tographs

400 fundus pho-
tographs

Multicenter400 fundus pho-
tographs

Fundus photographsDLUnclearUnclear5-fold cross-validationUnclear

Fundus photographsDLUnclear1311 photographsrandom sampling7865 photographs

Clinical features +
metabolic characteris-
tics

XGBoosti,
SVM, LR

Unclear60 patients10-fold cross-validation + random
sampling

516 patients

Fundus photographsDCNNj, DL16,554 photographs7302 photographsInternal validation (random sam-
pling) + external validation（multi-
center）

29,213 photographs

OCTl images + clini-
cal features

FCNkUnclear508 participants with
508 eyes

Random sampling2223 participants
with 2223 eyes

Genetic factors + clin-
ical features

LRUnclear425 patientsRandom sampling638 patients

OCT imagesCNNm, DL58 patients with 90
eyes and 180 images

Unclear5-fold cross-validation434 patients with
600 eyes and 1200
images

Fundus photographsDL200 images200 imagesRandom sampling400 images

Clinical featuresRFn, LR, SVM400 patientsUnclearInternal validation (5-fold cross-
validation)

1600 participants

OCT imagesDL340 photographs680 photographsRandom sampling2380 images
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Modeling variablesModel typeTotal number of cases
in test set

Total number of cases
in validation set

Generation of validation setTotal number of cas-
es in training set

Fundus photographsDL400 photographs400 photographsRandom sampling400 photographs

Fundus photographsDL400 photographs40 photographs10-fold cross-validation + random
sampling

400 photographs

3D OCT imagesDL37 eyes37 eyesrandom sampling293 eyes

Fundus photographsDL1642 photographs3284 photographsUnclear11,502 photographs

Fundus photographsDL372 photographs707 photographsUnclear2457 photographs

Fundus photographsDL732 patients with
1000 images

UnclearInternal validation (5-fold cross-
validation) + external validation
(multicenter)

32,010 images

Fundus photographsSVM, DL40 photographsUnclearRandom sampling40 photographs

OCT macular imagesDL91 patients with 174
eyes and 412 pho-
tographs

210 patients with
1167 photographs

Internal validation (random sam-
pling) + external validation
(prospective)

838 patients with
4338 images

OCTAo and OCT im-
ages

DL49 photographs46 photographsRandom sampling165 images

OCT imagesDL720 eyes471 eyesInternal validation (random sam-
pling) + external validation

1416 eyes

OCT imagesDecision treeUnclearUnclearUnclearUnclear

Genetic + clinical fea-
tures

DLUnclear973 patientsRandom sampling325 patients

OCT imagesDL604 photographs501 photographsInternal validation (random sam-
pling) + external validation
(prospective)

2264 images

Fundus photographsDL1844 photographs1036 photographsRandom sampling4140 photographs

OCT imagesDL51 photographs25 photographsRandom sampling176 photographs

HRT parametersRFUnclearUnclearUnclearUnclear

OCT imagesCNN159 eyes87 eyes5-fold cross-validation + random
sampling

347 eyes

Fundus photographsDLUnclear232 photographsRandom sampling928 fundus pho-
tographs

Fundus photographsSVM or DL40 photographsUnclearRandom sampling40 photographs

Fundus photographsDL140 photographsUnclearRandom sampling792 photographs

Fundus photographsCNN27 photographs80 photographsRandom sampling374 photographs

aDL: deep learning.
bACP: algorithm of conditional probability.
cML: machine learning.
dSVM: support vector machine.
eSNP: single nucleic polymorphism.
fLR: logistic regression.
gGBDT: gradient boosted decision tree.
hNN: neural network.
iXGBoost: extreme gradient boosting
jDCNN: deep convolutional neural networks
kFCN: fully connected network
lOCT: optical coherence tomography.
mCNN: convolutional neural networks
nRF: random forest
oOCTA: optical coherence tomography angiography.
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Risk of Bias in Studies
This review incorporated 67 models. There were 36 retrospective
studies [4,15,22-26,28-30,32-42,44-50,52-55,57-59,61] that
constructed 39 models, indicating a high bias in the choosing
of study participants. Five case-control studies [21,27,31,51,56]
constructed 13 models, also showing high bias in the selection
of study participants. Since the predictors were evaluated in the
context of a known outcome in the case-control studies, there
was a high bias in the assessment of predictive factors. Twelve
studies [19,20,23,24,27,30,31,56-60] constructed 22 models
based on manually coded ML, with a high bias in predictive
factors. In terms of statistical analysis, 2 studies [21,45] with 5
models did not meet the requirement of having an event per
variable>20%, indicating a high risk of bias. In the statistical
a n a l y s i s ,  3 2  m o d e l s  i n  3 4  s t u d i e s
[4,15,18,21-23,25,26,28,29,32-42,44-55,61] could not estimate
event per variable due to the use of the DL method. Additionally,
10 studies [19,20,24,27,30,31,56,58-60] with 29 models in ML
did not report on the complexity of the data, rendering it difficult
to determine their bias risk. Five studies [20,27,30,31,60] with
11 models were identified as having a high risk of bias in
statistical analysis because they did not perform cross-validation
to adjust the stability of models with different parameters. In
summary, in terms of research participants, 14 models had a
low risk of bias; 52 models had a high risk of bias, and 1 model
had an unclear risk of bias. In terms of predictors, 37 models
had a low risk of bias and 30 models had a high risk of bias. In

terms of outcomes, all 67 models had a low risk of bias. In terms
of statistical analysis, 3 models had a low risk of bias, 16 models
had a high risk of bias, and 48 models had an unclear risk of
bias.

Meta-Analysis of ML for Binary Classification Tasks

Pathological Myopia
Twenty studies [26,34-37,39,41,45,47-54,56,58,60,61] reported
ML for diagnosing pathological myopia. Modeling algorithms
included algorithms of conditional probability, support vector
machines (SVMs), logistic regression (LR), extreme gradient
boosting, convolutional neural networks (CNNs), and deep
convolutional neural networks (DCNNs). The overall sensitivity,
specificity, positive likelihood ratio (PLR), negative likelihood
ratio (NLR), diagnostic odds ratio (DOR), and summary receiver
operating characteristic (SROC) were 0.91 (95% CI 0.89-0.92),
0.95 (95% CI 0.94-0.97), 19.7 (95% CI 13.8-28.2), 0.10 (95%
CI 0.08-0.12), 201 (95% CI 122-331), and 0.97 (95% CI
0.95-0.98), respectively. The Deek funnel plot indicated no
substantial evidence of publication bias in the included ML
models. Assuming that the prior probability of pathological
myopia was 20% if the result of ML was pathological myopia,
then the probability of true pathological myopia would be 83%.
If the result of ML was nonpathological myopia, then the
probability of true pathological myopia would be 2% (ie, the
probability of true nonpathological myopia was 98%; Figure 2
and Figures S1-S3 in Multimedia Appendix 3).
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Figure 2. Forest plot for the meta-analysis of sensitivity and specificity of machine learning in detecting pathological myopia
[26,34-37,39,41,45,47-54,56,58,60,61]. Note: the pooled sensitivity and specificity of 44 models from 20 machine learning studies on the diagnosis of
pathological myopia were 0.91 (95% CI 0.89-0.92) and 0.95 (95% CI 0.94-0.97), respectively.

Five studies [53,54,56,58,60] reported conventional ML
(non-DL) for diagnosing pathological myopia. Modeling
algorithms included algorithms of conditional probability, SVM,
extreme gradient boosting, and LR. The overall sensitivity,
specificity, PLR, NLR, DOR, and SROC curve were 0.77 (95%
CI 0.69-0.84), 0.85 (95% CI 0.75-0.92), 5.2 (95% CI 2.8-9.8),
0.27 (95% CI 0.18-0.39), 20 (95% CI 7-51), and 0.86 (95% CI
0.75-0.92), respectively. The Deek funnel plot indicated the
presence of publication bias in the conventional ML (non-DL)

models. Assuming that the prior probability of pathological
myopia for conventional ML (non-DL) was 20% if the result
of conventional ML (non-DL) was pathological myopia, then
the probability of true pathological myopia would be 57%. If
the result of conventional ML (non-DL) was nonpathological
myopia, then the probability of true pathological myopia would
be 6% (ie, the probability of true nonpathological myopia was
94%; Figure 3 and Figures S4-S6 in Multimedia Appendix 3).
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Figure 3. Forest plot for the meta-analysis of sensitivity and specificity of conventional machine learning (non-deep learning) in detecting pathological
myopia [53,54,56,58,60]. Note: the pooled sensitivity and specificity of 6 models from 5 conventional machine learning (non-deep learning) studies on
the diagnosis of pathological myopia were 0.77 (95% CI 0.69-0.84) and 0.85 (95% CI 0.75-0.92), respectively.

Fifteen studies [26,34-37,39,41,45,47-52,61] mentioned DL for
diagnosing pathological myopia. Modeling algorithms included
CNN and DCNN. The overall sensitivity, specificity, PLR,
NLR, DOR, and SROC were 0.92 (95% CI 0.90-0.93), 0.96
(95% CI 0.95-0.97), 23.7 (95% CI 16.5-34.0), 0.09 (95% CI
0.07-0.11), 271 (95% CI 168-437), and 0.97 (95% CI 0.95-0.98),
respectively. The Deek funnel plot revealed no remarkable
publication bias in the DL models. Assuming that the prior

probability of pathological myopia for DL was 20% if the result
of DL was pathological myopia, then the probability of true
pathological myopia would be 86%. If the result of DL was
nonpathological myopia, then the probability of true pathological
myopia would be 2% (ie, the probability of true nonpathological
myopia was 98%; Figure 4 and Figures S7-S9 in Multimedia
Appendix 3).
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Figure 4. Forest plot for the meta-analysis of sensitivity and specificity of deep learning in detecting pathological myopia [26,34-37,39,41,45,47-52,61].
Note: the pooled sensitivity and specificity of 38 models from 15 deep learning studies on the diagnosis of pathological myopia were 0.92 (95% CI
0.90-0.93) and 0.96 (95% CI 0.95-0.97), respectively.

High Myopia
Six studies [4,18,20,23-25] discussed ML for diagnosing and
forecasting high myopia. Modeling algorithms included DCNN,
CNN, LR, SVM, random forest (RF), and linear mixed models.
The sensitivity, specificity, PLR, NLR, DOR, and SROC were
0.94 (95% CI 0.90-0.96), 0.94 (95% CI 0.88-0.97), 16.2 (95%
CI 7.7-33.8), 0.06 (95% CI 0.04-0.11), 255 (95% CI 79-822),
and 0.98 (95% CI 0.96-0.99), respectively. The Deek funnel
plot indicated no substantial evidence of publication bias in the
included ML models. Assuming that the prior probability of
high myopia for ML was 20% if the result of ML was high
myopia, then the probability of true high myopia would be 80%.
If the result of ML was non-high myopia, then the probability

of true high myopia would be 2% (ie, the probability of true
non-high myopia was 98%; Figure 5 and Figures S10-S12 in
Multimedia Appendix 3).

Three studies [4,23,25] focused on diagnosing high myopia,
while 3 studies [18,20,24] focused on predicting high myopia.
Due to the limited number of studies included, we did not
perform a meta-analysis for the diagnostic and prediction tasks.
In the validation sets of the diagnostic tasks, sensitivity ranged
from 0.91 to 1.00 and specificity ranged from 0.85 to 1.00, while
in the validation sets of the prediction tasks, these values were
0.85-0.94 and 0.86-0.94, respectively. We found that both
diagnostic and prediction tasks demonstrated highly favorable
performance.
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Figure 5. Forest plot for the meta-analysis of sensitivity and specificity of machine learning in detecting high myopia [4,18,20,23-25]. Note: the pooled
sensitivity and specificity of 9 models from 6 machine learning studies on the diagnosis and prediction of high myopia were 0.94 (95% CI 0.90-0.96)
and 0.94 (95% CI 0.88-0.97), respectively.

High Myopia–Associated Glaucoma
Six studies [27-32] mentioned ML for diagnosing high
myopia-associated glaucoma. Modeling algorithms included
Lagrange multiplier, fully connected network, radial basis
function network, decision tree, RF, and CNN. The sensitivity,
specificity, PLR, NLR, DOR, and SROC curve were 0.92 (95%
CI 0.85-0.96), 0.88 (95% CI 0.67-0.96), 7.6 (95% CI 2.4-23.8),
0.09 (95% CI 0.04-0.20), 84 (95% CI 13-555), and 0.96 (95%
CI 0.94-0.97), respectively. The Deek funnel plot indicated no

substantial evidence of publication bias in the included ML
models. Assuming that the prior probability of high
myopia–associated glaucoma was 20% if the result of ML was
high myopia-associated glaucoma, then the probability of true
high myopia–associated glaucoma would be 65%. If the result
of ML was non-high myopia–associated glaucoma, then the
probability of true high myopia–associated glaucoma would be
2% (ie, the probability of true non-high myopia–associated
glaucoma was 98%; Figure 6 and Figures S13-S15 in
Multimedia Appendix 3).
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Figure 6. Forest plot for the meta-analysis of sensitivity and specificity of machine learning in detecting high myopia-associated glaucoma [27-32].
Note: the pooled sensitivity and specificity of 9 models from 6 machine learning studies on the diagnosis of high myopia-associated glaucoma were
0.92 (95% CI 0.85-0.96) and 0.88 (95% CI 0.67-0.96), respectively.

Review of ML for Multiclassification Tasks
Out of the included studies, 9 [4,33,34,38,39,49,50,52,61] used
ML for multiclassification tasks. Due to significant variations
in the diagnostic differences across these multiclassification
tasks, a quantitative analysis was not feasible. Five studies
[33,34,38,39,50] focused on fundus images–based DL to detect
different types of myopic atrophy maculopathy in high myopia,
with an accuracy ranging from 88% to 97%. Two studies [49,61]

used optical coherence tomography (OCT) image–based DL to
detect different types of myopic traction maculopathy in high
myopia, with an accuracy ranging from 91% to 96%. One study
[4] used fundus image–based DL to differentiate between
normal, low-risk high myopia, and high-risk high myopia, with
an accuracy of 99%. One study [52] applied fundus image–based
DL to distinguish between normal, fundus tessellation, and
pathologic myopia, with an accuracy of 94%, as illustrated in
Table 3.
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Table 3. Results of machine learning for multiclassification tasks.

Accuracy rate, %Generation of validation setModeling variablesTypes of artificial intelligenceDiagnostic purposeYearFirst author

945-fold cross-validation +
random sampling

Fundus photographsCNNsa; DLbClassification of at-
rophic macular le-
sions in myopic

2022Tang et al
[33]

90Stratified 20-fold cross-vali-
dation

Fundus photographsNeural network; DLClassification of at-
rophic macular le-
sions in myopic

2023Zhu et al
[34]

995-fold cross-validation +
random sampling

Fundus photographsDCNNsc; DLNormal, low, and
high risk of high
myopia

2021Wan et al [4]

95-97Random samplingFundus photographsDLClassification of at-
rophic macular le-
sions in myopic

2023Wan et al
[38]

89.2External validation (multi-
center)

Fundus photographsDLClassification of at-
rophic macular le-
sions in myopic

2023Sun et al
[39]

94Internal validation (random
sampling) + external valida-
tion (multicenter)

Fundus photographsDCNN; DLDifferential diagno-
sis of normal, leop-
ard print fundus, and
pathological myopia

2022Li et al [52]

91-96Random samplingOCTd imagesDLDifferential diagno-
sis of tractive macu-
lar degeneration and
neovascular macular
degeneration in high
myopia, and others

2022He et al [61]

96Internal validation (random
sampling) + external valida-
tion (prospective)

OCT imagesDLClassification of
tractive macular de-
generation in high
myopia

2023Huang et al
[49]

88Random samplingFundus photographsDLClassification of at-
rophic macular le-
sions in myopic

2021Du et al [50]

aCNN: convolutional neural network.
bDL: deep learning.
cDCNN: deep convolutional neural network.
dOCT: Optical Coherence Tomography.

Discussion

Summary of the Main Findings
This study comprehensively described the accuracy of ML in
detecting high myopia, high myopia-associated glaucoma, and
pathologic myopia. ML demonstrated exceptionally favorable
performance in detecting high myopia, while DL was highly
accurate in diagnosing pathologic myopia.

Comparison With Previous Reviews
Previous studies have also explored the detection accuracy of
ML in this field. A systematic review has reported that fundus
image– or OCT image–based DL can effectively diagnose and
classify myopic maculopathy. Additionally, ML examination
of the optic disc area can detect myopic maculopathy that may
not be easily identified during clinical examination [14]. A
recent meta-analysis based on only 11 studies evaluated the
performance of DL in identifying pathological myopia based
on fundus images. The SROC, specificity, and sensitivity were

found to be 0.9905, 0.959 (95% CI 0.955-0.962), and 0.965
(95% CI 0.963-0.966), respectively [62]. In the previous
meta-analysis, the 11 original studies all constructed fundus
images-based DL models, and studies on conventional ML
(non-DL) were not incorporated. The number of studies included
in our review was further expanded, with a total of 20 studies
on the performance of ML in diagnosing pathological myopia.
Moreover, subgroup analysis was executed between
conventional ML (non-DL) and DL. Our finding also indicated
that DL demonstrated exceptionally favorable efficiency in
detecting pathological myopia.

As the understanding of the etiology of myopia deepens,
growing evidence reveals risk factors for the onset or
progression of myopia, including age, sex, parental myopia,
susceptibility genes, and outdoor activities. For high myopia,
early prediction appears to be more beneficial. Among the
included studies, one incorporated 135 myopia-related single
nucleotide polymorphisms to forecast the progression and onset
of high myopia. ML for the prediction of high myopia was
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mainly based on genetic factors, environmental factors, and
ocular clinical characteristics. ML showed an SROC of 0.96,
sensitivity of 0.91, and specificity of 0.87, respectively [20],
suggesting that ML methods can effectively identify high-risk
individuals with high myopia, thus effectively preventing this
condition, especially in minors.

Glaucoma is a significant contributor to irreversible vision
impairment and blindness all over the world. A 10-year study
in Chinese individuals over the age of 40 years found that every
1 mm increase in axial length increased the risk of open-angle
glaucoma by 1.72 times. In comparison to emmetropic and
hyperopic eyes, highly myopic eyes had a 7.3 times higher risk
of developing open-angle glaucoma [63]. Due to the changes
in retinal structure caused by myopia, diagnosing glaucoma in
myopic patients, especially those with high myopia, is
challenging. Six studies were included to evaluate the diagnosis
of high myopia glaucoma. Of them, 3 studies [28,29,32] used
fundus OCT image-based DL techniques, while the remaining
3 [27,30,31] used non-DL ML (Lagrange multiplier, fully
connected network, radial basis function network, decision tree,
RF) approaches using OCT parameters, Heidelberg Retina
Tomograph parameters, and ocular biometric parameters of
patients. The findings indicated that ML yielded highly
promising results in the detection of high myopia glaucoma.

It was also noted that different ML methods, conventional ML
and DL, showed significant differences in their ability to identify
positive or outcome events. Conventional ML is often used to
construct models with interpretable clinical features. Lately,
various image-based ML methods have emerged. However, a
significant challenge in this context is the requirement for
manual annotation to facilitate ML. From this standpoint,
manual annotation poses a formidable barrier to effectively
mitigating the risk of bias. DL, on the other hand, enables
intelligent processing of medical images and has been widely
applied in various fields, including detecting diabetic retinopathy
[8-10], retinopathy of prematurity [64,65], age-related macular
degeneration [10], and glaucoma [11-13]. With the rapid
development of ML, imaging data are increasingly becoming
a valuable source for medical analysis. Multiple studies have
demonstrated that images from various sources, including fundus
images [66], external eye appearance [67], and refractive images
[68], can effectively estimate a patient’s spherical refractive
error, indicating the potential of imaging data in predicting the

risk of myopia. This study also finds that image-based DL is
more accurate than conventional ML, providing a theoretical
basis for the creation of future intelligent tools.

Additionally, the dataset used in ML demands considerable
attention. Many studies are hampered by a limited number of
cases, raising concerns about the robustness of the findings.
Additionally, validation methods often depend heavily on
internal validation, which may not fully capture the model’s
generalizability. Hence, incorporating comprehensive patient
data is essential for building a robust large-scale database, which
will enable the development of ML models that are applicable
to a broader population. Among the studies included, 7
[15,22,39,42,44,55,59] established ML models based on publicly
available large databases.

Limitations
Although our review includes a larger number of studies than
previous meta-analyses and provides an evidence-based basis
for subsequent studies, this study has limitations. First, there
were few studies on the prediction of high myopia, which limits
the interpretation of our results, and clinically interpretable
variables for predicting high myopia were not explained.
Second, we did not conduct a subgroup analysis on the type of
ML (conventional ML vs DL) owing to the insufficient number
of included studies based on high myopia glaucoma and high
myopia. Third, the majority of the models included in this study
were assessed as having a high risk of bias, which may impact
the interpretation of our results. Most included studies adopted
a retrospective design, which might lead to selection bias.

Conclusions
In conclusion, this study comprehensively reviews and
meta-analyzes the performance of ML in the diagnosis and
prediction of high myopia, high myopia-associated glaucoma,
and pathological myopia, providing valuable guidance and
references for future research. Challenges exist within the
emerging field of myopia prediction. With the development of
new analytical methods and the accumulation of real medical
datasets, future research holds the promise of improving the
prediction of myopia onset and progression. This advancement
brings us closer to the ultimate goal of identifying high-risk
individuals promptly and implementing targeted interventions
in clinical practice.
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Abstract

Background: Social media is used as a tool for information exchange, entertainment, education, and intervention. Intervention
efforts attempt to engage users in skin health.

Objective: This review aimed to collect and summarize research assessing the impact of social media on skin health promotion
activities undertaken by social media users.

Methods: In accordance with the PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) guidelines,
the following scientific databases were searched: Scopus, Web of Science, PubMed, Academic Search Ultimate (via EBSCO),
Academic Research Source eJournals (via EBSCO), ERIC (via EBSCO), Health Source: Consumer Edition (via EBSCO), and
Health Source: Nursing/Academic Edition (via EBSCO). Using ProQuest Dissertations and Theses, OpenGrey, Grey Literature
Report, and MedNar, the search was supplemented with gray literature. Articles on skin care, skin health, skin diseases, skin
protection, and educational activities promoting healthy skin on social media were selected for review (search date: February 6,
2023). The following qualification criteria were used: original research; research conducted on social media; and research topics
regarding educational activities in skin health promotion, skin care, skin health, skin diseases, and skin protection. To assess the
risk of bias, the following tools were used: the Cochrane Collaboration tool for risk-of-bias assessment (randomized controlled
trials and quasi-experimental studies) and the Centre for Evidence-Based Medicine checklist (cross-sectional studies).

Results: Altogether, 1558 works were considered, of which 23 (1.48%) qualified, with 3 (13%) studies on acne and 20 (87%)
on skin cancer, sunscreen, and tanning. Social media interventions were dealt with in 65% (15/23) of the studies. The review
made it possible to investigate cognitive and cognitive-behavioral interventions. In both observational and interventional studies,
the most frequently discussed topics were skin exposure and protection against UV radiation and skin cancer. The analyzed
research showed that social media is a source of information. Visualization has a strong impact on users. The involvement of
social media users is measured through the amount of content shared and contributes to changing attitudes and behaviors regarding
skin health.

Conclusions: This review outlined the impact of social media, despite its heterogeneity, on users’ skin health behaviors, attitudes,
and actions. It identified strategies for digital interventions to promote skin health. In health sciences, a standardized tool is needed
to assess the quality of social media digital interventions. This review has several limitations: only articles written in English
were considered; ongoing studies were omitted; and there was a small number of interventional studies on acne and a lack of
research on daily skin care, education, and antiaging activities on social media. Another limitation, resulting from the topic being
too broad, was a failure to perform quantitative data analysis, resulting in the studies that qualified for the review being
heterogeneous.

(J Med Internet Res 2025;27:e54241)   doi:10.2196/54241
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Introduction

Background
For many people, social media platforms are now an integral
part of daily life. Social media browsing is the most popular
online activity. According to the statistics, >4.26 billion people
used social media in 2021, and this number is likely to grow to
almost 6 billion in 2027 [1]. In April 2023, a total of 4.8 billion
people, or 59.9% of the world’s population, were social media
users [2].

Social media is a powerful means of communication, mainly
used for an exchange of information and for entertainment. In
addition, companies use it for marketing purposes to promote
products and services. Currently, there is also a noticeable trend
to develop educational platforms, especially on health education.
According to Savas et al [3], because of an increase in the
number of patients looking for medical information, physicians
can use social media such as Facebook as a significant
educational tool. Gantenbein et al [4] argue that medical
information available on the internet and social media could be
useful for most dermatological patients. The authors identified
the most important needs of patients: online consultations,
medical content on YouTube, and a possibility to chat with a
specialist [4]. In turn, according to Banerjee et al [5], social
media is a platform for increasing people’s commitment and
providing information about UV protection, skin cancer
prevention, and its early detection.

The aforementioned research confirms the informational and
educational role of social media. The aim of information
activities is to increase knowledge about skin cancer and
increase awareness of the risks of UV radiation. The effect of
these activities should be a change in health behaviors (regular
skin photoprotection, regular skin self-examination, and regular
monitoring of skin lesions by a physician). Engagement in
systematic activities by social media users is crucial.

In addition to its educational role, social media is a tool that
supports life and work. Rew et al [6] created a prototype of an
application based on content concerning social media users’
daily activities. The application can assess the condition of the
skin and provides advice on improving it, with suggestions for
care products.

In addition, social media can be a motivational tool by
motivating systematic care and protection activities aimed at
healthy and well-groomed skin.

Focusing mainly on the analysis of social media content,
previous reviews have discussed their impact on skin care [7]
and skin cancer prevention [8]. They have also discussed the
effects of social networking sites on health behavior change [9]
and on available digital interventions, mainly stressing the
importance of sun protection and skin self-examinations [10].

Unlike previous systematic reviews, we sought to understand
the nature of motivation to act. We were interested in the

following aspects: (1) What dermatological problem that is
talked about on social media is the main area of interest for
researchers? (2) What drives social media audiences to take
goal-directed actions? (3) What is the level of involvement of
social media users in achieving this goal? (4) What contributes
to perseverance in pursuing a goal? The goal is healthy and
well-groomed skin. To achieve this goal, health behavior
changes must be made.

We wanted to draw attention to the role of social media as a
tool for collecting data and a tool that encourages users to take
actions to care for their skin (including preventing the
development of skin cancer and alleviating the symptoms of
dermatological diseases).

The main parts of skin health preventive measures are promoting
skin care, skin protection, and control routines. The involvement
and motivation of social media users is important. Therefore,
research is needed to conduct a systematic review that evaluates
the impact and effectiveness of social media in this field. In
addition, such research should not only focus on the information
provided by social media but also try to engage users in actions
aimed at skin health.

This review helps understand and explores what is already
known about social media potential and its impact on users’
skin care behaviors and skin health preventive measures. This
study suggests the need to optimize social media interventions
and develop new studies that will assess long-term change in
skin health behaviors. In addition, by increasing the importance
of skin protection and its diseases, this review has practical
significance. The results of this research can be helpful in
practice and in research investigating the role of social media
in preventive health care. This review may support the work of
dermatologists, cosmetologists, and health educators because
it provides information they need, sometimes on complex topics,
in a simple and easily available way.

The novelty of this review is that, through the heterogeneity of
the research, a broader view of the impact of social media on
skin health behaviors is presented. This study provides new
observations about the prespecified desired outcome to be
achieved. It complements the theory of engagement with digital
interventions.

This study differs from previous ones in that it presents social
media as an important digital stimulus. It affirms the integration
of motivation into specific physical, affective, and cognitive
action. The empirical observations concerning, on the one hand,
the demonization of the effects of the sun on the skin and, on
the other, the image of an attractive tan, which occur in a
cause-effect conflict, are surprising.

This review proves that the image, not just the content, is of
great importance. There is a noticeable trend in which the image
becomes more important than scientific reports. This review
also presents the negative side of social media.
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Objectives
This paper presents a systematic review of the literature
investigating the role of social media platforms as an educational
and intervention tool in promoting preventive skin health
measures. The aim of this review was to collect and summarize
research assessing the impact of social media on skin health
promotion activities undertaken by social media users. In the
analyzed studies, we focused on the reception of information
about the skin (eg, skin cancer, acne, and tanning) by social
media users. The literature review comprised (1) studies
assessing the impact of the content of social media on its users,
(2) social media intervention studies, and (3) studies determining
the impact of posts generated by users on their health decisions
and their self-monitoring.

The following research questions were formulated:

1. What are the existing data on the use of social media as an
educational intervention tool in skin health preventive
measures?

2. What activities on social media can be effective in
promoting skin health?

3. What intervention strategies are disseminated via social
media and what is their role in promoting skin health?

Methods

Design
This systematic review was conducted in accordance with the
PRISMA (Preferred Reporting Items for Systematic reviews
and Meta-Analyses) guidelines [11,12] and with the Synthesis
Without Meta-Analysis reporting guideline [13]. The PRISMA
guidelines ensure the highest quality in scientific research. To
more fully present the results of the review, a narrative form
was additionally adopted.

Information Sources and Search Strategies
This review was conducted using the following databases:
Scopus, Web of Science, PubMed, Academic Search Ultimate
(via EBSCO), Academic Research Source eJournals (via
EBSCO), ERIC (via EBSCO), Health Source: Consumer Edition
(via EBSCO), and Health Source: Nursing/Academic Edition
(via EBSCO). In addition, the search was supplemented with
gray literature using ProQuest Dissertations and Theses,
OpenGrey, Grey Literature Report, and MedNar. A reference
list search for relevant articles was also conducted.

The search strategy was first constructed by the authors and
then consulted with a librarian experienced in scientific
information extraction. The developed phrase was as follows:

((“social media” OR “Facebook” OR “Instagram”
OR “Twitter” OR “Pinterest” OR “YouTube” OR
“TikTok” OR “SnapChat”) AND (“skincare” OR
“skin care” OR “skin health” OR “skin diagnosis”
OR “skin type” OR “beautician” OR “cosmetologist”
OR “cosmetician” OR “cosmetic consultation*” OR
“cosmetic dermatology” OR “cosmetic product*”
OR “dermocosmetic*” OR “cosmetic procedure*”
OR “skin cleans*” OR “skin moistur*” OR “skin
massage” OR “facial cleans*” OR “facial moistur*”

OR “facial massage” OR “photoprotection” OR
“sunscreen*” OR “sun protection” OR “skin
hydration” OR “skin rejuvenation” OR “skin cancer”
OR “skin prevention” OR “acne” OR “rosacea” OR
“anti-acne” OR “anti-aging” OR “anti-wrinkle” OR
“skin aging” OR “oily skin” OR “dry skin” OR
“combination skin” OR “sensitive skin” OR
“pigmented skin” OR “pimple*” OR “pustule*” OR
“papules” OR “blackheads”))

The search was conducted on February 6, 2023, and on the same
day, the records were imported from the databases into the
Mendeley reference manager (Elsevier). The search was not
limited to a period to obtain as many results as possible.

Study Selection
After applying the search strategy, the studies were imported
and saved to the Mendeley reference manager, and then
duplicates were removed. The selection of the studies consisted
of 2 stages. The first stage was conducted by one of the authors
(JMB), who considered the title and abstract to identify and
exclude irrelevant studies. To reach a mutual agreement, the
other author (JG) reviewed a randomly selected sample
containing 10% of the titles and abstracts. When, based on the
title and abstract, the decision whether to include a work was
difficult, the full article was then downloaded. The second stage
of the selection consisted of an analysis of the full texts of the
articles by each author (JMB and JG) separately to determine
whether they could be included, and the reasons for exclusion
were listed. When the decision to include or exclude a study
was unclear, the authors clarified ambiguities and different
opinions through discussions. This stage of the article selection
process required both authors to be present to resolve voting
conflicts. All studies were assessed using the inclusion and
exclusion criteria described in the next section.

Inclusion and Exclusion Criteria
All the inclusion and exclusion criteria were defined a priori
(Textbox 1).

In particular, the following papers were excluded during the
first stage of the selection process: papers written in a language
other than English, papers not related to topics of skin care and
skin health promotion on social media, conference papers,
information from beauty and health blogs, posters of prevention
campaigns, and interviews and articles from popular science
magazines advertising a specific cosmetic brand. In addition,
articles on social media safety rules, product protection, ethics,
diet, COVID-19, and tele-dermatology and materials related to
patient consent to post photos on social media were eliminated.
During the second stage, articles were allocated to the following
groups: articles fully meeting the inclusion criteria, comments,
case studies, review papers, research protocols, papers in which
skin care and skin health preventive measures were not the main
topic, papers in which social media was not the main topic (eg,
it was used to recruit study participants or to disseminate survey
results), papers on plastic surgery and body image perception
on social media, papers on social media marketing (eg, dealing
with the impact of advertisements encouraging consumers to
purchase cosmetic products or with methods of promoting the
sale of cosmetic products or assessing the satisfaction with
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cosmetic products and with brand image building of skin care
products), papers on the psychological effects of social media
(eg, self-acceptance of social media users; self-confidence; and
the relationship among emotions, emotional states, and the use
of social media), papers on social media search for medical
information by dermatology patients, and papers focusing
exclusively on the analysis of the content most frequently shared
on social media (ie, posts and videos).

Articles with educational value and assessing the impact of
social media skin-related information on its users were included.
This review also included studies that investigated social media
interventions (articles on behavioral interventions aimed at skin
health promotion, which were included during the primary
analysis) and studies that investigated the impact of social media
data on users (articles on skin health promotion, which were
included during the secondary analysis).

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• Papers based on original research (ie, research articles)

• Papers on skin care, skin health, skin diseases, and skin protection and papers on educational activities directed at skin health preventive measures

• Papers on social media (eg, Facebook, Instagram, Twitter [subsequently rebranded X], Pinterest, YouTube, TikTok, and Snapchat)

Exclusion criteria

• Papers written in a language other than English

• Review papers

• Comment papers

• Case studies

• Conference papers

• Clinical trial reports

• Information from beauty and health blogs, popular science magazines, interviews, and posters from prevention campaigns

• Papers in which social media coverage of skin care, skin health, and preventive actions were not the main topic

Data Extraction
Research information from the included articles downloaded
during the search process was rechecked by both authors (JMB
and JG) to ensure that it met the inclusion criteria. The following
details were extracted from each paper: authors, year of
publication, geographic location of data collection (country
where the research took place), type of social media platform,

form of information, number and characteristics of study
participants, type of study or data collection methods, and main
topic and purpose of the research (Multimedia Appendix 1
[14-36]). In addition, one author (JMB) developed a form with
questions (Textbox 2) in which both authors independently
recorded their responses (summarized in Multimedia Appendix
2 [14-36]). The PRISMA checklist is provided in Multimedia
Appendix 3.

Textbox 2. Questions related to qualified publications.

What are the authors and the year of publication?

• Is intervention a topic of the study?

• Does the study evaluate the impact of social media on users?

• Does the study deal with public health campaigns?

• Does the study mention skin self-examination?

• Does the study mention the use of cosmetic materials (eg, sunscreen)?

• Does the study contain a statistical analysis?

• What are the main results of the study?

• What are the conclusions or opinions of the authors on the effectiveness of information delivery strategies on social media?

Quality Assessment
The methodological quality of each study included in this review
was assessed separately by both authors (JMB and JG), and
their opinions were compared. In case of disagreement, the
authors discussed their doubts and came to a consensus. The

Cochrane Collaboration tool for risk-of-bias assessment was
used to assess the risk of bias in randomized controlled trials
and quasi-experimental studies [37]. A total of 6 domains were
evaluated, with the plus sign (+) representing a low risk of bias,
the en dash (–) representing a high risk of bias, and both (+ and
–) representing an unclear risk of bias. Blinding of participants
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and staff was not assessed as this was considered impossible in
some studies. A study that received a score of ≥4 plus signs was
considered to be of high quality.

For cross-sectional studies, the Centre for Evidence-Based
Medicine checklist for critical appraisal was used [38]. It
consists of 12 questions with possible answers of “yes,” “cannot
tell,” or “no.” A cutoff value of 75% was used for the
assessment. This means that, with ≥9 affirmative responses, the
study was considered to be of high quality. Otherwise, the study
was considered to be of low quality.

Data Synthesis Strategy
A narrative synthesis of the included studies was performed in
accordance with the recommendations by Popay et al [39].
During data analysis, the authors considered the possibility of
classifying the included publications according to the health
problem. However, after reanalysis of the selected publications,
the authors decided that a better conceptual model was to group
them according to the type of intervention, if it was used.

Results

Search Results
A literature search revealed 1558 records (Scopus: n=485,
31.13%; Web of Science: n=305, 19.58%; PubMed: n=270,
17.33%; Academic Search Ultimate via EBSCO: n=234,
15.02%; Academic Research Source eJournals via EBSCO:

n=26, 1.67%; ERIC via EBSCO: n=10, 0.64%; Health Source:
Consumer Edition via EBSCO: n=35, 2.25%; Health Source:
Nursing/Academic Edition via EBSCO: n=62, 3.98%; ProQuest
Dissertations and Theses: n=22, 1.41%; OpenGrey: n=4, 0.26%;
Grey Literature Report: n=0; MedNar: n=105, 6.74%). During
the identification stage, 91.59% (1427/1558) of the records were
obtained from scientific databases, and 8.41% (131/1558) of
the records were obtained from gray literature. After removing
43.32% (675/1558) of duplicates, 883 records remained. After
reviewing the titles and abstracts of these 883 records, 523
(59.2%) were excluded because they were irrelevant to the
review topic or were written in a language other than English.
A total of 40.8% (360/883) of the publications were selected
for full-text download. After analyzing the full texts of the
articles, 339 were excluded (n=43, 12.7% comments; n=21,
6.2% reviews; n=1, 0.3% case reports; n=2, 0.6% protocols;
n=14, 4.1% articles not focused on skin care and skin health
promotion; n=90, 26.5% articles not focused on social media;
n=23, 6.8% articles about plastic surgeries; n=32, 9.4% articles
about marketing of skin care products on social media; n=8,
2.4% articles about the psychological effect of social
media—emotional states; n=4, 1.2% articles about searching
for information on social media; and n=101, 29.8% articles
about social media post analysis). These studies did not meet
the inclusion criteria. A total of 21 articles met the inclusion
criteria. In addition, after a detailed analysis of the eligible
studies and their references, 2 publications were added. In total,
23 publications were included in this review (Figure 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) flow diagram.

Study Characteristics
The detailed characteristics and main results of the studies
included in this systematic review are presented in Multimedia
Appendix 1 [14-36] and Multimedia Appendix 2 [14-36]. Most
of the research was conducted using Facebook. Of the 23
studies, most (n=14, 61%) were conducted in the United States
[14-27], with a smaller number conducted in other countries:
the United Kingdom (n=3, 13%) [28-30], Australia (n=3, 13%)
[31-33], the Netherlands (n=1, 4%) [34], Denmark (n=1, 4%)
[35], and Saudi Arabia (n=1, 4%) [36]. The highest number of

studies was published in 2022 (5/23, 22%) [16,17,21,22,36],
17% (4/23) of the studies were published in 2020 [19,27,28,30],
13% (3/23) were published in 2019 [20,26,32], 13% (3/23) were
published in 2018 [14,18,24], 13% (3/23) were published in
2017 [29,31,34], 9% (2/23) were published in 2021 [15,25], 9%
(2/23) were published in 2011 [33,35], and 4% (1/23) were
published in 2016 [23]. The oldest included publications dated
back to 2011 (2/23, 9%) [33,35].

The vast majority of the studies were on skin cancer, sunscreen,
and tanning (20/23, 87%), with only 13% (3/23) of the studies

J Med Internet Res 2025 | vol. 27 | e54241 | p.44https://www.jmir.org/2025/1/e54241
(page number not for citation purposes)

Brzozowska & GotlibJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


on acne [19,27,36]. A total of 17% (4/23) of the studies dealt
with skin self-examination [18,19,30,34]. On the other hand,
43% (10/23) of the studies mentioned the use of cosmetic
products [14,18,21,22,25,27,28,31,33,36], whereas 35% (8/23)
of the studies recommended sunscreen use
[14,18,21,22,25,28,31,33]. In addition, 43% (10/23) of the
studies discussed the impact of public health campaigns
[15-17,20,22,28-30,33,35]. It is worth noting that several
publications discussed the results of the same research (eg, 3/23,
13% of the studies by Buller et al [15-17])

Among the 23 studies included in this review, social media
interventions were the topic of 15 (65%)
[15-18,20-22,24,25,28,29,32-35], among which cognitive effects
were assessed by Agha-Mir-Salim et al [28], Damude et al [34],
Gough et al [29], and Mingoia et al [32]. On the other hand,
both cognitive and behavioral effects were assessed in the

studies by Buller et al [15-17], Coups et al [18], Køster et al
[35], Morrison et al [20], Myrick et al [21], Pagoto et al [22],
Potente et al [33], Stapleton et al [24], and Vraga et al [25].
Comparison groups were used by Agha-Mir-Salim et al [28],
Buller et al [15-17], Gough et al [29], Køster et al [35], Mingoia
et al [32], Morrison et al [20], Myrick et al [21], Pagoto et al
[22], Potente et al [33], and Vraga et al [25].

Quality Appraisal
The risk-of-bias assessment for randomized controlled trials is
summarized in Table 1. A total of 35% (8/23) of the studies
turned out to be of high quality [15-17,20,22,25,28,32], and 4%
(1/23) of the studies were of low quality [29]. A total of 57%
(13/23) of cross-sectional studies were of high quality
[14,18,19,21,23,24,26,27,30,31,33,35,36], and 4% (1/23) of
cross-sectional studies were of low quality [34]. A summary is
provided in Multimedia Appendix 2 [14-36].

Table 1. Cochrane risk-of-bias assessment.

Other biasSelecting
reporting

Incomplete
outcome data

Blinding of participants
and personnel or blinding
of outcome assessment

Allocation
concealment

Random sequence
generation

Study

+++–+b–aAgha-Mir-Salim et al [28],
2020

– (publishing the results
of the same study multi-
ple times)

+++++Buller et al [15], 2021

– (publishing the results
of the same study multi-
ple times)

+++++Buller et al [17], 2022

– (publishing the results
of the same study multi-
ple times)

+++++Buller et al [16], 2022

– (IP addresses were not
checked for duplicate
users)

++––+Gough et al [29], 2017

+++–++Mingoia et al [32], 2019

++++++Morrison et al [20], 2019

++++++Pagoto et al [22], 2022

++++++Vraga et al [25], 2022

aHigh risk of bias.
bLow risk of bias.

Data Synthesis

Overview
Among the assumptions we made for this review was that skin
health promotion on social media is a broad concept that
includes regular activities aimed at protecting the skin against
the risk of developing skin cancer, as well as promoting skin
care that can ensure good skin condition, prevent skin diseases,
slow down the skin aging process, and keep the skin looking
nice, which can contribute to one’s well-being. However, most
of the studies included in this review (20/23, 87%) focused on
behaviors associated with skin cancer risk and prevention
(exposure to and skin protection from UV radiation). Skin cancer
was the main area of interest for researchers, undoubtedly

because it is a high-profile problem. There were not enough
studies on other skin conditions to draw firm conclusions about
the effects of social media. Nevertheless, it is possible to analyze
and compare the effect of information and motivational activities
on social media on the engagement of users and their behavior
changes and actions taken. This will enable social media
moderators to develop overall motivational intervention
strategies.

This review included observational studies in which social media
was used as a tool to disseminate information about the skin,
as well as intervention studies in which social media content
was manipulated. Despite the fundamental differences in the
methodology of these 2 types of research, the main goal was
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the same—skin health promotion. Due to differences in research
methodology, comparison and summary were difficult.

The results are presented in the following sections in narrative
form. A division was made into studies that did not use an
intervention and studies that did use an intervention. Then, to
synthesize and integrate the results well and draw consistent
conclusions, observational studies and then interventional studies
were summarized and compared. Attention was drawn to the
limitations of observational studies compared to interventional
studies.

Assessing the Impact of Social Media on Skin Care and
Skin Health Promotion Without an Intervention
The studies included in this review argued that social media is
a useful source of knowledge about skin health. According to
Bahaj et al [36], most individuals aged between 18 and 25 years
choose social media as their first source of acne treatment
advice. However, much of social media advice does not follow
the current guidelines of the American Academy of Dermatology
[40]. The aforementioned authors also found that 74.1% of those
social media users had a college degree. There was a positive
link between educational attainment and willingness to use
social media for advice (P=.002). In addition, a significant link
between the severity of acne and search for treatment advice
on social media was found (P<.001) [36].

Similarly, in the study by Yousaf et al [27] with 130 participants
with acne, 45% (n=58) of them used social media for advice on
its treatment. Of these 58 participants, 72% were women (n=42),
who were 75% more likely to use social media for advice on
acne treatment (prevalence ratio=1.75, 95% CI 1.11-2.76;
P=.01). In addition, only 31% of the respondents who consulted
their problem on social media managed their condition in line
with the American Academy of Dermatology clinical guidelines
[27]. However, both Bahaj et al [36] and Yousaf et al [27]
observed that the advice available on social media did not
comply with the guidelines of the American Academy of
Dermatology [40]. In the study by Basch et al [14] on skin
cancer and tanning, it was found that people who did not fully
adhere to proper sunscreen behavior were more likely than those
who followed sun protection rules to believe that social media
was an accurate source of health information (10.5% vs 3.3%;
P=.046) or a helpful source of health information (62.5% vs
46.7%; P=.02).

According to Mingoia et al [31], the level of social media use
was significantly and positively correlated with users’ sun
exposure (P<.001), sunburn (P<.001), and dissatisfaction with
skin tone and negatively correlated with sun protection (P<.001).
This meant that viewing photos, posting photos, sharing content,
and the number of likes were significantly linked with greater
sun exposure, lower sun protection, and greater dissatisfaction
with skin tone. It is worth mentioning that the aforementioned
study drew attention to the fact that women, to a greater extent
than men, are image oriented and more attracted to visualization
on social media. For them, the use of images in health messages
may be effective in preventive skin health care campaigns [31].

In the study by Stapleton et al [23], 45.8% of participants had
a college degree, and 14.8% had a bachelor’s degree or higher

(a sample of 463 participants). The authors found that higher
rates of indoor tanning were associated with Twitter
(subsequently rebranded X) and Instagram use among a sample
of young adult women. As a result, the authors argued that the
aforementioned social media platforms could be a valuable way
to provide information about skin cancer prevention among
compulsive indoor tanners [23].

In contrast, the sample in the study by Willoughby and Myrick
[26] consisted of 502 female college students aged between 18
and 29 years, and it was found that participants who reported
more frequent use of social media were more likely to sunbathe
outside. Thus, the researchers found that greater use of visual
social media platforms such as Instagram, Snapchat, and
Pinterest was likely to increase tanning [26].

According to the studies by Bahaj et al [36], Yousaf et al [27],
Basch et al [14], Mingoia et al [31], Stapleton et al [23], and
Willoughby and Myrick [26], widely shared social media content
could influence engagement in risky health behaviors, affecting
users’ knowledge, attitudes, and actions. Despite the negative
impact of social media, the authors noted that it could be a
powerful informational, educational, and intervention tool for
preventive skin health care campaigns. In addition, the
identification of the target group of health advice recipients
made it possible to fight disinformation using specific prevention
channels (ie, social media platforms). In contrast to the
aforementioned studies, the studies by Guckian et al [30] and
Martel et al [19] mainly pointed to the positive impact of social
media.

Guckian et al [30] found that interventions via social media
could have a positive impact on health-related behaviors.
According to the authors, social media could motivate patients
with distressing cutaneous lesions to visit melanoma screening
clinics. However, the authors found that the most common
motivating reason for visiting a melanoma screening clinic was
skin self-examination. In this study, 65% (162/249) of the
patients were regular users of social media, 33% (83/249) saw
posts on the internet about cutaneous lesions, 10% (8/83) saw
posts from physicians, 36% (30/83) saw posts from health
authorities, and 37% (31/83) saw posts from other people (social
media users). In addition, 33% (83/249) of patients searched
for information about their cutaneous lesions on the internet,
whereas one patient did so on social media. In addition, 24%
(6/25) of patients said that more posts on cutaneous lesions
should be shared [30].

Martel et al [19] found that social media use could be a
motivating factor. According to the authors, editing one’s own
cutaneous lesions on social media, in particular acne and acne
scars, contributed to an increase in users’ awareness and
encouraged them to seek dermatological care. Of 145 people
who edited their skin lesions, as many as 128 (88.3%) edited
acne and acne scars. This editing increased their awareness of
the need for dermatological care (P=.02) [19].
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Assessing the Impact of Social Media on Skin Care and
Skin Health Promotion After an Intervention

Comparative Studies on the Role of Digital Social Media
Interventions and Traditional Media in Health Promotion

The study by Agha-Mir-Salim et al [28] was one of those
comparing the effects of digital interventions with those of
printed materials. The research involved the SunSafe campaign
that aimed to raise awareness of sun exposure risk, melanoma,
and the need for sun protection among individuals aged 18 to
29 years. Using flyers and Facebook, the authors found that,
after the intervention, the average knowledge score improved
in both groups (Facebook=1.82; flyers=3.04; P<.001). However,
printed flyers turned out to be more effective than Facebook
posts (95% CI 0.35-2.09; P=.006) [28].

Social Media Interventions as an Educational Strategy

Damude et al [34] assessed the knowledge of patients with
melanoma about their illness and their opinion on multiple ways
of providing information. YouTube instructional videos
presented in the research were designed to stress the need for
self-examination of the skin and lymph nodes and demonstrate
how to do this properly. It turned out that 63% of patients
preferred to receive information in multiple ways, 92% of them
preferred verbal instructions from their physician, 62% preferred
educational YouTube videos, and 43% preferred to receive
instructions via brochures. In addition, the authors concluded
that there was an urgent need for educational activities focused
on melanoma and for supplementing the methods of education
with instructional YouTube videos [34].

In the study on skin cancer prevention by Gough et al [29], a
trend toward increasing knowledge about preventive actions in
response to social media educational interventions was observed.
Those interventions increased awareness that fair-skinned people
required the most protection and that skin cancer was the most
common form of cancer, with melanoma being its most serious
type. In addition, the authors noted a trend of increasing
awareness of sun and UV ray exposure, skin cancer risk, and
the need for sun protection.

Using an educational strategy and cognitive dissonance, Mingoia
et al [32] investigated the effects of a social media intervention
on the opinion that tanned skin is desirable and beneficial for
appearance. The educational strategy was aimed at reducing
positive attitudes toward sunbathing and improving the ability
to critically analyze social media content [32].

The study by Pagoto et al [22] is another example of a
dissonance-based social media intervention to promote sun
safety. The intervention involved encouraging survey
respondents to create social media posts on healthy skin or a
healthy lifestyle. According to the authors, participants in the
healthy skin intervention group reported a higher motivation to
use protective clothing and sunscreen and a decreased
motivation to tan. The authors suggested that this intervention,
encouraging social media content creation and response, should
enhance cognitive dissonance and affect social norms, which
in turn might change attitudes and behaviors concerning tanning
[22].

The study by Stapleton et al [24] is another example of a
dissonance-based intervention focusing on healthy body image.
As part of this intervention, a group of Facebook users was
encouraged to publish posts and share their opinions on them.
The aim of the dissonance-inducing intervention approach was
to engage participants in group discussions related to body
image [24].

The topic of skin cancer prevention and the use of tanning beds
was also addressed by Morrison et al [20]. To educate the
audience, the authors used 3 different short videos aimed at
discouraging indoor tanning. The first was a humorous video
created in collaboration with a physician, the second was a
music video with an Instagram star, and the third one was based
on facts about skin cancer. The humorous video received the
highest engagement, measured via the number of comments,
reactions, and shares, whereas the fact-based video received the
lowest engagement [20].

Moreover, in the study by Potente et al [33], an ironic music
video was also used, the aim of which was to engage young
people in skin cancer prevention. Different forms of
entertainment, education, and marketing were used on social
media to change attitudes and behaviors regarding sun protection
[33].

In contrast to the aforementioned studies, Vraga et al [25] used
a video with incorrect information about sunscreen and skin
cancer. The results indicated that the disinformation video,
compared to an educational video, increased belief in sunscreen
myths (P<.001) and decreased intent to use sunscreen (P<.01)
[25].

In the study by Myrick et al [21], an intervention focusing on
appearance and self-control–related emotions was used. The
results indicated that the intervention focused on appearance
contributed to a reduction in the time spent viewing Instagram
images of tanned women. In contrast, after the intervention
involving self-control emotions, an increase in anticipated pride
and in a positive attitude toward solar safety was observed [21].

Digital Interventions on Social Media Based on Social
Cognitive Theory, Transportation Theory, and Diffusion of
Innovations Theory

Buller et al [15-17] conducted a year-long social media health
campaign to reduce mothers’ permissiveness of indoor tanning
with their teenage daughters. Mothers became less lenient
toward indoor tanning with their teenage daughters immediately
after the campaign and 6 months after it ended [15,16].
According to the researchers, social media campaigns could
motivate mothers to communicate with their daughters and share
posts about the danger of indoor tanning [15]. In turn, Buller et
al [17] measured engagement levels by measuring reactions
(eg, sadness and number of likes) and mothers’ comments on
posts related to the campaign. They noted that users reacted
with comments to 76.4% of posts. Immediately after the
campaign ended and 32 months after, mothers who posted
reactions or comments were less liberal about indoor tanning
with their teenage daughters than mothers who did not engage
with the posts [17].
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Social Media Behavioral Interventions

In the study by Coups et al [18], a behavioral intervention was
conducted via Facebook targeting young patients with melanoma
and their families. The content of the intervention consisted of
daily posts about skin cancer risk, total cutaneous exam, skin
self-examination, and preventive measures (ie, sun protection).
Preliminary analyses by the researchers showed an increase in
intentions to use the total cutaneous exam, skin self-examination,
and sun protection. In addition, Coups et al [18] found that posts
that included personal stories, quizzes, skin care exercises, and
an opportunity to ask a question to a specialist were perceived
by survey respondents as particularly engaging.

An effective intervention was also demonstrated in the study
by Køster et al [35], who reported that, in effect, the use of
tanning beds decreased in parallel with antisun campaign
activities, with an odds ratio of 0.61 (95% CI 0.54-0.69). The
campaign was mainly conducted on social media but also in
youth magazines and on the radio. It was supplemented with a
music video available on the internet and television on skin
damage and the negative effects of using cosmetic beds. In
addition, respondents to the postcampaign survey were in favor
of legislative changes to restrict the access of children and
teenagers aged <18 years to tanning salons [35].

Result Summary
To sum up, social media is a place where observational studies
and interventional studies can be carried out. Unlike
interventional studies, observational studies do not assess cause
and effect relationships, require a large sample, and carry a high
risk of error. In both observational and interventional studies,
the most frequently discussed topics were skin exposure to and
protection against UV radiation and skin cancer. Only 13%
(3/23) of observational studies focused on acne [19,27,36]. No
skin care studies were found that met the inclusion criteria.
Observational studies conducted on social media showed that
social media is a source of information [14,23,26,27,30,36] and
a place where one can edit one’s own photos [19,31].
Observational studies on acne showed that dissatisfaction with
the appearance of the skin (presence of skin lesions) stimulates
individuals to use social media. In the case of observational
studies on exposure and protection against UV radiation, it was
shown that the use of social media increases dissatisfaction with
appearance and, consequently, increases exposure to UV
radiation.

Visualization in social media has a strong impact on users.
Showing images contributes to taking actions that are both
beneficial (in the presence of skin lesions)—seeking
dermatological care—and unfavorable (the desire to have a nice
tan)—increased exposure to UV radiation (Figure 2).

Figure 2. Summary of observational studies on social media.

The analyzed social media intervention studies mainly concerned
skin exposure to and protection against UV radiation, tanning,
skin self-examination, and skin cancer. Most studies (11/23,
48%) used educational interventions on skin cancer prevention
[15-18,20,25,28,29,33-35]. One study used an educational
intervention on social media literacy and critical content analysis
[32]. A total of 13% (3/23) of the studies examined social media
users’ involvement in generating social media content
[15-17,22,24]. These studies pointed out that social media is a
motivating factor. Motivation is the readiness to take a specific
action, triggered by a need. To take action, one needs the right
attitude and the internal conviction that the action is advisable.
The aim of educational interventions was to change attitudes
toward skin health promotion. However, interventions
encouraging participants to create content on social media were
intended to engage participants to increase the effectiveness of

the intervention and the belief in its purposefulness. A total of
9% (2/23) of the studies focused primarily on body image rather
than skin health issues [21,24]. The study by Myrick et al [21]
discussed a psychological approach to appearance and emotion
self-control (Figure 3). Both in observational and interventional
studies, attention was paid to visualization on social media
(images, photos, and videos). In addition, attention was paid to
the involvement of social media users, which was measured via
the amount of content shared, comments, likes, and photos
published. Intervention studies showed that educational
strategies based on humorous films, interesting personal stories,
and opportunities for discussion were more engaging for
participants. In observational studies, it was not possible to
measure the level of persistence in following recommendations
(eg, regular photoprotection). Interventional studies provided
this possibility, and their results can be checked after a period.
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Figure 3. Summary of interventional studies on social media.

Discussion

Principal Findings
The results of this review indicate that social media is a platform
for disseminating health messages on an ongoing basis and for
creating interventions targeted at specific groups. However,
research on social media impact on education, attitudes,
behaviors, and actions concerning skin health promotion was
inconclusive and varied. Some studies (2/23, 9%) stressed the
negative side of social media, noting that, for example, its acne
advice was inconsistent with current guidelines [27,36]. Others
(4/23, 17%) drew attention to the fact that social media can
promote risky health behaviors concerning sunbathing without
sunscreen, which may result in skin cancer [14,23,26,31]. On
the other hand, without focusing on digital interventions, some
of the studies included in this review (2/23, 9%) dealt with a
positive impact of social media on skin care, skin protection,
and skin health promotion. They noted that social media
increases users’ self-awareness and motivates them to take care
of their skin [19,30]. According to Benetoli et al [41], social
media has positively affected users’ interaction with health care
professionals. As a result, patients feel more confident and more
assertive in their decision-making [41]. Most of the studies
discussed in this review (14/23, 61%) argued that social media
interventions resulted in positive effects on preventive skin
health measures, changing users’ behaviors, actions, attitudes,
and knowledge levels [15-18,20-22,24,28,29,32-35]. Therefore,
it is reasonable to ask how to make social media interventions
effective and how to achieve a long-term change in user
behaviors.

Agha-Mir-Salim et al [28] investigated the effects of social
media digital interventions and found that Facebook was less

effective than printed materials in improving awareness of skin
cancer and the need for sun protection. However, without
information about the level of audience engagement measured
through the number of posts and reactions to them, it is difficult
to explain the reasons why flyers were more effective than
Facebook [28].

User engagement is critical to the success of social media
interventions. The assessment of user engagement with social
media interventions was presented in 35% (8/23) of the studies,
determining the reactions to posts using the number of likes,
comments under posts, and shares [17,18,20,22,24,29,32,33].
In addition, the concept of social media engagement plays a
key role in health psychology [42]. Systematic reviews
evaluating strategies that promote technology-based engagement
have shown a potential positive impact of these strategies on
health behaviors [43-47]. The success of social media
engagement is based on its effect on society. Psychological
factors and neural mechanisms are important [48]. Nahum-Shani
et al [48] explain how positive engagement develops in response
to a digital stimulus facilitating behavior change. By describing
the neural basis of decision-making (by explaining its
application to digital interventions), the researchers extend the
concepts by Samanez-Larkin and Knutson [49]
(affect-integration-motivation), creating the concepts of
affect-integration-motivation and attention-context-translation
of motivation to behavior. These additional elements can be
used for targeted engagement of social media users with digital
interventions [48].

Behavioral interventions through social media have many
advantages, such as a large audience, low costs of disseminating
information, and a possibility to create individual content and
interact with other users with similar experiences or in a similar
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situation. This allows for mutual support, the exchange of
information, and an opportunity to interact with health
professionals by consulting specialists and obtaining answers
[18].

In the observational studies on acne by Bahaj et al [36] and
Yousaf et al [27], the authors pointed out that much of the advice
available on social media is not consistent with the guidelines
of the American Academy of Dermatology. In addition, in the
observational study on skin cancer by Basch et al [14], it was
shown that people who believed that social media was an
accurate source of health information were more likely to fail
to follow proper sun protection practices. The aforementioned
study showed that social media can increase belief in health
myths. The study by Vraga et al [25] showed that videos with
erroneous information had a stronger impact on users than
educational videos. Social media actions should also be aimed
at combating misinformation. The content posted should be in
agreement with evidence-based medicine and with the guidelines
of the American Academy of Dermatology. In addition,
interventions should increase the knowledge of social media
users about the dangers of improper skin care and change their
positive attitude toward inappropriate activities such as too
much tanning. Social media interventions should also contribute
to an increase in assertiveness toward inappropriate, harmful
content, building self-esteem in users and teaching critical
analysis of the content shared. In the case of tanning,
interventions should describe alternative options, such as the
use of safe moisturizing bronzers.

It seems that effective interventions should not only aim at the
health consequences of poor skin care and poor skin protection
but also focus on monitoring skin texture. In addition, they
should make an effort to shape social norms regarding
attractiveness (ie, by questioning the ideal of tanned skin and
promoting sun protection). The use of dissonance induction
approaches in interventions also seems to be important. The
goal of those approaches is to encourage participants to persuade
others to engage in appropriate behaviors [22].

Behavioral health interventions concerning appearance and
body image often use persuasive techniques based on cognitive
dissonance theories. Those techniques encourage participants
to engage in discussions and cognitive exercises. Participants
endorse views that contradict their previous beliefs and, in the
end, accept these views as their own [24]. According to the
dissonance theory, when there is a conflict between a belief (eg,
a perfect tan is good) and behaviors (eg, persuading others that
a perfect tan must be avoided and sunscreen should be used),
psychological discomfort (cognitive dissonance) is the result,
which motivates an individual to change their original beliefs
(ie, the person is motivated to use sunscreen because tanned
skin is less important than healthy skin) [22,50]. The
effectiveness of cognitive dissonance interventions has been
confirmed in studies on eating disorders [51] and perfect tans
[52].

Pagoto et al [53] proposed a methodology for adaptation of
social media behavioral interventions. It requires that parameters
be defined to determine whether the intervention is based on
social media completely or partially. The objective of a social

network should be defined, too. First, it should be decided
whether the main objective of the intervention is to engage
users, disseminate information, or both. The type of intervention
should be related to the objective. One-way communication is
adopted mainly for public health campaigns. In 2-way
communication, the content is generated by both the intervention
moderators and the audience. Two-way communication allows
for discussions and for help with problem-solving and behavioral
advice. When designing interventions, it is important to choose
the social networking platform and the target population.
Another important element when designing an intervention is
content conversion, with short, catchy posts, videos, photos,
graphics, and links to articles. When the main focus of the
intervention is user engagement, a plan should be constructed.
It should include the size of the group, the frequency of posting,
and the number of engaged participants, and it should specify
whether the posts are automated. In the design of interventions,
it is also reasonable to create chat groups or use
microcounseling, which involves the intervention moderator
initiating the discussion. The engagement plan may also include
recruiting friends or family members for the intervention. In
addition, it is important to train users on how to clarify
expectations and encourage them to express their opinions and
publish posts [53].

Almost all the intervention studies analyzed in this review
(13/15, 87%) were conducted after Pagoto et al [53] developed
their methodology for adapting social media interventions. After
analyzing the presented interventions, it can be assumed that
the authors followed some of the advice by Pagoto et al [53]
when designing their interventions. Intervention studies that
focus on engaging participants have found greater intervention
effectiveness.

In summary, the analysis of the studies included in this review
indicates that, when designing social media interventions for
skin health, it is necessary to pretest them in a pilot project with
comparison groups, including control groups, and measure user
engagement on a regular basis. In addition, designing
interventions requires focusing on the content that is designed
to engage the audience. Absorbing content should not only be
educational but also entertaining and discourage abnormal health
behaviors. The content should be focused on the benefits
according to positive psychology (to increase its attractiveness);
it should focus on thinking about the future using goal setting
and motivation (to have nice and healthier skin). It is also
reasonable to include personal stories, exercises to engage the
audience, and various puzzles. When designing interventions,
the theories of social psychology they are based on should be
considered.

The results of this review may be useful in creating future skin
health promotion programs on social media. It is aimed at all
those who are ready to broaden their knowledge and effectively
engage in activities related to skin care and skin protection.

This study aimed to fill the research gap in assessing the
usefulness of social media for skin health promotion. Its main
assumption was that it would contribute to the discussion on
the importance of the information provided about the skin and
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its impact on changing the attitudes and behaviors of recipients
of this information.

Strengths and Limitations
As with any other study, this review had its limitations. The
first one was that only articles written in English were analyzed,
which meant that important publications written in other
languages were not included. The second limitation was the
omission of studies that were in progress (not completed). One
of them was a Facebook intervention targeted at patients with
melanoma and their families (randomized controlled trial) as
the report on its results was expected to be completed by
November 2023 [54]. Therefore, its analysis was not possible,
and this review should be updated at a later time. The third
limitation is the small number of interventional studies on acne
and a lack of research on rosacea and atopic dermatitis, common
conditions dealt with in dermatological and cosmetology clinics.
In addition, there was a lack of research on daily skin care,
education, and antiaging activities on social media. Some papers,
such as those dealing with social media posts on esthetic
medicine and more or less invasive plastic surgery, were not
included in this review. This prevented a broader analysis and
assessment of the impact of social media on users’ skin care
and health activities. The last limitation was the failure to
undertake a quantitative data analysis because of too broad a
topic, which resulted in the heterogeneity of the studies that
qualified for analysis.

Despite its limitations, this paper presents an up-to-date review
of social media impact on users’ behavior change and the
implementation of interventions mainly in the field of skin
cancer prevention. In addition, this review identifies research
gaps and topics worth focusing on and indicates what should
be improved when conducting social media research.

Conclusions and Practical Implications
Social media remote consultations and digital interventions with
the use of new technologies in education and research are a
relatively new method of skin health promotion. Despite the
limited number of studies and their heterogeneity, this review
outlined the impact of social media on user behaviors, attitudes,
and actions in terms of skin health. It provided insights into
social media importance and identified strategies for digital
interventions to promote health. In addition, this review
underlines the need to conduct research on skin health promotion
via social media and on new methods motivating users to take
an active role. There is no doubt that more high-quality studies,
consistent and with logical conclusions, on social media using
standardized interventions are needed.

The observational studies analyzed in this review (8/23, 35%)
showed that social media, according to social media users, is a
reliable place to obtain information on skin health. Moreover,
there was a noticeable tendency of social media influencing the
behavior of social media users. On the basis of unpublished
own research (by author JMB), of 150 surveyed social media
users (people aged ≤25 years), in 2021, a total of 62% (93
people) believed that information from social media regarding
skin cancer prevention, skin care and treatment of acne, and
antiaging was very important to them. For 44% of respondents

(66 people), information on social media influenced their
behavior. In a repeated study in 2023, as many as 86% of
respondents (129 people) stated that information on skin cancer
prevention, skin care and treatment of acne, and antiaging was
very important to them. However, 74% of respondents (111
people) stated that information on social media influenced their
behavior.

The studies analyzed in this review showed that more frequent
use of social media is significantly associated with more frequent
exposure to UV radiation. Social media focuses on visualization.
Photos and images are a powerful tool to influence users. In
intervention studies, there was a noticeable tendency to
encourage people to react to posts and create their own. It can
be assumed that interventions involving social media users in
generating content increase their motivation to take care of their
skin. The aim of social media interventions should be education
on promoting skin health based on visualization and motivating
social media users to take care of their skin (using
photoprotection, limiting sunbathing, using protective clothing,
conducting skin self-examinations, and having regular skin
checkups with a dermatologist).

The availability of social media worldwide provides unlimited
possibilities for transmitting and managing information.
Analyzing posts and evaluating user engagement by measuring
the number of likes, comments, and followers can be a powerful
tool for gathering knowledge and studying patients’ opinions.
After becoming familiar with the expectations of social media
users and assessing information resources and their quality and
credibility, appropriately targeted actions should be taken to
educate, encourage, and motivate users to be active in skin care
and skin health promotion in everyday life.

Social media has become a tool supporting the life and work of
society. The model of Society 1.0 was based on hunting, Society
2.0 was based on agriculture, Society 3.0 was based on industry,
and Society 4.0 is based on information. Social media
implements the assumptions of the Society 4.0 model through
information activities. The vision of Society 5.0 is a balance
between technological progress and human needs. Model 5.0
enables the collection of data (eg, on health status) from patients
on an ongoing basis. Social media can be a tool for digital
interventions and for Society 5.0 implementation. The
implementation of Digital Society 5.0 depends not only on the
cooperation between countries but also on combined efforts of
various branches of medicine, business, and science, which is
the basis for creating innovations at both the national and global
level. Innovations are not possible without cooperation; the use
of global data (big data); and the coordination of many data
systems and knowledge platforms, including social media.

Proper and specialized use of social media by dermatologists,
pharmacists, cosmetologists, and health educators can increase
awareness concerning skin condition and skin health preventive
measures. It can encourage users to conduct a skin
self-examination and visit a dermatologist. This review could
also enable dermatologists, cosmetologists, pharmacists, and
health educators to understand social media potential and its
impact on users. This review presents social media use for
intervention studies and indicates its educational and
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motivational role in actions related to skin health. In addition,
those actions have a clinical significance as social media
increases user awareness of skin health promotion. As a result,
users are not reluctant to seek medical help. Therefore, this
review could be a basis for further research on the role of social
media interventions in skin health promotion (including sun
protection; mole control; and proper skin care for various
dermatological diseases, such as acne, rosacea, or atopic
dermatitis). It seems that social media, compared to traditional
forms of mass communication, has the potential to make a
change in skin care and health behaviors and activities among
a larger population.

First, future studies should focus on effective social media
strategies to promote skin health. Second, research assessing
the effects of health and skin care recommendations would be

useful. Third, studies assessing the short-term engagement of
social media users would be of practical importance, as well as
research assessing their commitment to long-term health and
skin care habits. The results of this review, in addition to its
theoretical value, could have potential applications in online
dermatological and cosmetology consultations and in prohealth
campaigns concerning increasingly common skin diseases such
as acne and melanoma.

This research dealt with studies investigating individually
developed social media strategies. It seems that it would still
be appropriate to standardize tools assessing the quality of digital
health interventions on social media. Such standardization would
be helpful both in the design of new digital interventions and
in the evaluation of existing ones.
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Abstract

Background: Health care innovation faces significant challenges, including system inertia and diverse stakeholders, making
regulated market access pathways essential for facilitating the adoption of new technologies. The German Digital Healthcare
Act, introduced in 2019, offers a model by enabling digital health applications (DiGAs) to be reimbursed by statutory health
insurance, improving market access and patient empowerment. However, the factors influencing the success of these pathways
in driving innovation remain unclear.

Objective: This study aims to identify the key performance factors of the innovation system shaped by the patient-relevant
structural and procedural improvement (pSVV) pathway within the DiGA model. By examining how this pathway supports the
entry of innovative digital health technologies, we seek to uncover the systemic dynamics that influence its effectiveness in
fostering patient-centered digital health solutions.

Methods: This study, conducted from May 2023 to November 2024, used a mixed methods approach. A descriptive analysis
assessed how DiGA manufacturers use positive health care effects, giving a market overview of the pSVV technology. A qualitative
analysis using grounded theory and Gioia methodology provided insights into stakeholder perspectives, focusing on manufacturers
and regulatory bodies. A functional-structural analysis examined how components of the innovation system, such as actors,
institutions, interactions, and infrastructure, interact and impact the effectiveness of the pathway.

Results: The descriptive analysis showed that only 11 (20%) of the 56 DiGAs available in Germany used the pSVV pathway,
with only 1 (2%) provisionally listed DiGA using pSVV as a primary end point; 6 of 9 (67%) pSVV key areas were used. The
qualitative analysis revealed that manufacturers prioritize demonstrating medical benefits over pSVV due to evidence requirements
and uncertainties around pSVV acceptance. Operational barriers hindered the adoption of pSVV, despite a positive reception
among stakeholders. The systemic analysis identified key issues, including a lack of entrepreneurial focus on pSVV, limited
regulatory experience, inadequate measurement methods, and entrenched practices prioritizing medical benefits, that hinder
market formation and legitimacy.

Conclusions: This study identifies key factors for effectively implementing innovation systems through regulated market access
pathways, including content and format security, clearer framework specification, active innovation process management, and
market formation stimulation. Addressing these factors can reduce uncertainties and promote wider adoption of digital health
technologies. The findings highlight the need for future research on patient empowerment and the development of methodologies
beyond traditional therapeutic outcomes.

(J Med Internet Res 2025;27:e66356)   doi:10.2196/66356
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Introduction

Background
Innovation in health care is well known for being challenging.
The complexity is driven by factors such as the involvement of
diverse stakeholders in highly regulated markets [1,2], the need
to address “wicked problems,” complex issues without
straightforward solutions [3], and substantial “system inertia,”
meaning resistance to change, which is especially pronounced
in health care systems [4]. Policy approaches have been shown
to act as inertial forces that can significantly shape the
development of innovative technologies in health care [5],
particularly digital health technologies, where patient access is
greatly limited without broad and scalable market access
pathways [6]. Mobile health apps are becoming increasingly
available to consumers worldwide [7-9]; however, significant
barriers, including regulatory complexity, insufficient evidence
of clinical benefit, and data privacy concerns, still prevent their
full integration into health care systems, leaving them underused
in clinical practice [10-14].

To address these challenges, health policy approaches are being
adopted globally to standardize regulatory processes and speed
up market access, particularly in the rapidly evolving field of
digital health [15-18]. Notable examples of health policy
approaches include regulated market access pathways, such as
the fast-track process for digital health applications pathway
in Germany [19] and the Prise en Charge Anticipée Numérique
(PECAN) pathway in France [20], which aim to facilitate the
entry of digital health applications (DiGAs; German: Digitale
Gesundheitsanwendung) into their respective markets. These
new approaches are gaining significant international attention
as pioneering models in the field [6,21].

To illustrate, the German Digital Healthcare Act (DVG),
introduced in 2019, established the DiGA pathway to foster the
integration of so-called DiGAs into the health care system. This
pathway allows DiGAs to be reimbursed by statutory health
insurance when prescribed by health care professionals or
provided by health insurers. With approximately 90% of the
German population covered by statutory health insurance [22],
these “apps on prescription” are widely accessible at no cost to
patients. Eligible DiGAs are included in the national DiGA
Directory [23], which is managed by the Federal Institute for
Drugs and Medical Devices (BfArM; German: Bundesinstitut
für Arzneimittel und Medizinprodukte) to ensure transparency
and oversee the approval process [24,25]. To qualify, a DiGA
must be Conformité Européenne (CE)–marked (classes I and
IIa or IIb), be based primarily on digital technology intended
for direct patient use, and support the detection, monitoring,
treatment, or alleviation of diseases, injuries, or disabilities [26].
Following a recent regulatory update in April 2024, digital
medical devices classified as class IIb have been added to be
eligible for recognition as a DiGA. However, this inclusion
comes with specific stipulations; these devices are required to

demonstrate medical benefit only, and they are eligible solely
for permanent listing, excluding the option for preliminary
listing. In addition, a DiGA must meet stringent requirements
for safety, quality, functionality, privacy, and data security as
defined in the respective DiGA ordinance (DiGAV; German:
Digitiale Gesundheitsanwendungen-Verordnung) [24]. To
enhance transparency around the assessment criteria and specific
requirements established by BfArM, a DiGA guide [27] for
manufacturers, service providers, and users was published. This
guide provides a concise overview of the applicable ordinances
and regulations, detailing how BfArM interprets the normative
requirements set forth in the DVG and DiGAV.

Despite some emerging research examining the market dynamics
following the implementation of regulated market access
pathways, such as the number of products entering the market,
time to market, pricing, and study designs used to demonstrate
efficacy [28,29], as well as factors contributing to the success
of specific DiGA products [30], broader factors influencing
successful technology integration remain underexplored. This
study addresses these gaps to better inform future policy and
innovation strategies. To identify potential success factors, it is
crucial to consider not only the regulated market access pathway
itself but also the surrounding elements that influence its
effectiveness. The broader network of actors, institutions, and
resources involved in the creation, diffusion, and use of new
technologies is defined as the technology innovation system
[31]. A health policy approach, such as the creation of a
regulated market access pathway that “brings about processes
of change and stimulates technological innovation,” can be
characterized as a systemic instrument [32]. Systemic
instruments are mechanisms designed to shape the conditions
under which technological innovation systems operate.
Understanding the dynamics that a systemic instrument brings
to a technological innovation system requires the consideration
of various functional and structural components, all of which
must be in place to effectively implement the targeted
technological innovation [33]. These components, as outlined
by Wieczorek and Hekkert [34], include the structural
components, such as actors, institutions, interactions, and
infrastructure, as well as the functional components, such as
entrepreneurial activities (F1), knowledge development (F2),
knowledge diffusion (F3), guidance of the search (F4), market
formation (F5), mobilization of resources (F6), and creation of
legitimacy (F7) [35].

This exploratory study aimed to identify factors contributing to
the success of an innovation system shaped by a regulated
market access pathway in the digital health sector. Through an
exemplary case study, we sought insights to support ongoing
improvements in digital health policy, focusing on optimizing
market access pathways for digital health technologies. The
central research question is as follows: What are the performance
factors of an innovation system created by a regulated market
access pathway that supports the market entry of innovative
digital health technologies?
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To address this question, we selected a specific case from the
2019 German policy innovation DVG, particularly the
“patient-relevant structural and procedural improvements”
(pSVV; German: Patientenrelevante Struktur- und
Verfahrensverbesserung) pathway. The pSVV pathway is a
targeted segment within the DiGA pathway, specifically
modifying the element of product value assessment, 1 of the 4
“full-stack” elements (regulatory authorization, product value
assessment, pricing and reimbursement, and patient access) that
define a comprehensive market access pathway [6], promoting
innovations aimed to specifically elevate DiGAs that enhance
patient–health care provider interactions and support patient
health behaviors.

Unlike traditional pharmaceuticals, which require evidence of
“therapeutic efficacy” through clinical studies for coverage
eligibility [36], DiGAs are allowed to demonstrate their
effectiveness through “positive health care effects” defined as
either “medical benefit” or pSVV. While the medical benefit
criterion focuses on outcomes, such as improved health status,
reduced disease duration, prolonged survival, or improved
quality of life, the pSVV criterion introduces 9 additional areas
to demonstrate the value that is equally eligible as defined in
the DiGA guide. These areas include improving care
coordination, adherence to guidelines and standards, enhancing
patient adherence, facilitating access to care, increasing patient
safety, and promoting health literacy and autonomy. This
expansion of the traditional product value assessment beyond
the traditional therapeutic benefits is further complemented in
the DiGA guide by explicitly broadening the acceptable methods
of evidence beyond the traditional randomized controlled trials.
We selected this case due to the maturity of the evolving DiGA
ecosystem [28] in Germany, which offers greater transparency
and availability of data on use and uptake compared to other
countries. Within this context, the pSVV pathway was chosen
as a focal point because it represents a well-defined component
within the DiGA pathway, involving a manageable number of
stakeholders while offering sufficient accumulated experience
to provide valuable insights into the factors influencing digital
health innovation.

In addition, the introduction of the pSVV pathway is
groundbreaking as it extends beyond traditional treatment
parameters, embracing a holistic approach to health care that
prioritizes patient empowerment and streamlined care processes
[19,37,38]. This aligns with the global trend toward patient
empowerment, emphasizing the importance of patient agency
and involvement in health care processes [16,39,40].

Our research used a mixed methods approach to provide a
comprehensive exploration of the factors at play. We began
with a descriptive analysis of the innovation success of the
targeted pSVV technology, which helps contextualize the case
and assess the effectiveness of the policy intervention [41].
Following this, a qualitative analysis of the perception and use
of the market access pathway was conducted to develop
theoretical insights into the factors that influence the adoption
of specific innovation pathways [42,43]. In addition, a
functional-structural analysis of the technological innovation
system was performed to uncover broader factors beyond the

pathway itself that are essential for successful technological
innovation [34].

Contribution
This study contributes to the field by providing a comprehensive
analysis of factors that support the successful integration of
digital health innovations. Our findings will provide policy
makers and stakeholders worldwide with practical insights to
improve regulated market access pathways and drive innovation
strategies that better meet the needs of health care systems and
patient empowerment.

Methods

Setting and Study Design
This exploratory study used a mixed methods approach to
investigate factors influencing the success of a regulated market
access pathway for digital health technologies. We conducted
a descriptive analysis to assess the adoption of pSVV
technology, followed by a qualitative analysis to explore
stakeholder perspectives on the pSVV pathway, using grounded
theory and Gioia methodology to ensure neutrality and
objectivity. Finally, we performed a functional-structural
analysis to identify additional success factors within the broader
technology innovation system. Each method is described in
detail subsequently.

This study was carried out between May 2023 and November
2024 with interviews being conducted between May 2023 and
November 2023.

First, a descriptive analysis of the use of positive health care
effects by DiGA manufacturers was conducted to establish an
understanding of the current developmental status of the pSVV
technology in the market.

Second, a qualitative analysis was performed to explore the
success factors of a regulated market access pathway by
subsequently analyzing the perception and use of the pSVV
pathway of key stakeholders. Since the pSVV pathway was
only introduced in 2019 and has not been studied yet, a
qualitative research approach was adopted. This approach allows
for deep exploration of complex and less understood topics [44].
Unlike quantitative methods, which rely on larger sample sizes
and predefined variables, qualitative methods provide flexibility
for exploring nuanced, context-specific insights, particularly
valuable given the relatively small number of relevant
stakeholders (35 DiGA manufacturers as of early 2023). By
using the inductive grounded theory method [45] alongside the
Gioia methodology [42,43], we objectively analyzed the views
of market participants on the pSVV pathway, avoiding any
imposition of preconceived theories and ensuring neutrality in
the analysis. For the qualitative analysis, we followed the
Consolidated Criteria for Reporting Qualitative Research-32
(COREQ-32) checklist [46].

Building on the dataset from the qualitative analysis, we
conducted a functional-structural analysis of the technology
innovation system established by the pSVV pathway to identify
additional success factors related to regulated market access
pathways. This analysis followed the systemic policy framework
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established by Wieczorek and Hekkert [34], enabling a
comprehensive examination of the innovation system’s
functional dynamics and structural components within the
current policy context.

While this study provided valuable insights into potential
strategies to improve the pSVV pathway in particular, the
international focus of this study precluded detailed insights into
Germany-specific factors. To address this, we conducted a
subsequent analysis focusing specifically on the question, “What
factors facilitate or hinder the implementation of pSVV within
the approval process for DiGA?” and “What specific
requirements and expectations of relevant stakeholders must be
addressed to establish the concept of pSVV in the market?” The
results of this specific analysis were published in a
German-language journal to inform stakeholders in this context
[47].

Sampling and Data Collection
For the execution of our descriptive analysis regarding the state
of adoption of pSVV, we evaluated publicly available data on
the positive health care effects of DiGA from the DiGA
directory [23]. The data were retrieved via an application
programming interface provided by BfArM for scientific use.

In our qualitative study, we used a hybrid approach of criterion
sampling and snowball sampling for participant recruitment.
We aimed to engage with stakeholders who have a direct

influence on which digital health products enter the market and,
if entry occurs through the DiGA pathway, determine the
associated positive health care effects. The inclusion criteria
are defined subsequently.

The first inclusion criterion was organizations that are directly
involved with the DiGA ordinances and regulations, whether
developing it, ensuring or supporting its implementation, or
actively using it.

The second criterion was individuals, within these organizations,
whose professional roles directly involve the development,
implementation, or use of the DiGAVs and regulations.

The third inclusion criterion was additionally individuals who
have actively decided against using the DiGA pathway, provided
they have extensively engaged with the ordinances and
regulations and are potentially qualified to use it (eg,
manufacturers of DiGAs not listed as DiGA).

Individuals without direct and active influence over the selection
of products entering the DiGA market or the choice of the
positive health care effect were excluded.

Consequently, the exclusion criteria led to the exclusion of
stakeholder groups in the DiGA market, such as DiGA users,
prescribers, and researchers in the field, while the inclusion
criteria led to the identification of the stakeholder groups
presented in Textbox 1.

Textbox 1. Stakeholder groups included in qualitative analysis.

• Digital health application (DiGA) manufacturers with patient-relevant structural and procedural improvement (pSVV; DiGA with pSVV): This
category includes decision makers from manufacturers of DiGAs that are listed in the DiGA directory and have implemented pSVV as a positive
health care effect.

• DiGA manufacturers without pSVV (DiGA without pSVV): This category comprises manufacturers who are listed in the DiGA directory but
have not used pSVV as a positive health care effect.

• Manufacturers of mobile health applications not listed in the DiGA directory (non-DiGA): This group consists of manufacturers whose CE–certified
mobile health apps are not, or are not yet, listed in the DiGA directory.

• Consultants: This group refers to professionals from advisory firms who specialize in assisting manufacturers in the process of getting listed in
the DiGA directory.

• Regulatory bodies: This group encompasses public institutions that are deeply involved in the development and management of the DiGA pathway
and the evolution of the guiding ordinances and regulations (Digital Healthcare Act [DVG], DiGA ordinance [DiGAV], and DiGA guide).

Due to the very small size of stakeholder groups 1 and 5, yet
their significant relevance to our research questions, we
contacted all organizations in these groups in accordance with
our inclusion criteria. For groups 2 to 4, given the novelty and
niche nature of the topic, we opted for snowball sampling [48]
to achieve the highest possible participation rate. Individuals
were excluded if someone from the same organization had
already participated in the study, to avoid multiple responses
from the same context. This combined approach resulted in a
66% positive response rate to our participation invitations.
Participant recruitment began with initial email contacts,
followed by referrals from existing participants in line with
snowball sampling. Efforts were focused on ensuring a diverse
representation of the identified stakeholder groups.

Our outreach targeted 29 individuals, with 19 (66%) agreeing
to participate. Reasons for nonparticipation included lack of
response (n=9, 31%) and time constraints (n=1, 4%). The

distribution of speakers across groups and their organizational
roles are detailed in Table S1 in Multimedia Appendix 1.

For the interviews, a semistructured approach was used with
decision makers who had consented to participate and endorsed
a data protection declaration. Efforts were made to ensure
neutrality, with no prior relationships between interviewers and
participants. An interview guide with 7 open-ended questions
was prepared to facilitate conversation while ensuring neutrality
and objectivity in the analysis. The themes of the questions were
developed after preliminary data gathering, which included
limited literature research and initial conversations with 2
experts in the field (a managing director from a manufacturer’s
association and a member of an organization that has 1 DiGA
listed in the DiGA directory), adhering to the standards of the
Gioia methodology [42]. These experts were not part of the
subsequent interviews, ensuring that the development of the
interview guide was informed yet independent of the interview
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process itself (Multimedia Appendix 1). In total, 2 central
themes emerged from this process: the general approval process
for DiGA and the specifics of the pSVV pathway. For each of
these themes, we formulated specific questions, which were
refined during the initial interviews to ensure clarity and
neutrality. Interviews were scheduled at the convenience of the
participants and conducted via Zoom (Zoom Video
Communications, Inc), with only the participant and the primary
interviewer (SG) present, though 3 selected interviews had a
second researcher (MG) present for quality assurance. No
interviews were repeated.

Conducted in German, interviews lasted 25 to 35 minutes, audio
tracks were recorded, transcribed using the software Whisper
Transcription (Good Snooze), and anonymized. Data saturation
was reached when no new first-order concepts or second-order
themes emerged during analysis, as reflected in field notes and
initial coding. This indicated that the data structure, developed
through the Gioia methodology, was comprehensive, and
additional data collection would not yield further insights.
Following the analysis, data triangulation was enhanced through
additional discussions with 4 experts from regulatory and digital
health sectors to refine the results. This included a conversation
with leading representatives from BfArM, which, due to
confidentiality agreements, cannot be directly cited in this study.
Insights from these discussions were used to cross-verify
emerging themes and validate our interpretations, ensuring
robustness in our conclusions.

Ethical Considerations
Informed consent was obtained from all participants who were
interviewed strictly as representatives of their respective
employers. Participants were selected based solely on their
relevance to the research question and their experience in the
field, with no consideration of personal or socially sensitive
attributes. No personal data or socially relevant information
were collected, and all data were fully anonymized to ensure
privacy and confidentiality. No compensation was provided for
participation in the study.

Furthermore, the study did not involve vulnerable populations,
health care professionals, medical procedures, health-related
data, or any form of deception, manipulation, or intervention
that could impact participants’ well-being. In addition, there
was no risk of physical, psychological, social, or economic harm
to participants. Following consultation with the head of the
Institute for Ethics in Technology at Hamburg University of
Technology and a review by the German Association for
Experimental Economic Research eV (certificate number
kNjYR7Ag), it was confirmed that specific ethics approval was
not required. This approach fully aligns with best practices for
ensuring ethical compliance in socioeconomic research.

Descriptive Analysis
For this analysis, we included all DiGA listed in the DiGA
directory at BfArM as of November 8, 2024. This study
specifically aimed to compare how often medical benefits are
used versus pSVV, as published in the DiGA directory [23]. To
further refine our understanding of the adoption levels of pSVV,

we also examined the use rates across the 9 key areas of pSVV
detailed in the DiGA guide [27].

Qualitative Analysis
Transcripts were methodically analyzed in a 3-step procedure
using the grounded theory and the well-established Gioia
methodology [42,49] to ensure qualitative rigor in inductive
research. After familiarization with the primary data, a codebook
was developed by generating codes in an iterative process using
the software MaxQDA (VERBI Software). SG coded all (19/19,
100%) interviews, and 2 (11%) randomly selected interviews
were cocoded by MG. In addition, SG and MG regularly
discussed and reflected on the data collection process and
preliminary findings throughout all phases of the research. A
consensus on all codes was eventually reached by the research
team.

After agreeing on a coding scheme that best captured the
diversity of the material, the transcripts and codes were analyzed
again to identify second-order categories. First-order concepts
included concepts, such as “lack of methods is the biggest hurdle
for proof of pSVV” or “pSVV good ideas but difficult to
operationalize.” First-order concepts were combined into
second-order themes, such as “study design for pSVV difficult
due to lack of measurement instruments.” Ultimately,
second-order themes were merged hierarchically into five
aggregate dimensions that best summarize the theoretical
contribution in the data: (1) “key aspects for manufacturers
within the regulated market access pathway,” (2) “key aspects
for study design,” (3) “reasons for considering possibilities
within new pathway,” (4) “hurdles for considering possibilities
within new pathway,” and (5) “targeted innovative technology
important for the health care system” (refer to Figure S1 and
Table S3 in Multimedia Appendix 1).

Following the analysis, a triangulation of the results was
conducted with 4 individuals from institutions involved in the
process: 1 interview participant and 3 additional experts with
extensive subject matter expertise, who had not participated in
the initial interview study. All 4 experts were selected from the
regulatory field, as many of the derived implications pertained
to regulatory issues.

Functional-Structural Analysis
The first-order concepts, originally derived from the previous
qualitative analysis as elucidated earlier, were subject to an
additional analysis using the functional-structural systemic
problem analyses framework [34], a methodology specifically
tailored for the exploration of technology innovation systems
[50,51]. Our analytical focus centered on the innovative pSVV
technology, concentrating on the first-order concepts that laid
the foundation for dimensions 2 to 5. Notably, the first
dimension, “Key aspects for manufacturers within the regulated
market access pathway,” was excluded from this analysis, as it
did not provide insights specific to the pSVV aspects of the
DiGA pathway, but rather addressed the pathway in general.

In step 1, to facilitate a comprehensive analysis, all first-order
concepts corresponding to dimensions 2 to 5 were systematically
organized into a 4×7 matrix. This matrix integrates the 4
structural elements and 7 functional dimensions of an innovation
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system [34,50,52]. Following the analysis framework, the
objective was to elucidate overarching “systemic problems”
hindering the intended innovation within the innovation system
for pSVV. Refer to Table S4 in Multimedia Appendix 1 for the
comprehensive assignment of concepts to the functional and
structural dimensions of the innovation system and the
derivation of “systemic problems.” The sorting of concepts,
derivation of instruments, and clustering into strategic factors
were conducted by SG and subsequently agreed upon by the
research team.

In step 2, to address the identified “systemic problems,” we first
identified “systemic instruments” within the functional-structural
framework of Wieczorek and Hekkert [34], tailored to specific
systemic issues.

In step 3, we organized the “systemic instruments” identified
in step 2 into 3 strategic factors to form actionable clusters. A
detailed overview of the derivation process is available in Table
S5 in Multimedia Appendix 1.

Results

Current State of pSVV Adoption in the DiGA Market:
Descriptive Analysis
As of November 8, 2024, out of the 56 DiGAs available in
Germany, only 1 (2%) provisionally listed DiGA uses pSVV

as its primary end point, with none in the permanently listed
category. While 10 (19%) DiGAs incorporate pSVV as a
secondary end point, the predominant focus remains on
traditional medical benefits. The adoption of pSVV in
comparison to medical benefits stands at 11 versus 45, meaning
only 20% (11/56) of all currently listed DiGAs use pSVV.
Moreover, only 1 (2%) of 56 DiGA exclusively focuses on
pSVV as a primary end point [23].

The 11 (20%) of the 56 DiGA currently listed that use pSVV
as a primary or secondary end point have collectively used 12
pSVV end points (Figure 1). Among these, 6 (67%) of the 9
possible key areas outlined in the DiGA guide have been used.
In total, 4 (44%) of these areas have been used more than once,
namely “patient autonomy,” “health literacy,” “coping with
disease-related difficulties in everyday life,” and “alignment of
treatment with guidelines and recognized standards.”

The 11 (20%) of the 56 DiGA currently listed that use pSVV
are owned by 10 organizations, with 1 organization using pSVV
end points in clinical trials to prove the positive care effect for
2 of their DiGA products. We estimated the timing of the
adoption of the pSVV pathway by examining the time frame
of clinical studies and found that 2 DiGA demonstrating a pSVV
had already been conducting their clinical studies before the
pathway was introduced in 2019 (velibra and vorvida, both
developed by GAIA AG).

Figure 1. The number of digital health applications (DiGAs) listed in the DiGA directory in Germany based on positive health care effects and status
of listing (as of November 8, 2024), including the breakdown of specific key areas used within patient-relevant structural and procedural improvements
(pSVV). *Eleven DiGAs using pSVV use 12 pSVV end points with 1 DiGA using 2 pSVV key areas.

Analyzing Perception and Use of the pSVV Pathway
by Key Stakeholders: Qualitative Analysis

Overview
The results are presented based on the data structure developed
through the Gioia methodology (Figure S1 in Multimedia
Appendix 1), which organizes findings into first-order concepts,
second-order themes, and overarching dimensions. In the

subsequent sections, findings are systematically presented
separating the data structure into 3 segments of aggregated
dimensions and further detailed by their corresponding
second-order themes. To illustrate our approach, Figures 2-4
provide a visual representation of the respective parts of the
data structure. In addition, Table S3 in Multimedia Appendix
1 includes selected codes that were instrumental in forming the
data structure.
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Figure 2. Graphical illustration of selected parts of the data structure derived from Gioia methodology illustrating key aspects for manufacturers within
the regulated market access pathway as well as the key aspects of choosing the health care effect. BfArM: Federal Institute for Drugs and Medical
Devices; pVE: positive health care effects.

Key Considerations in the Approval Process for DiGAs:
Evidence as the Key Aspect
Being asked about the key considerations a DiGA manufacturer
needs to face during the approval process, most (14/16, 88%)
of the surveyed manufacturers and consultants concurred on a
central theme—evidence takes the forefront, serving as the
primary concern for manufacturers as “...(evidence) is the crucial
point, which often determines the inclusion or non-inclusion
(in the DiGA Directory)” (Consultant_5). In conjunction with
this, the DiGA study design for evidence generation is deemed
critical. The execution of the study is recognized as one of the
primary cost drivers for manufacturers and the approving
authority (BfArM) has a strong influence on the final design,
as described by a participant, “And one can clearly see that an
evidence level is crystallizing, which, within the framework
that is possible, is already on the strictest side” (DiGA without
pSVV_4).

While technical requirements, such as data privacy,
interoperability, and accessibility were also mentioned,
discussions in these domains with the BfArM were described
as negligible due to the “clear and transparent” (Consultant_2)
nature of the requirements. One respondent encapsulated this
sentiment by stating the following:

The key issue is undoubtedly the matter of evidence.
Less so is data privacy and security, as these are
issues that can be adequately addressed. [DiGA
without pSVV_3]

Nevertheless, a certain level of planning uncertainty was
identified in the process, stemming from updates to the DiGA
guide or alterations in statements during consultations with the
BfArM, as articulated by a manufacturer:

One of the most challenging aspects is the disparity
between what is theoretically granted regarding
research design and the actual decision practices of
the BfArM. [DiGA without pSVV_2]

In addition, insights into the procedural aspects revealed that
both recruitment and observation periods are critically
constrained.

Key Aspects of Study Design: Strong Tendency Toward
Traditional End Points
Regarding the decision on which positive health care effect a
future DiGA will be evaluated for and therefore which end point
is used in the study design, significant timing variations are
observed. DiGA manufacturers, especially those who began
developing their product after the DVG was introduced in 2019,
typically determine the positive health care effect early in the
development phase, often before initiating the coding process:

Ideally, I make the decision before the development
begins, as the entire development process needs to
be built around this choice. [DiGA with pSVV_1]

In contrast, manufacturers with established products leveraging
the new DiGA approval pathway as a market entry point did
not have this advantage.

In the selection of the clinical end point, manufacturers strongly
lean toward medical benefits:

The medical aspects always take precedence. [DiGA
with pSVV_2]

Demonstrating a positive health care effect without proof of
medical benefit is perceived as challenging in 2 ways. One way
is to find the appropriate instrument for evidence generation for
proving pSVV, “If I look at the list of pSVV, then I wonder for
80% of the things, how am I supposed to prove that?” (DiGA
without pSVV_1), while the other lies in finding an agreement
with the BfArM on a study design aiming to prove pSVV, “We
have to advise relying on the medical benefit...it is not
fundamentally that they (BfArM) reject it (pSVV), but we also
experience that they...are not so certain about it” (Consultant_5).
In addition, it is perceived that other stakeholders in the system
are better equipped to evaluate medical benefits compared to
pSVV, which could be relevant for price negotiations:
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If you believe you can demonstrate medical benefits,
that is probably the better path towards price
negotiations because it’s something the system
understands and can perhaps evaluate better.
[Consultant_6]

The perceived challenges conclude in a perception of a stronger
acceptance of evidence that substantiates a medical benefit,
highlighting a potential current bias toward well-known,
medically oriented outcomes.

Manufacturers and consultants choose the end points, if possible,
based on the example of other DiGA that are already listed and
where validated measurement instruments are available:

[The selection criteria are] essentially hard facts in
the sense that it has worked before, and there are
validated measurement instruments. [Consultant_3]

In addition, both listed DiGA and unlisted health applications
prioritize economic considerations:

Ultimately, we paid attention to...economic aspects,
like the speed at which the study is conducted. [DiGA
without pSVV_2]

At present, pivotal guidance in the process emanates from
consultations with the BfArM. The influence of the
conversations is underscored by the following statement:

So as a manufacturer, you would never do anything
where the BfArM advice said otherwise. [DiGA
without pSVV_5]

Reasons for Considering a New Pathway: Additional
Evidence
Both, consultants and DiGA manufacturers, currently view the
use of pSVV primarily as an opportunity for generating
additional evidence alongside medical benefits. This perspective
was succinctly expressed by one participant, who mentioned
the following:

pSVV is included as a secondary endpoint in such a
study. If possible, you confirm it, but you would
always prefer to demonstrate medical benefits.
[Consultant_3]

DiGA manufacturers and consultants have pinpointed 3
substantial benefits associated with the implementation of the
possibilities given within the new pSVV pathway. Potential
differentiation from providers of similar DiGA was mentioned:

But in the case of [indication X], it could well be that
with our DiGA, other DiGA are also approved or
provisionally approved. In such instances, I could
envision that a pSVV might serve as a consideration
for or against a DiGA. [DiGA without pSVV_4]

Overall positive impacts on sales were also mentioned:

Distribution is also a crucial task we undertake when
engaging with physicians, ensuring a clear
delineation of what is effective beyond standard
practices. Particularly with DiGA, the argument
hinges on the fact that the pSVV dimension precisely
provides the benefit. [DiGA without pSVV_3]

Moreover, there is an expectation of a positive impact on the
official price negotiations occurring later in the process between
manufacturers and payers. It is highlighted that “The more
evidence you have, the greater the likelihood of maintaining
certain price points” (DiGA with pSVV_1) and “Possibly, pSVV
can indeed be an enhancing criterion (during the price
negotiation process) for the respective product” (Regulatory
body_2).

Hurdles for Considering a New Pathway: Operational
Insecurities
When asked about the reasons why manufacturers tend to not
use the new possibilities within the pSVV pathway, many (5/7,
71%) manufacturers and consultants referred to a lack of clarity
on operationalizing pSVV as outlined in the DiGA guide,
particularly concerning the methods applicable for assessing
the impact:

But when I look at them [the pSVV key areas], I
wonder with about 80% of them, how am I supposed
to prove that? And yes, how do I actually incorporate
that into studies? [DiGA without pSVV_1]

In addition, there is skepticism among DiGA manufacturers
and consultants regarding the economic impact of demonstrating
pSVV. One participant succinctly expressed this viewpoint by
stating the following:

Purely from the procedural and financial
perspective—if you were to ask our boss, who is
responsible for finances—there is a clear answer:
this is an absolute disaster. [DiGA with pSVV_1]

At the same time, introducing and establishing new measurement
tools like the use of real-world data is deemed too expensive
and risky for DiGA manufacturers:

If you had to essentially innovate methods and also
deal with the uncertainty...in the worst-case scenario,
you would end up with three studies.... That alone
costs you a million, just for these studies. No one is
willing to foot that bill. And then, if it goes wrong...
[Consultant_3]

In addition, manufacturers and consultants observed a general
uncertainty within the system regarding the concept of pSVV:

Not that they (BfArM) fundamentally reject it, but we
experience that they, how should I say, are not so
certain about it. [Consultant_5]

Moreover, they observed a general lack of knowledge about
pSVV that leads to the need for explanation:

There is a significant need for explanation, actually,
among the different stakeholders. Both with patients
and with doctors. What is it exactly? Why is it good?
What is in it for me? [DiGA with pSVV_1]

Consultancies sometimes actively discourage the choice of
pSVV in the clinical trial:

If you believe you can demonstrate medical benefits,
that is probably the better path towards price
negotiations because it’s something the system
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understands and can perhaps evaluate better.
[Consultant_6]

Relevance Perception: Targeted Innovative Technology
Is Important for the Health Care System
Looking at the general perception of pSVV as a concept,
stakeholders highlighted the systemic benefits, emphasizing the
impact on the overall health care system efficiency and supply
effects:

It...makes sense from the overall health care system
perspective. [Non-DiGA_2]

Patient-centric advantages emerged, revealing the influence of
DiGA beyond conventional medical outcomes. A consultant
illustrated this by pointing out the positive impact of patient
empowerment on intervention success:

Individuals with higher health literacy typically
respond more effectively to interventions, as they have
a better understanding and feel a greater sense of
control. [Consultant_1]

DiGA might also address practical challenges like long waiting
times, presenting substantial value beyond traditional medical
considerations:

But if we now say we would compare ourselves to a
traditional intervention...then the pSVV...plays an
even greater role. Because when I say, I have
something here with a positive effect, and it is more
accessible than the therapy, that is already a value
where I say, it makes a difference. [DiGA with
pSVV_2]

However, the unique benefits of DiGA, such as the improvement
of patient adherence and reduction of therapy-related efforts,
often eluded recognition in conventional benefit assessments:

pSVV is crucial for the system, but the evidence must
focus on it. Thus, the usability of the product must be
ensured and tailored to that. The evidence must reflect
the particular added value of these applications.
[DiGA without pSVV_5]

Regulatory bodies acknowledged this oversight, emphasizing
the need to broaden evaluation criteria to encompass these
critical aspects:

DiGA can have medical benefits, but they are not
solely limited to medical utility.... And these are points
that get lost in traditional benefit assessments.
[Regulatory body_1]

In addition, the political and collaborative nature of the
development process that led to the pSVV concept was
highlighted: “We had many stakeholders involved there. On
the one hand, we had colleagues from self-administration, but
we also had the manufacturers [stretching the collective effort]
in understanding potential, addressing challenges, and bridging
the gap between traditional assessment methods and innovative
logics” (Regulatory body_1).

Analyzing the pSVV Technology Innovation System:
5 Systemic Problems Identified

Actors’Presence Problem in “Entrepreneurial Activities”
and “Market Formation”
Examining the participants presently engaged in the pSVV
innovation system reveals a discernible pattern. Only one of the
DiGA entrepreneurs within this emergent system has developed
a product with a primary emphasis on pSVV. Notably, some
manufacturers have established market longevity before the
introduction of the DVG and thus pSVV; therefore, orienting
their product toward medical benefits. Moreover, some actors
are concurrently navigating evidence-generation endeavors
while exploring alternative pathways for market access in
Germany, such as individual “selective contracts” with statutory
health insurance under §140a SGB V (Sozialgesetzbuch 5; a
German law that covers all regulation concerning statutory
health insurance and therefore also covers DiGA and selective
contracts), which lacks the concept of pSVV. The absence of
entrepreneurial activities singularly centered on pSVV emerges
as a contributory factor hindering the formation of a distinct
market for dedicated pSVV-related regulated digital medical
devices.

Actors’ Capability Problem in “Knowledge
Dissemination”
The supervising governmental institution, in its role as advisor
for manufacturers before and during the admission process, has
limited experience with pSVV but rather a strong focus on
medical benefits. This emphasis can be attributed to its dual
role, as the BfArM in Germany oversees admissions not only
for DiGAs but also for traditional pharmaceuticals. The lack of
experience with pSVV in this key role as a knowledge
multiplicator and also in this specific innovation system hampers
knowledge dissemination. In addition, practitioners prescribing
DiGA as well as end users of the products have limited
experience with products focusing on pSVV, which leads to a
need for significant efforts to explain the concept while the
demand from potential users is unclear.

Infrastructure Presence Problem in “Knowledge
Development” and “Guidance of Search”
The suitability of existing measurement methods designed for
therapeutic effects in assessing pSVV is often limited,
contributing to its restricted adoption. Simultaneously, the lack
of positive examples for products in the pSVV category hampers
knowledge development. In addition, the absence of positive
price examples not only further constrains manufacturers’
support for pSVV but also contradicts the guidance of search.

Institution Intensity Problem in “Knowledge
Development” and “Resources Mobilization”
In the institutional dimension, it was noted in particular that the
existing instructions (DiGA guide) pose challenges to the
operationalization of pSVV. The established practices and
formed expectations regarding pSVV are perceived as
counterproductive, particularly for cost-sensitive manufacturers
who cannot afford to allocate their limited resources toward
pSVV despite existing barriers. The limitations of the DiGA
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guide concerning pSVV, namely lack of examples or standards
and possible end points for evidence demonstration, are
identified as a challenge in knowledge development, while the
established practices, inclined toward medical benefits, hinder
resource allocation for the advancement of pSVV.

Institution Intensity and Interaction Intensity Problem
in “Guidance of the Search,” “Market Formation,” and
“Creation of Legitimacy”
Established practices in the approval process that make it
difficult to enter the market without proven medical benefits
diverge from the introduced laws and regulations, creating a
misalignment. Interactions within the approval process,
especially with the official advisory body, tend to emphasize
medical benefits. Notably, consultancies actively guide
manufacturers toward prioritizing medical benefits over pSVV,
thus steering the guidance of the search away from pSVV and
hindering market formation.

Positive expectations on the value of using pSVV that would
support the creation of legitimacy remain mainly hypothetical.
The economic effect, specifically, was formulated in the
subjunctive by interviewees. Coupled with the pervasive
established practices, this poses a significant obstacle to creating
legitimacy for pSVV.

Discussion

Principal Findings
Our research explored the factors that need to be considered
when bringing a specific digital health technology innovation
to market through the implementation of a regulated market
access pathway as a health policy approach.

For this example case study, the pSVV pathway, the descriptive
analysis revealed that only a few DiGAs currently in the market
have demonstrated a pSVV. Of the 11 currently listed DiGAs
that have entered the market with a pSVV as one element of a
positive health care effect since the introduction of the pathway
in 2019, only 1 DiGA has a primary focus on pSVV (ie, pSVV
as the primary end point of the positive health care effect).
Notably, 2 of the products (developed by the same DiGA
manufacturer) that demonstrate pSVV as a secondary end point
conducted their clinical studies before 2019. This indicates that
few manufacturers have taken the initiative to develop a product
with a special focus on improving structures and procedures for
patients, even though the introduction of the pSVV pathway
was intended to encourage this. To date, pSVV is mostly used
as an additional end point to medical benefits. To provide a
basis for interpreting the results in further analyses on the
performance factors of innovation systems shaped by regulated
market access pathways, our initial conclusion is that the
innovation in DiGAs targeting pSVV, which the pSVV pathway

was designed to foster, has not yet been fully realized within
the system. This is particularly daunting, as previous studies
emphasize the need to focus more on products that address
structural and procedural improvements for patients [53-55]
and consider the concept of pSVV to be a “fundamental
mechanism of action for DiGAs” [56].

Our qualitative analysis of stakeholders’ perspectives during
market access reveals that evidence generation is the most
critical component of the DiGA approval process. While
multiple factors are considered in determining a positive health
care effect, our findings suggest that, at the operational level,
manufacturers of DiGAs primarily focus on demonstrating
medical benefits as evidence for positive health care outcomes
(Figure 2). Economic considerations, in light of the lack of
established methodologies for measuring the defined key areas
and uncertainty about the acceptability of the proposed study
design, including pSVV, lead to more cautious use. Bearing the
cost for methodological innovation is not considered attractive
among manufacturers, particularly as DiGAs with pSVV so far
do not negotiate substantially higher prices than DiGAs without
pSVV [28]. Consistent with the findings of the descriptive
analysis, the use of pSVV is often considered “incidentally” as
an addition to medical benefit, only when a methodology for
demonstrating one of the pSVV key areas exists for a specific
product (Figure 3). It can be concluded that the specific
challenges associated with proving the efficacy of pSVV,
particularly the lack of established methodologies, currently
outweigh its potential benefits. Previous studies have highlighted
content and format security [57] as a critical factor, particularly
for pioneers in medical technology, which also appears to hold
true for the market entry of innovative products in DiGAs. The
fact that only one company has attempted to pioneer a product
specifically targeting benefits under pSVV may be attributed
to the innovators’ need for content and format security, in this
case specifically the lack of standards to generate evidence for
the targeted technology innovation. Without such security, the
costs for pioneers become prohibitively high.

However, the implementation of the pSVV concept is recognized
as vital for the health care system’s evolution itself (Figure 4).

Our qualitative analysis highlights a common gap in health care
innovation between the perceived importance of new
technologies and their actual implementation. This gap is often
influenced by systemic factors, such as regulatory conditions
and inherent system inertia, alongside a general openness to
innovation among stakeholders [58]. For the pSVV pathway,
while there is strong stakeholder support for introducing
products that demonstrate pSVV, significant operational hurdles,
particularly concerning content and format security, have
delayed its adoption. These barriers suggest that, despite a
willingness to embrace this innovation, the pathway’s practical
challenges currently limit its broader impact (Figure 5).
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Figure 3. Graphical illustration of selected parts of the data structure derived from Gioia methodology illustrating hurdles of DiGA manufacturers for
considering possibilities within the new pathway as well as reasons for doing so. DiGA: digital health application; pSVV: patient-relevant structural
and procedural improvement.

Figure 4. Graphical illustration of a selected part of the data structure derived from Gioia methodology illustrating the perception of the importance
of patient-relevant structural and procedural improvements (pSVVs) in the health care system. DiGA: digital health application.

To further explore performance factors in the innovation system
shaped by the pSVV pathway, we conducted an analysis of the
innovation system’s maturity level in relation to pSVV. Our
findings indicate 3 central strategic factors of an innovation
system in which we can expedite the adoption of innovative
technology: framework specification, active innovation
processmanagement, and market formation stimulation

While previous work has highlighted the general need for
frameworks [16,59], our emphasis is on the degree of specificity
required for the successful implementation of a market access
pathway for DiGAs. In our example, the specification of the
pSVV pathway, defined in the DiGA guide, requires 2D

adjustments. First, the creation of a knowledge infrastructure
would enable entrepreneurs to navigate the DiGA market,
including pSVV, better if the development of exemplary models
for pSVV products and especially congruent methodologies for
demonstrating the evidence base of pSVV would exist. In
addition, a multitude of studies highlight the ongoing challenges
associated with identifying appropriate study designs that are
capable of measuring effects solely attributable to the use of
digital products [60-62]. We conclude that the presence of a
specific level of knowledge infrastructure, which underpins the
innovation driven by the introduction of a regulated market
access pathway, can affect how widely it is adopted [6,63].
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Figure 5. Underlying conflict leading to the underuse of patient-relevant structural and procedural improvements (pSVVs).

Second, studies in the field of regulated medical products have
indicated that the uncertainty about the accepted content and
format during the approval of new products can make the
pathway into the market unattractive for first movers [57]. Our
analysis has shown that the DiGA guide, which serves as the
most relevant instruction at the operational level in this system,
requires timely updates to keep pace with advancing knowledge
development and ensuring up-to-date format and content
security. Simultaneously, for the successful implementation of
a pathway, active innovation process management is crucial.
Providing training to key actors in the defined process, such as
the BfArM or consultants, has been shown to be essential for
empowering stakeholders to support and advance pSVV as an
innovation. In addition, as previous work has highlighted the
importance of education and awareness as well as patient and
health care provider support while training for physicians on
digital health solutions is limited [25,64], the inclusion of user
groups and prescribing physicians can be focused to sharpen
the objectives of pSVV. Conversely, it is crucial to ensure that
involved actors are not overly familiar with traditional processes,
as this can lead to inflexible adherence to these methods. The
involvement of key actors with an excess of experience in
medical benefits (ie, experienced regulatory assessor previously
involved in assessing pharmaceutics) could potentially impede
innovation speed if their participation is overly predominant.

Furthermore, targeted market formation stimulation can aim to
introduce manufacturers into the DiGA market, focusing
primarily on addressing pSVV key areas [65]. Creating positive
examples can accelerate innovation at multiple levels. In
addition, stimulating constructive exchange regarding the pSVV
concept can expedite knowledge generation and distribution,
contributing to faster market formation.

In summary, our study revealed that the lack of established
methodologies for proving pSVV has led to significant
uncertainty for manufacturers regarding the acceptable formats
and evidence required, contributing to slower adoption. To
complement these findings on the specific pathway level, the
functional-structural analysis identified 3 key factors critical to
enhancing the total innovation system: clearer framework

specification to provide precise guidelines, active innovation
process management to support stakeholders in navigating the
regulatory process, and market formation stimulation to foster
positive examples and increase engagement with the pSVV
pathway. These factors are essential for overcoming both the
operational and systemic barriers to successfully introducing
innovative digital health technologies into a market.

As initiators of the systemic innovation of pSVV, the regulatory
body can implement additional measures to promote its further
establishment. This includes stimulating the development of a
knowledge infrastructure by involving all stakeholders in the
innovation system. Academia can actively contribute to
advancing the definition of the pSVV and particularly
developing suitable methodologies for evidence generation
[66-68]. Existing mechanisms to promote scientific progress,
such as dedicated research funds (eg, in Germany by the Federal
Ministry of Education and Research or the Innovation Fund of
the Federal Joint Committee), could be set up for this objective
[69].

Initiating a public debate on pSVV can engage relevant
stakeholders, such as professional societies and associations in
a discourse to further develop the pSVV framework [13,66].
Economic measures, such as granting financial support for
conducting clinical trials assessing pSVV or even tax incentives
for implementation, can provide additional incentives for
manufacturers driving innovation and initiating the pSVV
market until these products are established in the standard of
care. Furthermore, spaces can be created for key stakeholders
in the system to educate themselves about pSVV. This could
include offering policy laboratories or training programs for
knowledge multipliers.

Consultancies and the BfArM, as influential players in the
system, can provide room for their employees to further educate
themselves about the possibilities of pSVV, to prevent
disproportionately biased inclinations toward medical benefits.
Ensuring a balanced wealth of experience regarding the use of
medical benefits within the workforce can promote openness
to innovative processes. It is critical to ensure that the experience
of the staff responsible for evaluating the proof of benefit of
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DiGAs is balanced in assessing medical quality [70]. Previous
work has shown that the Food and Drug Administration might
actively aid in similar innovation processes [71]. This assistance
is rendered through the administration’s in-depth knowledge to
improve study designs and by championing innovative methods.
Although the breadth of authority and scope of the regulated
processes vary, BfArM or other regulatory agencies involved
in the approval process and specifically in evaluating coverage
eligibility can also contribute their expertise. For manufacturers
seeking to use the potential of pSVV in their DiGAs, it is
important to prioritize evidence of positive health care effects
early in the development process. Identifying the “active

ingredient” and its mechanism is crucial for crafting studies
effectively assessing DiGA [60].

Besides proposing solutions for individual stakeholder groups
within the health care system (Figure 6), the collaboration and
coordination among all involved parties should be underscored
as crucial for success. As highlighted on an international scale,
effective collaboration between regulatory agencies, academia,
app developers, payers, and health care providers is essential
to truly leverage advances in science and technology and to
translate the vision into reality, guided by the right incentives
and guidelines [69,71,72].

Figure 6. Central strategic factors for progress exploration in the innovation system derived from an exemplary analysis of the patient-relevant structural
and procedural improvement pathway.

Our analysis suggests that the strategic factors identified are
valuable considerations for the establishment of a regulatory
market access pathway, to ensure its widespread and successful
adoption. Drawing on previous research, the strategic factor of
content and format security [57] is highlighted, alongside the
adoption of recognized and accepted methods for measuring
proposed parameters [59,61,68,73-76]. This is particularly
relevant in digital health technology aimed at patient
empowerment, where significant progress is still needed [68,74].
Furthermore, it is advantageous to strike an optimal balance
between leveraging established processes and frameworks
allowing room for innovation [77]. As indicated by the strategic
factor of innovation process management, it is crucial to
carefully select and train key players and individuals in pivotal
roles, equipping them with the specific skills and mindset needed
to drive innovation. Finally, the strategic factor of market
formation stimulation points to the critical need to consider the
practicality of a framework in enabling a viable business model,
particularly within the context of systemic innovation [21,60,78].

Limitations
Acknowledging the limitations of this study, a conclusive
assessment of the economic value of pSVV is precluded, as no
product with pSVV as a primary end point has undergone final
price negotiation yet (Table S2 in Multimedia Appendix 1). In
addition, it could be questioned whether pSVV can ever be the
primary end point of a DiGA, as all DiGAs must also be
CE–certified medical devices with the corresponding intended
purpose. We have not explored this discussion in detail, as it
can certainly be conducted more effectively with selected

examples of products focusing on pSVV, once these are
available in the market. Furthermore, our qualitative analysis,
conducted through semistructured interviews, did not encompass
all functional-structural dimensions of innovation systems.
Entities, such as academia or associations were not mentioned
by any interviewees and were thus not part of the evaluation.
In addition, our sampling strategy did not include patients or
physicians, as the study concentrated on identifying reasons for
the scarce number of products targeting the pSVV key focus
areas. This decision acknowledges the limited familiarity of
end users and prescribers with the pSVV concept at this point
and their marginal impact on market entry decisions shortly
after the introduction of a new framework designed to facilitate
market access.

Conclusions
This exploratory study examined critical factors for bringing
digital health technology innovation to market through a
regulated market access pathway, with a focus on the pSVV
pathway as an example case. Key success factors identified
included content and format security, the need for precise
framework specification, active innovation process management,
and market formation stimulation. These elements collectively
help reduce uncertainties for manufacturers and promote broader
adoption of digital health innovations. Our findings revealed
that although the pSVV pathway was intended to encourage a
focus on pSVVs, the current use remains limited, with most
manufacturers prioritizing medical benefits as evidence of
positive health care outcomes.
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The mixed methods approach enriched the analysis by allowing
a deep exploration of stakeholder perspectives through
qualitative analysis, complemented by the functional-structural
analysis of the technology innovation system. The combination
of grounded theory and Gioia methodology enabled an objective
and detailed examination of how market participants view and
use the pSVV pathway, while the systemic analysis highlighted
additional success factors in the broader innovation system
context.

Our findings contribute valuable insights for stakeholders in
the digital health sector, providing recommendations for policy
adjustments that can strengthen innovation pathways. With this
work, we contribute by identifying critical areas for
improvement, including the need for clearer guidelines, the
development of a knowledge infrastructure, and enhanced
training for stakeholders to help overcome operational barriers.
In addition, fostering public discourse on pSVV and introducing
economic incentives, such as financial support for clinical trials,
may further drive innovation. These recommendations are
valuable for health care systems and regulatory bodies seeking
to support similar pathways and advance patient-centered digital
health solutions.

Furthermore, the impartial perspectives gathered from
stakeholders, combined with a holistic analysis of the innovation
system, contribute to identifying clear fields for action and
proposing solutions relevant beyond this specific case. Our
findings provide transferable insights for health care systems
embarking on similar systemic innovations, as seen in countries
like France, Belgium, and Austria, where comparable concepts
to pSVV are being introduced. The implications of our research
extend to other systemic innovation initiatives in health care
systems facing significant adoption challenges that could
otherwise lead to initiative failure. Ongoing efforts from national
and international scholars are critical in supporting the success
of these initiatives. In Germany, for example, a reimbursement
pathway for digital nursing care applications (DiPA), a
“regulatory sibling” to DiGA, has been established. While
speculative, similar challenges may emerge for DiPA
manufacturers, particularly concerning the nursing benefit that
aligns with both medical benefit and pSVV, possibly
contributing to the current absence of DiPA in the marketplace
and highlighting gaps in this systemic innovation approach.

 

Acknowledgments
The authors are grateful to the 2 anonymous reviewers whose insightful comments and suggestions contributed substantially to
the quality of this manuscript. Furthermore, the authors extend their heartfelt thanks to all the participants of this study, whose
time, effort, and invaluable contributions made this research possible.

The study was part of a doctorate program at our university. Publishing fees were supported by the Funding Programme Open
Access Publishing of the Hamburg University of Technology.

The authors used generative artificial intelligence (ChatGPT, version 4o; OpenAI) to incorporate minor improvements in sentence
structure and wording throughout the publication; the contents and conclusions have purely been developed by the authors [79].

Data Availability
The datasets generated and analyzed during this study are not publicly available due to data protection reasons but are available
from the corresponding author on reasonable request.

Authors' Contributions
SG conceived and designed the study, interviewed the participants coded the interviews, analyzed the data, and drafted the
manuscript. MG transcribed the interviews using Whisper Transcription (Good Snooze). MG cocoded on randomly selected
interviews and took part in reflexive discussion and consensus building together with SG. MG supervised the project. SG and
MG interpreted the results and finalized the manuscript. All authors approved the final manuscript.

Conflicts of Interest
SG is employed at a statutory health insurance company in Germany. She declares that her work at the statutory health insurance
is unrelated to this topic. MG has previously worked as a consultant for digital health application (DiGA) manufacturers. He
declares that his previous work is unrelated to the results of the conducted work.

Multimedia Appendix 1
Semistructured interview questionnaires, overview of interview participants, full data structure based on Gioia methodology,
negotiated digital health application prices and health care effects, selected interview codes generated using grounded theory,
functional-structural analysis of patient-relevant structural and procedural improvement as a systemic innovation, and derivation
of strategic fields using the functional-structural framework by Wieczorek and Hekkert [34].
[DOCX File , 651 KB - jmir_v27i1e66356_app1.docx ]

J Med Internet Res 2025 | vol. 27 | e66356 | p.69https://www.jmir.org/2025/1/e66356
(page number not for citation purposes)

Gehder & GoeldnerJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v27i1e66356_app1.docx&filename=e6ba8cbcdf72fbc584e8405137eeccd8.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e66356_app1.docx&filename=e6ba8cbcdf72fbc584e8405137eeccd8.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


References
1. Haring M, Freigang F, Amelung V, Gersch M. What can healthcare systems learn from looking at tensions in innovation

processes? A systematic literature review. BMC Health Serv Res 2022 Oct 28;22(1):1299 [FREE Full text] [doi:
10.1186/s12913-022-08626-7] [Medline: 36307839]

2. Siopis G, Moschonis G, Eweka E, Jung J, Kwasnicka D, Asare BY, et al. Effectiveness, reach, uptake, and feasibility of
digital health interventions for adults with hypertension: a systematic review and meta-analysis of randomised controlled
trials. Lancet Digit Health 2023;5(3):e144-e159 [FREE Full text] [doi: 10.1016/S2589-7500(23)00002-X] [Medline:
36828607]

3. Hunter DJ, Bengoa R. Meeting the challenge of health system transformation in European countries. Policy Soc 2023
Mar;42(1):14-27 [FREE Full text] [doi: 10.1093/polsoc/puac022]

4. Coiera E. Why system inertia makes health reform so difficult. BMJ 2011 Jun 23;342:d3693. [doi: 10.1136/bmj.d3693]
[Medline: 21700652]

5. Gilbert S, Anderson S, Daumer M, Li P, Melvin T, Williams R. Learning from experience and finding the right balance in
the governance of artificial intelligence and digital health technologies. J Med Internet Res 2023 Apr 14;25:e43682 [FREE
Full text] [doi: 10.2196/43682] [Medline: 37058329]

6. Coder M, McBride L, McClenahan S. Core elements of national policy for digital health technology evidence and access.
NPJ Digit Med 2024 Aug 13;7(1):212 [FREE Full text] [doi: 10.1038/s41746-024-01209-2] [Medline: 39138261]

7. Jake-Schoffman DE, Silfee VJ, Waring ME, Boudreaux ED, Sadasivam RS, Mullen SP, et al. Methods for evaluating the
content, usability, and efficacy of commercial mobile health apps. JMIR Mhealth Uhealth 2017 Dec 18;5(12):e190 [FREE
Full text] [doi: 10.2196/mhealth.8758] [Medline: 29254914]

8. Kotecha D, Chua WW, Fabritz L, Hendriks J, Casadei B, Schotten U, et al. European Society of Cardiology smartphone
and tablet applications for patients with atrial fibrillation and their health care providers. Europace 2018 Feb 01;20(2):225-233
[FREE Full text] [doi: 10.1093/europace/eux299] [Medline: 29040548]

9. Wang C, Lee C, Shin H. Digital therapeutics from bench to bedside. NPJ Digit Med 2023 Mar 10;6(1):38 [FREE Full text]
[doi: 10.1038/s41746-023-00777-z] [Medline: 36899073]

10. Weik L, Fehring L, Mortsiefer A, Meister S. Understanding inherent influencing factors to digital health adoption in general
practices through a mixed-methods analysis. NPJ Digit Med 2024 Feb 27;7(1):47 [FREE Full text] [doi:
10.1038/s41746-024-01049-0] [Medline: 38413767]

11. Greenhalgh T, Wherton J, Papoutsi C, Lynch J, Hughes G, A'Court C, et al. Beyond adoption: a new framework for theorizing
and evaluating nonadoption, abandonment, and challenges to the scale-up, spread, and sustainability of health and care
technologies. J Med Internet Res 2017 Nov 01;19(11):e367 [FREE Full text] [doi: 10.2196/jmir.8775] [Medline: 29092808]

12. Larson RS. A path to better-quality mHealth apps. JMIR Mhealth Uhealth 2018 Jul 30;6(7):e10414 [FREE Full text] [doi:
10.2196/10414] [Medline: 30061091]

13. Mathews SC, McShea MJ, Hanley CL, Ravitz A, Labrique AB, Cohen AB. Digital health: a path to validation. NPJ Digit
Med 2019;2:38 [FREE Full text] [doi: 10.1038/s41746-019-0111-3] [Medline: 31304384]

14. Sedhom R, McShea MJ, Cohen AB, Webster JA, Mathews SC. Mobile app validation: a digital health scorecard approach.
NPJ Digit Med 2021 Jul 15;4(1):111 [FREE Full text] [doi: 10.1038/s41746-021-00476-7] [Medline: 34267296]

15. Enforcement policy for digital health devices for treating psychiatric disorders during the coronavirus disease 2019
(COVID-19) public health emergency. U.S. Department of Health and Human Services, Food and Drug Administration,
Center for Devices and Radiological Health, Office of Product Evaluation and Quality. 2020 Apr. URL: https://downloads.
regulations.gov/FDA-2020-D-1138-0068/attachment_1.pdf [accessed 2024-12-18]

16. Essén A, Stern AD, Haase CB, Car J, Greaves F, Paparova D, et al. Health app policy: international comparison of nine
countries' approaches. NPJ Digit Med 2022 Mar 18;5(1):31 [FREE Full text] [doi: 10.1038/s41746-022-00573-1] [Medline:
35304561]

17. Ju JH, Sim B, Lee J, Lee JY. Reimbursement of digital therapeutics: future perspectives in Korea. Korean Circ J 2022
Apr;52(4):265-279 [FREE Full text] [doi: 10.4070/kcj.2022.0014] [Medline: 35388995]

18. Nomura A. Digital health, digital medicine, and digital therapeutics in cardiology: current evidence and future perspective
in Japan. Hypertens Res 2023 Sep;46(9):2126-2134 [FREE Full text] [doi: 10.1038/s41440-023-01317-8] [Medline:
37258624]

19. Ludewig G, Klose C, Hunze L, Matenaar S. Digital health applications: statutory introduction of patient-centred digital
innovations into healthcare. Bundesgesundheitsblatt Gesundheitsforschung Gesundheitsschutz 2021;64(10):1198-1206
[FREE Full text] [doi: 10.1007/s00103-021-03407-9] [Medline: 34529096]

20. Martin T, Hervias A, Armoiry X, Martelli N. Early access programs for medical devices in France: Overview of recent
reforms and outcomes (2015-2022). Health Policy 2024 Oct;148:105146 [FREE Full text] [doi:
10.1016/j.healthpol.2024.105146] [Medline: 39154454]

21. Stern AD, Matthies H, Hagen J, Brönnecke JB, Debatin JF. Want to see the future of digital health tools? Look to Germany.
Harvard Business Review. 2020 Dec 2. URL: https://hbr.org/2020/12/
want-to-see-the-future-of-digital-health-tools-look-to-germany [accessed 2024-12-18]

J Med Internet Res 2025 | vol. 27 | e66356 | p.70https://www.jmir.org/2025/1/e66356
(page number not for citation purposes)

Gehder & GoeldnerJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-022-08626-7
http://dx.doi.org/10.1186/s12913-022-08626-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36307839&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(23)00002-X
http://dx.doi.org/10.1016/S2589-7500(23)00002-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36828607&dopt=Abstract
https://academic.oup.com/policyandsociety/article/42/1/14/6594422
http://dx.doi.org/10.1093/polsoc/puac022
http://dx.doi.org/10.1136/bmj.d3693
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21700652&dopt=Abstract
https://www.jmir.org/2023//e43682/
https://www.jmir.org/2023//e43682/
http://dx.doi.org/10.2196/43682
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37058329&dopt=Abstract
https://doi.org/10.1038/s41746-024-01209-2
http://dx.doi.org/10.1038/s41746-024-01209-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39138261&dopt=Abstract
https://mhealth.jmir.org/2017/12/e190/
https://mhealth.jmir.org/2017/12/e190/
http://dx.doi.org/10.2196/mhealth.8758
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29254914&dopt=Abstract
https://europepmc.org/abstract/MED/29040548
http://dx.doi.org/10.1093/europace/eux299
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29040548&dopt=Abstract
https://doi.org/10.1038/s41746-023-00777-z
http://dx.doi.org/10.1038/s41746-023-00777-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36899073&dopt=Abstract
https://doi.org/10.1038/s41746-024-01049-0
http://dx.doi.org/10.1038/s41746-024-01049-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38413767&dopt=Abstract
https://www.jmir.org/2017/11/e367/
http://dx.doi.org/10.2196/jmir.8775
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29092808&dopt=Abstract
https://mhealth.jmir.org/2018/7/e10414/
http://dx.doi.org/10.2196/10414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30061091&dopt=Abstract
https://doi.org/10.1038/s41746-019-0111-3
http://dx.doi.org/10.1038/s41746-019-0111-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304384&dopt=Abstract
https://doi.org/10.1038/s41746-021-00476-7
http://dx.doi.org/10.1038/s41746-021-00476-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34267296&dopt=Abstract
https://downloads.regulations.gov/FDA-2020-D-1138-0068/attachment_1.pdf
https://downloads.regulations.gov/FDA-2020-D-1138-0068/attachment_1.pdf
https://doi.org/10.1038/s41746-022-00573-1
http://dx.doi.org/10.1038/s41746-022-00573-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35304561&dopt=Abstract
https://europepmc.org/abstract/MED/35388995
http://dx.doi.org/10.4070/kcj.2022.0014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35388995&dopt=Abstract
https://europepmc.org/abstract/MED/37258624
http://dx.doi.org/10.1038/s41440-023-01317-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37258624&dopt=Abstract
https://europepmc.org/abstract/MED/34529096
http://dx.doi.org/10.1007/s00103-021-03407-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34529096&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0168-8510(24)00156-8
http://dx.doi.org/10.1016/j.healthpol.2024.105146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39154454&dopt=Abstract
https://hbr.org/2020/12/want-to-see-the-future-of-digital-health-tools-look-to-germany
https://hbr.org/2020/12/want-to-see-the-future-of-digital-health-tools-look-to-germany
http://www.w3.org/Style/XSL
http://www.renderx.com/


22. Hullegie P, Klein TJ. The effect of private health insurance on medical care utilization and self-assessed health in Germany.
Health Econ 2010 Sep;19(9):1048-1062. [doi: 10.1002/hec.1642] [Medline: 20665706]

23. DiGA-Verzeichnis. Bundesinstitut für Arzneimittel und Medizinprodukte. URL: https://diga.bfarm.de/de/verzeichnis
[accessed 2024-11-08]

24. Gerke S, Stern AD, Minssen T. Germany's digital health reforms in the COVID-19 era: lessons and opportunities for other
countries. NPJ Digit Med 2020 Jul 10;3(1):94 [FREE Full text] [doi: 10.1038/s41746-020-0306-7] [Medline: 32685700]

25. Gordon WJ, Landman A, Zhang H, Bates DW. Beyond validation: getting health apps into clinical practice. NPJ Digit Med
2020;3:14 [FREE Full text] [doi: 10.1038/s41746-019-0212-z] [Medline: 32047860]

26. Lauer W, Löbker W, Höfgen B. Digital health applications (DiGA): assessment of reimbursability by means of the "DiGA
Fast Track" procedure at the Federal Institute for Drugs and Medical Devices (BfArM). Bundesgesundheitsblatt
Gesundheitsforschung Gesundheitsschutz 2021 Oct;64(10):1232-1240 [FREE Full text] [doi: 10.1007/s00103-021-03409-7]
[Medline: 34529095]

27. The fast-track process for digital health applications (DiGA) according to section 139e SGB V. A guide for manufacturers,
service providers and users. Bundesinstitut für Arzneimittel und Medizinprodukte. URL: https://www.bfarm.de/SharedDocs/
Downloads/EN/MedicalDevices/DiGA_Guide.html [accessed 2024-12-18]

28. Goeldner M, Gehder S. Digital health applications (DiGAs) on a fast track: insights from a data-driven analysis of prescribable
digital therapeutics in Germany from 2020 to mid-2024. J Med Internet Res 2024 Aug 29;26:e59013. [doi: 10.2196/59013]
[Medline: 39208415]

29. Schmidt L, Pawlitzki M, Renard BY, Meuth SG, Masanneck L. The three-year evolution of Germany's Digital Therapeutics
reimbursement program and its path forward. NPJ Digit Med 2024 May 24;7(1):139 [FREE Full text] [doi:
10.1038/s41746-024-01137-1] [Medline: 38789620]

30. Schramm L, Carbon CC. Critical success factors for creating sustainable digital health applications: a systematic review
of the German case. Digital Health 2024;10:20552076241249604 [FREE Full text] [doi: 10.1177/20552076241249604]
[Medline: 38665883]

31. Woiceshyn J, Eriksson P. How innovation systems in Finland and Alberta work: lessons for policy and practice. Innovation
2014;16(1):19-31. [doi: 10.5172/impp.2014.16.1.19]

32. Smits R, Kuhlmann S. The rise of systemic instruments in innovation policy. Int J Foresight Innov Policy 2004;1(1/2):4.
[doi: 10.1504/ijfip.2004.004621]

33. van Mierlo B, Leeuwis C, Smits R, Woolthuis RK. Learning towards system innovation: evaluating a systemic instrument.
Technol Forecast Soc Change 2010 Feb;77(2):318-334. [doi: 10.1016/j.techfore.2009.08.004]

34. Wieczorek AJ, Hekkert MP. Systemic instruments for systemic innovation problems: a framework for policy makers and
innovation scholars. Sci Public Policy 2012 Feb 06;39(1):74-87. [doi: 10.1093/scipol/scr008]

35. Hekkert MP, Suurs RA, Negro SO, Kuhlmann S, Smits RE. Functions of innovation systems: a new approach for analysing
technological change. Technol Forecast Soc Change 2007 May;74(4):413-432. [doi: 10.1016/j.techfore.2006.03.002]

36. General methods: version 6.1 of 24 January 2022. Institut für Qualität und Wirtschaftlichkeit im Gesundheitswesen. 2022.
URL: https://www.iqwig.de/methoden/general-methods_version-6-1.pdf [accessed 2024-12-18]

37. Dadgar M, Joshi KD. The role of information and communication technology in self-management of chronic diseases: an
empirical investigation through value sensitive design. J Assoc Inf Syst 2018 Feb;19(2). [doi: 10.17705/jais1.00485]

38. Fürstenau D, Gersch M, Schreiter S. Digital therapeutics (DTx). Bus Inf Syst Eng 2023 Apr 06;65:349-360. [doi:
10.1007/s12599-023-00804-z]

39. Goodday SM, Geddes JR, Friend SH. Disrupting the power balance between doctors and patients in the digital era. Lancet
Digit Health 2021 Mar;3(3):e142-e143 [FREE Full text] [doi: 10.1016/S2589-7500(21)00004-2] [Medline: 33516653]

40. Ryll B. Digital health applications-patient-centric care with disruptive potential. Bundesgesundheitsblatt Gesundheitsforschung
Gesundheitsschutz 2021 Oct;64(10):1207-1212 [FREE Full text] [doi: 10.1007/s00103-021-03421-x] [Medline: 34477883]

41. Loeb S, Dynarski S, McFarland D, Morris P, Reardon S, Reber S. Descriptive analysis in education: a guide for researchers.
U.S. Department of Education, Institute of Education Sciences, National Center for Education Evaluation and Regional
Assistance. 2017. URL: https://files.eric.ed.gov/fulltext/ED573325.pdf [accessed 2024-12-18]

42. Gioia DA, Corley KG, Hamilton AL. Seeking qualitative rigor in inductive research: notes on the Gioia Methodology. Org
Res Methods 2012 Jul 24;16(1):15-31. [doi: 10.1177/1094428112452151]

43. Magnani G, Gioia D. Using the Gioia Methodology in international business and entrepreneurship research. Int Bus Rev
2023 Apr;32(2):102097. [doi: 10.1016/j.ibusrev.2022.102097]

44. Tracy SJ. Qualitative Research Methods: Collecting Evidence, Crafting Analysis, Communicating Impact. Hoboken, NJ:
John Wiley & Sons; 2019.

45. Strauss A, Corbin J. Basics of Qualitative Research: Techniques and Procedures for Developing Grounded Theory. Thousand
Oaks, CA: SAGE Publications; 1990.

46. Tong A, Sainsbury P, Craig J. Consolidated criteria for reporting qualitative research (COREQ): a 32-item checklist for
interviews and focus groups. Int J Quality Health Care 2007 Dec;19(6):349-357. [doi: 10.1093/intqhc/mzm042] [Medline:
17872937]

J Med Internet Res 2025 | vol. 27 | e66356 | p.71https://www.jmir.org/2025/1/e66356
(page number not for citation purposes)

Gehder & GoeldnerJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1002/hec.1642
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20665706&dopt=Abstract
https://diga.bfarm.de/de/verzeichnis
https://doi.org/10.1038/s41746-020-0306-7
http://dx.doi.org/10.1038/s41746-020-0306-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32685700&dopt=Abstract
https://doi.org/10.1038/s41746-019-0212-z
http://dx.doi.org/10.1038/s41746-019-0212-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32047860&dopt=Abstract
https://europepmc.org/abstract/MED/34529095
http://dx.doi.org/10.1007/s00103-021-03409-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34529095&dopt=Abstract
https://www.bfarm.de/SharedDocs/Downloads/EN/MedicalDevices/DiGA_Guide.html
https://www.bfarm.de/SharedDocs/Downloads/EN/MedicalDevices/DiGA_Guide.html
http://dx.doi.org/10.2196/59013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39208415&dopt=Abstract
https://doi.org/10.1038/s41746-024-01137-1
http://dx.doi.org/10.1038/s41746-024-01137-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38789620&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/20552076241249604?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076241249604
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38665883&dopt=Abstract
http://dx.doi.org/10.5172/impp.2014.16.1.19
http://dx.doi.org/10.1504/ijfip.2004.004621
http://dx.doi.org/10.1016/j.techfore.2009.08.004
http://dx.doi.org/10.1093/scipol/scr008
http://dx.doi.org/10.1016/j.techfore.2006.03.002
https://www.iqwig.de/methoden/general-methods_version-6-1.pdf
http://dx.doi.org/10.17705/jais1.00485
http://dx.doi.org/10.1007/s12599-023-00804-z
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(21)00004-2
http://dx.doi.org/10.1016/S2589-7500(21)00004-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33516653&dopt=Abstract
https://europepmc.org/abstract/MED/34477883
http://dx.doi.org/10.1007/s00103-021-03421-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34477883&dopt=Abstract
https://files.eric.ed.gov/fulltext/ED573325.pdf
http://dx.doi.org/10.1177/1094428112452151
http://dx.doi.org/10.1016/j.ibusrev.2022.102097
http://dx.doi.org/10.1093/intqhc/mzm042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17872937&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


47. Gehder S, Goeldner M. Structural benefits on prescription? Exploring potentials and challenges of the pSVV concept in
the approval process of digital health applications in Germany. Z Evid Fortbild Qual Gesundhwes 2024 Dec 16 (forthcoming)
[FREE Full text] [doi: 10.1016/j.zefq.2024.11.003] [Medline: 39690098]

48. Gabler S. Schneeballverfahren und verwandte Stichprobendesigns. ZUMA Nachrichten 1992;16(31):47-69. [doi:
10.1007/978-3-322-89527-1_4]

49. Qureshi HA, Ünlü Z. Beyond the paradigm conflicts: a four-step coding instrument for grounded theory. Int J Qual Methods
2020 Jun 02;19. [doi: 10.1177/1609406920928188]

50. Hekkert M, Suurs R, Negro S, Kuhlmann S, Smits R. Functions of innovation systems: a new approach for analysing
technological change. In: Foxon T, Köhler J, Oughton C, editors. Technological Forecasting and Social Change. Cheltenham,
UK: Edward Elgar Publishing; May 2007:413-432.

51. Bergek A, Jacobsson S, Carlsson B, Lindmark S, Rickne A. Analyzing the functional dynamics of technological innovation
systems: a scheme of analysis. Res Policy 2008 Apr;37(3):407-429. [doi: 10.1016/j.respol.2007.12.003]

52. Hekkert MP, Janssen MJ, Wesseling JH, Negro SO. Mission-oriented innovation systems. Environ Innov Soc Transitions
2020 Mar;34:76-79. [doi: 10.1016/j.eist.2019.11.011]

53. Wangler J, Jansky M. What potential and added value do DiGA offer for primary care?-Results of a survey of general
practitioners in Germany. Bundesgesundheitsblatt Gesundheitsforschung Gesundheitsschutz 2022 Dec;65(12):1334-1343
[FREE Full text] [doi: 10.1007/s00103-022-03608-w] [Medline: 36269336]

54. Mäder M, Timpel P, Schönfelder T, Militzer-Horstmann C, Scheibe S, Heinrich R, et al. Evidence requirements of
permanently listed digital health applications (DiGA) and their implementation in the German DiGA directory: an analysis.
BMC Health Serv Res 2023 Apr 17;23(1):369 [FREE Full text] [doi: 10.1186/s12913-023-09287-w] [Medline: 37069592]

55. Lantzsch H, Eckhardt H, Campione A, Busse R, Henschke C. Digital health applications and the fast-track pathway to
public health coverage in Germany: challenges and opportunities based on first results. BMC Health Serv Res 2022 Sep
21;22(1):1182 [FREE Full text] [doi: 10.1186/s12913-022-08500-6] [Medline: 36131288]

56. Schlieter H, Kählig M, Hickmann E, Fürstenau D, Sunyaev A, Richter P, et al. Digital health applications (DiGA) in the
area of tension between progress and criticism : discussion paper from the "digital health" specialist group of the German
Informatics Society. Bundesgesundheitsblatt Gesundheitsforschung Gesundheitsschutz 2024 Jan;67(1):107-114 [FREE
Full text] [doi: 10.1007/s00103-023-03804-2] [Medline: 38086924]

57. Stern AD. Innovation under regulatory uncertainty: evidence from medical technology. J Public Econ 2017 Jan;145:181-200
[FREE Full text] [doi: 10.1016/j.jpubeco.2016.11.010] [Medline: 28652646]

58. Omachonu VK, Einspruch NG. Innovation in healthcare delivery systems: a conceptual framework. Innov J 2010;15(1).
59. Byambasuren O, Sanders S, Beller E, Glasziou P. Prescribable mHealth apps identified from an overview of systematic

reviews. NPJ Digit Med 2018;1:12 [FREE Full text] [doi: 10.1038/s41746-018-0021-9] [Medline: 31304297]
60. Torous J, Stern AD, Bourgeois FT. Regulatory considerations to keep pace with innovation in digital health products. NPJ

Digit Med 2022 Aug 19;5(1):121 [FREE Full text] [doi: 10.1038/s41746-022-00668-9] [Medline: 35986056]
61. Guo C, Ashrafian H, Ghafur S, Fontana G, Gardner C, Prime M. Challenges for the evaluation of digital health solutions-a

call for innovative evidence generation approaches. NPJ Digit Med 2020 Aug 27;3(1):110 [FREE Full text] [doi:
10.1038/s41746-020-00314-2] [Medline: 32904379]

62. Henson P, David G, Albright K, Torous J. Deriving a practical framework for the evaluation of health apps. Lancet Digit
Health 2019 Jun;1(2):e52-e54 [FREE Full text] [doi: 10.1016/S2589-7500(19)30013-5] [Medline: 33323229]

63. Bertha A, Alaj R, Bousnina I, Doyle MK, Friend D, Kalamegham R, et al. Incorporating digitally derived endpoints within
clinical development programs by leveraging prior work. NPJ Digit Med 2023 Aug 10;6(1):139 [FREE Full text] [doi:
10.1038/s41746-023-00886-9] [Medline: 37563201]

64. Giunti G, Guisado-Fernandez E, Belani H, Lacalle-Remigio JR. Mapping the access of future doctors to health information
technologies training in the European Union: cross-sectional descriptive study. J Med Internet Res 2019 Aug 12;21(8):e14086
[FREE Full text] [doi: 10.2196/14086] [Medline: 31407668]

65. Wilts H, Bringezu S, Bleischwitz R, Lucas R, Wittmer D. Challenges of metal recycling and an international covenant as
possible instrument of a globally extended producer responsibility. Waste Manage Res 2011 Jul 19;29(9):902-910. [doi:
10.1177/0734242x11415311]

66. Cohen AB, Mathews SC, Dorsey ER, Bates DW, Safavi K. Direct-to-consumer digital health. Lancet Digit Health 2020
Apr;2(4):e163-e165 [FREE Full text] [doi: 10.1016/S2589-7500(20)30057-1] [Medline: 33328077]

67. Facey K, Lo Scalzo A, Ørtenblad L. EUnetHTA HTA core model: patient and social aspects. EUnetHTA HTA Core Model
v3.0. Maastricht, The Netherlands: European Union; 2016. URL: https://www.eunethta.eu/hta-core-model-3-0/ [accessed
2024-03-01]

68. Stern AD, Brönneke J, Debatin JF, Hagen J, Matthies H, Patel S, et al. Advancing digital health applications: priorities for
innovation in real-world evidence generation. Lancet Digit Health 2022 Mar;4(3):e200-e206 [FREE Full text] [doi:
10.1016/S2589-7500(21)00292-2] [Medline: 35216754]

69. Brückner S, Brightwell C, Gilbert S. FDA launches health care at home initiative to drive equity in digital medical care.
NPJ Digit Med 2024 Aug 21;7(1):204 [FREE Full text] [doi: 10.1038/s41746-024-01198-2] [Medline: 39169161]

J Med Internet Res 2025 | vol. 27 | e66356 | p.72https://www.jmir.org/2025/1/e66356
(page number not for citation purposes)

Gehder & GoeldnerJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.sciencedirect.com/science/article/pii/S1865921724002277
http://dx.doi.org/10.1016/j.zefq.2024.11.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39690098&dopt=Abstract
http://dx.doi.org/10.1007/978-3-322-89527-1_4
http://dx.doi.org/10.1177/1609406920928188
http://dx.doi.org/10.1016/j.respol.2007.12.003
http://dx.doi.org/10.1016/j.eist.2019.11.011
https://europepmc.org/abstract/MED/36269336
http://dx.doi.org/10.1007/s00103-022-03608-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36269336&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-023-09287-w
http://dx.doi.org/10.1186/s12913-023-09287-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37069592&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-022-08500-6
http://dx.doi.org/10.1186/s12913-022-08500-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36131288&dopt=Abstract
https://europepmc.org/abstract/MED/38086924
https://europepmc.org/abstract/MED/38086924
http://dx.doi.org/10.1007/s00103-023-03804-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38086924&dopt=Abstract
https://europepmc.org/abstract/MED/28652646
http://dx.doi.org/10.1016/j.jpubeco.2016.11.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28652646&dopt=Abstract
https://doi.org/10.1038/s41746-018-0021-9
http://dx.doi.org/10.1038/s41746-018-0021-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304297&dopt=Abstract
https://doi.org/10.1038/s41746-022-00668-9
http://dx.doi.org/10.1038/s41746-022-00668-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35986056&dopt=Abstract
https://doi.org/10.1038/s41746-020-00314-2
http://dx.doi.org/10.1038/s41746-020-00314-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32904379&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(19)30013-5
http://dx.doi.org/10.1016/S2589-7500(19)30013-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33323229&dopt=Abstract
https://doi.org/10.1038/s41746-023-00886-9
http://dx.doi.org/10.1038/s41746-023-00886-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37563201&dopt=Abstract
https://www.jmir.org/2019/8/e14086/
http://dx.doi.org/10.2196/14086
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31407668&dopt=Abstract
http://dx.doi.org/10.1177/0734242x11415311
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(20)30057-1
http://dx.doi.org/10.1016/S2589-7500(20)30057-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33328077&dopt=Abstract
https://www.eunethta.eu/hta-core-model-3-0/
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(21)00292-2
http://dx.doi.org/10.1016/S2589-7500(21)00292-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35216754&dopt=Abstract
https://doi.org/10.1038/s41746-024-01198-2
http://dx.doi.org/10.1038/s41746-024-01198-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39169161&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


70. Donabedian A. The quality of care: how can it be assessed? JAMA 1988 Sep 23;260(12):1743-1748 [FREE Full text] [doi:
10.1001/jama.1988.03410120089033]

71. Hamburg MA. Innovation, regulation, and the FDA. New Engl J Med 2010 Dec 02;363(23):2228-2232. [doi:
10.1056/nejmsa1007467]

72. Diao JA, Venkatesh KP, Raza MM, Kvedar JC. Multinational landscape of health app policy: toward regulatory consensus
on digital health. NPJ Digit Med 2022 May 11;5(1):61 [FREE Full text] [doi: 10.1038/s41746-022-00604-x] [Medline:
35545663]

73. Murray E, Hekler EB, Andersson G, Collins LM, Doherty A, Hollis C, et al. Evaluating digital health interventions: key
questions and approaches. Am J Prev Med 2016 Nov;51(5):843-851 [FREE Full text] [doi: 10.1016/j.amepre.2016.06.008]
[Medline: 27745684]

74. Brönneke JB, Herr A, Reif S, Stern AD. Dynamic HTA for digital health solutions: opportunities and challenges for
patient-centered evaluation. Int J Technol Assess Health Care 2023 Nov 17;39(1):e72. [doi: 10.1017/s0266462323002726]

75. Masanneck L, Gieseler P, Gordon WJ, Meuth SG, Stern AD. Evidence from ClinicalTrials.gov on the growth of Digital
Health Technologies in neurology trials. NPJ Digit Med 2023 Feb 10;6(1):23 [FREE Full text] [doi:
10.1038/s41746-023-00767-1] [Medline: 36765123]

76. Gordon WJ, Coravos AR, Stern AD. Ushering in safe, effective, secure, and ethical medicine in the digital era. NPJ Digit
Med 2021 Mar 25;4(1):56 [FREE Full text] [doi: 10.1038/s41746-021-00424-5] [Medline: 33767377]

77. Rouleau G, Wu K, Ramamoorthi K, Boxall C, Liu RH, Maloney S, et al. Mapping theories, models, and frameworks to
evaluate digital health interventions: scoping review. J Med Internet Res 2024 Feb 05;26:e51098 [FREE Full text] [doi:
10.2196/51098] [Medline: 38315515]

78. Kvedar JC, Mittermaier M, Pritzker J. The industry impact of the American Medical Association's Digital Medicine Payment
Advisory Group (DMPAG). NPJ Digit Med 2022 Dec 24;5(1):193 [FREE Full text] [doi: 10.1038/s41746-022-00743-1]
[Medline: 36566288]

79. Dwivedi YK, Kshetri N, Hughes L, Slade EL, Jeyaraj A, Kar AK, et al. Opinion paper: “so what if ChatGPT wrote it?”
Multidisciplinary perspectives on opportunities, challenges and implications of generative conversational AI for research,
practice and policy. Int J Inf Manage 2023 Aug;71:102642. [doi: 10.1016/j.ijinfomgt.2023.102642]

Abbreviations
BfArM: Federal Institute for Drugs and Medical Devices (German: Bundesinstitut für Arzneimittel und
Medizinprodukte)
CE: Conformité Européenne
COREQ-32: Consolidated Criteria for Reporting Qualitative Research-32
DiGA: digital health application (German: Digitale Gesundheitsanwendung)
DiGAV: digital health application ordinance (German: Digitiale Gesundheitsanwendungen-Verordnung)
DiPA: digital nursing care application
DVG: Digital Healthcare Act
PECAN: Prise en Charge Anticipée Numérique
pSVV: patient-relevant structural and procedural improvement (German: Patientenrelevante Struktur- und
Verfahrensverbesserung)

Edited by A Mavragani; submitted 10.09.24; peer-reviewed by S Greene, K Mouloudj; comments to author 04.11.24; revised version
received 08.11.24; accepted 13.11.24; published 06.01.25.

Please cite as:
Gehder S, Goeldner M
Unpacking Performance Factors of Innovation Systems and Studying Germany’s Attempt to Foster the Role of the Patient Through
a Market Access Pathway for Digital Health Applications (DiGAs): Exploratory Mixed Methods Study
J Med Internet Res 2025;27:e66356
URL: https://www.jmir.org/2025/1/e66356 
doi:10.2196/66356
PMID:

©Sara Gehder, Moritz Goeldner. Originally published in the Journal of Medical Internet Research (https://www.jmir.org),
06.01.2025. 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 (ISSN 1438-8871), is properly cited. The

J Med Internet Res 2025 | vol. 27 | e66356 | p.73https://www.jmir.org/2025/1/e66356
(page number not for citation purposes)

Gehder & GoeldnerJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://search-proquest
http://dx.doi.org/10.1001/jama.1988.03410120089033
http://dx.doi.org/10.1056/nejmsa1007467
https://doi.org/10.1038/s41746-022-00604-x
http://dx.doi.org/10.1038/s41746-022-00604-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35545663&dopt=Abstract
https://europepmc.org/abstract/MED/27745684
http://dx.doi.org/10.1016/j.amepre.2016.06.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745684&dopt=Abstract
http://dx.doi.org/10.1017/s0266462323002726
https://doi.org/10.1038/s41746-023-00767-1
http://dx.doi.org/10.1038/s41746-023-00767-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36765123&dopt=Abstract
https://doi.org/10.1038/s41746-021-00424-5
http://dx.doi.org/10.1038/s41746-021-00424-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33767377&dopt=Abstract
https://www.jmir.org/2024//e51098/
http://dx.doi.org/10.2196/51098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38315515&dopt=Abstract
https://doi.org/10.1038/s41746-022-00743-1
http://dx.doi.org/10.1038/s41746-022-00743-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36566288&dopt=Abstract
http://dx.doi.org/10.1016/j.ijinfomgt.2023.102642
https://www.jmir.org/2025/1/e66356
http://dx.doi.org/10.2196/66356
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


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 2025 | vol. 27 | e66356 | p.74https://www.jmir.org/2025/1/e66356
(page number not for citation purposes)

Gehder & GoeldnerJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Viewpoint

Revolutionizing Health Care: The Transformative Impact of Large
Language Models in Medicine

Kuo Zhang1*, MD, PhD; Xiangbin Meng2*, MD, PhD; Xiangyu Yan3*, PhD; Jiaming Ji4, PhD; Jingqian Liu5, PhD;

Hua Xu6, PhD; Heng Zhang7, MSc; Da Liu8, MD, PhD; Jingjia Wang9, MD, PhD; Xuliang Wang9, MD, PhD; Jun

Gao9, MD, PhD; Yuan-geng-shuo Wang9, MD, PhD; Chunli Shao9, MD, PhD; Wenyao Wang9, MD, PhD; Jiarong

Li10, PhD; Ming-Qi Zheng8*, MD, PhD; Yaodong Yang4*, PhD; Yi-Da Tang9, MD, PhD
1Department of Cardiology, State Key Laboratory of Cardiovascular Disease, Fuwai Hospital, National Center for Cardiovascular Diseases, Chinese
Academy of Medical Sciences and Peking Union Medical College, Beijing, China
2Pengcheng Laboratory, Shenzhen, Guangdong, China
3School of Disaster and Emergency Medicine, Tianjin University, Tianjin, China
4Institute for Artificial Intelligence, Peking University, Beijing, China
5China Telecom, Beijing, China
6Division of Emerging Interdisciplinary Areas, Hong Kong University of Science and Technology, Hong Kong, China (Hong Kong)
7Institute for Artificial Intelligence, Hefei University of Technology, Hefei, Anhui, China
8Department of Cardiology, the First Hospital of Hebei Medical University, Graduate School of Hebei Medical University, Shijiazhuang, Hebei, China
9Department of Cardiology and Institute of Vascular Medicine, Key Laboratory of Molecular Cardiovascular Science, Ministry of Education, Peking
University Third Hospital, Beijing, China
10Henley Business School, University of Reading, RG6 6UD, United Kingdom
*these authors contributed equally

Corresponding Author:
Yi-Da Tang, MD, PhD
Department of Cardiology and Institute of Vascular Medicine
Key Laboratory of Molecular Cardiovascular Science, Ministry of Education
Peking University Third Hospital
49 North Garden Road
Beijing, 100191
China
Phone: 86 88396171
Email: tangyida@bjmu.edu.cn

Abstract

Large language models (LLMs) are rapidly advancing medical artificial intelligence, offering revolutionary changes in health
care. These models excel in natural language processing (NLP), enhancing clinical support, diagnosis, treatment, and medical
research. Breakthroughs, like GPT-4 and BERT (Bidirectional Encoder Representations from Transformer), demonstrate LLMs’
evolution through improved computing power and data. However, their high hardware requirements are being addressed through
technological advancements. LLMs are unique in processing multimodal data, thereby improving emergency, elder care, and
digital medical procedures. Challenges include ensuring their empirical reliability, addressing ethical and societal implications,
especially data privacy, and mitigating biases while maintaining privacy and accountability. The paper emphasizes the need for
human-centric, bias-free LLMs for personalized medicine and advocates for equitable development and access. LLMs hold
promise for transformative impacts in health care.

(J Med Internet Res 2025;27:e59069)   doi:10.2196/59069
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large language models; LLMs; digital health; medical diagnosis; treatment; multimodal data integration; technological fairness;
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Introduction

Recent advancements in artificial intelligence (AI) have
catalyzed the development and significant breakthroughs of
large language models (LLMs), placing them at the forefront
of AI research [1-4]. LLMs are deep learning models that
generate human-like text by predicting the next word in a
sequence based on statistical patterns learned from vast text
data. These models leverage deep learning algorithms to
interpret and generate natural language, using extensive corpus
data to enhance pretrained language models, a cornerstone of
natural language processing (NLP) [5,6]. Characterized by their
immense scale, these models often consist of hundreds of
millions to billions of parameters and are trained on vast textual
datasets [7,8]. Their ability to efficiently process natural
language data with minimal human intervention, capturing
intricate grammatical structures, lexical nuances, and semantic
contexts, is noteworthy. Globally recognized LLMs include the
ChatGPT series, BERT (Bidirectional Encoder Representations
from Transformer), PaLM, LaMDA, and Meta’s Llama series,
with China contributing models such as Baidu’s “Wenxin
Yiyan,” 360’s LLM, Alibaba’s “Tongyi Qianwen,” and
SenseTime’s LLM [9]. The evolution of LLMs represents over
7 years of relentless technological innovation and research,
marking a significant milestone in AI development since the
inception of the Turing machine.

LLMs primarily function to comprehend, generate, and interact
through language. In NLP tasks, such as text classification,
named entity recognition, and sentiment analysis, their
proficiency is unparalleled [10-12]. Beyond these applications,
LLMs are expanding their influence. In mathematics, they assist
in solving complex problems and contributing to mathematical
proofs [13]. In software development, their capabilities include
automatic code generation, debugging assistance, and complex

algorithm explanation [14]. Intriguingly, LLMs are venturing
into artistic creation, exhibiting talent in generating poetry,
stories, and music [15,16].

In the medical domain, LLMs are poised to revolutionize clinical
decision support. They can assist health care professionals in
diagnosing diseases with enhanced accuracy and speed, provide
treatment recommendations, and facilitate the analysis of
medical records by processing large volumes of medical data
[17-20]. They are instrumental in swiftly navigating vast medical
literature, providing health care professionals with essential
research, guidelines, and information, thus saving time and
grounding medical treatments in current knowledge [21-25].
Additionally, LLMs can interact directly with patients, offer
medical consultations, and handle document processing
efficiently [26-28]. For example, health care professionals use
LLMs to assist in diagnosing diseases by quickly processing
and interpreting large volumes of patient data such as electronic
health records and imaging results. Clinicians also leverage
LLMs for treatment planning, where the models suggest
potential treatment options based on the latest medical guidelines
and patient-specific data. Moreover, LLMs are used in
streamlining administrative tasks, such as generating and
managing medical documentation, allowing clinicians to spend
more time with their patients. Their role in drug research and
development is also emerging, aiding in new drug discoveries
through detailed analysis of chemical and biological data
[29,30]. As such, LLMs are reshaping research methodologies
and applications across various fields, particularly in medicine,
equipping doctors with advanced tools for more accurate and
efficient diagnosis and treatment, while offering patients more
convenient and effective medical services. The potential for
broader applications of LLMs in the medical field is vast, and
there is a strong rationale to expect their significant impact on
future health care advancements (Figure 1).
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Figure 1. Timeline of mainstream LLMs commercially available to the public. The technological evolution of LLMs, highlighting several key
technologies and models. It includes RNNs and LSTMs from the 1990s, Google’s Transformer model introduced in 2017, Google’s BERT model
released in 2018, and the GPT series by OpenAI. Specific emphasis is placed on three major milestones: the first open-source LLM—GPT-2, and the
first widely acclaimed LLM—GPT-3. These developments signify major advancements in LLMs within the field of natural language processing. BERT:
Bidirectional Encoder Representations from Transformers; LLM: large language model; LSTM: long short-term memory network; RNN: recurrent
neural network.

LLM Technical Background and Hardware
Infrastructure

The evolution of LLMs, like OpenAI’s GPT-3 and Google’s
BERT, has been monumental, driven by advancements in AI
chip computing power and large, high-quality datasets [31].
The Transformer model, introduced by Google in 2016,
underpins this progress, predicting words in sentences based
on statistical correlations [32,33]. Notably, GPT-3 in 2020
showcased the significance of model size and data quality.

The operation and training of LLMs, such as ChatGPT, require
substantial hardware infrastructure [34]. This includes graphics
processing units (GPUs) or tensor processing units (TPUs) with
thousands of cores, extensive RAM (several terabytes), over 48
GB of VRAM on GPUs, high-performance solid-state drives,
and fast, low-latency networks (10 to 100 Gbps) [35,36].
Effective cooling systems and reliable power supplies are also
essential. Compatibility with software frameworks, like
TensorFlow and PyTorch, is necessary for optimizing training
and deployment. The training of GPT-3, for instance, costs
around US $1.4 million, and operational costs for models, like
ChatGPT, can reach up to US $700,000 daily, with significant
energy consumption.

Future technology advancements are expected to reduce the
costs and improve the efficiency of LLMs. Progress in GPU
and TPU technologies, along with hardware tailored for LLM
training, will drive efficiency. Compact model structures through
knowledge distillation, model pruning, transfer learning,
energy-efficient practices, distributed training, and edge
computing are anticipated. Semisupervised and self-supervised
learning methods will also play a role in training models with
fewer labeled datasets [37,38]. ChatGPT’s recent updates
showcase improvements in response speed, handling complex
queries, multimodal functionality, global language support, and
enhanced privacy and security measures [39].

In health care, deploying large-scale medical models faces
unique challenges due to data security and privacy concerns.
Hospitals typically have CPUs for general computing, with
limited access to GPUs. Medical LLMs, generally smaller than
general-purpose LLMs, still require substantial investment in
operational hardware [40,41]. For instance, a model with 13
billion parameters might cost under US $138,000 while larger
models for entire hospitals may require advanced GPU solutions
costing around RMB 10 million. Effective deployment demands
careful consideration of model scale, computational resources,
data security, and cost control (Figure 2).
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Figure 2. The architectural designs of LLMs: a study of self-attention mechanisms and structural variations. The image depicts the hardware infrastructure
for LLMs and their implementation in the BERT and GPT models. On the left, there is a network diagram showing servers and computing devices
needed to run these models, labeled with hardware such as TPU and GPU. On the right, the structure of BERT and GPT is compared in detail, including
positional encoding, self-attention mechanisms, feed-forward networks, addition and normalization layers, and the computation of output probabilities.
Although these models have different approaches to processing text, both are large neural network models based on deep learning and self-attention
mechanisms. BERT: Bidirectional Encoder Representations from Transformers. GPU: graphics processing unit; LLM: large language model. TPU:
tensor processing unit.

Advancing the Integration of LLMs in
Health Care: The Imperative for
Evidence-Based Research and
Collaborative Evaluation

Overview
In the contemporary health care landscape, the paradigm of
evidence-based medicine is instrumental in shaping medical
decision-making processes. This methodology integrates top-tier
research evidence with clinical expertise and aligns it with
patient values and expectations, thereby informing patient care
decisions. Evidence-based medicine ensures that medical
interventions are grounded in scientific evidence rather than
solely relying on a physician’s experience or intuition, enhancing
patient safety and the efficacy of treatments [42-45].

The integration of LLMs into the medical field introduces a
significant challenge: the current scarcity of evidence-based
medical research concerning the application of LLMs in health
care settings [46]. Although LLMs have shown remarkable
efficacy in various sectors, the unique context of medicine, with
its direct implications for human life and health, necessitates a
cautious approach to the introduction of untested technologies
or methods into clinical practice [47]. Despite their robust data
processing capabilities, LLMs present a potential risk for
prediction errors in clinical environments. The medical domain,
with its complex interplay of biology, physiology, and
pathology, might be challenging for machine learning models
to fully encapsulate, especially considering the intricacies and
variability inherent in medical data [48]. Furthermore, the realm
of medical decision-making often requires a high level of
expertise and experience, aspects that may not be entirely

replicable by LLMs. The consequences of medical decisions
far surpass those in other sectors, where a misdiagnosis or
incorrect treatment recommendation could directly jeopardize
a patient’s life. Hence, it is imperative to back any new
technological innovation, including LLMs, with solid scientific
evidence before they are implemented in medical practice.

Currently, empirical studies examining the application of LLMs
in the medical field are limited. This scarcity of research implies
an inability to definitively assess the accuracy, reliability, and
safety of LLMs within a health care context. Model reliability
refers to the consistency and dependability of a model’s outputs
across different datasets or under varying conditions. In medical
applications, the reliability of LLMs is critical, as it directly
affects the accuracy of diagnoses and treatment
recommendations, where any inconsistency could have serious
consequences for patient care. To comprehensively understand
the potential benefits and risks associated with LLMs in
medicine, a more robust body of clinical research is required.
This research should encompass randomized controlled trials,
observational studies, and extensive collaborative research,
which are critical to evaluating the clinical utility of LLMs
accurately [49].

To accelerate the empirical evaluation of LLMs in the medical
field, fostering collaboration between medical institutions,
research organizations, and technology companies is essential.
This interdisciplinary collaboration ensures the
comprehensiveness and quality of the research, facilitating the
rapid advancement and application of LLM technologies. To
enhance the transparency, trustworthiness, and ethical
application of LLMs in health care, it is crucial to address the
societal implications, particularly in terms of data privacy.
Publicizing research findings and fostering interdisciplinary
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collaboration among doctors, researchers, and ethicists will be
key to ensuring that LLMs are used responsibly and equitably.
Furthermore, the integration of robust data privacy measures
and adherence to ethical standards must be a priority to prevent
potential misuse or unintended consequences that could
undermine public trust. Such an approach ensures that LLMs’
application in the medical field is underpinned by scientific
rigor, is safe, and genuinely benefits both patients and the health
care system.

Integrated Application of LLMs in Medical System
As we witness ongoing advancements in medical technology,
the integration of LLMs with other tools and platforms within
health care systems becomes increasingly crucial [50]. This
fusion provides health care professionals with powerful tools
to process, analyze, and effectively use vast amounts of health
care data [23,51-54]. The integration of LLMs, such as
ChatGPT, into medical systems has the potential to drive
transformative progress in health care delivery. First, LLMs
can potentially enhance diagnostic accuracy and clinical
decision-making by analyzing comprehensive medical data to
identify relevant information and suggest potential diagnoses
based on presented symptoms [55-57]. Second, their proficiency
in text processing and generation assists medical professionals
in efficiently summarizing medical literature, facilitating
research, and improving communication between health care
providers and patients [58-61]. The rapid adoption of readily
available LLMs, such as ChatGPT, within the medical
community, signifies recognition of their potential to transform
health care delivery [62-66].

However, the application of LLMs in clinical settings is not
without challenges [67]. A primary concern is the
generalizability of these models. Although LLMs have shown

outstanding performance in numerous standard tasks, the
complexity and diversity of the medical field suggest that these
models may be susceptible to prediction errors in real clinical
scenarios. Such errors can have serious implications, particularly
when they influence critical health and life decisions.
Additionally, the medical field encompasses a vast array of
domain-specific knowledge that might exceed the training scope
of LLMs, potentially leading to misunderstandings in complex
medical scenarios.

Despite these challenges, the potential benefits and impact of
LLMs in health care are considerable. LLMs can notably
enhance the efficiency of medical workflows by automating
routine processes such as appointment scheduling, diagnosis,
and report generation [68]. Their data-driven recommendations
provide powerful decision support to doctors, assisting them in
making more accurate and timely decisions. Current digital
health workflows often burden physicians with extensive data
entry, querying, and management tasks, leading to information
overload and fatigue. LLMs can alleviate these burdens by
automating these tasks, thereby saving valuable time for health
care providers. Moreover, by analyzing and integrating patients’
medical data, LLMs can offer tailored diagnoses and treatment
recommendations, improving the overall quality of health care
delivery. LLMs also play a crucial role in enhancing
doctor-patient interactions. Leveraging NLP technology, they
can better comprehend patients’ needs and concerns, offering
more personalized medical advice [69]. This not only boosts
patient satisfaction but also enhances the overall effectiveness
of medical services. The potential of LLMs to optimize digital
health care workflows is undeniable. With further technological
advancements and empirical research, LLMs are expected to
play an increasingly significant role in the future of health care
(Figure 3).

Figure 3. Integration of LLMs in health care systems across different scales. LLMs can assist in monitoring and analyzing patient health records,
treatment plans, and laboratory results at the individual bed level while managing care schedules and facilitating doctor-patient communication. At the
hospital level, LLM helps manage patient data, operational logistics, staff scheduling, and resource allocation, while analyzing epidemic trends and
hospital infection rates. At the community level, LLM can be used to predict public health crises, manage vaccination campaigns, coordinate community
health initiatives, and analyze population health data to improve health policy. LLM: large language model.
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Multimodal LLMs in Real-World Medical Scenarios
The advent of multimodal LLMs is bringing about a paradigm
shift in the medical field by offering the capability to process
and generate diverse data types such as text, images, sounds,
and videos. This integration of multiple data types enables LLMs
to provide more comprehensive and accurate predictions,
thereby unlocking unprecedented potential [70-73]. To
understand their role, it is essential to define what multimodal
LLMs entail. Multimodal LLMs excel in processing,
interpreting, and generating a wide array of data types, which
significantly enhances their predictive capabilities. For instance,
in the medical field, combining textual data from patient records
with imaging data from magnetic resonance imaging (MRI),
computed tomography scans, and x-rays allows these models
to provide more nuanced and precise diagnoses. Additionally,
integrating audio data from patient interviews or video data
from medical procedures can further enrich the model’s
understanding, leading to more accurate and personalized
treatment recommendations. By leveraging the strengths of
various data types, multimodal LLMs can offer a holistic view
of a patient’s condition, which is often crucial for complex
diagnoses and treatment planning.

The utility of LLMs is increasingly becoming a focal point in
medical imaging [74-76]. For instance, when a patient undergoes
an MRI or computed tomography scan, an LLM can swiftly
analyze and integrate the image data with the patient’s textual
medical records, thereby providing more comprehensive and
detailed diagnostic insights. Additionally, LLMs have the
capability to automatically identify and highlight crucial areas
in medical images, thus providing clinicians with clear
references that aid in identifying potential issues [77]. Moreover,

LLMs can generate automated image reports, offering initial
interpretations and treatment suggestions based on the analyzed
image data, significantly boosting the efficiency and accuracy
of medical diagnoses and treatments.

Multimodal LLMs are revolutionizing the field of telemedicine,
transforming the dynamics of doctor-patient interactions [55,78].
For instance, LLMs have been successfully integrated into MRI
analysis, where they can rapidly interpret imaging data and
provide diagnostic recommendations. This has significantly
reduced the time required for diagnosis and improved accuracy.
However, the use of LLMs is not without its challenges. A
notable example is Google BARD, which recently demonstrated
racial bias in patient diagnosis, disproportionately affecting
minority groups. This case highlights the dual-edged nature of
LLMs in health care—they offer substantial benefits in
efficiency and accuracy, yet they also pose significant risks if
not properly validated and monitored for biases. Furthermore,
the integration of LLMs with smart sensors and devices enables
the continuous monitoring of patient’s physiological data, such
as heart rate and blood pressure, facilitating early detection and
intervention for any health anomalies, thus significantly
bolstering patient health management.

In summary, multimodal LLMs offer a novel and efficacious
approach to diagnosis, treatment, and health care management.
Their robust capabilities in data processing and integration allow
medical professionals to deliver more precise and efficient
services to patients. At the same time, these models enable
patients to access medical advice and care with greater
convenience. As these technologies continue to evolve and
improve, their significance and impact in the medical field are
expected to grow exponentially (Figure 4).
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Figure 4. The importance of multimodal large language models in medical applications. The central heart represents the cardiac health status of the
human body. The surrounding circular icons depict various cardiac conditions including coronary artery disease, hypertension, arrhythmia, heart failure,
valvular heart disease, cardiomyopathy, and congenital heart defects. These conditions are detected and analyzed through different medical imaging
and diagnostic technologies such as electrocardiography, heart sounds, echocardiogram, coronary angiography, cardiac MRI, and nuclear cardiology.
The results from these diagnostics are processed by an AI system to determine the type and severity of cardiac disease, assisting physicians in formulating
treatment plans. MRI: magnetic resonance imaging.

The Key Role of LLMs in Medical Research
In the field of fundamental medical research, the capabilities of
LLMs in AI are being increasingly recognized [79-82]. LLMs
can swiftly retrieve and organize crucial information from vast
biomedical literature, providing researchers with an efficient
tool to access and synthesize the latest research findings on
specific drugs, diseases, or genes [83]. In drug discovery, LLMs
can predict the activity, toxicity, and pharmacokinetic properties
of new compounds, facilitating early-stage drug screening [84].
These predictions not only save time but also facilitate the
early-stage screening of potential drug molecules. LLMs can
use existing literature and databases to predict the potential
functions of newly discovered genes, a crucial aspect of genomic
research, given the daily discovery and study of new genes.
While protein structure prediction depends primarily on
specialized models, such as AlphaFold, LLMs can enhance
these models by supplying pertinent information from literature,
thereby increasing prediction accuracy. In epidemiological
research, LLMs can aid researchers in tracking and predicting
disease spread by analyzing social media and other web-based
text data, offering data support for public health
decision-making. Finally, in bioinformatics applications, LLMs
can assist researchers in predicting patterns, functional domains,
and similarities to known biological sequences. Despite their
extensive applications in biomedicine, LLMs cannot entirely
replace laboratory experiments or in-depth biomedical expertise.
Instead, they should be considered powerful supplementary
tools, rather than replacements.

LLMs play a pivotal role in clinical research. They aid doctors
and researchers by extracting essential information from medical
records, and by organizing and categorizing data for easier
analysis and application. For instance, they can expedite the
selection of suitable patients for enrolment, thereby enhancing
the design and implementation of clinical trials. In the role of
a clinical research coordinator, these models assist with data
entry, verification, and analysis, thereby accelerating the clinical
research process. Through automated data processing and
real-time analysis, LLMs can ensure data accuracy and
completeness, while also reducing the workload of clinical
research coordinators. This, in turn, speeds up the clinical
research process and enhances research quality.

Although LLMs have revolutionized biomedicine by simplifying
literature searches, aiding drug discovery, annotating gene
functions, and supporting epidemiological studies, they
experience certain drawbacks. Their ability to swiftly parse
large datasets and make predictions may be counterbalanced
by potential limitations in real-world validation [85]. For
example, while they can predict a drug molecule’s properties,
the actual biological response may vary. Similarly, despite gene
function predictions being well grounded, they may not fully
encapsulate the breadth of gene interactions. Moreover, using
LLMs to analyze epidemiological trends without correlating
them to underlying data could misdirect public health
interventions. Therefore, while LLMs are undeniably beneficial
to biomedicine, it is essential to adopt a balanced approach,
combining their computational prowess with rigorous
experimental validation and expert review, to fully harness their
potential without sacrificing scientific rigor (Figure 5).
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Figure 5. The crucial role of LLMs in medical science: bridging basic research and clinical trials. This illustration highlights the versatile roles of
LLMs in medical research. LLMs analyze medical texts to uncover trends and inform research directions, facilitate hypothesis generation, and enhance
clinical trial designs. They personalize medicine through data-driven treatment plans and use predictive modeling to inform clinical trial outcomes.
LLMs also streamline research by integrating data and maintaining regulatory compliance. They assist in medical communication and education and
evaluate the societal impact of clinical research. LLM: large language model.

Great Challenges of LLMs in Medical Scenarios and
Feasible Roadmap
The integration of technology in health care invariably brings
a mix of anticipation and challenges, particularly given its direct
impact on human life and health. As a leading exemplar of
current AI technology, LLMs present a complex array of
opportunities and challenges in the medical field, warranting
thorough exploration and discussion [86-88].

Handling medical data, some of the most private and sensitive
information about individuals, is a significant challenge for
LLMs. As LLMs are increasingly integrated into health care,
ethical considerations surrounding data privacy and societal
impact must be prioritized during their development and
deployment. The key lies not only in using this data to enhance
medical efficiency but also in implementing robust data
protection frameworks to prevent misuse, leakage, and
unauthorized access. Furthermore, addressing these ethical
challenges requires ongoing dialogue among technologists,
health care professionals, policy makers, and the public to ensure
that LLM deployment aligns with societal values and legal
standards [80,89]. A potential technical solution involves
anonymizing patient data, ensuring that neither processing nor
transmission stages can be linked to specific individuals.
Concurrently, medical organizations and technology providers
must establish robust data management and access protocols,
ensuring clear authorization and purpose for each data access.

Interpretive challenges loom large with LLMs in medicine.
Medical decision-making is distinct from other fields due to its
complexity and direct implications for patients’ lives and health.
When LLMs provide diagnostic or treatment suggestions, it is
vital that the rationale behind these recommendations is
transparent and comprehensible [90-92]. This brings us to the
concept of interpretability in machine learning, which refers to
the ability to understand and explain how a model makes its
decisions. In the context of health care, interpretability is a
significant challenge because clinicians must trust and validate
the outputs of LLMs, especially when these models influence

critical medical decisions [93]. Developing mental models can
aid LLMs in presenting their decision-making logic in a manner
that is more accessible to human users. Leveraging deep learning
and other machine learning technologies, LLMs can extract
disease pathophysiological mechanisms from a vast corpus of
medical literature and data, providing a scientific basis for their
outputs. To further enhance interpretability, LLMs could use
visual tools, like graphics and animations, to clarify the logic
and evidence underpinning their decisions for both physicians
and patients [94,95].

The issue of technical bias and the possibility of generating
misleading information or “hallucinations” are inherent
challenges in LLMs. In this context, hallucinations refer to
instances where LLMs produce outputs that are factually
incorrect or misleading, often because the model attempts to
generate an answer despite lacking sufficient context or
knowledge. These hallucinations can be especially problematic
in medical scenarios, where inaccurate information can have
severe consequences. The data sources for these models, often
anonymized consultation data and digital materials, are not
uniform and vary in quality, sometimes containing erroneous
samples. Fine-tuning LLMs based on such data may lead to
biased or skewed medical recommendations [96,97]. Addressing
this requires rigorous data auditing and the establishment of
continuous bias-correction mechanisms. To mitigate the risk of
hallucinations, knowledge enhancement methods, such as
integrating a knowledge retrieval library or search enhancement
tools, can be beneficial. The LLM’s responses can be
cross-referenced with retrieved data to filter out inconsistencies
with reality. Another approach involves reinforcement learning
based on human feedback, where high-quality feedback is
provided to fine-tune and correct model outputs in collaboration
with medical experts [98,99].

The potential of AI to create “information cocoons” through
personalized content, potentially reinforcing biases, is another
critical aspect that needs to be addressed, especially in the
medical domain [100]. AI technologies, including LLMs, in
medicine require stringent scrutiny and continuous evaluation
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to align with the field’s unique characteristics and ethical
standards. Ensuring privacy protection, eliminating biases and
discrimination, and establishing clear accountability are
essential. The use of LLMs should be guided by respect for life,
aiming to enhance patient well-being and treatment outcomes,
without compromising individual interests. A continuous
monitoring and evaluation system is crucial for assessing the
effectiveness of LLMs and managing potential risks. Regulations
should be regularly updated to keep pace with AI advancements,
ensuring medical safety and patient rights. By prioritizing safety,
fairness, and effectiveness, we can fully leverage LLMs and
other AI technologies to facilitate a transformative revolution
in medicine, while upholding human values and rights.

In the era of information and intelligence within the medical
field, the application of LLMs harbors immense potential [101].
However, the accompanying challenges are equally noteworthy
and merit careful consideration. The ongoing discourse should
emphasize not only the deeper integration of LLMs into medical
practice but also their alignment with both the professional
needs of health care providers and the experiential needs of
patients [102,103].

Incorporating the theory of mind into LLMs can significantly
enhance their utility in the medical field. This concept, which
involves understanding others’ thoughts, feelings, and intentions,
is crucial for fostering trust and empathy within health care
interactions. Medicine is not solely a science; it is also an art,
deeply influenced by each patient’s unique emotional,
value-based, and experiential landscape. An AI system endowed
with the capability to appreciate and respond to these individual
differences can offer more personalized and compassionate
medical advice [104,105]. By using the theory of mind, LLMs
can gain deeper insights into patients’ inherent needs and
respond with more attentive and empathetic advice [106-108].
When LLMs can emulate the thoughts and feelings of both
doctors and patients, their outputs transcend mere data; they
become imbued with empathy and human care, enhancing the
patient’s treatment experience and fostering stronger trust and
communication between doctors and patients. For example, in
interactions with terminal patients, LLMs could suggest more
compassionate communication strategies, aiding both doctors
and patients in navigating these sensitive and complex situations.

LLMs can be synergistically combined with other advanced
technologies, such as virtual reality and augmented reality, to
transform medical consultations into more immersive and
informative experiences. This integration can provide patients
with a deeper understanding of their health conditions,
empowering them to make more informed decisions regarding
their treatment. The evolution of LLMs is also contingent upon
the development of efficient and precise algorithms capable of
adeptly handling complex medical data, which is essential for
accurate and timely medical decision-making. As technology
progresses, the use of LLMs in the medical field is expected to
become increasingly intelligent, efficient, and personalized,
thereby enhancing not only the quality of medical services but
also the overall patient experience and driving the evolution
and transformation of the health care industry.

In our pursuit of technological progress, we must adhere to a
fundamental principle: ensuring that technology is accessible
to all. This is particularly pertinent in the context of LLM
adoption, where it is crucial not to overlook those who may be
marginalized by the technology gap [109,110]. Whether
addressing the needs of rural farmers or urban older adults,
every individual should have the opportunity to benefit from
LLMs. This broad adoption must span various geographical
regions and encompass diverse languages and cultural contexts,
catering to users speaking English, Chinese, or local dialects
[111,112]. Achieving this objective is not solely a technological
challenge but also a social imperative. We must ensure that the
design and application of LLMs overcome language and cultural
barriers, truly reaching and benefiting a diverse global populace.
Additionally, addressing technology accessibility issues is vital.
For individuals in technologically underserved areas or older
adults unfamiliar with new technologies, simpler access methods
and more user-friendly interfaces are needed to facilitate
effortless use of LLMs.

While the potential of LLMs in health care is significant,
realizing this potential requires ongoing research, innovation,
and dedication. Continuous efforts are necessary to refine LLM
technology continually and ensure its broad adoption across all
sectors of society. We firmly believe that with sustained
commitment, LLMs will catalyze transformative changes in
health care, benefiting society at large. By championing
technological inclusivity, we can not only enhance the quality
and efficiency of medical services but also promote overall
societal health and well-being.

Economic Considerations in the Deployment of LLMs
in Health Care
LLMs require significant computational resources for training
and maintenance, which translates to substantial financial costs.
In the medical domain, these costs can be particularly prohibitive
due to the need for specialized data, high levels of accuracy,
and continuous updates to ensure model relevance and safety.

Training a state-of-the-art LLM, such as GPT-3, requires access
to extensive hardware infrastructure, including thousands of
GPUs or TPUs, large amounts of RAM, and high-speed data
storage solutions [113,114]. According to estimates, the training
cost of models, like GPT-3, can reach up to US $1.4 million,
with operational costs amounting to several hundred thousand
dollars per day when deployed at scale. In a medical context,
where accuracy and reliability are paramount, these costs are
even higher due to the additional requirements for data security,
privacy, and compliance with health care regulations.

Several studies have documented the economic challenges
associated with deploying LLMs in health care [115,116]. For
instance, the cost of implementing LLMs in hospital settings,
including the necessary infrastructure upgrades, staff training,
and ongoing maintenance, has been reported to be a major
barrier to widespread adoption. Moreover, the need for regular
updates to the models, which involves retraining them with new
medical data, adds to the operational expenses [1].

As technology advances, it is expected that the costs associated
with LLMs will decrease, making them more accessible to a
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broader range of health care providers. The development of
more energy-efficient hardware, combined with advances in
machine learning techniques, is likely to contribute to this trend.
However, until these cost reductions are realized, careful
planning and resource allocation will be essential for any
institution looking to implement LLMs in their health care
practice.

Conclusions
The era of digitalization and informatization underscores the
transformative potential of LLMs in medicine. The evolution
of this technology signifies a paradigm shift in medical services,
offering unique opportunities and challenges to the medical
community. LLMs, with their advanced NLP capabilities, have
a wide range of applications including emergency triage, older
people care, and the enhancement of digital medical workflows.
As the diversity of medical data expands, LLMs’ ability to
process multimodal data will play a crucial role in enabling
more precise, personalized medical diagnoses and treatments.

Despite the promising trajectory of LLMs in the medical field,
ensuring their safety and effectiveness in clinical practice
remains a critical challenge. Currently, the regulation of LLMs
in health care is still in its early stages, with several frameworks
being developed to address the unique risks and challenges they
pose. Regulatory bodies, such as the US Food and Drug
Administration, European Medicines Agency, and China’s

National Medical Products Administration, have begun to
formulate guidelines that apply to AI-driven medical devices
including LLMs. These guidelines typically focus on the
validation of the models through rigorous clinical trials, ensuring
that they meet specific safety, efficacy, and ethical standards
before they can be deployed in clinical settings. However, the
growth potential of LLMs in the medical arena is significant.
They can enhance patient experiences through the integration
of virtual reality and augmented reality, offer comprehensive
medical advice through multimodal research, and humanize
doctor-patient interactions using the theory of mind. With
ongoing advancements in algorithms and computational power,
we anticipate considerable improvements in LLMs’ processing
speed and accuracy.

However, the path to technological advancement is not always
linear. To ensure the benefits of LLMs are accessible to all, it
is imperative to promote equitable development and address
the digital divide, particularly for economically and
technologically disadvantaged regions and groups. This goal
requires the collective efforts of health care professionals,
computer science experts, government regulatory bodies,
patients, and their families. Such a collaborative approach will
ensure that the application of LLM technology in the medical
field genuinely contributes to the betterment of humanity,
significantly enhancing health and well-being.
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Abstract

Background: Requests for public social care support can be made through an online portal. These digital “front doors” can
help people navigate complex social care systems and access services. These systems can be set up in different ways, but there
is little evidence about the impact of alternative arrangements. Digital front-door systems should help people better access services,
particularly low-intensity services (high-intensity care is likely to require a full in-person assessment).

Objective: This study aimed to investigate the association between 2 primary digital front door arrangements, easy-read
information, and self-assessment tools provided on official websites, and the type of social care support that is offered: ongoing
low-level support (OLLS), short-term care (STC) and long-term care (LTC).

Methods: Information on front door arrangements was collected from the official websites of 152 English local authorities in
2021. We conducted a cross-sectional analysis using aggregated service use data from official government returns at the local
authority level. The independent variables were derived from the policy information collected, specifically focusing on the
availability of online digital easy-read information and self-assessment tools for adults and caregivers through official websites.
The dependent variables were the rates of using social care support, including OLLS, STC, and LTC, across different age groups:
the adult population (aged 18 and older), younger population (aged between 18 and 64 years), and older population (aged 65 and
older). Multivariate regression analysis was used to examine the association between digital front door arrangements and access
to social care support, controlling for population size, dependency level, and financial need factors.

Results: Less than 20% (27/147) of local authorities provided an integrated digital easy-read format as part of their digital front
door system with about 25% (37/147) adopting digital self-assessment within their system. We found that local authorities that
offered an integrated digital easy-read information format showed higher rates of using OLLS (β coefficient=0.54; P=.03; but
no statistically significant association with LTC and STC). The provision of an online self-assessment system was not associated
with service use in the 1-year (2021) cross-sectional estimate, but when 2 years (2020 and 2021) of service-use data were analyzed,
a significant positive association was found on OLLS rates (β coefficient=0.41; P=.21). Notably, these findings were consistent
across different age groups.

Conclusions: These findings are consistent with our hypothesis that digital systems with built-in easy-read and self-assessment
may make access to (low-intensity) services easier for people. Adoption of these arrangements could potentially help increase
the uptake of support among those who are eligible, with expected benefits for their care-related well-being. Given the limited
adoption of the digital front door by local authorities in England, expanding their use could improve care-related outcomes and
save social care costs.

(J Med Internet Res 2025;27:e53205)   doi:10.2196/53205
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Introduction

Background
The “front door” to the adult social care system refers to the
channels through which people collect service information,
apply for needs assessment, and access social care support.
Social care systems vary in how they configure their front door
and information may not always be well organized or easily
accessible, and different services have specific eligibility
requirements based on factors such as wealth, income, and
physical care needs. Navigating the front door can be demanding
and time consuming for community-dwelling people with
functional impairments [1]. When requesting services, people
need to proactively acquire service information and approach
care professionals to complete face-to-face needs assessment
[2]. Without accessible information and streamlined application
procedures, individuals may be less able to access social care
support, causing unmet needs to escalate [3,4]. Therefore,
developing front door arrangements is crucial to ensure that
people can access available and timely services, potentially
preventing or delaying the escalation of care needs.

Researchers and policy makers have recently become
increasingly attentive to deploying digital front door
arrangements to facilitate service access. While a consensus on
the definition of the digital front door is lacking, we define it
as the channels through which individuals request and access
services using digital platforms or technologies [5]. Digital
technologies may facilitate service access in three primary ways:
(1) enabling initial contact with services, (2) substituting
traditional face-to-face interactions with remote services, and
(3) facilitating access to professional support through innovative
technologies [6]. For instance, an online information and referral
tool, BenefitsCheckUp, increased the take-up rate of Medicaid
among low-income older Americans [7]. In England, the Care
Act 2014 has stipulated that local authorities are responsible
for providing digital channels (eg, websites and social media)
to help individuals make informed choices, which can also
reduce public expenditure at the front door [8,9]. Despite the
growing emphasis on digital front door arrangements, few
studies have examined whether digital channels can effectively
promote service access [6].

To fill the gap, this study explores the association between the
digital front door and the use of social care support in England.
Specifically, we define the digital front door as whether local
authorities provide online digital easy-read information and
self-assessment tools for adults and caregivers through official
websites. In addition, we investigate whether access to different
types of social care support is correlated with local authorities’
digital front door arrangements. This study contributes to
understanding the relationship between the digital front door
and service access, providing insights into how to organize these
systems to facilitate access to social care support. The findings
could inform policy makers about developing digital front door

arrangements to promote service access, eventually enhancing
people’s well-being.

Digital Front Doors and Access to Social Care Support
People needing social care have generally relied on social
networks (eg, peers and family members) and health and social
care professionals as primary resources for information and
assistance [1,4,10]. Since the COVID-19 pandemic, digital
channels have become an increasingly viable alternative that
could save costs and facilitate service access [6,8,11]. The digital
front door can do this by alleviating 2 main obstacles to service
use: information asymmetry and administrative burdens
[2,4,10,12].

Providing online information can address information
asymmetry and facilitate service access by potentially
simplifying applications and allowing immediate completion.
They eliminate travel costs as well as removing waiting times
for printed versions of documents [13]. Previous studies have
suggested that online information should be presented from
trusted sources and in easy-read information formats to meet
individual preferences [14,15]. Specifically, people trust
information from official websites and medical professionals.
Also, easy-read information is generally characterized by plain
language, simple layout, large font size, and the adoption of
images. Despite individual preferences for digital easy-read
information from government websites, few studies have
explored the relationship between such information and access
to social care support.

In addition to easy-read information online information, online
self-assessment tools mitigate the administrative burden
associated with applying for social care support. Self-assessment
aims to reduce direct professional involvement in the assessment
process. Savings can arise from reduced paperwork and waiting,
travel, and face-to-face time associated with professionally led
needs assessment [16,17]. Self-assessment approaches could
encourage access for people with low-level needs when
perceived barriers to application may outweigh the potential
benefits [16,18]. Although previous studies mainly highlighted
the positive association between service access and
self-assessment tools [16,17], little work has focused on their
relationship in an online context. Potential arguments against
self-assessment include a potential lack of identification of
person-specific needs and idiosyncrasies [19].

Social Care and Front Doors in England
Local authorities in England are responsible for delivering adult
social care for people with care needs. In order to access care,
individuals need to navigate the front door of social care
systems, including gathering information on services and
completing needs assessment [20]. Information is available in
different formats, such as printed leaflets or brochures,
conversations with professionals, and the internet (especially
official websites) [21]. Though the Care Act 2014 stipulated
local authorities’ responsibilities for providing multiple
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information formats, the proportion of older people who found
it easy to obtain information had fallen from 75.2% in 2016 to
65.6% in 2021 [22]. This decline indicates the need for
understanding how to provide information and alleviate
information asymmetry to promote service access.

Traditionally, assessment has been performed by professionals
through telephone and face-to-face communications. As of
August 2022, there were half a million people waiting for a care
assessment, for their care and support to begin, or for a review
of their care plan [23]. By March 2023, the number of people
who had been waiting for over 6 months for their care
assessment rose to 82,087. Every year, local authorities can
together expect around 2 million requests for care, with an
average of 5420 requests for support received each day [24].
Within this context, many local authorities introduced
self-assessment as a complementary tool for professionally led
assessments [11,16].

People generally access publicly funded services following a
hospital discharge or are referred from the community. In 2021,
most (79.1%) of care requests originated from the community,
while 18.7% were discharged from the hospital (with 2.2% from
other routes) [24]. While the number of requests has grown
during the past 7 years, the pattern of requests by route of access
has largely remained unchanged.

Following the care request, people eligible for publicly funded
services can receive 3 main types of support: short-term care
(STC), long-term care (LTC), and other services, including
end-of-life care and ongoing low-level support (OLLS) that
targets community-dwelling people with minimal care needs
and offers them ongoing services (eg, telecare, minicom live
and community alarm).

Study Aims
Despite the development of the digital front door in England,
the relationship between these arrangements and service access
remains unclear. Understanding their associations could guide
policy makers and practitioners to improve front door
arrangements and facilitate service use, thus improving people’s
well-being. Accordingly, this study investigates the prevalence
of providing easy-read information online information and
self-assessment tools through official websites and the
association between such digital channels and social care use.

We focus on people requesting care from the community
because they are most likely to use digital front door
arrangements. By contrast, for people being discharged from
the hospital, there are generally different and more specific
arrangements to access social care. Furthermore, people
discharged from hospital are likely to have higher levels of need.
Access from the community accounts for approximately 80%
of all care requests, people also tend to wait longer for
assessment and support (60 days) than those discharged from
the hospital (38 days) [25].

Methods

Data
This study used upper-tier local-authority-level data from local
authorities’websites, the short and long-term (SALT) collection
on care access, use, and expenditure [24], and Stat-Xplore for
benefits data (Department for Work and Pensions). To identify
local authorities’ digital front door arrangements, we gathered
policy information from 152 local authorities’websites between
December 2022 and April 2023 and coded these documents
based on established criteria. Specifically, we defined local
authorities that used the “easy-read information” keyword in
their official websites to introduce adult social care systems and
application procedures as providing easy-read information.
Those that did not have such a keyword, or did not permit
immediate access through official websites, were coded as not
having easy-read information. Our choice of focusing on
“easy-read information” allows us to use a straightforward
criterion to identify intentional effort by local authorities to
provide online digital easy-read information. Likewise, local
authorities that provided online self-assessment forms (excluding
contact forms) were coded as having online self-assessment
tools for adults and caregivers, respectively. To ensure the
consistency of policy texts, 2 researchers (JZ and AC)
independently coded each local authority’s digital front door
arrangements. Disagreements were addressed through
discussions between the 2 investigators (JZ and AC).

We also obtained information about how clients accessed care
services (through the community or hospital route) and their
subsequent care destination (STC, LTC, and other services)
from the SALT data. This data set has been published annually
since 2016 and contains information about clients’ journeys
through the social care system in England, including the number
of requests for social care, the access route for people requesting
support, and their care sequel (what happened next, eg,
community and residential care).

In addition, this study collected local area characteristics, such
as population estimates and pension credit, from the Stat-Xplore
website. Stat-Xplore website provides aggregated benefit data
administered by the Department for Work and Pensions,
including pension credit and Carer’s Allowance. When
combining digital front door information with data from SALT
and Stat-Xplore, we only included the latest wave (2021) to
ensure that our results would be representative of current policy
arrangements. Given that data was not available from 5 local
authorities (Hackney, City of London, Isles of Scilly, North
Northamptonshire, and West Northamptonshire), data from 147
local authorities only were used in our study. The data are
available in Multimedia Appendix 1.

Measurement

Dependent Variables
The outcome of interest was the rate of using social care support,
including LTC, STC, and OLLS. Specifically, reablement
services, an important type of STC that supports individuals to
regain independence after an illness or hospital discharge, were
included in our analysis. We also identified 3 types of LTC:
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community care, residential care, and nursing services. For each
service type, we calculated rates using the number of people
receiving the service as the numerator and the population aged
18 years or 65 years and older as the denominator.

Independent variables
We assessed local authorities’ digital front arrangements with
3 dichotomous variables, whether local authorities provided
easy-read information online information regarding adult social
care and whether they provided online self-assessment for both
cared-for adults and for caregivers (no=0, yes=1).

Covariates
Population size, dependency level, and financial need factors
were selected as covariates [26]. Population size was measured
using the number of people (100,000) in 3 age groups: 18 years
and older, between 18 years and 64 years, and 65 years or older.
Proxy variables for care needs included the proportion of the
older population aged 80 years and older, and the proportion of
older people who received Attendance Allowance (the primary
universal benefit for older people with social care needs).
Financial need was assessed by the number of recipients
receiving pension credit divided by the older population, and
the proportion of the population receiving carer’s allowance
(cash benefit for caregivers who provide care at least 35 hours
per week and earn less than £139 (US $177) per week in 2023).

Analysis
Multivariate regression analysis was performed. The main
analysis used a cross-sectional ordinary least squares (OLS)
estimation. The OLS approach was deemed appropriate for this
analysis because our dependent variables are continuous. To
correct the right-skewed distribution of the dependent variables,
a natural log transformation was applied before analysis. This
transformation helps ensure the normality assumption of OLS
regression is satisfied, a method commonly used in previous
studies [27,28]. We were limited to using SALT data from 2021
as the data for 2022 were not yet published at the time of
analysis. As such, there is a small mismatch in timings between
our categorization of front door arrangements and the care use
data. Nonetheless, given that the rate of change for these
variables is relatively slow, we argue that this is an acceptable
limitation.

Listwise deletion was used to handle missing values on 2
dependent variables (ie, LTC for older people and OLLS). In

both cases, less than 0.7% (1/147) of the cases were missing.
Given the potential problem of multicollinearity, we conducted
collinearity diagnostics. The mean variance inflation factors
ranged from 1.28 to 2.49 and thus did not exceed the suggested
threshold (variance inflation factors >10), indicating no evidence
of multicollinearity [29].

Ethical Considerations
This study used publicly available data aggregated at the local
authority level. The data did not involve the collection of any
personally identifiable information, nor did it involve direct
interaction with human participants. As a result, this research
did not require ethical approval from an ethics committee.

Results

Descriptive Statistics
Table 1 summarizes relevant characteristics of the 147 local
authorities in 2021 by age group, that is, all adults aged 18 years
and older, younger people aged between 18 years and 64 years,
and older people aged 65 years and older. The average rate of
using LTC, STC, and OLLS per 100,000 population for all
adults was 4.73, 7.04, and 11.53, respectively. Approximately
20% (27/147) of local authorities provided digital, web-based
easy-read information online information about adult social
care systems. The proportion of local authorities that provided
online digital self-assessment for adults and caregivers was 25%
(37/147) and 27% (40/147), respectively. The average adult
population (aged 18 years and older) across local authorities
was 294,000, while the average older population (aged 65 years
and older) was 63,000.

In addition, we used chi-square tests to identify whether the
provision of the digital front door varied among the 9 larger
administrative areas in England. The results are presented in
Table S1 in Multimedia Appendix 2, which suggests significant
differences across regions. Among the 9 regions, the East of
England had the highest proportion of local authorities that
offered easy-read information online information, and the
Southeast had the highest proportion of local authorities
providing online self-assessment for adults and caregivers. In
contrast, local authorities in the Northeast and the Northwest
did not offer easy-read information online information, and the
Southwest had the lowest proportion of local authorities
providing online self-assessments for adults and caregivers.
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Table 1. Characteristics of local authorities (n = 147) in England in 2021 by age group.

Age 65 years and older,
mean (SD)

Age 18 years and 64
years, mean (SD)

Age 18 years and older,
mean (SD)

Variable

Dependent variables

8.92 (5.60)3.55 (2.57)4.73 (3.30)Long-term care rate

12.43 (11.39)5.53 (6.34)7.04 (7.36)Short-term care rate

20.68 (21.33)8.90 (9.16)11.53 (11.92)Ongoing low-level support rate

Independent variables

0.18 (0.39)0.18 (0.39)0.18 (0.39)Easy-read information (=1)

0.25 (0.44)0.25 (0.44)0.25 (0.44)Self-assessment for adults (=1)

0.27 (0.45)0.27 (0.45)0.27 (0.45)Self-assessment for caregivers (=1)

Covariates

0.70 (0.63)2.24 (1.63)2.94 (2.22)Population size (100,000)

0.27 (0.02)—a0.27 (0.02)Proportion of older people aged 80 years and older

0.50 (0.07)—0.50 (0.07)Proportion of older population receiving Attendance Allowance

0.54 (0.24)—0.54 (0.24)Proportion of older population receiving pension credit

0.10 (0.04)0.11 (0.04)0.10 (0.04)Proportion of population receiving caregiver’s allowance

aNot applicable.

Digital Front Doors and Social Care Support
Table 2 shows the association between the digital front door
and the rate of using social care support. Panels 1, 2, and 3 show
the estimates for LTC, STC, and OLLS, respectively. For each
outcome, we investigated the association with the digital front
door by three age groups: (1) all adults aged 18 years and older,
(2) younger people aged between 18 years and 64 years, and
(3) older people aged 65 years and above. The rate of using
OLLS for all adults (β coefficient=0.54; P=.03), younger people
(β coefficient=0.48; P=.04), and older people (β
coefficient=0.53; P=.04) was positively associated with
providing easy-read information online information. Providing
online self-assessment tools for adults and caregivers was not
significantly related to the rate of using OLLS. Providing
easy-read information online information and online
self-assessments for adults and caregivers were not significantly
associated with LTC and STC.

Given the small sample size in our main analysis, we conducted
a robustness check by also including care use data for 2020,

assuming the same configuration of easy-read information and
self-assessment as for 2021. The results are presented in Table
S3 in Multimedia Appendix 2. We found that providing
easy-read information online information was still positively
associated with the rate of using OLLS, regardless of age group.
However, providing online self-assessment for adults was now
positively associated with the rate of using OLLS for all age
groups using this larger sample.

Given that LTC and STC are general categories that encompass
many types of services, we investigated the association between
the digital front door and specific subdivisions of these services
including restorative services, community care, residential care,
and nursing care. The results of this analysis are summarized
in Table S4 in Multimedia Appendix 2, together with the
relationship between the digital front door and funded social
care support. All associations between these types of services
and providing easy-read information and online self-assessment
were non-significant for both adults and caregivers.
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Table 2. Results of multivariate regression analysis examining the association between the digital front door and social care support in England in 2021

Age 65 years and olderAge 18 years and 64 yearsAge 18 years and older

P valueValuesP valueValuesP valueValues

Panel 1: Long-term care

.78–0.03 (0.10).34–0.14 (0.15).32–0.15 (0.15)Easy-read information, β coefficient (SE)

.480.08 (0.12).560.07 (0.13).420.10 (0.12)Self-assessment for adults, β coefficient (SE)

.59–0.06 (0.11).91–0.01 (0.13).72–0.04 (0.11)Self-assessment for caregivers, β coefficient (SE)

—Yes—Yes—bYesCovariatesa

—146—146—147Local authorities, n

.111.67 (8).0043.63 (5)<.0013.66 (8)F test (df)

—0.10—0.13—0.22R2

Panel 2: Short-term care

.18–0.30 (0.22).17–0.35 (0.26).19–0.32 (0.24)Easy-read information, β coefficient (SE)

.44–0.19 (0.25).33–0.25 (0.25).39–0.21 (0.25)Self-assessment for adults, β coefficient (SE)

.390.22 (0.26).330.25 (0.25).380.22 (0.25)Self-assessment for caregivers, β coefficient (SE)

—Yes—Yes—YesCovariates

—147—147—147Local authorities, n

.110.98 (8).052.27 (5).101.73 (8)F test (df)

—0.06—0.08—0.11R2

Panel 3: Ongoing low-level support

.040.53 (0.25).040.48 (0.24).030.54 (0.24)Easy-read information, β coefficient (SE)

.190.35 (0.27).230.34 (0.28).170.37 (0.27)Self-assessment for adults, β coefficient (SE)

.85–0.05 (0.28).91–0.03 (0.29).88–0.04 (0.28)Self-assessment for caregivers, β coefficient (SE)

—Yes—Yes—YesCovariates

—146—146—146Local authorities, n

<.0014.42 (8)<.0018.16 (5)<.0016.86 (8)F test (df)

—0.19—0.20—0.23R2

aWe presented estimators of all covariates in Table S2 in Multimedia Appendix 2.
bNot applicable.

Discussion

Principal Findings
To our knowledge, this is the first study that provides
information regarding the prevalence of digital easy-read
information and self-assessment tools from official websites in
England and investigates the association between these tools
and access to social care support. Using data at the local
authority level, we found that only 20% (27/147) of local
authorities provided online, digital easy-read information, and
approximately 25% (37/147) used digital self-assessment
approaches to promote service access. This is important as we
found local authorities that provided easy-read information had
a higher rate of using OLLS than those without such a front
door arrangement.

Comparison With Previous Work
Providing easy-read information has been shown to reduce
learning costs and enhance comprehension [30,31]. Our study
adds to this literature by demonstrating the association between
easy-read information online information and service access.
The availability of digital easy-read information was positively
associated with the use of OLLS, but we found no significant
association with rates of LTC or STC use. One possible
interpretation as to why easy-read information online
information only facilitated access for those eligible for
low-level ongoing care is that people using web-based digital
tools to access care services may have less physical and
cognitive impairment, that is lower needs, than their counterparts
[32,33]. Conversely, people with more severe needs may have
a higher likelihood of being referred directly to a full
professional assessment, bypassing the need for online access
or assessment. People with lower needs are also more likely to
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be assessed as needing OLLS rather than long-term and STC
[34].

We did not find a significant association between the availability
of online self-assessment tools for adults and caregivers, and
access to social care support (although alternative analysis using
2 years of data did find a positive association). In practice, the
provision of an online self-assessment facility does not
necessarily imply that such a system is fully used. One pilot
program in England showed that about two-thirds of people
requested a face-to-face professionally led assessment rather
than a self-assessment, and this was especially true for those
with urgent and complex needs [35]. This lower rate of online
self-assessment use may explain the nonsignificant association
between online self-assessment and service use. In contrast,
people with less intensive needs typically prefer using a
self-assessment, especially when professional assistance is
readily available [16]. Therefore, policy makers could develop
both professionally led assessments and online self-assessments
to meet the individual preferences of service users. Also, online
self-assessment could be augmented with online support from
care professionals (eg, through a chat function) to further assist
users.

Limitations
This study has several limitations to consider. First, the digital
front door is a broad concept with multiple policy components,
which may not be fully measured. To address this challenge,
we investigated commonly discussed barriers to service access
and digital front door arrangements while acknowledging that
some digital channels are not operationalized in this study. For
example, individuals may use information and assistance from
nonprofit organizations’ websites, such as Age UK and Carers
UK. Third-sector websites are an essential aspect of the digital
front door, and future research could examine their impact on
service access. In addition, although local authorities that
provide easy-read information typically incorporate the term
“easy-read information,” we acknowledge that some websites
offer such content without explicitly using this exact keyword.

Second, this study provides an up-to-date snapshot of the digital
front door in England by offering a cross-sectional analysis of
current policy practices. Information regarding the digital front
door between late 2022 and early 2023 was combined with
social care data from 2021 to 2022 as these were the most
up-to-date statistics available at the time of analysis. As noted

above, given that general changes in service use are relatively
slow, we believe this limitation to be minimal. Nonetheless, we
do accept the possibility that, in some cases, the 2022 and 2023
social care data may better reflect the association with current
digital front door policies, leading to smaller estimated effect
sizes in the current analysis.

Finally, the cross-sectional design of this study limits our ability
to establish causal relationships between the digital front door
and social care use. While we assumed that these digital
arrangements promote access to social care, the possibility of
reverse causality cannot be excluded. For example, local
authorities facing high demand for OLLS may introduce online
digital easy-read information to reduce service inquiries,
resulting in a potentially spurious correlation between these
digital systems and service use. Therefore, our findings should
be interpreted as indicative associations rather than causal
relationships. Future research could use longitudinal data and
causal inference methods to more rigorously examine the impact
of the digital front door on access to social care support.

Strengths and Implications
Despite these limitations, this study is among the first to
empirically examine the association between providing
easy-read information and self-assessment tools from official
websites and service access. The findings presented here could
inform policy makers interested in developing digital channels
for service access. They are also relevant for discussions about
increasing service use, reducing unmet needs, and enhancing
the well-being of service users.

Our findings have implications for policy makers and
practitioners who aim to promote service use. Though digital
channels have the potential to save costs, we found relatively
few local authorities provided online digital easy-read
information and online self-assessment tools, as noted above.
Although we do not have information about the costs of
implementing such a facility, our findings suggest a positive
association with (low-level) service use. This association could
potentially lead to lower levels of unmet need and better
care-related outcomes, which may, in turn, lead to cost-savings
downstream. Given that digital channels might facilitate service
access, there is a case for a wider roll-out of digital easy-read
information facilities, particularly where the costs of
implementation are minimal.
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Abstract

Background: Chronic obstructive pulmonary disease (COPD) primarily originates from exposure to tobacco smoke, although
factors, such as air pollution and exposure to chemicals, also play a role. One of the primary treatments for COPD is oxygen
therapy, which helps manage dyspnea and improve survival rates. Mobile health (mHealth) technologies have demonstrated
significant potential in monitoring patients with chronic diseases, offering new avenues for enhancing patient care and disease
management.

Objective: The purpose of this study was to evaluate the efficacy and acceptability of a mobile app designed for the clinical
monitoring of patients with COPD and home oxygen (HO) therapy, compared with conventional monitoring in real-world
community settings.

Methods: A parallel-group, nonblinded, multicenter randomized controlled trial was conducted with 45 participants; the
intervention group (IG), which used the mobile app in addition to conventional monitoring (n=23) and the control group, which
received only conventional monitoring (n=22), administered by therapists over a duration of 3 months. The primary outcomes
included the chronic obstructive pulmonary disease assessment test (CAT) score, the level of dyspnea measured by the Borg
scale, and oxygen saturation percentage, assessed at both the beginning and end of the trial. Secondary outcomes included the
frequency of app use, the number of hospitalizations, and survival rates. In addition, a satisfaction survey and an interview were
conducted with the IG.

Results: The median use of the mobile app was 21 (IQR 16-28) days. At the end of the follow-up, the Borg dyspnea scale was
significantly lower in patients who used the mobile app for HO therapy monitoring (mean 0.6, SD 0.8 vs mean 4.1, SD 1.4;
P=.001). Regarding the impact of COPD on quality of life, as measured by the CAT, no differences were found in the scores
between baseline and end-of-follow-up within the control group. However, a significant decrease was observed in the IG (baseline
median CAT 27, IQR 23-31 vs final median CAT 22, IQR 14-28; P<.001). In addition, the CAT score was significantly higher

J Med Internet Res 2025 | vol. 27 | e65888 | p.100https://www.jmir.org/2025/1/e65888
(page number not for citation purposes)

Naranjo-Rojas et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

mailto:anisbednaranjo24@gmail.com
http://www.w3.org/Style/XSL
http://www.renderx.com/


in patients receiving conventional monitoring compared with those monitored with the mobile app (median 30, IQR 23-32 vs
median 22, IQR 14-28; P=.02).

Conclusions: The use of the mobile app, AppO2 (SINCO), designed for the clinical monitoring of patients with COPD and HO
therapy, is associated with improved quality of life. In addition, the app is highly accepted by users, promotes self-care, and
fosters patient confidence in managing their own condition.

Trial Registration: ClinicalTrials NCT04820790; https://clinicaltrials.gov/study/NCT04820790

International Registered Report Identifier (IRRID): RR2-https://doi.org/10.1186/s12875-021-01450-8

(J Med Internet Res 2025;27:e65888)   doi:10.2196/65888

KEYWORDS

m-Health; chronic obstructive pulmonary disease; quality of life; mobile health applications; home oxygen therapy; mobile phone

Introduction

The main cause of chronic obstructive pulmonary disease
(COPD) is exposure to tobacco smoke; however, there are also
other associated factors such as air pollution, exposure to
chemicals, and a history of respiratory diseases [1]. The World
Health Organization considers it the third cause of death
worldwide, making it a public health problem [2]. It is estimated
that approximately 8% of the Colombian population—equivalent
to about 3.6 million people—suffers from COPD [3,4]. Oxygen
therapy is one of the main treatments for this disease [5], aiding
in the control of symptoms such as dyspnea and improving
survival [5]. Mesquita et al [6] found patients with COPD who
did not adhere to oxygen therapy experienced a long-term
decrease in quality of life compared to those who followed their
prescribed treatment [7]. Similarly, several authors [6,8,9] have
identified factors such as age, communication barriers between
doctor and patient, clinical follow-up, and disease knowledge
as significant challenges to adhering to oxygen therapy [6]. Low
adherence can lead to exacerbations [10], which deteriorate lung
function, negatively affect patients’ quality of life, and increase
mortality [11].

Furthermore, these exacerbations contribute to substantial health
care costs. In Colombia, each exacerbation costs an average of
US $98 [12], with costs rising to nearly US $700 if
hospitalization is required [12]. In addition, this high cost can
be attributed to the fact that once a patient is hospitalized, there
is a high risk of rehospitalization or death. For example,
Niewoehner [13] found that of 1016 patients hospitalized for
COPD, some were rehospitalized and 33% (n=335) died within
6 months of discharge.

Conversely, mobile health (mHealth) technologies hold
significant promise for monitoring patients with chronic diseases
[14]. These apps offer benefits such as remote monitoring, direct
communication with health care professionals, recording of
clinical signs, and the development of self-care skills [14]. A
Cochrane review [15] suggested that self-monitoring of
symptoms through mobile apps positively impacts the
development of self-care and self-management skills in patients
with chronic diseases [9]. Furthermore, studies, such as the one
conducted by Knox et al [16], have focused on designing mobile
apps for patients with COPD, concluding that reporting clinical
information through these apps can aid in disease management
[16].

Some authors emphasize the importance of designing these
mHealth apps with a user-centered approach [17,18].
Understanding the perceptions and needs of the end user as well
as adapting to their sociodemographic characteristics and level
of technological literacy are indispensable strategies for
developing mHealth apps that increase adherence to use and,
consequently, to treatment and self-care [17-19]. Therefore,
evaluating the usability [20] of mHealth apps before their
implementation is crucial. Conducting usability tests to assess
user performance on specific tasks can identify areas for design
improvements and enhance user satisfaction [4,21].

Based on the above, the authors of this study designed and
developed a mobile app called AppO2 (SINCO) before
conducting the research. This app was created using a
user-centered design methodology and underwent usability tests
[4,19]. AppO2 facilitates the monitoring of the clinical status
of patients with COPD receiving home oxygen (HO) therapy,
with 2 user profiles—patients (or their caregivers) and health
care professionals [4,19]. The functions of the patient profile
are centered on self-care skill development and quality of life
improvement. These functions include tutorials on measuring
and recording vital signs, accessing information related to the
prescription of HO treatment, and communicating and
interacting with health care professionals [4,19]. Conversely,
the functions of the professional profile are designed to monitor
patients’ clinical status on a daily basis, record and review
clinical changes to inform decision-making, and control the
dosage of HO therapy [4,19].

Finally, the functionalities of this mobile app were designed to
promote self-care in patients with COPD receiving HO therapy.
It also sought to address the primary challenges these patients
face in improving adherence to HO treatment, preventing or
detecting exacerbations early, and enhancing their quality of
life [4,19].

In this context, this study aimed at evaluating the efficacy and
acceptability of AppO2 in real community settings compared
with conventional home care monitoring for patients with
COPD-prescribed HO.

Methods

Study Design and Participants
A 3-month, open-label, 2-arm, parallel-arm, multicenter,
randomized controlled, nonblinded, clinical trial was conducted
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to determine the efficacy of a mobile app in monitoring the
clinical status of patients with COPD receiving HO therapy.
The control group (CG) comprised patients receiving HO and
monitored using conventional methods, such as weekly home
visits by a health care professional. The intervention group (IG)
comprised patients who were also monitored through weekly
home visits in addition to using the AppO2 mobile app. The
clinical trial was conducted in Cali, Colombia, with the
participation of 3 home care institutions—TodoMed, Amanecer
Médico, and Cuidarte en Casa. The clinical trial protocol was
registered in ClinicalTrials.gov (ID NCT04820790) [4].

Patients were recruited from May to December 2023 based on
the following inclusion criteria: (1) being ≥18 years old, (2)
having a medical prescription for HO for more than 1 year, (3)
having a caregiver, (4) owning a smartphone, and (5) consenting
to audio recording. The exclusion criterion was patients
undergoing mechanical ventilation.

In total, 2 health care professionals were included based on the
following inclusion criteria: (1) being ≥18 years old, (2) being
respiratory therapists and physiotherapists affiliated with a home
care company, (3) having more than 6 months of experience in
home care, and (4) having a smartphone. The exclusion criterion
was established as professionals with less than 6 months of
experience in managing patients receiving HO.

Sample Size
To achieve a 1:1 ratio between the IG and CG, with 80% power
(β error=20%) and 95% CI (α error=5%), and estimating that
the AppO2 app in the IG would result in a 3% increase
self-management of dyspnea, with SD 6 [22], a minimum sample
of 32 participants (16 in each group) was estimated. Finally, to
minimize the effects of potential patient losses that would reduce
statistical power, the sample was expanded to a final size of 45
participants (23 in the IG and 22 in the CG) [4].

Randomization

Overview
Participants were equally and randomly assigned to either the
IG or CG using a simple randomization method with Epidat 3.1
(Consellería de Sanidade de la Xunta de Galicia, in collaboration
with the Pan American Health Organization [PAHO]). Blinding
was not possible for participants or health care professionals
owing to the intervention method used.

Sample Selection
Consecutive sampling was used to recruit patients and all
participants who met the selection criteria and attended
consultations at participating institutions were included in the

study. Sampling was done until the predetermined sample size
was reached.

Intervention
After selecting the trial participants, the IG downloaded the
AppO2 app on their mobile phones. The objectives of the
investigation and the operation of the app were explained to
them. In addition, it was recommended to use the app at least
once a week. All recorded information was stored anonymously
in a cloud-based database, identifiable by a code only known
to the principal investigator. The database was accessible to
researchers through a web app for review and analysis.

The AppO2 mobile app consists of 2 user profiles, one for
patients and caregivers and another for professionals. There are
3 sections in the patient and caregiver profile, “My Profile,”
“Medical Visit,” and “Tutorials.” In the “My Profile” section,
patients can record their vital signs and the degree of respiratory
difficulty, view the medical prescription for oxygen therapy
including the duration of the oxygen therapy regimen, and record
the number of daily inhalations if they have a prescription for
medication. When recording their vital signs, patients from their
user profile receive notifications informing them if vital signs
are outside the predetermined ranges. These alerts suggest that
they tell their health care professional to adjust treatment as
necessary or recommend that they carefully follow medical
indications if a slight alteration in vital signs is detected.
However, these notifications are not sent to medical staff in
real-time. Instead, professionals can view patients’ clinical
history as they see fit through their profile [4,19]. This
functionality allows them to monitor the behavior of vital signs
and make the appropriate adjustments during scheduled home
visits, accessible through the “Medical Visit” section. This
approach allows for more flexible management and avoids an
overload of unnecessary alerts, which could generate “false
positives” by prioritizing intervention based on a comprehensive
patient assessment. The “Medical Visit” section allowed users
to view the schedule of upcoming medical visits and the history
of past visits. In addition, the “Tutorials” section featured videos
that provided education and instructions on taking vital signs
and using oxygen systems [4,19].

Similarly, the professionals’profile has 2 sections, “My profile,”
where they can register their personal data and update their
account, if necessary, and “My patients,” where they can record
the assessment, prescribe oxygen, and monitor the clinical status
of patients. They can also view graphs that display the monthly
trends of each vital sign. Through the professionals’ profile,
information on HO prescription parameters, visit schedules,
and data on the estimated duration of oxygen cylinders are sent
to the IG [4] (Figure 1).
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Figure 1. AppO2 user profiles. (A) Patient and caregiver profile. (B) Professional profile.

Measures
Independent variables, including participants’sociodemographic
characteristics (eg, age, sex, marital status, educational level,
and place of residence) and other aspects of lifestyle and
treatment (such as smoking, biomass exposure, and duration of
HO treatment), were obtained from the databases and record
systems of the 3 health institutions to which they belonged.

During the home visits, therapists collected information was
collected on variables related to vital signs, such as oxygen

saturation through pulse oximetry, respiratory rate, central heart
rate, number of exacerbations, number of hospitalizations,
number of emergency room admissions, survival, inhaler use,
and changes in oxygen prescription. Cylinder duration time was
calculated considering the conversion factor, oxygen system
flow, residual pressure, and cylinder pressure [23]. This
calculation was performed manually in the CG, whereas the
mobile app was used in the IG. In addition, therapists reminded
patients and caregivers to use the app during each visit. Vital
signs and the relationship between oxygen saturation and
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fraction of inspired oxygen [24] were recorded once a week
from the date of randomization until week 12 or until the time
of death from any cause, whichever occurred first.

The degree of respiratory distress was determined using the
Borg Dyspnea Scale [25], a standardized, validated analog scale
in Spanish, widely used since the 1970s. The scale ranges from
0 to 10 and is designed to quickly and easily assess patients’
perception of dyspnea. It includes a graph associated with each
quantitative value, which helps patients identify their level of
respiratory distress, with 10 indicating the highest level of
perceived dyspnea [26]. Assessment using the Borg test was
conducted from the beginning of the study until week 12 or
until the date of death from any cause, whichever occurred first.
In addition, the number of days the app was used, access to each
screen, and connection time within the mobile app were tracked
in the IG.

Questionnaires
The chronic obstructive pulmonary disease assessment test
(CAT) questionnaire was used to assess the impact of COPD
on patients’ quality of life [27]. This questionnaire was
administered to both the IG and CG at the beginning and at the
end of the intervention. The acceptance of AppO2 was evaluated
using the technology acceptance model (TAM) [28], which
assessed the perceived usefulness and ease by participants in
relation to AppO2 [28]. This questionnaire, along with an
interview to gauge the perception of AppO2, was administered
to health care professionals and the IG at the end of the
follow-up period.

Chronic Obstructive Pulmonary Disease Assessment
Test
This is a validated [29,30] and publicly accessible questionnaire
consisting of 8 questions, each evaluated on a scale of 0-5 points.
The minimum score is 0, and the maximum score is 40 [29,30],
reflecting the impact COPD has on a patient’s quality of life.
The scores are classified as (1) low impact (1-10 points), where
most days are “good days”; (2) medium impact (11-20 points),
with few “good days”; (3) high impact (21-30 points), with no
“good days”; and (4) very high impact (31-40 points), where
the disease’s limitation is at its maximum. A progressive
increase in CAT scores indicates an increase in the impact of
COPD on the patient’s quality of life [27,29].

AppO2 Acceptance Questionnaire and Perception
Interviews
The AppO2 mobile app acceptance questionnaire was
administered to patients and professionals. It was based on the
TAM [30] designed by Davis [31,32], aimed at evaluating
people’s perception of usefulness and ease regarding acceptance
in the use of devices or software in digital environments.
Although several variations have been made by different authors
[33-35], it is essential to evaluate the following dimensions: (1)
perception of usefulness and (2) perception of ease. Based on
these dimensions, 12 items translated and validated into Spanish
[36,37] were applied, with minor adaptations in their content
for better understanding.

Responses were assessed using a Likert scale, ranging from
“totally agree” to “totally disagree” (Multimedia Appendix 1).
To determine the acceptance of the AppO2 mobile app, 1 point
was assigned to the item with which participants were
moderately or totally in agreement, and 0 was assigned to items
with which they were moderately or totally in disagreement.
Cutoff points for the level of acceptance were obtained by
measuring quartiles. Low acceptance was considered if it was
in quartile 1 (1-3 points), moderate if it was between quartiles
2 and 3 (4-9 points), and high if it was in quartile 4 (10-11
points). Furthermore, to complete the evaluation of participants’
perceptions regarding the AppO2 app, an interview was
conducted with both the IG and health care professionals. The
objective of the questions was to inquire about what they liked
or disliked most about the app, the perceived benefits, and their
preferences. These interviews were conducted at the end of the
intervention (Multimedia Appendix 2).

Primary and Secondary Outcomes
Primary outcomes consisted of the CAT score, the degree of
dyspnea measured using the Borg test, and the percentage of
oxygen saturation at the beginning and end of the clinical trial.
Secondary outcomes were the frequency of use of the app,
number of hospitalizations, and survival.

Statistical Analysis
Data analysis was performed using SPSS Statistics software,
version 25.0 (IBM Corp). Initially, a descriptive analysis of the
study variables was conducted, characterizing the patients and
generating graphs and tables of absolute and relative frequencies
for qualitative variables. For quantitative variables, measures
of central tendency and position (mean and median) with their
respective measures of dispersion (SD and IQR) were calculated.

In the bivariate analysis, the Student t test or its nonparametric
equivalent (Mann-Whitney U test) was used to compare 2
means. For categorical variables, the chi-square test was used.
To analyze 3 or more mean values, repeated measures analysis
of variance or the Friedman test was used. Crude odds ratios
(ORs) were initially calculated to determine variables
independently associated (AppO2 use and sex) with the impact
of COPD on quality of life, as measured by the CAT. In
addition, an analysis of covariance (ANCOVA) was used, which
allowed for adjustment of differences in the final Borg dyspnea
scores based on the initial baseline score. This ensured that
observed changes were attributed to the intervention with the
app rather than initial variations in dyspnea.

Finally, a binary logistic regression model was applied,
including variables with a P value <.20 in the initial analysis
presented or those related to the outcome by biological
plausibility. This allowed for estimating the standardized β
coefficients, an adjusted coefficient of determination, and the
residual values. The binary logistic regression analysis
dichotomized the CAT outcome into “low” (patients with a low
or medium CAT score) and “high” (patients with a high or very
high CAT score). The model was adjusted for possible
confounding variables (time of oxygen use and years of cigarette
consumption). An α error of ≤0.05 was considered statistically
significant, and 95% CIs were calculated.
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Ethical Considerations
The clinical trial protocol was approved by the Ethics Committee
of the Department of Health of Universidad Santiago de Cali,
Colombia, Act No. 02, as well as by the 3 home care institutions
in the city of Cali, Colombia. The investigation complies with
international regulations, such as the Declaration of Helsinki.
All participants gave their written informed consent before
inclusion in the study. Informed consent was obtained, and the
participants were informed of the possibility of opting out or
withdrawing at the time of their choice, if applicable. The data

were anonymized so that participants could not be identified,
and no amount of compensation was offered or awarded.

Results

Participants were equally and randomly assigned to either the
IG or CG using a simple randomization method with Epidat 3.1
(Consellería de Sanidade de la Xunta de Galicia, in collaboration
with the Pan American Health Organization [PAHO]). Blinding
was not possible for participants or health care professionals
owing to the intervention method used (Figure 2). The
CONSORT Checklist is included as Multimedia Appendix 3.

Figure 2. Modified CONSORT (Consolidated Standards of Reporting Trials) flow diagram for individual randomized controlled trials of
nonpharmacological treatments.

A total of 45 participants were included (23 from the IG and 22
from the CG). The cohort was predominantly female (n=31,
69%) with a mean age of 75.4 (SD 15.9) years (95% CI
70.7-80.0 years). Furthermore, 73% (n=33) of the participants
had been exposed to biomass at some point in their lives, and
93% (n=42) had a history of smoking, with a time of

consumption that exceeded 15 years in most cases (n=30, 67%).
When comparing baseline characteristics between the groups,
no statistically significant differences were observed in
sociodemographic variables and background except for the
“time of oxygen use for more than 15 years,” which was greater
in the IG (n=17, 74% vs n=9, 41%, P=.02; Table 1).
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Table 1. Baseline characteristics of patients in the control and intervention groups enrolled in the study (n=45).

P valueControl (n=22)Intervention (n=23)Variable

.50aSex, n (%)

6 (27)8 (35)Male

16 (73)15 (65)Female

.50aEducation level, n (%)

16 (73)18 (78)Primary

5 (23)5 (22)Secondary

1 (4.5)0 (0)University

<.001aAppO2 usage time, n (%)

9 (41)17 (74)More than 15 hours

13 (59)6 (26)Less than 15 hours

.20aActivities using AppO2, n (%)

0 (0)0 (0)Bathing

0 (0)2 (9)Dressing

4 (18)7 (30.4)Sleeping

7 (32)7 (30.4)Moving around

11 (50)7 (30.4)All of the above

.90aBiomass exposure, n (%)

16 (73)17 (74)Yes

6 (27)6 (26)No

.08bSmoking history, n (%)

22 (100)20 (87)Yes

0 (0)3 (13)No

.30aYears of smoking, n (%)

6 (27)9 (39)15 years or less

16 (73)14 (61)15 years or more

<.001aInstitution, n (%)

11 (50)10 (43.5)TodoMed

9 (41)3 (13)Amanecer médico

2 (9)10 (43.5)Cuidarte en casa

.15c78.9 (13)72.1 (18.2)Age (years), mean (SD)

<.001c4.3 (1.4)1.2 (0.91)Baseline Borg score, mean (SD)

.28c28.9 (6.9)26.3 (8.2)Baseline COPDd assessment test score, mean (SD)

aChi-square.
bContinuity correction.
cMann-Whitney U test.
dCOPD: chronic obstructive pulmonary disease.

Regarding the behavior of vital signs during the 3-month
follow-up for patients with conventional follow-up, no
significant differences were observed in respiratory rate, heart
rate, temperature, saturation, and Borg Dyspnea Scale scores.
Likewise, in the IG, no statistically significant differences were

found in vital signs, except in the Borg Dyspnea Scale score,
which decreased over time (month 1: mean 1.2, SD 0.9; month
2: mean 1.0, SD 0.9; month 3: mean 0.6, SD 0.8; P=.01) (Figure
3).
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When comparing the clinical variables at the end of follow-up
between the groups, it was found that the Borg Dyspnea Scale
score was significantly lower in the IG than in the CG (mean
0.6, SD 0.8 vs mean 4.1, SD 1.4; P=.001; Table 2).

After adjustment for baseline values, significant differences
were maintained in both Borg Dyspnea Scale and CAT final
scores, favoring the intervention group, with lower adjusted
means (1.3 vs 2.7; P=.02 and 22.33 vs 26.69; P=.002,
respectively; Table 3).

Figure 3. Clinical behavior during the follow-up of patients included in the study (n=45).

Table 2. Comparison of clinical variables of patients in the intervention and control groups (n=45).

P valuebControl (n=22), mean

differencea (SD)

Intervention (n=23),

mean differencea (SD)

P value95% CIControl (n=22),
mean (SD)

Intervention
(n=23), mean (SD)

Variable

.104 (2.80)–3.1 (2.19).87–5.6 to 6.679 (9.1)79.5 (11.8)Heart rate

.99–1 (0.71)–1 (0.71).15–2.3 to 0.320 (2.3)19 (2.3)Respiratory frequency

.99–1 (0.71)–1 (0.71).95–2.2 to 2.293 (2.3)93 (5)Oxygen saturation

—c–0.1 (–0.07)0 (0).30–027 to 0.0736.1 (0.3)36.0 (0.3)Temperature

.72–0.8 (0.56)–0.6 (0.42).001–4.17 to –2.834.1 (1.4)0.6 (0.8)Borg score

aMean difference: mean at the end−mean at the beginning of follow-up.
bStudent t test.
cNot applicable.
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Table 3. Analysis of covariance of the impact of the use of AppO2 on Borg Dyspnea Scale and chronic obstructive pulmonary disease assessment test
scores at the end of follow-up, monitoring for the baseline levels of dyspnea.

P valueb95% CIMean (SD)P valuea95% CIMean (SD)

.02<.001Borg Dyspnea Scalec

0.77-1.841.3 (1.2)0.29-1.010.65 (0.8)Intervention group (n=23)

1.83-3.602.7 (1.6)2.96-4.643.8 (1.4)Control group (n=14)

.002.01COPDd Assessment Test (CAT)

20.49-24.1722.33 (4.27)17.41-25.4121.41 (9.01)Intervention group (n=23)

24.80-28.5026.69 (4.2)24.4-30.9327.67 (7.17)Control group (n=14)

aStudent t test.
bAnalysis of covariance (ANCOVA).
cR2 adjusted for baseline Borg score: 0.766.
dCOPD: chronic obstructive pulmonary disease.

Regarding the impact of COPD on quality of life measured with
the CAT questionnaire, although no differences were found in
the score between the baseline measurement and at the end of
follow-up in the control group, a significant decrease was
observed in the intervention group (median baseline CAT 27,
IQR 23-31 vs median final CAT 22, IQR 14-28; P<.001; Figure
4). In addition, the CAT score was significantly higher in
patients undergoing conventional follow-up compared with
those followed with the mobile app (median 30, IQR 23-32 vs
median 22 IQR 14-28; P=.02).

When evaluating the record of HO therapy prescriptions in each
group, it was found that the proportion of individuals who
performed the HO therapy prescriptions correctly was higher
in the IG throughout each month of follow-up. The frequency
of accessing tutorials or educational records was significantly
higher in the IG (95.7% vs 59%; P=.003) in the first month of
follow-up (Table 4). Furthermore, during the study period, 50%
(n=11) of participants in the IG used the mobile app for more

than 21 days (median 21, IQR 16-28). The median was greater
than 14 days for most variables requiring frequent recording or
entry: vital signs recording (median 19, IQR 15-27), Borg scale
recording (median 16, IQR 14-22), and oxygen prescription
recording (median 14, IQR 11-18; Multimedia Appendix 4).

Satisfaction was mostly observed among users of the AppO2
app, including patients, caregivers, and therapists. Details
regarding the measurement of satisfaction with the AppO2 app
are presented in Multimedia Appendix 5.

Similarly, in interviews assessing the perception and acceptance
of technology using the TAM, the IG reported that the use of
the mobile app fostered confidence and improved
communication with health care professionals. The group
emphasized the value of notifications regarding their vital signs,
noting that having access to this information made them more
responsible in managing and caring for their disease. Multimedia
Appendix 6 presents some expressions reflecting the perceptions
and acceptance of AppO2.

Figure 4. Comparison of chronic obstructive pulmonary disease assessment test scores at baseline and at the end of follow-up for control and intervention
group patients included in the study. CAT: chronic obstructive pulmonary disease assessment test.
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Table 4. Comparison of oxygen therapy recording, education, and oxygen cylinder duration in the control group versus the intervention group.

P valueControl (n=22), n (%)Intervention (n=23), n (%)Variable

Records oxygen prescription

.00614 (64)22 (96)Month 1

.00211 (50)22 (96)Month 2

.00110 (48)22 (96)Month 3

Records education or reviews tutorials

.00313 (59)22 (96)Month 1

.189 (41)14 (61)Month 2

.00214 (67)4 (17)Month 3

Records duration of oxygen cylinder

.132 (9)6 (26)Month 1

.723 (14)4 (17)Month 2

.447 (33.)5 (17)Month 3

Finally, the binary logistic regression model was statistically
significant (chi-square value=5.9, P<.001) and demonstrated a
good fit (Hosmer-Lemeshow test=3.92, P=.80). The use of the
mobile app was the only variable independently associated with

the impact on the quality of life of patients with COPD, as
measured using the CAT questionnaire (adjusted OR 0.15; 95%
CI 0.02-0.82; Table 5).

Table 5. Use of AppO2 and its association with decreased impact of chronic obstructive pulmonary disease on quality of life measured by chronic
obstructive pulmonary disease assessment test.

P valueAdjusted OR (95% CI)P valueCrude ORa (95% CI)Variable

App usage

.020.15 (0.02-0.82).020.15 (0.02-0.80)Yes

.026.57 (1.21-35.52).026.57 (1.21-35.5)No

Sex

.921.09 (0.18-6.38).750.79 (0.18-3.30)Male

.920.91 (0.15-5.34).751.25 (0.29-5.20)Female

Oxygen use duration

.530.58 (0.10-3.28).660.73 (0.17-3.00)More than 15 hours

.531.72 (0.30-9.70).661.36 (0.33-5.50)Less than 15 hours

Smoking duration

——b.541.6 (0.35-7.20)More than 15 years

——.540.62 (0.13-2.82)Less than 15 years

Smoking and biomass exposure

——.292.1 (0.51-8.70)Yes

——.290.46 (0.11-1.90)No

aOR: odds ratio.
bNot applicable.

Discussion

Overview
A 2-arm randomized clinical trial was conducted to determine
the effectiveness and acceptability of the AppO2 mobile app
for managing HO therapy in patients with COPD in Cali,
Colombia.

The use of health technology tools that offer clinical
interventions is emerging as a promising strategy in the health
care setting [38,39]. In recent years, self-management
interventions supported by smartphone apps have been shown
to improve disease management in chronic patients, thus
decreasing hospitalizations and emergency room visits and
improving quality of life [40].
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Quality of Life of Patients With COPD Receiving Home
Oxygen When Using AppO2
The main finding of this investigation is that the use of the
AppO2 app is associated with a decrease in the score of the
impact of COPD on quality of life. This reduction in the CAT
score suggests a lower negative impact of the disease on the
quality of life of patients and an improvement in their general
well-being. We believe that this finding is related to the
user-centered design approach of AppO2 [19], which addressed
specific needs expressed by patients and their caregivers during
the initial stages of the project. Therefore, this app is not only
limited to being a clinical monitoring tool, but it also promotes
the development of self-care skills and recognition of clinical
signs. Wang et al [41], who also used the CAT to assess the
impact on patient’s quality of life, observed significant
improvements in patients who used a mobile app compared
with those who received conventional medical care for COPD.

Another important aspect is the improvement in the dyspnea
score according to the Borg scale observed in the IG.
Participants mentioned that the information provided by AppO2
through images and notifications when determining the degree
of dyspnea allowed them to establish a direct relationship with
their perception of effort and respiratory difficulty. They also
stated that this facilitated communication with therapists through
the mobile app and during home visits. These findings are
consistent with those reported by Kayyali et al [42], who
demonstrated that patients who received clinical information
through technological tools, such as mobile apps, could establish
correlations with their symptoms and determine when to contact
health care professionals.

A Cochrane review [43] suggested that digital tools in health
care might improve patients’ quality of life, although long-term
effects remain unclear. Prolonged use of these digital
interventions could improve symptoms such as dyspnea. Our
findings align with studies [44,45] that indicate mHealth apps
enhance patients’ quality of life.

Health Perception and Self-Care of Patients With COPD
Receiving Home Oxygen When Interacting With AppO2
Our study found no significant differences between the groups
regarding the recording of the clinical signs such as oxygen
saturation, respiratory rate, and heart rate. This might be due to
the chronic condition [38,40] of the patients, which did not show
notable clinical changes during follow-up. However, users in
the IG reported that AppO2 improved their health and
confidence in recognizing and interpreting vital signs. This
suggests that the usefulness of the mobile app extends beyond
clinical sign monitoring, positively impacting patients’ self-care
and their perception of the app’s use, as supported by other
research on mHealth technologies [42,46,47].

Another point worth mentioning is the interaction of the patients
with the oxygen prescription section. The few patients in the
IG functionality found it helpful for managing their treatment
autonomously by viewing their oxygen prescription at any time,
facilitating the use of the HO. Despite previous positive
feedback on this feature [4,19], its low usage in this study might
warrant its reconsideration or removal. Conversely, the CG only

had access to this information during home visits from health
care professionals.

Furthermore, patients who used AppO2 mentioned feeling more
responsible and confident in managing their disease,
emphasizing that access to clinical information aided them in
adhering to guidelines for monitoring their clinical signs. This
finding aligns with previous investigations [43,47], which
indicate that patients with chronic diseases consider the use of
digital tools for self-care as a good strategy to access clinical
information and optimize disease management.

Acceptability and Connection Time With AppO2
According to the results of the level of acceptability measured
using the TAM tool, most patients expressed being completely
satisfied with the usefulness and ease of use of AppO2. In
addition, patients in the IG expressed feeling safe when using
the app. These results are consistent with those of the
investigation conducted by Knox et al [16], who designed an
app for patients with COPD also using the TAM. They observed
that patients demonstrated high motivation and a positive
attitude toward using the app, especially in making health-related
decisions [16].

On the other hand, while the average use of the app for 21 days
over a 3-month period may seem small, it is important to
consider that its design does not require continuous daily use
to be effective. The app focuses on building patient confidence
and promoting self-awareness of their symptoms. Through
intermittent but strategic use, patients acquire key tools to
monitor and manage their condition more autonomously,
potentially contributing to a better quality of life. On the other
hand, patients mentioned in interviews that they felt more secure
and confident knowing that therapists could access their records
at any time, assess their clinical condition, and adjust treatment
if necessary. This sense of constant accompaniment helped them
to feel “less alone” in the process of their treatment, enhancing
their mental well-being.

Likewise, some authors have indicated that certain factors may
influence the frequency of AppO2 use. These factors highlight
the acquisition of skills and knowledge for self-reporting and
managing their disease, which decreases the need to consult
tutorials or informative sections. As patients become more
familiar with these skills, they experience greater autonomy,
leading to more selective use of the app’s functions, focusing
on those they consider most relevant to their daily routine
[48,49].

In this sense, the trend of AppO2 use is reflected in the
maximum period of disconnection of 2 weeks observed among
the participants, demonstrating a significant engagement with
the app. Patients expressed greater confidence and education in
recognizing their vital signs. Thus, effective use of AppO2 is
not only measured by frequency of access but also by its ability
to foster self-management and clinical monitoring.

In previous studies [50-52], it has been documented that
adherence to mHealth apps tends to decline over time, especially
after an initial phase of intensive use. Perski et al [51] highlight
that this decline in user engagement may influence clinical
outcomes. However, they also identify factors that may prolong

J Med Internet Res 2025 | vol. 27 | e65888 | p.110https://www.jmir.org/2025/1/e65888
(page number not for citation purposes)

Naranjo-Rojas et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


use, such as personalization and regular reminders. Similarly,
Byambasuren et al [52] noted that the “novelty” of mobile apps
often wears off after the first few months. However, they suggest
that intuitive design [53] and ongoing support from health
professionals may improve long-term user retention.

In our study, the median number of app logins was 21 days
during the 3-month follow-up period. In addition, we observed
that the maximum time offline was 10 days. These data reflect
a pattern of use that aligns with the app’s design and does not
require continuous daily access to be effective. The design’s
simplicity [53], vital sign notifications, and ease of use have
been key factors in maintaining patient engagement.

As mentioned earlier, access to the tutorials in the IG decreased
by the third month. The authors attribute this finding to the fact
that the content of the videos did not vary over time, which may
have led patients to view the education provided as adequate
and integrated into their activities. This allowed them to be more
selective in choosing the sections that best suited their needs
and daily routine. In this sense, it is crucial to explore
reinforcement strategies in future studies to ensure continued
app use and maximize its clinical impact. This emphasis on
continuous improvement in app usage is essential for the
long-term success of such interventions [54,55].

Finally, the IG showed a maximum disconnection period of 2
weeks, indicating that the patients continuously interacted with
the app. This adherence may be attributed to the high usability
of AppO2, achieved through the end-user-centered design
methodology applied in this research [4,18,19]. Conversely, the
viewing of tutorials decreased in the final month of follow-up
in the IG, which could be attributed to patients becoming more
adept at self-monitoring and recognizing their vital signs.
Similarly, Ding et al [56] reported that the use of the mobile
app was more frequent during the first week of launch but
decreased over time. Similarly, previous research [48,49]
observed that users stop consulting some functions of mobile
apps over time. Some factors that may influence this are the
acquisition of skills and knowledge for self-registration and
management of their disease, which reduces the need to consult
tutorials or information sections. The continuous use of the app
can also lead to a more selective use of its functions, focusing
on those that are essential in their daily routine [48,49].

Principal Results
The findings of this study indicate that the use of the “AppO2”
mobile app is associated with a significant improvement in the
quality of life for patients with COPD and HO therapy. The
high acceptability of the app is evidenced by a notable degree
of satisfaction and adherence among users. Furthermore,
“AppO2” not only facilitates self-care by enabling patients to
manage their treatment more autonomously but also enhances
their confidence in self-managing their condition. This
contributes to better adaptation to treatment and greater self-care
capabilities.

Limitations
The sample size comprised 45 participants. To avoid a lack of
statistical power, the study included 3 home care institutions,
which helped increase participant representativeness and the
generalizability of the results for home health programs.

A limitation of the study is the 3-month duration. Although this
period was sufficient to record favorable changes in the CAT
score, which measures the impact of COPD on patients’ quality
of life, as well as their self-care and health perceptions, a longer
follow-up could provide insights into the long-term effects.

The ANCOVA results indicated that the use of the app reduced
dyspnea, as measured by the Borg scale, at month 3. However,
the statistical significance of the initial Borg score (Borg month
1) suggests that the initial levels of dyspnea influenced the final
results. The influence of the covariate suggests that other
unmeasured variables, such as disease severity or comorbidities,
may have affected the results, although this factor was controlled
for in the analysis. Similarly, another possible limitation is the
Hawthorne effect or observation bias, which occurs when study
participants can systematically alter their behavior when they
know they are being observed or monitored [50]. This, along
with the inability to blind participants, may have influenced
participant behavior. Future research should consider more
discreet observation methods to minimize these biases.

Conclusions
The use of AppO2 is associated with a better quality of life in
patients with COPD receiving HO therapy. The acceptability
results for AppO2 show a high degree of satisfaction and
adherence to its use. In addition, this mobile app promotes
self-care and allows patients to develop confidence in managing
their disease.
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Abstract

Background: Suicide is a critical public health issue in adolescents worldwide. Internet addiction may play a role in the increased
rate of suicide attempts in this population. However, few studies have explored the relationship between pathological internet
use and suicide attempts among adolescents.

Objective: This study aimed to conduct a prospective cohort study to examine whether higher severity of pathological internet
use was associated with an increased risk of suicide attempts among Chinese adolescents.

Methods: A total of 782 adolescents were recruited from a middle school from November 2020 to December 2020 and followed
up for 6 months. An online self-reported questionnaire was used to collect the participants’ demographic data and assess their
mental health. The Depression, Anxiety, and Stress Scale–21 items (DASS-21) was used to evaluate depression, anxiety, and
stress. The Chen Internet Addiction Scale–Revised (CIAS-R) was used to assess the symptoms and severity of pathological

internet use. χ2 test and ANOVA were used for intergroup comparison, and logistic regression analysis was used to examine the
relationship between the severity of pathological internet use and suicide attempts. We also used a restricted cubic splines model
to investigate the pattern of the association.

Results: The participants had an average age of 12.59 (SD 0.64) years, with the majority being of Han ethnicity (743/782,
95.01%) and more than half being male (426/782, 54.48%). Most participants had no previous history of depression (541/782,
69.18%), anxiety (415/782, 53.07%), or stress (618/782, 79.03%). The rate of newly reported suicide attempts was 4.6% (36/782).
A significant positive association was observed between internet addiction and suicide attempts (odds ratio 3.88, 95% CI 1.70-8.82),
which remained significant after adjusting for age, sex, ethnicity, anxiety, depression, and stress (odds ratio 2.65, 95% CI 1.07-6.55).
In addition, this association exhibited a linear pattern in the restricted cubic spline regression model.

Conclusions: This study suggested that internet addiction, rather than internet overuse, was associated with a higher likelihood
of suicide attempts, which highlighted the importance of addressing internet addiction symptoms among Chinese adolescents for
suicide prevention.

(J Med Internet Res 2025;27:e52083)   doi:10.2196/52083
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Introduction

Suicide has emerged as a major public health concern globally
recently, as it has brought significant challenges to human beings
with severe consequences [1]. Over the past 5 decades, suicide
remains the only contributor to rising mortality [2]. Globally,
suicide ranked as the fourth leading cause of mortality among
adolescents aged 15 to 19 years, as cited in a 2021 report by the
World Health Organization (WHO) [3]. In the United States, it
was reported that there were 2744 suicides among adolescents
aged 10-19 years in 2019, positioning suicide as the second
most common cause of death [3]. Therefore, reducing
suicide‐related deaths has become a national priority in the
United States, with more than US $22 million spent per year
on suicide prevention. However, the suicide rate in the United
States has not significantly declined [4]. China also faces the
same challenge. Although the overall suicide rate in China has
declined, the suicide rate among young people has remained
high [5]. It is broadly recognized that suicide attempts may be
the most significant predictor for completed suicide [6-9].
According to the data released by the National Trauma Data
Bank, the mortality rate was 13% among adolescents aged
younger than 20 years who attempted suicide [10]. A previous
study indicated that teenagers who engaged in suicide attempts
were 30 times more likely to die by suicide [11]. In addition,
compared with those engaging in other forms of injury that lead
to hospitalization, individuals with suicide attempts often have
higher severities of injury, higher demands for health care
services, and higher mortality [12]. Thus, examining the factors
contributing to suicide attempts is crucial for the prevention of
suicide among adolescents.

The internet has become increasingly accessible and necessary
in the daily lives of adolescents. In China, internet access was
available in 98.4% of elementary and middle schools in 2019
[13]. Meanwhile, in 2020, approximately 13.5% of all internet
users were adolescents (aged 10-19 years) [14]. Proper internet
use can help improve social skills, promote self-learning, and
diversify recreation [15,16]. However, due to the highly
time-consuming nature of the internet, an increasing number of
adolescents have internet overuse, spending even more time
using the internet than sleeping or studying [17]. In severe cases,
excessive internet use may lead to clinically significant
dysfunction and distress among adolescents [18,19]. This new
form of behavioral addiction is listed as a tentative disorder
named internet addiction. Internet addiction has also been
increasing in Mainland China, with a reported prevalence of
10.4% to 26.5% among adolescents [20,21]. Earlier studies
suggested a link between internet addiction and an increased
incidence of suicide attempts [22,23]. A meta-analysis
demonstrated that even after adjusting for demographic factors
and depressive symptoms, those who experienced internet
addiction continued to show a higher frequency of suicide
attempts (pooled adjusted odds ratio [OR] 1.559) [23]. Some
cross-sectional studies also indicated a link between internet
addiction and suicidal behavior. For example, a study showed
that adolescents with internet addiction had a greater likelihood
of attempting suicide than those without this problem [24,25].
In addition, a 1-year follow-up study revealed that internet

addiction was predictive of self-destructive behaviors among
adolescents [26]. However, most previous studies are
cross-sectional, which precluded the inference of causality.
Furthermore, limited studies have investigated the relationship
between the severity of pathological internet use and suicide
attempts. Thus, in this prospective cohort study, we aimed to
examine whether higher severity of pathological Internet use
was associated with an increased risk of suicide attempts among
Chinese adolescents [23].

Methods

Study Population
In this prospective cohort study, a 2-stage cluster sampling
design was used to enhance the feasibility and
representativeness. The sampling frame consisted of all public
secondary schools across all districts in Changsha, as provided
by the local education bureau. In the first stage, 1 public
secondary school was randomly selected from the sampling
frame. In the second stage, all students in grades 7 and 8 from
the selected school were included in the study, resulting in a
total sample of 1162 students (609 in grade 7 and 553 in grade
8). The selected school is comparable with most public
secondary schools in the area in terms of size and demographic
factors, such as gender ratio and socioeconomic background.
This makes the school representative of the student population
in Changsha and similar cities.

Recruitment occurred from November 2020 to December 2020,
and follow-up data were collected from May 2021 to June 2021.
Adolescents completed a standardized, self-administered
questionnaire distributed through WeChat, one of the largest
social media platforms in China. Before the commencement of
the survey, we provided comprehensive training to
schoolteachers on the procedures for distributing the
questionnaire, offering guidance, and assisting students with
difficulties. Data were collected from self-reported
questionnaires administered through WeChat. All variables
were collected through WeChat with the support of school
personnel.

With the assistance of the school personnel, we obtained
informed consent from both the adolescents and their parents.
The participants accessed the survey using their parents’mobile
phones and provided electronic informed consent on the first
page of the survey. Upon completion, we thoroughly checked
the data to ensure the data quality. Questionnaires were
considered unqualified if the completion time was excessively
short, if there were evident logical inconsistencies in responses,
or if critical answers were missing.

Inclusion criteria of participants for the baseline and follow-up
surveys were as follows: (1) middle school students aged 11-17
years, (2) with no severe medical conditions that prevented them
from completing the survey, (3) capable of comprehending and
finishing the questionnaires, and (4) provided a formal
agreement to participate in the research. Participants who
reported suicide attempts at baseline were excluded from the
follow-up study. At baseline, 1162 grade 7-8 students were
recruited, among whom 78 refused to participate. Therefore,

J Med Internet Res 2025 | vol. 27 | e52083 | p.117https://www.jmir.org/2025/1/e52083
(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/


1084 students completed the survey at baseline. For the
follow-up survey, 135 individuals were excluded due to suicide
attempts at baseline, and 167 were excluded for refusal to
participate; thus, 782 participants were included in the follow-up
survey.

Assessment

Confounders

Sociodemographic Characteristics

Demographic variables, including sex, age, and ethnicity, were
collected from the participants.

Depression, Anxiety, and Stress

The Depression, Anxiety, and Stress Scale–21 items (DASS-21)
was used to assess participants’ levels of depression, anxiety,
and stress during the previous week [27]. The assessment
includes 3 subscales: Depression, Anxiety, and Stress. Each of
these subscales comprises 7 items that are evaluated using a
4-point Likert scale, which ranges from 0 (not at all) to 3 (most
of the time) [28]. The thresholds were set at ≥13 for depression,
≥7 for anxiety, and ≥10 for stress [27]. The DASS-21 has shown
high internal consistency (Cronbach α=0.92), indicating its
good cross-cultural validity [29].

Exposures: Pathological Internet Use
Based on the conceptual framework, we used the Chen Internet
Addiction Scale–Revised (CIAS-R) to assess the severity of
pathological internet use [30]. The CIAS-R is a widely used
instrument for evaluating pathological internet use, particularly
in the Chinese context [31]. This self-reported scale includes
19 items, where each item is evaluated using a 4-point Likert
scale that ranges from 1 (complete noncompliance) to 4
(complete conformity). The Chen Internet Addiction Scale
(CIAS) total score varies between 0 and 76, with higher scores
indicating more severe pathological internet use [32]. According
to the total score, participants were further divided into 3 groups:
the normal internet use group (<46), the internet overuse group
(46-52), and the internet addiction group (≥53) [32]. The CIAS
has proven to be a reliable and valid measure of pathological
internet use among adolescents [30,33,34].

Outcomes: Suicide Attempts
Suicide attempts refer to the act of self-injuring that a person
engages in with the intention of taking their own life. In this
study, suicide attempts were defined as “someone trying to hurt
themselves on purpose with the intention of ending their life,
but it did not succeed” to tailor to junior high school students’
comprehension levels. The question “Have you ever tried to
commit suicide?” [22] was used at baseline to measure suicide
attempts, and the question “Have you tried to commit suicide
in the past 6 months?” was used to measure suicide attempts
during the 6-month follow-up.

Statistical Analysis

In this study, the χ2 test was used to compare categorical
variables across groups. Continuous data are shown using mean
and SDs, and the comparison of continuous variables between
groups was conducted using ANOVA. The relationship between
pathological internet use and suicide attempts was examined
using logistic regression analysis using 3 models. Model 1 was
used to examine the unadjusted OR; Model 2 was used to
examine the adjusted OR after controlling for age, sex, and
ethnicity; and Model 3 was used to examine the adjusted OR
after adjusting for age, sex, ethnicity, anxiety, depression, and
stress. The restricted cubic splines model was used to investigate
the pattern of the association between the CIAS and suicide
attempts after adjusting for age, sex, ethnicity, anxiety,
depression, and stress. Finally, a post hoc power analysis was
performed using G*Power 3.1 (Heinrich Heine University
Düsseldorf) to evaluate the statistical power of the logistic
regression analysis. The modeling of restricted cubic splines
was conducted with R (version 4.2.3; R Foundation for
Statistical Computing), while SPSS (version 26.0; IBM) was
used for all additional statistical analyses. A 2-tailed P<.05
indicated statistical significance.

Ethical Considerations
This study protocol was examined and endorsed by the Ethics
Committee of Central South University’s Second Xiangya
Hospital (K009). With the assistance of the school personnel,
we obtained informed consent from both the adolescents and
their parents on the first page of the questionnaire. The personal
details of the participants were kept confidential, and a distinct
study identification number was allocated to every participant
for data entry, management, and analysis. The participants
received free psychological assessments and medical help when
needed as compensation for their participation.

Results

The analysis included 782 participants, whose average age was
12.59 (SD 0.64) years. Among these participants, more than
half were male (426/782, 54.48%), and the majority were of
Han ethnicity (743/782, 95.01%). Most of the participants
reported no previous history of depression (541/782, 69.18%),
anxiety (415/782, 53.07%), or stress (618/782, 79.03%). The
rate of newly reported suicide attempts was 4.6% (36/782).
Table 1 presents the comparison of demographic and clinical
characteristics of participants among the normal internet use
group, the internet overuse group, and the internet addiction
group. The 3 groups showed significant differences in ethnicity
(P=.03), depression (P<.001), anxiety (P<.001), stress (P<.001),
and suicide attempts (P=.003). Compared with the normal
internet use group, the internet overuse group and the internet
addiction group were more likely to have stress, anxiety,
depression, and suicide attempts after 6 months (P<.001 for
stress, P<.001 for anxiety, P<.001 for depression, and P=.003
for suicide attempts).
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Table 1. Demographic and clinical characteristics of students by pathological internet use.

P value
F test or chi-sqaure
test (df)IAc (n=74)IOb (n=99)NIUa (n=609)Variables

.680.38 (2779)12.52 (0.78)12.60 (0.62)12.59 (0.62)Age (years), mean (SD)

.920.18 (2)Sex, n (%)

42 (56.76)54 (54.55)330 (54.19)Male

32 (43.24)45 (45.45)279 (45.81)Female

.037.20 (2)Ethnicity, n (%)

66 (89.19)97 (97.98)580 (95.24)Han

8 (10.81)2 (2.02)29 (4.76)others

<.00152.14 (2)Depression, n (%)

34 (45.95)47 (47.47)460 (75.53)No

40 (54.05)52 (52.53)149 (24.47)Yes

<.00138.22 (2)Anxiety, n (%)

24 (32.43)32 (32.32)359 (58.95)No

50 (67.57)67 (67.68)250 (41.05)Yes

<.00154.97 (2)Stress, n (%)

41 (55.41)61 (61.62)516 (84.73)No

33 (44.59)38 (38.38)93 (15.27)Yes

.00311.96 (2)SAd in 6 months, n (%)

65 (87.84)93 (93.94)588 (96.55)No

9 (12.16)6 (6.06)21 (3.45)Yes

aNIU: normal internet use.
bIO: internet overuse.
cIA: internet addiction.
dSA: suicide attempts.

The associations between pathological internet use and suicide
attempts across various models are presented in Table 2.
Compared with the normal internet use group, the internet
addiction group consistently showed a higher risk of suicidal
attempts in Model 1 (crude OR 3.88 95% CI 1.70-8.82), Model
2 (adjusted OR 3.88, 95% CI 1.65-9.11), and Model 3 (adjusted
OR 2.65, 95% CI 1.07-6.55). The restricted cubic spline
regression model showed a linear association between CIAS

and suicide attempts (Figure 1). Furthermore, internet overuse
was also linked to an increased risk of suicidal attempts, but the
association lacked statistical significance. The post hoc power
analysis indicated that the statistical power of this study was
82.60% based on a sample size of 782 participants, an α level
of .05, and the event probability under the null hypothesis of
3.45%.
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Figure 1. Cubic model of the association between the CIAS score and the risk of suicide attempts after adjusting for age, sex, ethnicity, anxiety,
depression, and stress. CIAS: Chen Internet Addiction Scale; OR: odds ratio.

Table 2. The associations between pathological internet use and suicide attempts.

Model 3cModel 2bModel 1aSuicidal attempts, n/N (%)Group

P valueOR (95% CI)P valueOR (95% CI)P valueORd (95% CI)

—1.00—1.00—g1.0021/609 (3.45)NIUe (reff)

.521.38 (0.52-3.68).181.90 (0.74-4.90).211.81 (0.71-4.59)6/99 (6.06)IOh

.042.65(1.07-6.55).0023.88 (1.65-9.11).0013.88 (1.70-8.82)9/74 (12.16)IAi

.11—.01—.01——P value for
trend

aModel 1: crude odds ratio.
bModel 2: odds ratio adjusted for age, sex, and ethnicity.
cModel 3: odds ratio adjusted for age, sex, ethnicity, anxiety, depression, and stress.
dOR: odds ratio.
eNIU: normal internet use.
fRef: Reference.
gNot available.
hIO: internet overuse.
iIA: internet addiction.

Discussion

Principal Findings
To our knowledge, our research represents the initial
investigation into the association between varying degrees of
pathological internet use and suicide attempts among Chinese
adolescents, using a prospective cohort design. Our findings
suggested that the risk of suicide attempts was higher in
individuals with internet addiction, even when controlling for
variables such as age, sex, ethnicity, anxiety, depression, and
stress. Furthermore, the restricted cubic splines model supported

the linearity of the association between pathological internet
use and the risk of suicide attempts.

This study found a notable association between internet
addiction and suicide attempts through the 6 months of
follow-up, which is in line with previous findings [35]. A study
involving 8098 Chinese college students showed that those with
internet addiction were at a higher risk for suicidal behaviors,
with a prevalence of 21.4% [22]. Furthermore, a 1-year
longitudinal study revealed that internet addiction was predictive
of self-destructive behaviors, including self-harm and suicidal
behaviors [26]. Furthermore, 2 meta-analyses also indicated
that internet addiction was positively associated with suicidal
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behaviors [23,36]. Some reasons might explain this association.
First, individuals with internet addiction have a greater chance
of exposure to online content involving suicidal thoughts and
behaviors, which may result in imitation of suicidal behaviors
[37], especially for individuals with mental health problems
[38]. Second, risk factors for both suicidal attempts and internet
addiction, such as depression, anxiety, and low socioeconomic
status, seem to overlap [39,40]. Third, alternative explanations
for the link between internet addiction and suicide attempts may
involve brain and cognitive dysfunctions.

For instance, internet addiction is often comorbid with some
mental health disorders involving impairment of impulse control,
such as attention-deficit/hyperactivity disorder and substance
use disorders, suggesting the impulsive nature associated with
internet addiction [41,42]. Furthermore, a magnetic resonance
imaging study showed that individuals with internet addiction
had impaired prefrontal lobe function, which might lead to
decreased ability of impulse control or even cognitive deficits
[43]. Therefore, adolescents with internet addiction may exhibit
a propensity for risky decision-making, such as suicide attempts
[44].

After adjusting for age, sex, ethnicity, stress, anxiety, and
depression, the OR of suicidal attempts decreased from 3.88
(95% CI 1.70-8.82) to 2.64 (95% CI 1.07-6.55). Still, the link
between internet addiction and suicide attempts continued to
be significant. A study conducted in Korea revealed a significant
positive association between internet addiction, depression, and
suicidal thoughts among adolescents [45]. A study involving
Chinese middle school students also pointed out that internet
addiction was linked to suicide attempts among adolescents,
and the association might be mediated by depression and
bullying behaviors [46]. This association may also be related
to the proneness of comorbidity of internet addiction and other
mental health problems such as depression, decreased
self-esteem, lower tolerance to frustration, and emotional distress
[47,48], which also increases the risk of suicidal attempts. Some
studies suggested that the connection between internet addiction
and suicide attempts might be mediated by these comorbidities,
which, therefore, increased the risk of suicide attempts [49].

Interestingly, this study found that internet overuse did not have
a significant association with suicide attempts, indicating that
suicide attempts might only be related to internet addiction,
which is more severe. This aligns with an earlier study on
university students, which showed that most of the mental health
problems in participants with mild internet addiction were
comparable with or slightly above the average. However, the
rates of mental health problems sharply increased in those with

moderate to severe internet addiction [50]. Some other studies
suggested that engaging with the internet at levels below
addiction may increase the feeling of being accepted and
alleviate feelings of loneliness and shame instead of leading to
severe consequences [51].

Limitations
Some limitations need to be addressed. First, this study did not
collect the specific dates of suicide attempts during the
follow-up. This study only used a fixed 6-month follow-up
period, which may introduce potential bias to our study results.
Future studies should consider adding the specific dates of
suicide attempts to get a more robust conclusion. Second,
although we controlled for key risk factors such as anxiety,
depression, and stress, which are known to influence suicidal
behaviors, other important factors, such as academic burden
and parent-child relationship, were not included in our analysis.
Future research needs to include a broader range of risk factors
and intermediate processes (eg, suicidal ideation) to get a more
comprehensive understanding of the risk factors of suicide
attempts. Third, the participants’ internet addiction and clinical
correlates were collected using self-report questionnaires and
scales, which might have resulted in bias such as recall bias and
social desirability bias. Future studies should consider using
diagnostic interviews to get more accurate assessments. Fourth,
the sample was recruited from 1 middle school in Hunan
Province, China, and may not represent students from other
schools in other areas. Future multicenter studies across various
schools and regions are needed to get a more representative
sample and improve the generalizability of our results. Finally,
suicide attempts were assessed based on a single self-reported
question instead of a standardized scale, hindering the
cross-comparison with other studies using standard measurement
tools [52]. For instance, Yang et al [53] developed a
standardized and reliable assessment tool for suicide attempts,
which may yield more accurate and consistent data across
studies. Future studies should consider using more standard
tools to capture the complexity of suicidal behaviors fully.

Conclusion
This study found that adolescents experiencing internet addiction
and overuse were at a higher risk for stress, anxiety, and
depression. Furthermore, internet addiction was associated with
an increased risk of suicide attempts among adolescents in
China. Given the considerable impact of suicide on society, the
results of this study underscore the importance of addressing
internet addiction among Chinese adolescents as part of suicide
prevention and management efforts.
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Abstract

Background: Twitter (subsequently rebranded as X) is acknowledged by US health agencies, including the US Centers for
Disease Control and Prevention (CDC), as an important public health communication tool. However, there is a lack of data
describing its use by state health agencies over time. This knowledge is important amid a changing social media landscape in the
wake of the COVID-19 pandemic.

Objective: The study aimed to describe US state health agencies’ use of Twitter from 2012 through 2022. Furthermore, we
organized our data collection and analysis around the theoretical framework of the networked public to contribute to the broader
literature on health communication beyond a single platform.

Methods: We used Twitter application programming interface data as indicators of state health agencies’ engagement with the
4 key qualities of communication in a networked public: scalability, persistence, replicability, and searchability. To assess
scalability, we calculated tweet volume and audience engagement metrics per tweet. To assess persistence, we calculated the
portion of tweets that were manual retweets or included an account mention. To assess replicability, we calculated the portion of
tweets that were retweets or quote tweets. To assess searchability, we calculated the portion of tweets using at least 1 hashtag.

Results: We observed a COVID-19 pandemic–era shift in state health agency engagement with scalability. The overall volume
of tweets increased suddenly from less than 50,000 tweets in 2019 to over 94,000 in 2020, resulting in an average of 5.3 per day.
Though mean tweets per day fell in 2021 and 2022, this COVID-19 pandemic–era low was still higher than the pre–COVID-19
pandemic peak. We also observed a more fragmented approach to searchability aligning with the start of the COVID-19 pandemic.
More state-specific hashtags were among the top 10 during the COVID-19 pandemic, compared with more general hashtags
related to disease outbreaks and natural disasters in years before. We did not observe such a clear COVID-19 pandemic–era shift
in engagement with replicability. The portion of tweets mentioning a CDC account gradually rose and fell around a peak of 7.0%
in 2018. Similarly, the rate of retweets of a CDC account rose and fell gradually around a peak of 5.4% in 2018. We did not
observe a clear COVID-19 pandemic–era shift in persistence. The portion of tweets mentioning any account reached a maximum
of 21% in 2013. It oscillated for much of the study period before dropping off in 2021 and reaching a minimum of 10% in 2022.
Before 2018, the top 10 mentioned accounts included at least 2 non-CDC or corporate accounts. From 2018 onward, state agencies
were much more prominent.

Conclusions: Overall, we observed a more fragmented approach to state health agency communication on Twitter during the
pandemic, prioritizing volume over searchability, formally replicating existing messages, and leaving traces of interactions with
other accounts.

(J Med Internet Res 2025;27:e59786)   doi:10.2196/59786
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Introduction

Twitter as a Networked Public
This paper describes US state public health agencies’ activity
on Twitter (subsequently rebranded as X) from 2012 through
2022. We used the theoretical framework of a networked public,
an interactive space that networked technologies make possible,
as well as the collection of people that inhabit it [1].

According to this theoretical framework, a networked public’s
defining features are profiles, contact lists, and public
communication tools. This framework outlines 4 emergent
qualities of communication these features produce: scalability,
persistence, replicability, and searchability. Twitter’s features
were always open to users with potentially conflicting
motivations. Viewed generously, this aligns with notions of
Twitter’s democratization of health communication [2]. Viewed
through a more critical lens, however, this illustrates how
Twitter has been a site for both challenging and propagating
inequities.

This tension was evident from Twitter’s 2006 launch, with
dominant narratives of its Silicon Valley origins obscuring its
relationship to open-source innovations from activists [3]. The
hashtag illustrates such long-term tensions that exist in
networked publics, between corporate practices and grassroots
discourse, as well as between social networks with opposing
goals. Hashtag use began as an informal organizational practice
among power users before Twitter formally incorporated it as
a feature in 2007 [4]. While activists eventually adopted
hashtags for social justice campaigns like #MeToo and
#BlackLivesMatter, and corporations adopted hashtags for
advertising purposes, hashtags were also tools of political
marginalization. For example, the use of the hashtag
#ChineseVirus was a marker of anti-Chinese sentiment in March
2020, associated with anti-Asian hashtags more broadly after
the US president’s use of the term “Chinese Virus” [5]. Hashtags
can also be sites of conflict around public health topics, such
as the coordinated flooding of the provaccine #DoctorsSpeakUp
hashtag with antivaccine messaging in 2020 [6].

Twitter as a State Public Health Tool
Though the use of Twitter in public health has been critiqued
as “tweeting to the choir” [7], this type of communication toward
professional audiences could reflect a viable platform-specific
communication strategy. For example, the US Centers for
Disease Control and Prevention (CDC) has recommended that
public health communicators and organizational leaders use
Twitter to reach reporters with crisis communication [8]. This
could help explain why US health agencies’ COVID-19 tweets
focused more on data than did their Facebook (Meta) posts [9].

Existing observational research reinforces this notion of Twitter
as an information-focused public health communication tool.
A study of state Medicaid program Twitter use between 2014
and 2019 found a similar informational focus, which garnered

little audience engagement [10]. A study of Canadian public
health agencies’ Twitter use during the first half of 2020 found
a similar informational focus, even as more action-oriented
tweets received higher audience engagement [11]. A study of
health agency use of Twitter across 7 countries during the spring
of 2020 found evidence of this trend internationally, with
announcements and reporting being the most common tweet
theme [12]. At a local level in the US, there have been
experiments in using Twitter as a community service tool, such
as in the case of the Chicago Department of Public Health’s
foodborne illness response program [13].

Descriptive studies of US state public health agencies’ Twitter
use, however, are either not comprehensive or are not up to
date. Twitter was found to be an emerging platform for state
public health agencies, based on a study covering a 2-month
period in 2011 [14]. An early content analysis of state public
health agency tweets in 2012 found a focus on the transmission
of personal health advice [15] and a much higher Twitter
adoption rate than local health departments around the same
time [16]. A more recent study analyzed all state health agency
tweets from a 4-month period around the emergency use
authorization of the first COVID-19 vaccine in the United States
[17]. Findings indicated a much higher volume of tweets than
earlier studies, as well as a lack of key terms related to
vaccination, inequities, and racism, lagging behind
on-the-ground efforts to address COVID-19 racial health
inequities.

We present an instrumental case study [18] to provide a more
complete picture of state public health agency Twitter use
long-term. We chose this approach as it aligns with our research
interest in producing descriptive knowledge with theoretical
implications beyond the individual case of Twitter. Our goal
was to provide transferable knowledge to help identify trends
and relationships between theoretical constructs in health
communication. This knowledge is important amid a changing
social media landscape in the wake of the COVID-19 pandemic.
We follow STROBE (Strengthening the Reporting of
Observational Studies in Epidemiology) guidelines [19] in
reporting this study. The completed STROBE statement
checklist is available in Multimedia Appendix 1.

Methods

Overview
We conducted a descriptive analysis of state public health
agency tweets from 2012 through 2022, structured as an
instrumental case study organized around an issue question
[19]: How did US state public health agencies engage with
Twitter as a networked public?

Our data came from a download of public health agency tweets
using the “academictwitteR” R package to access the Twitter
application programming interface (API) through the “Twitter
API v2 for Academic Research” on February 3, 2023 [18]. We
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filtered the data to focus on tweets in English from state public
health agencies. The language filter relied on labels available
by Twitter’s proprietary API data. We identified tweets from
the state-level public health agency in each state by leveraging
associations between usernames and author IDs recorded during
the data download process [20]. These accounts were initially
identified through manual searches of state public health agency
websites, as well as searches on Google and Twitter where
necessary. Refer to Multimedia Appendix 2 for a list of account
usernames and the associated state public health agencies. The
study period begins on January 1, 2012, which allowed us to
build on a previous study taking a random sampling approach
to analyze state public health agency tweets in the same year
[15]. The study period ends on December 31, 2022, which was
the most recent full calendar year at the time of data collection.
We did not account for missing data, as the API download
method includes an exhaustive record of all published tweets
from all specified accounts during the study period. We
conducted this analysis using R (version 4.2.3, R Studio version
2023.06.1+524). The scripts enabling this analysis are available
in an Open Science Foundation repository [21].

We calculated indicator variables to describe health agencies’
engagement with the key qualities of communication in a
networked public: scalability, persistence, replicability, and
searchability [1].

Scalability
“Scalability” describes social media content’s hypothetical
ability to reach an entire network. We assessed scalability by
tweet volume and audience engagement. We calculated tweets
per year, categorized into types: replies, retweets, or quote
tweets (from their formal introduction in 2015) [22]. We further
categorized replies into self-replies and other replies by
comparing the author and in-reply-to user IDs. We used the
regular expression “RT @” to identify “manual retweets,” a
custom metric describing text copies of messages. Here, we
pooled manual retweets with formal retweets. Finally, we
calculated the mean, median, and IQR of states’ mean tweets
per day each year, as well as the likes, replies, retweets, and
quotes on non-retweets. “Non-retweets” include manual
retweets, as they are unique posts rather than pointers to source
tweets.

Persistence
“Persistence” describes the digital records of interactions on
networked publics. We assessed persistence by manual retweets.
We also calculated mentions (a hyperlinked account username)
among non-retweets, as their records do not depend on other
accounts’ activity. We calculated the percentage of tweets that
were manual retweets each year. We calculated the percentage
of non-retweets with at least 1 mention each year.

Replicability
“Replicability” refers to social media content’s infinite
duplicability. We assessed replicability by retweets and quote
tweets. We calculated the percentage of tweets that were formal

retweets and quote tweets each year. We further calculated the
percentage of tweets that were formal retweets of a CDC
account, as well as the percentage of tweets including a CDC
account mention. We used regular expressions to identify
usernames starting with “CDC” or “NIOSH,” which comprised
the majority of usernames listed as official CDC accounts [23].
For other accounts, we relied on exact matches with entire
usernames.

Searchability
“Searchability” refers to ways that social media content is
findable, which we assessed by hashtag use. We calculated the
percentage of tweets with at least 1 hashtag per year. We used
regular expressions to extract hashtags and calculate the top 10
most common per year (after converting to lowercase). We
further calculated the percentage of tweets per year using #flu
or #hiv as hashtags with long-term national relevance.

Ethical Considerations
The study data consisted of publicly available information from
government institutional authors. We did not seek an ethics
review and have no individual participant protections in place,
as they are not relevant to this study design.

Results

Overview
We identified 570,335 tweets from state public health agency
accounts in English from 2012 through 2022. All 50 states were
represented in this data set. However, all 50 states were only
active on Twitter in 2018 and 2019, as states gradually adopted
Twitter during the study period, and 1 state published its last
tweet in 2019. We included 52 accounts in this data set to
account for 1 state creating a replacement public health agency
account during the study period, as well as another state
communicating through 2 accounts under its public health
agency. An exhaustive summary data table is available in
Multimedia Appendix 3.

Scalability
In total, 41 states were active at any time in 2012, meaning they
posted at least 1 tweet. This number increased each year, up to
50 in 2018. It decreased to 49 in 2020. The total number of
tweets across all accounts increased from 25,276 in 2012 to
51,132 in 2018. The total rose to 94,205 in 2020 and decreased
to 62,797 in 2022 (Figure 1). Overall, mean tweets per day rose
from 1.7 in 2012 to 2.8 in 2018. It reached a maximum of 5.3
in 2020 and remained above the 2018 level. Figure 2 displays
the distribution of mean tweets per day among active states each
year. Delaware, North Carolina, Florida, Indiana, Pennsylvania,
Massachusetts, and West Virginia each had the most tweets in
a given year. Delaware, Florida, and West Virginia each had
the most for multiple years in a row. Massachusetts was the
most active in a single year, averaging >21 tweets per day in
2020.

J Med Internet Res 2025 | vol. 27 | e59786 | p.128https://www.jmir.org/2025/1/e59786
(page number not for citation purposes)

Mendez et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Figure 1. Stacked bar chart displaying an exhaustive enumeration of tweets from US state public health agency accounts for each year from 2012
through 2022, divided into 5 categories: retweets, self-replies, other-replies, quote tweets, and standalone tweets.

Figure 2. Among an exhaustive enumeration of tweets from US state public health agency accounts, violin plots displaying the distribution of the mean
daily tweets per account, each year from 2012 through 2022. IQRs for each year are marked with horizontal lines. The mean of means for each year is
marked with a dot.
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The percentage of non-retweets with 0 on all audience
engagement metrics was 62% (12,965/21,023) in 2012,
decreasing to 20% (6465/32,668) in 2019. It reached a minimum
of 6% (4123/66,507) in 2020 and 12% (6306/51,950) in 2022.

Figure 3 presents each year’s IQR for audience engagement on
state agencies’ non-retweets (ie, replies, quote tweets, and
standalone tweets), summarized in the text below.

Figure 3. Among an exhaustive enumeration of non-retweets from US state public health agency accounts, grouped bar charts showing the IQR of
audience engagement metrics, for each year from 2012 through 2022. The engagement metrics include quote tweets, replies, retweets, and likes. Note:
medians are marked with a thick horizontal line. The bottom edge of each boxplot marks the 25th percentile. The top edge marks the 75th percentile.

The mean number of likes was <0.6 before increasing to 1.2 in
2016 and then 2.7 in 2019. Its maximum was 17.6 in 2020. It
decreased to 5.4 in 2022. The median was 0 before rising to 1
in 2017. Its maximum was 5 in 2020. It decreased to 2 in 2022.
The maximum (n=69,798) was on a 2020 tweet about social
distancing in Ohio. The second highest (n=12,022) was on a
2020 tweet about face coverings in California.

The mean number of replies was <0.3 before rising to a
maximum of 3.5 in 2020. It decreased to 1.8 in 2022. The
median was 0 every year except for 2020 and 2021, when it was
1. The maximum (n=2003) was on a 2022 tweet about the
COVID-19 pandemic and breastfeeding or chestfeeding from
Washington. The second highest (n=1954) was on a 2021 tweet
about face coverings in Alabama.

The mean number of retweets was <1 until 2015, rising to 1.8
in 2018. Its maximum was 10.9, in 2020. It decreased to 2.9 in
2022. The median was 0 until rising to 1 in 2016. Its maximum
was 3 in 2020. It decreased to 1 in 2022. The maximum
(n=39,950) was on the previously mentioned Ohio tweet. The
second highest (n=4844) was on a 2020 tweet about COVID-19
cases in Florida.

The mean number of quotes was <0.3 until rising to a maximum
of 1.9 in 2020 and decreasing to 0.6 in 2022. The median was
0 for the entire study period. The maximum (n=7041) was on

the previously mentioned Ohio tweet. The second highest
(n=2552) was on a 2020 tweet about raw meat in Wisconsin.

Persistence
The percentage of non-retweets with at least 1 mention of an
account other than the authoring state public health agency
decreased from a maximum of 21% (5399/25,267) in 2013
before decreasing to 17% (4437/26,750) in 2014. It then went
up and down within that range before dropping off to 13%
(9661/72,124) in 2021 and a minimum of 10% (5402/51,950)
in 2022.

Among non-retweets, the top-mentioned account each year was
@CDCgov. Before 2018, the top 10 accounts typically included
at least 2 accounts representing a company or a non-CDC federal
government account. In 2018, 9 of the top 10 represented state
government agencies or officials, with the top 10 maintaining
a similar balance for several years. In 2022, the top 10 included
2 additional CDC accounts and 2 other federal agencies.

The overall percentage of manual retweets decreased from 7%
(1729/25,276) in 2012 to 1% (427/32,800) in 2014, then to
<0.1% (5/50,024) in 2017 and 0% (0/91,099) in 2021.
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Replicability
The percentage of tweets that were formal retweets increased
from 17% (4263/25,276) in 2012 to its maximum of 32%
(15,955/50,024) in 2017. It decreased to 29% (27,698/94,205)
in 2019 and increased slightly in 2020 before decreasing to 17%
(10,847/62,797) in 2022.

The percentage of tweets that mentioned a CDC account was
4.2% (1056/25,276) in 2012, increasing to a maximum of 7%

(3559/51,132) in 2018 and decreasing to a minimum of 3.5%
(2218/62,797) in 2022. The percentage of tweets retweeting a
CDC account increased from a minimum of 2.1% (521/25,276)
in 2012 to a maximum of 5.4% (2756/51,132) in 2018. It
decreased 2.2% (1363/62,797) in 2022.

The percentage of quote tweets increased from 2% (877/41,730)
in 2015 to 4% (2129/50,024) in 2017 before decreasing each
year to a minimum of 2% (1106/62,797) in 2022. Table 1
displays the retweet and quote tweet data by year.

Table 1. Among an exhaustive enumeration of all tweets from US state public health agency accounts, the portions that were either retweets or quote

tweets, as well as the portion mentioning or retweeting a CDCa account.

Retweets of a CDC account (%)Tweets with ≥1 mention of a CDC account (%)Quote tweets (%)Retweets (%)Year

2.14.2—b16.92012

2.44.7—17.52013

2.94.8—18.42014

3.24.42.121.82015

4.16.03.326.02016

4.86.14.331.92017

5.47.03.731.82018

3.65.43.728.92019

3.64.82.529.42020

2.63.72.220.12021

2.23.51.817.32022

aCDC: US Centers for Disease Control and Prevention.
bNot applicable.

Searchability
The percentage of tweets with at least 1 hashtag increased from
a minimum of 36% (9019/25,276) in 2012 to a maximum of
58% (24,017/41,730) in 2015. It decreased to 38%
(23,565/62,797) in 2022.

The hashtags #health, #healthde, #ebola, #vibriovulnificus,
#zika, #flu, and #covid19 were each the most common hashtags
at 1 point during the study period. The #flu and #covid19
hashtags were each the most common for 3 consecutive years.
The top 10 hashtags each year included at least 1 reference to
natural disasters or disease outbreaks like #sandy or #ebola.

From 2012 through 2016, top hashtags included at least 1
reference to a public health event, such as #cdcchat. In 9 years,
the top 10 included #netde, a Delaware-specific hashtag.

Nine of the top 10 hashtags in 2020 and 2021 referred to the
COVID-19 pandemic. This number decreased to 5 in 2022. In
2020, 5 of the top 10 hashtags were state-specific COVID-19
hashtags like #covid19ma. This decreased to 2 in 2021 and
2022.

The hashtag #flu was in the top 10 every year in the study
period. The hashtag #hiv was in the top 10 from 2012 through
2017 and in 2019. Figure 4 presents the percentage of tweets,
including #flu or #hiv, each year.
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Figure 4. Among an exhaustive enumeration of tweets from US state public health agency accounts, grouped bar charts displaying the portion using
the #flu or the #hiv hashtag, for each year from 2012 through 2022.

Discussion

Principal Findings
We analyzed state public health agencies’ English-language
tweets from 2012 through 2022 to provide a complete snapshot
of Twitter use in the long term. We used Twitter API data as
indicators for agencies’ engagement with key qualities of
communication in a networked public: scalability, persistence,
replicability, and searchability. We found increasingly
fragmented communication over time, with less emphasis on
replicability and persistence. This involved a drop in public
interactions with other accounts in the form of retweets and
quote tweets, which coincided with a dramatic increase in
overall tweet volume and audience engagement during the
COVID-19 pandemic.

Indicators of scalability and searchability on Twitter display a
drastic shift at the beginning of the pandemic. We observed a
dramatic increase in Twitter outputs and a focus on state-specific
searchability amid a decreased focus on searchability overall.
Though some states were especially active, the entire
interquartile range of states’ mean Tweets per day shifted up
throughout the pandemic. Audience engagement metrics
followed a similar pattern, though still modest by marketing
standards. Multiple COVID-19 hashtags were prominent from
2020 through 2022, with state-specific pandemic hashtags
especially prominent in 2020. This contrasted with the
prepandemic prominence of broader, more singular health
emergency hashtags like #measles or #ebola.

Indicators of persistence and replicability did not display the
same kind of COVID-19 pandemic–era shift. We observed more
fragmented public health communication over time, relying less
on replicating messages and traceable interactions with other
accounts, on a time scale that did not align with the beginning
of the pandemic. Mentions of state government officials became
more prominent before the pandemic and remained so during
the pandemic. The decrease in mentions of external accounts
did not occur at the start of the pandemic. The rate of quote
tweets decreased over time, starting before the pandemic. The
rate of formal retweets followed a similar pattern but with a
larger sudden decrease during the second year of the pandemic.
The rate of mentions and retweets of CDC accounts decreased
over time, starting before the pandemic.

Finally, an overarching finding in this study was between-state
variation that did not fall neatly along the lines of geography,
population, or a political binary of red and blue states. Florida,
West Virginia, and Delaware were all highly active on Twitter
for multiple years. Massachusetts, Wisconsin, and Ohio health
agency communication styles included prominent use of
state-specific pandemic hashtags. Tweets with record
engagement were from Washington, Ohio, California, Florida,
Wisconsin, and Alabama.

Limitations
Our findings should be interpreted in light of 4 limitations. First,
we collected our data retrospectively, meaning Tweet deletion
and changes in privacy settings potentially shaped our findings.
By the nature of these underlying nonrandom mechanisms, it
is not possible to estimate the magnitude of potential missing
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data or how missingness may have changed over the study
period. However, we argue this is not a critical issue for state
health agencies, whose communications are part of the public
record. This could, however, impact our findings around
retweets and quote tweets of other accounts. We argue this is
not likely a significant limitation, as the scale of “standalone
tweets” we observed toward the beginning of our study period
was similar to measures of “original tweets” from Thackeray
et al [15]. A second limitation is our use of API indicators to
filter tweets by language, relying on Twitter’s proprietary
processing. Third, we focused solely on text features, meaning
we missed trends in multimedia content, for example,
reuploaded graphics. Finally, we studied only 1 platform. While
our numerical results are not generalizable to other platforms,
the patterns we identified in terms of our theoretical framework
can be directly compared with data from other networked
publics.

Comparison With Previous Work
Our findings about the long-term prominence of self-replies
and standalone tweets align with findings on the one-way nature
of public health communication on Twitter from the previous
decade [14,15]. We argue this could actually be a form of
effective tailoring, for example, if known journalists draw
information from Tweets for dissemination more often than
they draw from press releases. However, there is a need for
more research to make sense of our findings, such as exploring
whether public health tweets during the pandemic have been
helpful for these audiences.

Our findings differ from those of a study from Bradford et al
[17], whose work covered a study period contained within our
own. This appears to be due to their inclusion of only 1 Twitter
account from Maine, in contrast with our inclusion of both
Maine’s Department of Health and Human Services (DHHS)
and its Center for Disease Control and Prevention (MeCDC)
accounts. We made this decision after noting the MeCDC serves
as the primary public-facing communication arm of the state
DHHS. This aligns with the finding from Bradford et al [17]
that a Maine account was barely active during their study period.
Our conclusion about the overall volume of tweets also differs
from Bradford et al [17], due purely to a matter of interpretation.
Bradford et al [17] interpreted their observations as signs of
low Twitter activity despite most accounts tweeting multiple
times per day. We interpreted that same volume of tweets as
high activity due in part to the sharp contrast with prepandemic
levels. This highlights the need for more research on state health
agencies’ social media strategies to help interpret our findings
and those of other quantitative descriptions of public health
communication on social media. Despite our differing
conclusions, we echo the call of Bradford et al [17] for more
research into the determinants of social media use at state health
agencies. For example, we do not know to what degree our
findings reflect purposeful decisions within state health agencies
or the effects of changes in platform ownership, communication
budgets, political factors, or platform design changes over time.

Our findings align with research on US state health departments'
use of Facebook. Previous work has found the overall volume
of Facebook posts by state health departments to vary [24].

Previous work has also identified different message frames
between CDC and state and local health department Facebook
posts [25], which could relate to our observed trends in
decreasing engagement with CDC tweets and Twitter accounts
in the latter half of our study period. Though Twitter and
Facebook are prominent social media platforms, future research
should quantitatively analyze state health departments’ use of
other platforms as well.

Conclusions
Our findings warrant further research to elucidate the factors
driving the variation we saw between states and over time. This
includes research into potential platform-specific communication
strategies, health communication training, platform policy, and
network norms. Such research should include qualitative content
analyses of social media content to elucidate the actual use of
social media in public health agencies, not just intended
strategies. Further quantitative research should examine the
impact of political factors on public health communication on
social media. This includes state and federal political factors
like budget changes and political divisions around the practice
of public health. Further research is also warranted to better
understand various audiences’ interactions with health agencies
in networked publics, as well as their perceptions of state-level
health communication.

Our findings raise further questions about what state health
agencies’ communication should look like and how to support
it. For example, it might be impractical for state agencies to
target communities that have more contact with local health
departments, even when there may be more extensive
communication resources at the state level. There is not a robust
national infrastructure to fill this gap, much less monitor and
evaluate health communication on social media during a public
health emergency. This gap is a critical contextual factor to
consider when interpreting our findings around between-state
variation.

Our study exemplifies the use of theoretical frameworks from
media studies to understand trends in public health
communication on social media. Though we examined metrics
from one social media platform, our use of the networked public
framework allows us to draw broader inferences about health
communication. This increases the relevance of our findings
despite differing features across time and across platforms. This
is in contrast to the existing descriptive work of US state health
agencies on Twitter. Integration of a theoretical framework
should be a key part of future research on public health
communication on social media, so as to extend its use beyond
the limited scope of one platform’s features.

Finally, our study highlights the vulnerability of public health
communication in networked publics. A social media platform’s
use is subject to corporate decisions and community norms. If
a platform shuts down or its communities deliberately hide
health information, then public health investment in that
platform may be suddenly irrelevant. For example, it is unclear
whether the drop-off in tweets we observed in 2022 was the
result of strategic decisions, insufficient resources, or platform
changes. Even the ability to efficiently study public health
communication largely depends on corporate policies around
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data access. Our study highlights the importance of supporting
health communication research. This includes regulation to
ensure academic access to social media data, as well as building

a robust communication infrastructure outside of private
platforms.
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Abstract

Background: Virtual follow-up (VFU) has the potential to enhance cancer survivorship care. However, a greater understanding
is needed of how VFU can be optimized.

Objective: This study aims to examine how, for whom, and in what contexts VFU works for cancer survivorship care.

Methods: We conducted a realist evaluation of VFU among patients with breast cancer and prostate cancer at an urban cancer
center during the COVID-19 pandemic. Realist evaluations examine how underlying causal processes of an intervention
(mechanisms) in specific circumstances (contexts) interact to produce results (outcomes). Semistructured interviews were conducted
with a purposive sample of patients ≤5 years after diagnosis. Interviews were audio-recorded and analyzed using a realist logic
of analysis.

Results: Participants (N=24; n=12, 50% with breast cancer and n=12, 50% with prostate cancer) had an average age of 59.6
(SD 10.7) years. Most participants (20/24, 83%) were satisfied with VFU and wanted VFU options to continue after the COVID-19
pandemic. However, VFU impacted patient perceptions of the quality of their care, particularly in terms of its effectiveness and
patient centeredness. Whether VFU worked well for patients depended on patient factors (eg, needs, psychosocial well-being,
and technological competence), care provider factors (eg, socioemotional behaviors and technological competence), and virtual
care system factors (eg, modality, functionality, usability, virtual process of care, and communication workflows). Key mechanisms
that interacted with contexts to produce positive outcomes (eg, satisfaction) were visual cues, effective and empathetic
communication, and a trusting relationship with their provider.
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Conclusions: Patients value VFU; however, VFU is not working as well as it could for patients. To optimize VFU, it is critical
to consider contexts and mechanisms that impact patient perceptions of the patient centeredness and effectiveness of their care.
Offering patients the choice of in-person, telephone, or video visits when possible, coupled with streamlined access to in-person
care when required, is important. Prioritizing and addressing patient needs; enhancing physician virtual socioemotional behaviors
and technology competency; and enhancing VFU functionality, usability, and processes of care and communication workflows
will improve patient perceptions of the patient centeredness and effectiveness of virtual care.

(J Med Internet Res 2025;27:e65148)   doi:10.2196/65148
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cancer; follow-up; virtual; outcomes; realist evaluation; survivorship

Introduction

According to report “Canadian Cancer Statistics 2023,” 1 in 2
Canadians will be diagnosed with cancer in their lifetime, and
two-thirds of Canadians diagnosed with cancer today will live
for ≥5 years after their diagnosis [1]. Among the most common
cancers in men and women, the 5-year net survival rate is 87%
for breast cancer (BC) and 95% for prostate cancer (PC) [1].
While these outcomes reflect advances in early detection and
treatment, they have substantially increased the demand for
follow-up care services. Optimal follow-up care consists of
surveillance for cancer spread, recurrences, or secondary
cancers; prevention and management of acute and persistent
treatment side effects; and promotion of healthy behaviors to
mitigate new and ongoing health concerns [2]. To be effective,
this involves ongoing assessment and comprehensive care,
including referral to specialized supportive care services to
improve quality of life, reduce disability, and restore function
[3,4].

In Canada, and internationally, follow-up cancer care is typically
provided by oncologists in outpatient secondary or tertiary care
settings. Evidence suggests that this model of in-person
follow-up care with a specialist is not sustainable and is not
working well for patients [5]. Oncology offices are often
overcrowded with long wait times, short appointments, and high
costs per visit [6]. Furthermore, the high burden of unmet
posttreatment supportive care needs suggests that the existing
model of follow-up care is not meeting patients’ needs [7,8].
Alternatives such as follow-up with primary care providers are
comparable to oncologist-led follow-up in terms of detection
of recurrence, survival, and quality of life [9,10]. However,
prior work [6,11,12] shows that many survivors of cancer prefer
to be seen by an oncologist for follow-up due to concerns about
the quality and continuity of care.

One method proposed to improve the experience and
effectiveness of cancer follow-up care is virtual care, defined
as remote interactions between patients and care providers using
technology (ie, video calls, telephone, email, etc) [13]. Virtual
follow-up (VFU) could alleviate pressure on clinicians and
health care services and better meet patient needs by providing
patients with access to timely, convenient, and tailored follow-up
care [14]. Before the COVID-19 pandemic, virtual care was
infrequently used in Canada, mainly to provide care to rural
and remote populations [13], and the evidence of its
effectiveness was limited [15]. During the COVID-19 pandemic,
there was rapid and widespread adoption of virtual care in

Canada and globally [16]. In a prior study, we demonstrated
that most patients with cancer were satisfied with VFU during
the COVID-19 pandemic, but some did not want VFU to
continue after the COVID-19 pandemic [17]. In addition, while
virtual visits made care more accessible for some, other studies
have shown that virtual care has exacerbated access disparities
by widening the digital divide for those who lack the knowledge
or technological means to access care virtually [18,19].

To sustain VFU as an option for patients with cancer, we need
a better understanding from patients on how, for whom, and in
what contexts this model of care works. Patient perspectives on
how to optimize VFU care can inform updates to telehealth
clinical practice guidelines, such as those offered by the
American Association of Clinical Oncology (ASCO) early in
the COVID-19 pandemic [20], to ensure patient-centered virtual
care. Realist evaluations are ideally suited to answer these
questions. Realist evaluations are a proven, theory-driven
method that enable a rigorous understanding of context and its
influence on causal processes (ie, mechanisms) to explain how
and for whom an innovation works best [21,22]. This method
is increasingly used to assess complex innovations in health
care, particularly those that involve multiple interconnected
components and are dependent on individual responses and the
wider context for their success [23,24]. Therefore, we conducted
a realist evaluation [21] to examine how, for whom, and in what
contexts VFU works for patients with BC and PC and conclude
with recommendations for optimizing VFU for patients with
cancer.

Methods

Ethical Considerations
The study was approved by the University Health Network
Institutional Research Ethics Board (ID 21-5397). Informed
consent was obtained from all study participants before data
collection, and all data were deidentified before analysis. All
study participants received a CAD $25 honorarium to
compensate for their time. At the time of the study, US $1 was
equal to CAD $1.30.

Study Design
We conducted a realist evaluation following the steps by Pawson
and Tilley [21] and RAMESES [23] quality and reporting
guidelines.

Step 1 involved developing an initial program theory, which is
a kind of conceptual framework, to explain how VFU could be

J Med Internet Res 2025 | vol. 27 | e65148 | p.138https://www.jmir.org/2025/1/e65148
(page number not for citation purposes)

Scruton et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/65148
http://www.w3.org/Style/XSL
http://www.renderx.com/


delivered to work most effectively. This involved explaining
how the underlying processes of VFU care (mechanisms)
interact with specific circumstances (contexts) to produce results
(outcomes). For this step, we used prior evidence to understand
patient views [25] and the effectiveness of virtual versus
in-person cancer care [15], theories from technology adoption
[26-28] to understand factors that influence the adoption of
VFU and theories from patient-provider communication [29]
to determine the essential elements of effective clinical
encounters, and the 6 domains of health care quality identified
by the Agency for Healthcare Research and Quality [30] to
understand the attributes of quality VFU. Using these
information sources, we created a figure to illustrate how VFU
can bring about the desired outcomes. We then held a 2-hour
virtual workshop with project team members and stakeholders,
consisting of clinicians, researchers, and patient partners (N=10)
to obtain their views on the initial theory.

Step 2 involved collecting evidence on the contexts,
mechanisms, and outcomes of VFU. For this, we (1)
administered a web-based survey to patients at a cancer centre
to obtain information on their sociodemographic characteristics,
experience, and satisfaction with VFU [17]; (2) purposively
recruited a subsample of survey respondents to participate in
semistructured interviews to explore their views and experiences
with VFU in greater depth; and (3) administered a short
follow-up survey to collect information on interview
participants’ psychosocial well-being.

Steps 3 and 4 involved data integration and synthesis using a
realist logic of analysis. The goal of this analysis was to
determine whether data were functioning as context, mechanism,
or outcome, and if so, within which context-mechanism-outcome
configuration (CMOC) [23]. We then held a 2-hour virtual
stakeholder workshop with a wider group of stakeholders
(N=12) to obtain feedback on the relevance of our findings more
broadly.

Setting and Participants
This study was conducted at the Princess Margaret (PM) Cancer
Centre, a tertiary, university-affiliated, teaching hospital, which
is a part of the University Health Network in Toronto, Canada.
Before COVID-19, <1% of visits at PM were conducted
virtually [31]. After the declaration of the COVID-19 pandemic,
68% of visits at PM were virtual [31]. The participants in this
study comprised a subsample of patients with BC and PC who
had completed the PM Virtual Care Evaluation Survey between
May and July 2021 [17] and who agreed to participate in a
follow-up interview. Interviews occurred between September
and November 2021. Survey participants had to meet the
following criteria: they must have received a cancer diagnosis,
be aged >18 years, have participated in at least 1 virtual
appointment (eg, by phone or video) in the last 12 months, and
have a valid email address on file. We used the survey data to
intentionally select interview participants who varied in age,
ethnicity, geographic location, and satisfaction with VFU. In
addition, to be eligible to participate in an interview, survey
respondents must have agreed to be contacted about a follow-up
interview, received a diagnosis of BC or PC within the last 5
years, and completed treatment for cancer or were receiving

adjuvant hormone therapy. On the basis of previous research,
a sample size of 15 per patient group (30 in total) was estimated
to be sufficient [32,33]. However, data collection continued
until theoretical saturation [34].

Data Collection
First, data on participants’ sociodemographic characteristics
and virtual care use and perceptions were extracted from the
PM Virtual Care Evaluation Survey to describe the sample and
inform each interview. Demographic data included age, whether
they were born in Canada (yes or no), English as a first language
(yes or no), race or ethnicity (10 response options), highest level
of education (high school or less, college or technical school,
university undergraduate, or postgraduate), and household
income (CAD <$60,000, CAD $60,000-$99,000, or CAD
≥$100,000). Virtual care use and preferences were assessed by
asking participants to indicate the type of virtual appointments
they had received and would have liked to receive in the past
12 months (phone, video, or both). Patient satisfaction with
virtual care was captured using a 5-point Likert response (very
satisfied, satisfied, neutral, dissatisfied, or very dissatisfied).
Patient desire for virtual care options after the COVID-19
pandemic was captured by asking participants to indicate their
level of agreement with the statement “I would like to continue
to have virtual options for some of my visits after the COVID-19
pandemic ends,” using a 5-point Likert response option (strongly
agree, agree, neutral, disagree, or strongly disagree).

Each participant then took part in one 45- to 60-minute
semistructured interview based on the realist approach [21,22].
They were asked about their initial expectations and desired
outcomes of VFU, how it worked or did not work for them, and
how VFU could be made to work optimally. The interviews
were conducted by a research coordinator with experience in
qualitative interview methods (SB) who was trained in realist
methodology by a realist expert on the team (GW). Interviews
were audio-recorded and transcribed verbatim.

After the interview, participants completed a brief survey on
their level of patient activation, anxiety, and depression. Patient
activation was measured using the Patient Activation Measure
[35], which scores a patient’s knowledge, skills, and confidence
for proactively managing their health and health care using a
13-item tool with 4-point Likert scales. The Patient Activation
Measure scores (between 0 and 100) were converted into four
levels of activation: (1) not believing (patient) activation is
important (score of ≤47.0), (2) a lack of knowledge and
confidence (score of 47.1-55.1), (3) beginning to take action
(score of 55.2-67.0), and (4) taking action (score of ≥67.1).
Anxiety was measured using the Generalized Anxiety Disorder
7-item [36], and depression was measured using the Patient
Health Questionnaire-9 [37]. Anxiety and depression scores
were converted into the following categories: minimal (score
of 0-4), mild (score of 5-9), moderate (score of 10-14),
moderately severe (depression score only [15-19]), and severe
(score of 20-27 on Patient Health Questionnaire-9 or 15-21 on
Generalized Anxiety Disorder 7-item). Fear of recurrence was
measured using the Fear of Cancer Recurrence Inventory-Short
Form [38], a 9-item severity scale that evaluates intrusive
thoughts associated with fear of cancer recurrence using 4-point
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Likert scales. A score of ≥13 on the Fear of Cancer Recurrence
Inventory-Short Form denotes a clinically relevant fear of cancer
recurrence.

Data Analysis
A realist logic of analysis was used to analyze interview
transcripts [21], with the support of NVivo (version 14;
Lumivero). The coding was both deductive (some codes were
created in advance informed by the initial program theory) and
inductive (some codes emerged from the data). The data were
initially sorted into broad conceptual categories or “buckets”
by 2 team members independently (SB and SS) through
consultation with the lead author (JLB). The buckets were
developed following data collection both deductively and
inductively based on the initial program theory and what was
found in the data. They were further analyzed by 1 team member
(SS) to develop preliminary themes and CMOCs. As there were
no meaningful differences across the 2 groups of BC and PC
participants, the data were analyzed and reported jointly. The
themes and CMOCs underwent an intensive refinement process
with 3 research team members (JLB, GW, and SS) to ensure
they were clear, concise, and representative of the interview
data. Repetitive or redundant CMOCs were removed. The data
were then used to refine the program theory. Descriptive

statistics were used to summarize patient demographic
characteristics, virtual care use, patient activation, and
psychosocial well-being using R (version 4.1.2; R Foundation
for Statistical Computing).

Results

Participant Characteristics
In total, 24 patients were interviewed; of these, 12 (50%) had
been diagnosed and treated for BC and 12 (50%) had been
diagnosed and treated for PC (Table 1). On average, the
participants were aged 65.9 (SD 8.65) years, 100% (24/24)
attended postsecondary school, and 71% (17/24) reported a
household income of CAD ≥$100,000. Approximately half
(11/24, 46%) of the sample identified as racialized, 50% (12/24)
were born outside of Canada, and 20% (5/24) had a non-English
first language. The most common treatment type was surgery
(18/24, 75%), followed by radiation therapy (17/24, 71%) and
chemotherapy (9/24, 37%). This was a highly activated sample,
with most (18/24, 75%) at level 3 or 4 on the patient activation
scale and most with relatively mild or minimal depression
(18/24, 75%) or anxiety (20/24, 83%), and most participants
(15/24, 63%) reported nonclinical levels of fear of recurrence.

J Med Internet Res 2025 | vol. 27 | e65148 | p.140https://www.jmir.org/2025/1/e65148
(page number not for citation purposes)

Scruton et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Table 1. Participant characteristics (N=24).

TotalBreast cancer (n=12)Prostate cancer (n=12)Characteristic

Demographic characteristics

59.58 (13.41)53.25 (14.31)65.92 (8.65)Age (y), mean (SD)

Race or ethnicity, n (%)

1 (4)1 (8)0 (0)Arab or West Asian

3 (13)2 (17)1 (8)Black

1 (4)1 (8)0 (0)East Asian

1 (4)0 (0)1 (8)Jewish

2 (8)2 (17)0 (0)Latin American

2 (8)2 (17)0 (0)Southeast Asian

1 (4)0 (0)1 (8)South Asian

13 (54)4 (33)9 (75)White

Born in Canada , n (%)

12 (50)7 (58)5 (42)Yes

English as a first language, n (%)

19 (79)9 (75)10 (83)Yes

Highest level of education received, n (%)

0 (0)0 (0)0 (0)High school or less

24 (100)12 (100)12 (100)Postsecondary school

Household income (CAD $1.30=US $1), n (%)

4 (17)2 (17)2 (17)60,000-99,999

17 (71)9 (75)8 (67)≥100,000

3 (12)1 (8)2 (17)Prefer not to say

Clinical and psychosocial characteristics

Treatments received, n (%)

9 (37)9 (75)0 (0)Drug or chemotherapy

6 (25)5 (42)1 (8)Hormone therapy

17 (71)11 (92)6 (50)Radiation therapy

18 (75)10 (83)8 (67)Surgery

1 (4)0 (0)1 (8)Other

Anxiety level , n (%)

20 (83)10 (83)10 (83)Minimal or mild

3 (13)2 (17)1 (8)Moderate or severe

Depression level, n (%)

18 (75)7 (58)11 (92)Minimal or mild

5 (21)4 (33)1 (8)Moderate, moderately severe, or severe

Level of patient activation , n (%)

3 (13)1 (8)2 (17)Not believing activation is important

1 (4)1 (8)0 (0)A lack of knowledge or confidence

9 (37)4 (33)5 (42)Beginning to take action

9 (37)5 (42)4 (33)Taking action

Fear of recurrence, n (%)

7 (29)3 (25)4 (33)Clinical
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TotalBreast cancer (n=12)Prostate cancer (n=12)Characteristic

15 (63)8 (67)7 (58)Nonclinical

2 (8)1 (8)1 (8)Missing

VFU Use and Preferences
All participants received a phone call appointment (Table 2).
Most patients with BC also received a video appointment (20/24,
83%); none of the patients with PC received a video
appointment. Overall, most participants (20/24, 83%) were

satisfied or highly satisfied with their virtual care visits, and
most participants (20/24, 83%) would want VFU options to
continue after the COVID-19 pandemic. When asked which
type of VFU appointment they would prefer in the future, most
patients (15/24, 63%) indicated video appointments.

Table 2. Virtual follow-up (VFU) characteristics (N=24).

AllBreast cancer (n=12)Prostate cancer (n=12)Characteristic

Type of VFU appointment received, n (%)

14 (58)2 (17)12 (100)Only phone

0 (0)0 (0)0 (0)Only video

10 (42)10 (83)0 (0)Phone+video

Satisfaction with virtual care, n (%)

14 (58)7 (58)7 (58)Very satisfied

6 (25)2 (17)4 (33)Satisfied

4 (17)3 (25)1 (8)Dissatisfied

Would want the option for VFU after the COVID-19 pandemic, n (%)

13 (54)7 (58)6 (50)Strongly agree

7 (29)3 (25)4 (33)Agree

4 (17)2 (17)2 (17)Neutral

0 (0)0 (0)0 (0)Disagree

Preferences for virtual care in the future, n (%)

5 (21)4 (33)1 (8)No preference

4 (17)0 (0)4 (33)Phone

15 (63)8 (67)7 (58)Video

Views and Experiences With VFU
Overview

We identified 8 overarching concepts that captured patients’
views on how VFU could be made to work effectively. These
8 concepts consisted of 24 themes and 46 CMOCs (Multimedia

Appendix 1). Due to the number of CMOCs that were
developed, each CMOC is labeled with a code (eg, A1, A2)
found in Multimedia Appendix 1 (for ease of reference). The
findings related to each CMOC are labelled with a matching
code throughout the Results section. The concepts, themes, and
CMOCs were used to refine the program theory (Figure 1).
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Figure 1. Refined program theory.

Effectiveness
Effectiveness of VFU appears to be influenced by patient-,
physician-, and disease-related contextual factors. For example,
VFU was considered ineffective if it replaced physical
appointments all together, as physical examinations and
speaking to a physician in person reduced patient anxiety about
recurrence and management of ongoing side effects (A1).
In-person appointments provided visual cues (ie, body language,
facial expression, etc) that helped patients understand the
meaning of information received from their provider and feel
more confident in their care (A2). However, participants felt
that this may be partly overcome through video appointments,
as video allows patients and care providers to read each other’s
body language and facial expressions. This may be particularly
important for patients experiencing high levels of anxiety about
their cancer, as the lack of visual cues with phone calls causes
VFU to be insufficiently reassuring (A3). Participants also felt
that it was important for physicians to see the visual cues of the
patient, as this would enable the physician to pick up on distress
or concern that may not be verbally expressed by patients and
act accordingly (A4). The final contextual factor described to

impact effectiveness of VFU was the perceived loss of the
appreciation of the seriousness of cancer. In-person
appointments act as a reminder of the seriousness of the
condition. Without in-person appointments, patients were
concerned that they may become less vigilant in their self-care
and self-management (eg, nonadherence to medication or
forgetting self-examinations; A5).

Efficiency and Timeliness
If participants felt that the VFU they received was both efficient
and timely, they were more likely to be satisfied with their care.
These participants felt that VFU would likely improve the
overall efficiency of follow-up care, as they believed hospitals
could save time and money by scheduling more appointments
per day (B1). Participants also believed that greater use of virtual
appointments could improve the experience of in-person
appointments (when required), as hospital waiting rooms would
be less crowded and stressful (B2).

However, some participants expressed concerns that VFU could
lead to delays in receiving care. Many described being given
very long windows of time for their VFU appointments, which
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were difficult and frustrating to plan around (B3). In some cases,
physicians called outside of these time windows, which led to
missed appointments or patients having to speak to someone
other than their principal care provider (B4). These types of
situations were anxiety inducing for patients, particularly if they
had concerns to share with their provider as they feared that
their condition would worsen while waiting for a rescheduled
appointment (B5). Issues with timeliness may also occur if
patients have difficulty booking timely appointments due to
long wait times for callbacks or uncertainty about whom to
contact (B3).

Patient Centeredness
The largest conceptual bucket by far was related to patient
centeredness. Participants described ways in which VFU can
be more or less patient-centered compared to in-person care,
and how this impacted how well VFU worked for them. This
included references to personal values, preferences, and
expectations of VFU and how these measured up to their
experiences. A patient’s preferences and expectations were
influenced not only by their unique life circumstances but also
by health system characteristics, such as continuity of care.
Participants were concerned that the number of care providers
involved in their care may increase with VFU due to physicians
being busier with more appointments. Participants explained
that receiving care from multiple care providers made them feel
less cared for because they had less time to form trusting
relationships with each provider (C1). This was particularly
anxiety inducing for those who were newly diagnosed, as they
were particularly vulnerable and in need of a strong
physician-patient relationship (C2). In addition, they explained
that receiving care by multiple care providers led to poor
continuity and quality of care due to a lack of communication
between care providers. This was frustrating for participants,
as they felt they had to continually repeat their history to their
care providers, and they were concerned that their care would
be negatively impacted by their physician not having a
comprehensive understanding of their case (C3 and C4).

Difficulty forming relationships with care providers was also
heightened when participants had never been given the
opportunity to meet their provider face-to-face, as they felt this
hindered their ability to open up emotionally (C5). Some
participants felt that the care they received was more holistic
and empathetic when provided face-to-face, and they valued
the ability to visually see that they had the full attention of their
care provider (C6). Therefore, participants appreciated when
their care providers would make use of video calls for their VFU
appointments. However, most participants also expressed that
their VFU appointments felt rushed compared to in-person
appointments, which made them feel less cared for as they were
unable to take the time needed to process information and ask
questions (C7). Many participants felt their VFU appointments
only addressed their clinical or medical issues, as opposed to
the personal issues that accompany a cancer diagnosis, which
caused them to have unmet needs (C8). This may be because
the nature of VFU tends to favor information provision rather
than emotional support (C9).

When patients leave active treatment, some described feeling
“lost in the system.” This may be increased with VFU, as not
entering hospitals means that it may be more difficult for
patients to access support when needed (C10). Participants felt
that VFU may be improved if it included straightforward
processes to obtain information, support, and care when needed,
which would prevent them from feeling abandoned. This could
include the ability to communicate with their care provider via
technology (ie, email) in between appointments (C11 and C12).
In addition, participants expected their care providers to continue
to provide referrals to supportive care programs, but this was
not always the case with VFU (C13).

Finally, participants appreciated that VFU improved the
convenience of care. Patients did not have to travel to the
hospital for their appointment, which saved them time and
money (C14). They also appreciated that they could attend their
appointments from anywhere, including from the comfort of
their own home, which avoided stressful and slow waiting rooms
(C15). This also meant they could multitask while waiting for
appointments, meaning VFU was less disruptive to their
schedule (C15). VFU also allowed family members to be
included in VFU appointments, which was particularly valuable
when COVID-19 prevented family members from attending
in-person appointments (C16). Many participants felt that these
advantages of VFU outweighed the benefits of in-person care.

Equity
Follow-up care works best when it is equitable for every patient.
Participants noted that VFU may limit access to care for those
with certain sociodemographic characteristics such as a
disability, older age, or low socioeconomic status. For example,
participants expressed concern that someone with hearing loss
may face difficulties speaking over the phone, and someone
with vision loss may struggle with video appointments (D1).
Some participants also considered that some individuals may
not have access to fast internet or that those with a lower level
of education may be unable to search for medical information
on the internet if they are not given time to ask questions during
VFU appointments (D2 and D3).

Safety
Participants noted that VFU could improve safety by decreasing
their risk of being exposed to infectious diseases such as
COVID-19 (E2). However, some participants felt that VFU
may be less safe because it removed the ability to be physically
examined by an oncologist, potentially resulting in poorer care.
Turning elsewhere for care (such as the emergency room) caused
participants to feel they were being inadequately cared for (E1).

Patient Characteristics
Whether VFU worked well depended on patient characteristics
that impacted their suitability and preferences for virtual care.
This included comfort with technology, as some participants
described challenges that they and others may have with
navigating and using VFU technology (F1). Participants who
had experience working within a virtual environment had an
easier time using VFU and therefore were more likely to be
satisfied with it (F2).
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Other patient factors that influenced whether VFU was suitable
included clinical characteristics such as mental health, disease
characteristics, or comorbidities. Those with complex issues
(ie, fear of recurrence, severe side effects, anxiety, and recently
completed treatment) reported a greater need for reassurance,
acknowledgment, and help coping with their adversities, along
with a higher reliance on physical examinations, making them
a poorer candidate for VFU (F3). The opposite was true for
those who experienced fewer side effects and whose
appointments mainly addressed simple routine check-ups,
making them ideal candidates for VFU (F4).

At the same time, VFU seemed to overcome access barriers
experienced by those who are less likely to seek health care.
Participants who described themselves as being reluctant to
access the health care system (eg, due to a lack of time,
downplaying their condition, not the type to seek care, etc)
appreciated the convenience and efficiency of VFU, which they
explained motivated them to access health care (F5). Finally, a
patient’s preference for VFU seemed to depend on their coping
style. Those who described themselves as requiring considerable
emotional support (ie, emotional coping) felt that VFU did not
work as well for them because VFU tends to focus on
information provision over emotional support (F6). In contrast,
those who did not require as much emotional support (ie,
problem-focused coping), appreciated the simple, quick
information-provision appointments (F7).

Physician Characteristics
Many participants described the importance of physician
competence and bedside manner regardless of whether the
appointment was virtual or in person. If a physician did not
appear to be comfortable with the VFU technology, participants
judged the physician as less competent in providing care and
were concerned that this could impact the quality of their care
(G1). In addition, if a physician was less empathetic, patient,
or comforting during VFU compared to in-person appointments,
participants stated that they would not prefer this type of care
as they would feel less cared for (G2). Most participants
described feeling more rushed and less listened to during phone
appointments, as if the appointments were only for the purpose
of sharing information such as test results and not for the
purpose of addressing emotional concerns (G3). Some

participants felt that “webside manner” is something that could
be improved with proper training (G4).

Virtual Care System Characteristics
The final factor found to impact whether VFU works well for
patients was the characteristics of the virtual care system itself.
The most discussed topic was VFU modality, as most patients
were not offered the choice between having their VFU
appointments via phone or video. Some participants were okay
with this, as they felt the VFU modality that they were offered
was effective for their needs. However, others were disappointed
that they were not given a choice in the modality. They felt that
being provided the option for video appointments would have
increased the quality of their care as they could have benefitted
from face-to-face communication (H1). That said, this was only
true if the VFU technology worked well (functionality) and was
easy to use (usability). Some participants were frustrated with
the VFU technology because it was difficult for them to use
and did not work well for them (H2). However, when VFU
technology does work well, participants described being
appreciative of the fact that they could easily access
appointments and test results and communicate with their care
providers. Participants felt that physicians should be responsible
for offering fallback plans if the VFU technology did not work
well, such as what to do when a call drops, so that they need
not be fearful of the technology malfunctioning (H3). Some
participants noted the lack of virtual care processes and
communication channels (virtual communication workflows).
This caused issues when they did not know how to contact
support staff and schedule appointments, when they did not
know if their appointment would occur outside of the scheduled
time window, and when they did not know what to do if their
VFU call or internet connection was dropped or the technology
malfunctioned (H4).

Recommendations
The study findings point to several strategies that health care
providers and health care systems can use to enhance the patient
centeredness and perceived effectiveness of VFU appointments
for patients. We have outlined these patient-derived
recommendations in Textbox 1, which align with ASCO’s
guidelines for telehealth in oncology [38] and provide additional
considerations to optimize VFU for patients.

Textbox 1. Patient-derived recommendations for improving virtual follow-up (VFU) care.

1. Offer patients the choice of an in-person or virtual visit

2. Offer patients the choice of virtual visit modality (eg, telephone or video)

3. Ensure there is an easy-to-use and efficient process for patients to schedule an in-person visit if needed

4. Clearly communicate how the appointment can be continued if the technology fails and provide technical support

5. Ensure that virtual visit booking and scheduling processes are flexible enough to cater to patient’s changing needs and expectations and reduce
wait times where possible

6. Make time to listen to patient concerns and provide emotional support during virtual visits

7. Demonstrate empathy and provide your full attention using active listening skills during virtual visits

8. Demonstrate competency with virtual care technology

9. Ensure patients are provided resources and referrals to survivorship care programs during or after a virtual visit

10. Improve the quality of VFU technology and work flows to create a seamless and reliable care experience for patients
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Discussion

Principal Findings
To our knowledge, this is the first realist evaluation of VFU for
cancer care. This study has helped to answer for whom and in
which contexts VFU is most suitable and has identified ways
in which VFU could be optimized to better meet the needs of
patients with cancer receiving follow-up care. Overall, the
patients with BC and PC in this study described themselves as
being satisfied with VFU during the COVID-19 pandemic and
wanted VFU options to continue after the COVID-19 pandemic.
However, VFU impacted patient perceptions of the quality of
their care, particularly in terms of its effectiveness and patient
centeredness. Whether VFU worked well for patients depended
on patient factors (eg, needs, psychosocial well-being, and
technological competence), provider factors (eg, socioemotional
behaviors and technological competence), and virtual care
system factors (eg, modality, functionality, usability, and virtual
processes of care and communication workflows). Key
mechanisms that interacted with contexts to produce positive
outcomes (eg, satisfaction and reassurance) were visual cues,
clear empathetic communication, and a trusting relationship
with their provider.

Is Virtual Care Suitable for All Cancer Follow-Up
Appointments?
While follow-up appointments have been identified by patients
with cancer and health care providers and recommended by
clinical practice guidelines as suitable for virtual care delivery
because of their relative brevity and simplicity [20,39,40], they
can be anxiety provoking and complex depending on the
circumstances. For example, moderate to severe “scanxiety”
(the fear, stress, and anxiety in anticipation of surveillance tests
in follow-up cancer care) is present in as many as 28% of
survivors of cancer [41]. In a prior study, we reported that
survivors of cancer who experienced distress (anxiety or
depression) were less likely to be satisfied with VFU and less
likely to want VFU in the future compared to those who did not
report distress [17]. This study has revealed that patients
experiencing distress may not be satisfied with VFU because
the quality of emotional support provided virtually is less
effective. Participants felt more comforted during in-person
visits because they had more time to discuss their concerns and
the type of emotional support received was more effective
because the visual cues of the provider conveyed empathy and
understanding. Interestingly, a systematic review comparing
virtual to in-person cancer care on the psychosocial outcomes
of patients with cancer found that virtual care from physicians
or nurses was more beneficial for patients during active
treatment than follow-up [42]. However, a systematic review
comparing virtual versus in-person cancer care found virtual
psychosocial counseling to be equally effective for follow-up
care [15]. The ASCO telehealth guidelines recommend
providing individualized orientation and instruction to patients
and care providers on the specific technology that will be used
for the virtual care interaction [20]. Our findings highlight a
need for care provider training in empathetic virtual
communication as well, which has been expressed by care

providers themselves [43], accompanied with seamless referrals
to psychosocial professionals for follow-up psychosocial issues.

For Whom and in Which Contexts VFU Is Most Suited
Importantly, this study has identified for whom and in which
contexts VFU is most suited—a knowledge gap that has been
identified by many [39,44,45]. In doing so, the study findings
align with and considerably expand upon the recommendations
of the European Society of Medical Oncology on which patients
should be offered telehealth [46]. In its current form, this study
has found that VFU is more suited for patients with cancer who
are doing well—physically and emotionally—often termed “the
well follow-up patient” [11]. From a clinical perspective, this
includes patients with no evidence of disease; with limited or
well managed treatment side effects including no-to-mild
depression, anxiety, and fear of recurrence; who have
problem-focused coping styles; and who require limited
emotional support from professionals to deal with the effects
of cancer and its treatment. From a sociodemographic
perspective, this also includes patients who are comfortable
speaking in English (for appointments that are in English); who
do not have auditory, visual, cognitive, or physical impairments
that limit their effective use of VFU technology; who have
access to and experience with VFU technology; and who have
the education and skills needed to proactively manage their
health and health care. VFU is also well suited for patients with
cancer with busy schedules and many competing demands, as
they appreciate the convenience of virtual visits. It may even
increase health care access for those who are typically reluctant
to seek care due to the inconvenience of in-person visits.

Hence, it its current form, if VFU was the only option, it would
likely increase disparities in access to care for some patients
with cancer. Other studies have demonstrated this to be the case.
Notably, a study of health care use during the COVID-19
pandemic in the United States found that Black patients had 0.6
times of the adjusted odds of accessing care through
telemedicine compared to White patients [19]. However,
subgroup analysis revealed that younger Black women were
more likely to access care through telemedicine, particularly
for urgent care issues. In contrast, a study of access disparities
conducted at the same institution as this study identified no
differences in virtual care use based on patient demographics
[47]. This may be due to the higher socioeconomic status of
their study sample, as only 7% identified as low income.
Importantly, they found that regardless of visit type, patients
who were structurally marginalized by ethnocultural, situational,
and residential status, as well as gender, were less satisfied with
their care whether it was virtual or in person. These findings
highlight the need for proactive and continuous efforts to
identify and intervene to address health disparities in access,
experience, and outcomes.

How Health Care Providers Can Optimize Virtual
Care for Patients
This study also identified strategies that care providers can use
to enhance the patient centeredness and perceived effectiveness
of VFU for patients. In fact, health care provider behavior was
the key contextual factor that triggered the mechanisms (eg,
assessment of visual cues, providing full attention, etc) that led
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to positive outcomes (eg, patient responses such as trust,
reassurance, feeling cared for, and satisfaction). VFU was
considered ineffective for patients if care providers did not give
patients the option of choosing in-person versus virtual
appointments; were not competent using virtual care technology;
did not give patients their full attention and time; were less
empathetic, patient, and comforting during the virtual visit; or
focused on collecting or providing information at the expense
of emotional support. Collectively, except for technological
competence, these behaviors reflect socioemotional behaviors
critical for the effectiveness of the patient-physician encounter.
Drawing on social interaction theory, Roberts and Aruguete
[48] have shown that patients mostly recognize and react to
physician socioemotional behaviors (eg, concern, affection, and
attention displayed verbally and nonverbally) due to a lack of
understanding of physician task behaviors (eg, explanation of
etiology, symptoms, and treatment). In a series of experiments
using videotapes of varied levels of physician task versus
socioemotional behavior, they demonstrated that high levels of
socioemotional behaviors increased patient self-disclosure, trust,
satisfaction, and likelihood of recommending the physician.
Participants in this study recognized that physician “webside
manner” could be improved through training. Likewise, a study
of key informants representing Canadian provincial and national
health care organizations with expertise in virtual care delivery
[43] identified a need to train care providers in how to use
technology and integrate virtual care into practice, adapt their
clinical skills (including examination skills) to virtual care, build
rapport through good communication with patients, and
understand when an in-person visit is necessary based on the
nature of the appointment and patient contextual factors.

How Health Care Systems Can Optimize Virtual Care
for Patients
System transformation is needed to deliver virtual care optimally
and equitably to patients. First, health care systems need to
enhance virtual care infrastructure and workflows for virtual
care to realize its potential for greater efficiency. From a patient
perspective, this includes ensuring that VFU technology is
accessible, easy to use, and reliable. To increase accessibility,
high technology (eg, video) and low technology (telephone and
text) VFU solutions are required. Most Canadian studies of
virtual care during the COVID-19 pandemic [17,30,49],
including this study, reported greater use of telephone than video
for virtual care. This was likely due to limited virtual care
infrastructure, problems encountered using video, and limited
video technology proficiency of patients and care providers. As
virtual care technology innovates, low technology options should
remain and be offered to patients to ensure equitable access, as
broadband connectivity remains inconsistent across Canada
[50]. However, the virtual care reimbursement structure needs
to change to adequately reimburse care providers for telehealth
services. Currently, Ontario’s virtual care funding model limits
telephone-based care by compensating physicians less for
telephone visits compared to in-person visits or video visits
[51]. Consequently, physicians might opt to limit their use of
telephone visits, potentially leading to reduced access to care
for those without high-speed internet access. Establishment of
virtual care processes and workflows, along with patient

education materials, are needed to seamlessly navigate patients
through their virtual care appointment. From a patient
perspective, this includes ensuring patients are given the option
to choose their virtual visit modality, informed how to use VFU
technology optimally, and what to do and who to contact if the
technology fails or they require help. Support for technological
issues needs to be provided by the system itself, to avoid the
responsibility falling on health care providers. These strategies
will enhance patient reactions and responses to virtual care,
which will result in better outcomes by increasing patient
confidence in their ability to use virtual care and patient
confidence in the health system’s ability to support them if the
technology malfunctions or does not work as intended.

Limitations
This study has certain limitations. First, while theory-driven
research can provide transferable context-specific
understandings of phenomena (in the case of this study, VFU
for cancer), inferences about transferability must be tested. In
other words, while we may assume that a CMOC operates in a
different setting due to the presence of similar mechanisms, this
claim should be tested using locally collected primary data. Any
testing is aided by the fact that CMOCs are a form of
middle-range theory and are expressed in a way that permits
empirical testing using primary data. Though our sample was
diverse in terms of race, ethnicity, first language, etc, the
participants were predominantly high-income, highly educated,
and highly activated individuals. As such, our findings may not
fully represent the perspective of less activated or less educated
patients who may have lower health literacy, be less involved
in their care, and face more challenges with virtual care. It is
possible that these individuals would differ in their satisfaction
with VFU and its suitability as a method of follow-up care. This
highlights a need for future research to better understand how
VFU could be optimized for populations who face systemic and
structural barriers to the use of virtual care. Finally, it may be
a limitation that a small subset of participants (6/24, 25%) did
not experience an in-person appointment within 12 months of
participation. Though it is likely they received an in-person
appointment before this date, it is possible that they lacked
experience with in-person cancer care with which to compare
virtual cancer care. However, we found no obvious differences
in the findings between participants who did and did not report
in-person appointments during the 12-month period.

Conclusions
Patients value VFU as a part of their care; however, VFU is not
working as well as it could for them. To optimize VFU, it is
critical to consider the contextual factors and underlying
mechanisms that influence patient perceptions of the patient
centeredness and effectiveness of their care. Offering patients
the choice of in-person, telephone, or video visits when possible,
coupled with streamlined access to in-person care when required,
is important. Prioritizing and addressing patient needs;
enhancing physician online socioemotional behaviors and
technology competency; and enhancing VFU functionality,
usability, and processes of care and communication workflows
will improve the patient centeredness of virtual care. By
improving these contextual factors, VFU can be aligned with
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patient needs and preferences, resulting in effective, efficient, safe, and equitable follow-up care.
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Abstract

Background: Patients undergoing surgery often experience stress and anxiety, which can increase complications and hinder
recovery. Effective management of these psychological factors is key to improving outcomes. Preoperative anxiety is inversely
correlated with the amount of information patients receive, but accessible, personalized support remains limited, especially in
preoperative settings. Face-to-face education is often impractical due to resource constraints. Digital health (DH) interventions
offer a promising alternative, enhancing patient engagement and empowerment. However, most current tools focus on providing
information, overlooking the importance of personalization and psychological support.

Objective: This study aimed to assess the viability of a DH intervention known as the Adhera CARINAE DH Program. This
program is specifically designed to offer evidence-based and personalized stress- and anxiety-management techniques. It achieves
this by using a comprehensive digital ecosystem that incorporates wearable devices, mobile apps, and virtual reality technologies.
The intervention program also makes use of advanced data-driven techniques to deliver tailored patient education and lifestyle
support.

Methods: A total of 74 patients scheduled for surgery across 4 hospitals in 3 European countries were enrolled in this study
from September 2021 to March 2022. Surgeries included cardiopulmonary and coronary artery bypass surgeries, cardiac valve
replacements, prostate or bladder cancer surgeries, hip and knee replacements, maxillofacial surgery, and scoliosis procedures.
After assessment for eligibility, participants were randomized into 2 groups: the intervention group (n=23) received the Adhera
CARINAE DH intervention in addition to standard care, while the control group (n=27) received standard care alone. Psychological
metrics such as self-efficacy, self-management, and mental well-being were assessed before and after the intervention, alongside
physiological markers of stress.

Results: The intervention group demonstrated significant improvements across several psychological outcomes. For example,
Visual Analogue Scale Stress at the hospital improved at admission by 5% and at hospital discharge by 11.1% and Visual Analogue
Scale Pain at admission improved by 31.2%. In addition, Hospital Anxiety and Depression Scale Anxiety after surgery improved
by 15.6%, and Positive and Negative Affect Scale-Negative at hospital admission improved by 17.5%. Overall, patients in the
intervention study spent 17.12% less days in the hospital. Besides these individual scores, the intervention group shows more
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positive relationships among the psychological dimensions of self-efficacy, self-management, and mental well-being, suggesting
that the CARINAE solution could have a positive effect and impact on the reduction of stress and negative emotions.

Conclusions: Our results provide an important first step toward a deeper understanding of optimizing DH solutions to support
patients undergoing surgery and for potential applications in remote patient monitoring and communication.

Trial Registration: ClinicalTrials.gov NCT05184725; https://clinicaltrials.gov/study/NCT05184725

International Registered Report Identifier (IRRID): RR2-10.2196/38536

(J Med Internet Res 2025;27:e54049)   doi:10.2196/54049

KEYWORDS

CARINAE; digital health; patient empowerment; stress and anxiety management; mHealth; virtual reality; feasibility; perioperative;
randomized controlled trial; surgery; risk; patient empowerment; wearable devices; patient education; mobile app; psychological;
self-efficacy; self-management; well-being; patient monitoring

Introduction

Patients undergoing surgical operations commonly experience
symptoms of severe stress, anxiety, and fear due to the
potentially threatening nature of surgeries [1,2]. Family
caregivers, who play a crucial role in caring for these patients,
also face emotional distress and physical challenges [3].
Surgeons and health care professionals use various stress coping
strategies, as stressors can affect surgical performance and lead
to complications [4]. Psychological support and patient
education have proven effective in reducing stress and anxiety
in surgical settings [5,6]. Providing information about the
surgical procedure is essential for both patients and caregivers,
as it helps decrease anxiety levels and surgical complications
[7,8]. Patient empowerment, where patients actively participate
in managing their diseases, leads to better self-care management
and improved outcomes in terms of satisfaction, cost, health
status, and function [9,10]. Addressing caregiver strain is also
vital for pediatric patients [11] and those with special health
care needs [12].

Being in unfamiliar surroundings and facing preoperative
requirements can add to feelings of confusion and stress. It is
common for individuals anticipating surgery to experience
uncertainty, fear, hesitation, and anxiety. These emotions can
affect patients’ well-being and their ability to adhere to
instructions throughout their perioperative journey. Research
shows [13] that patient experience is closely tied to emotional
health and surgical outcomes. Failure to address anxiety and
stress adequately can lead to unnecessary discomfort, prolonged
hospital stays, higher costs, and suboptimal clinical results.

Preventing presurgical anxiety can significantly contribute to
positive outcomes in terms of health and well-being. Various
strategies and techniques have been used to manage preoperative
stress and anxiety, ranging from simple methods like listening
to music and basic relaxation techniques to more involved
approaches such as providing information, consulting with
nurses, and using advanced interventions like patient education
programs and modern information and communication
technology tools [14,15].

For instance, allowing preoperative patients the opportunity to
listen to music before surgery can prove to be an effective
intervention in reducing anxiety and aiding patients in coping
with what could potentially be a challenging or stressful

procedure. Music has demonstrated its ability to alleviate anxiety
among preoperative patients on numerous occasions [8].
However, it is noteworthy that only a small fraction of patients
receive adequate stress relief support before undergoing surgery.

Digital health (DH) interventions have significantly supported
enhancing health condition awareness and mental health
management, using both nonimmersive systems, for example,
mobile apps, and immersive systems, for example, virtual reality
(VR) [16]. These interventions have shown promise in
supporting patients in managing anxiety, stress, and pain
[17-19]. Especially for VR, studies [20-23] have demonstrated
benefits in various health care areas, including stress and pain
reduction [23,24], medical practitioner training, patient
counseling, cognitive rehabilitation, physical therapy, dentistry,
mental health management, and surgery, as well as in managing
pain and anxiety in pediatric patients [21,22,25]. VR’s
distractive properties make it an efficient tool for stress relief
and pain management [26]. In addition, VR has been shown to
reduce perceptions of anxiety in preoperative patients [27].

On the other hand, DH interventions generate vast amounts of
data that can be used for personalization through artificial
intelligence techniques [28-33]. These techniques capitalize on
remote activity recognition and monitoring in order to provide
recommendations, enabling the personalization of patient
interventions based on their unique behavioral and health needs
[34,35]. Perioperative stress varies greatly among patients,
depending on the severity of their illness and the type of surgery
required. Personalized interventions targeting stress management
should take these individual differences into account,
incorporating health behavior theories. Health Recommender
Systems, like the I-Change model, guide the personalization of
educational and behavioral interventions [36,37].

Independent of the progress in the domain, the feasibility of
combining VR with mobile-based technologies as the primary
means of delivering a DH intervention remains poorly
understood [38]. This study aims to explore the feasibility of a
DH intervention named CARINAE, which combines
evidence-based perioperative stress management, anxiety, and
pain relief techniques grounded in behavioral science. The
intervention leverages mobile and VR technologies to help
patients manage stress and anxiety during surgery, promoting
healthy recovery, extensively reported already in another paper
[39]. Through self-reported measurements and a control group,
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the study assesses the impact of the CARINAE platform on
perioperative stress, aiming to determine the effectiveness of
the intervention.

Methods

Overview
In this section, we summarize the design and the protocol
followed for the intervention. For more information on the
details of the protocol and the technological solution, the
interested reader is forwarded to the relevant paper [39].

Ethical Considerations
This study was approved by the Institutional Review Board of
the four hospitals participating in the study (Hospital
Universitario Reina Sofia, Spain; Instituto di Ricovero e Cura
per Anziani, Italy; Sant Joan de Déu Hospital, Spain; and
Fundació Parc Taulí, Spain) and with the 1964 Declaration of
Helsinki and its later amendments or comparable ethical
standards. Informed consent was obtained from all individual
participants included in the study. Additionally, measures were
taken to ensure the confidentiality and anonymity of patient
data throughout the study. The study posed no significant risks
to participants, and they were free to withdraw at any time
without affecting their standard of care. Finally, no financial
compensation was provided to the participants of the study.

Study Setting
The study, following ethical boards’ approval, was conducted
at the following European hospitals: (1) Hospital Universitario
Reina Sofia (SAS; Spain)—Cardiothoracic Surgery Department;
(2) Instituto di Ricovero e Cura per Anziani (INRCA;
Italy)—Urology Department; (3) Sant Joan de Déu Hospital
(SJD; Spain)—Orthopedics and Traumatology Department for
Children; and (4) Fundació Parc Taulí (Parc Taulí;
Spain)—Orthopedics and Traumatology Department for Adults.
A fifth hospital had granted ethical approval to conduct the
study; however, due to external reasons, no patients were
recruited from this hospital, and so it did not participate.

The recruitment process started in September 2021 and finished
in March 2022.

Clinical investigators prescreened the eligibility of the
participants that they had available in their pool of participants
that were proposed for one of the surgeries in the inclusion
criteria that are reported in the sequel. Whenever a potentially
eligible participant was identified, he or she was invited to the
study, either by phone or during the routine consultation,
whatever was more convenient. As soon as the patient showed
interest in taking part in the study, she or he was referred to the
research coordinator of the study who facilitated him or her by
providing the patient information letter and the informed consent
form and who solved any questions and concerns that the patient
might have. Upon the signature of the informed consent, the
patient was considered recruited for the trial.

Study Design
The CARINAE DH platform was tested in a multicentric trial
conducted in 4 clinical settings across two European countries.

The trial used a stratified randomized controlled design and
aimed to address two main research questions.

RQ1: The first question seeks to determine the extent to which
CARINAE impacts patients’ stress, anxiety, and pain levels
compared to those who receive the standard of care only.
Additionally, the study investigated the effects on secondary
outcomes, such as well-being and overall quality of life. As a
side effect, the study investigated the impact of CARINAE on
caregivers’ stress and anxiety based on the groups they were
assigned to.

RQ2: The second research question focuses on evaluating the
overall usability of the CARINAE solution based on feedback
and experiences from patients, caregivers, and health care
professionals involved in the trial.

Eligibility Criteria

Inclusion Criteria
Participants aged 12 to 65 years who underwent various
surgeries, including cardiopulmonary bypass surgery, coronary
artery bypass surgery, cardiac valve replacement, prostate,
kidney, or bladder cancer surgery, hip or knee replacement,
maxillofacial surgery, orthognathic surgery, or scoliosis. Adult
participants were required to have an Android smartphone and
demonstrate basic digital literacy, while children’s caregivers
also needed to have an Android smartphone and basic digital
literacy.

Exclusion Criteria
Participants who could not provide informed consent,
communicate effectively in the native language, demonstrate
basic digital literacy, exhibited symptoms of dementia, had
allergies to dedicated wearable materials like steel and silicone,
were pregnant, or were already enrolled in another clinical trial.

Interventions

Overview
The eligible participants were randomly allocated to either the
experimental group or the control group using block
randomization with a block size of 4. The randomization process
was facilitated through the Sealed Envelope web-based tool
[31]. The DH solution consisted of three distinct components:
a mobile app, a VR component, and a clinical web application.
Participants in the experimental group used the first and second
components, while the third component was exclusively used
by health care professionals for those patients. Both the control
and experimental groups underwent the same visit schedule.

Control Group
The control group received standard care, which included four
visits with the health care provider. During these visits, patients
in the control group received instructions on diet and healthy
lifestyle habits. In current health care settings, it is not common
to provide patients with stress and anxiety relief support during
the perioperative period. Assessments for the control group took
place during the following visits: (1) the initial visit, where the
health care provider communicated the need for surgery to the
patient (2-4 weeks before the surgery); (2) hospital admission,
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which occurred 1-3 days before the surgery; (3) hospital
discharge, approximately 1 week after the surgery; and (4)
remote follow-up 14 days after the surgery. After each visit,
patients were administered several questionnaires capturing
primary and secondary outcomes, as well as covariates.

Experimental (Intervention) Group
The participants in the experimental group received the digital
solution CARINAE during the first visit, along with training
on how to use the tool effectively. They were allowed to take
CARINAE home and use it as frequently as desired. Following
each of the 4 standard care visits, the experimental group
completed the same questionnaires as the control group.

Sample Size Calculation
The study was a feasibility clinical trial, with the number of
participants established before the beginning of the project by
the clinics. According to the study protocol reported by
Kondylakis et al [39], participants were randomized to achieve
a balance between the 2 groups (intervention and control groups)
according to the type of surgery and baseline characteristics
(covariates). Considering a 1:1 random allocation, significance
level of .05 (2-sided), and 80% power, 60 participants were
needed to detect a 10% difference in stress, anxiety, and pain
between the intervention and control groups. Sample size
calculations are estimated using G*Power (version 3.1.9.2;
University of Dusseldorf).

Outcome Variables
The primary outcome variables in this study were stress, anxiety,
and pain, which were measured using paper-and-pencil
questionnaires. The secondary outcome variables included
overall quality of life, emotional status, mental well-being,
self-efficacy perception, and patient activation during and after
the hospital stay.

For assessing the primary outcome variables, the following
questionnaires were used after each standard care visit and
administered on paper:

• Patients’and caregivers’self-reported stress measured using
a Visual Analogue Scale (VAS) at baseline, admission for
surgery, hospital discharge, and 2 weeks after surgery [40].

• Patients’ self-reported pain measured using a VAS at
baseline, admission for surgery, hospital discharge, and 2
weeks after surgery [41].

• Patients’ Hospital Anxiety and Depression (HADS)
measured at admission for surgery, hospital discharge, and
2 weeks after surgery [42].

For assessing the secondary outcome variables, the following
questionnaires were used after each standard care visit and
administered on paper:

• Patients’ health-related quality of life measured using the
EQ-5D-3L questionnaire at baseline, admission for surgery,
and clinical discharge [43].

• Patients’ emotional status measured using the Positive and
Negative affect Scale (PANAS) at baseline, admission for
surgery, hospital discharge, and 2 weeks after surgery [44].

• Patients’ and caregivers’mental well-being measured using
the “Short Warwick Edinburgh Mental Well-Being Scale”
(SWEMWBS) at baseline and 2 weeks after surgery [45].

• Patients’ and caregivers’ self-efficacy measured using the
General Self-Efficacy in short form (GSE) questionnaire
at baseline and 2 weeks after surgery [46].

• Patients’ activation status measured using the Patient
Activation Measure short form (PAM-13) at baseline,
admission for surgery, and 2 weeks after surgery [47].

All these questionnaires have proven to be reliable and effective
in measuring the respective variables.

Results

Overview
The diagram of the study is shown in Figure 1. From September
2021 to March 2022, a total of 74 patients were assessed for
eligibility and 24 patients were excluded according to the
following: (1) not meeting inclusion criteria (n=2); (2) declined
to participate (n=8); (3) COVID-19 urgency (n=4); and (4)
hospital acute admission (n=10). A total of 50 patients
participated in the study, 23 patients were allocated to the
CARINAE group (intervention group) and 27 participants were
allocated to the control group. In total, 10 patients dropped out
of the study (5 patients in the intervention group and 5 patients
in the control group). In addition, 1 control group patient died
during the surgery. A total of 39 patients finalized the trial and
their data have been analyzed (21 patients in the control group
and 18 patients in the intervention group; see the CONSORT
[Consolidated Standards of Reporting Trials] flowchart in Figure
1 and CONSORT checklist in Multimedia Appendix 1).
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram of the trial.

The intervention group consisted of 18 patients (10 male and 8
female patients; mean age 45.38, SD 26.2, range 12-91 years)
and the control group consisted of 21 patients (11 male and 10
female patients; mean age 56.66, SD 27, range 12-91 years).
Furthermore, intervention group surgeries included 1 patient
undergone coronary bypass, 1 cardiac valve replacement, 4
scoliosis, 2 hip and 2 knee replacements, 3 prostate cancer, 2
bladder cancer surgeries, and 3 maxillofacial surgery types (see
Multimedia Appendix 2 for sociodemographic characteristics).

The control group consisted of 3 patients undergone cardiac
valve replacement, 2 scoliosis, 2 hip replacements, 4 knee
replacements, 2 prostate cancer, 4 bladder cancer, and 4
maxillofacial surgery types (see Multimedia Appendix 2 for
sociodemographic characteristics). The baseline table highlights
a potential bias with regard to the age of the participants in both
intervention and control groups (ca. 10 years), see the impact
of that in the Discussion/Limitations section.

In addition, 22 caregivers participated in the study (11 in the
control group and 11 in the intervention group). A total of 5
caregivers dropped out of the study (4 in the control group and
1 in the intervention group). A total of 17 caregivers finalized
the trial and their data have been analyzed. This difference in

drop out might be resulting from the lack of incentive to stay
in the control group.

Finally, 12 health care professionals answered the three
questionnaires (VAS, SWEMWBS, and Caregiver GSE), and
their data were analyzed; 5 health care professionals belonged
to INRCA—Italy, 4 to the SAS—Cordoba, Spain, 2 to the
HSJD—Barcelona, Spain and 1 to the Parc Taulí, Spain.

Descriptive Statistics
Multimedia Appendix 2 presents descriptive statistics for the
most important sociodemographic characteristics such as age,
sex, digital expertise, educational level, type of medication,
type of surgery, and previous comorbidities. Most of the
participants had basic (n=13) or advanced digital skills (n=17)
and 8 of them considered themselves experts. Regarding
previous comorbidities, 11 of them had cancer in the past, 7 of
them had cardiovascular disease, 1 had diabetes mellitus, 1 had
renal disease, and 4 of them had mental diseases.

Clinical Outcome Parameters
Regarding the clinical variables, descriptive statistical metrics
along with results of univariate analysis between intervention
and control groups by t test method are presented in Multimedia
Appendix 3.
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Among all the variables in Multimedia Appendix 3, the VAS
values for stress were lower for the intervention groups in all
the overall cases (prehospitalization, hospitalization, and
discharge) but they did not reach significance. There is only
one that demonstrates statistical differences between control
and intervention groups: HADS Depression Score during
hospital admission in Parc Taulí. For the rest variables, the

hypothesis of equal mean between intervention and control
groups cannot be rejected due to the high P value outcome of
the statistical tests. In addition, the mean VAS Stress, VAS
Pain, HADS Depression, HADS Anxiety, PANAS Positive,
and PANAS Negative score evolution throughout the 4 hospital
visits follow-up period are illustrated in Figures 2-7.

Figure 2. Evolution of mean VAS Stress score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). VAS:
Visual Analogue Scale.

Figure 3. Evolution of mean VAS Pain score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). VAS:
Visual Analogue Scale.
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Figure 4. Evolution of mean HADS Depression score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
HADS: Hospital Anxiety and Depression Scale.

Figure 5. Evolution of mean HADS Anxiety score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
HADS: Hospital Anxiety and Depression Scale.
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Figure 6. Evolution of mean PANAS Positive score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
PANAS: Positive and Negative Affect Scale.

Figure 7. Evolution of mean PANAS (Positive and Negative Affect Scale) Negative score during the 4 hospital visits (initial visit, hospital, hospital
discharge, and 14 days postsurgery).

Likewise, regarding the nonclinical outcome parameters of
Multimedia Appendix 4, the same statistical methodology has
been designed and executed to identify the most statistically
significant variables. In this case, there are three variables where
the hypothesis of equal means can be rejected (P<.05), that is,

PAM-13 Hospital Admission item 13, VAS Stress—hospital
discharge, GSE, and the corresponding questionnaires’
(PAM-13, GSE, SWEMWBS, QOLmean, VAS Stress
Caregiver, SWEMWBS Caregiver, and GSE Caregiver) score
evolution graphics are presented in Figures 8-16.
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Figure 8. Evolution of mean PAM-13 score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). PAM-13:
Patient Activation Measure 13.

Figure 9. Evolution of mean GSE score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). GSE: General
Self-Efficacy.
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Figure 10. Evolution of mean SWEMWBS score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
SWEMWBS: Short Warwick Edinburgh Mental Well-Being Scale.

Figure 11. Evolution of mean SWEMWBS Metric score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
SWEMWBS: Short Warwick Edinburgh Mental Well-Being Scale.
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Figure 12. Evolution of mean QOL score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). QOL: Quality
of Life.

Figure 13. Evolution of mean QOL VAS score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). QOL:
quality of life; VAS: Visual Analogue Scale.
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Figure 14. Evolution of Caregiver’s VAS Stress score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
VAS: Visual Analogue Scale.

Figure 15. Evolution of Caregiver’s SWEMWBS score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery).
SWEMWBS: Short Warwick Edinburgh Mental Well-Being Scale.
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Figure 16. Evolution of Caregiver’s GSE score during the 4 hospital visits (initial visit, hospital, hospital discharge, and 14 days postsurgery). GSE:
General Self-Efficacy.

Surgery’s Exploratory Analysis

ANOVA Analysis
This section aims to investigate any possible statistical effect
of the type of surgery on the patients between the intervention
and control groups. It uses the mixed-ANOVA statistical tests
applied to each unique surgery type group. Thus, depending on
the surgery, ANOVA results are as follows:

• Hip replacement surgery: F29,29=1.38; P=.19; ηp
2=0.58

• Knee replacement surgery:F29,116=259; P=.06; ηp
2=0.27

• Maxilofacial surgery: F29,145=0.67; P=.89; ηp
2=0.11

• Cardiac valve replacement surgery: F29,58=0.8, P=.73;

ηp
2=0.28

• Bladder surgery: F29,116=0.38; P=.99; ηp
2=0.08

• Prostate surgery: F29,87=0.73; P=.82; ηp
2=0.19

• Scoliosis surgery: F29,116=0.13; P=.007; ηp
2=0.32

The P value obtained from ANOVA analysis in scoliosis is
significant (P<.05), and therefore, we conclude that there are
significant differences among intervention and control patients
undergone that type of surgery.

Tukey Approach
For further investigation of the scoliosis data, an essential
pair-wise correlational analysis has been implemented to specify
the exact pair of variables whose statistics are significantly
different between the intervention and control groups. One of
the most commonly used post hoc tests is Tukey’s test, which
allows us to make pairwise comparisons between the means of
each group while controlling for the family wise error rate.

Thus, we would conclude that there is a statistically significant
difference (P<.05) between the means of groups: VAS Stress

(hospital discharge) – VAS Pain (postoperation day) VAS Stress
(hospital discharge) – HADS Depression (enrollment) VAS
Stress (hospital discharge) – HADS Depression (hospital
admission) VAS Stress (hospital discharge) – HADS Depression
(hospital discharge) VAS Stress (hospital discharge) – HADS
Depression (postoperation day) VAS Stress (hospital discharge)
– HADS Anxiety (enrollment) VAS Stress (hospital discharge)
– HADS Anxiety (hospital admission) VAS Stress (hospital
discharge) – HADS Anxiety (hospital discharge) VAS Pain
(enrollment) – VAS Pain (postoperation day) VAS Pain (hospital
discharge) – VAS Pain (postoperation day) VAS Pain (hospital
discharge) – HADS Depression (enrollment) VAS Pain (hospital
discharge) – HADS Depression (hospital admission) VAS Pain
(hospital discharge) – HADS Depression (hospital discharge)
VAS Pain (hospital discharge) – HADS Depression
(postoperation day) VAS Pain (hospital discharge) – HADS
Anxiety (enrollment) VAS Pain (hospital discharge) – HADS
Anxiety (hospital admission) VAS Pain (hospital discharge) –
HADS Anxiety (hospital discharge) HADS Depression
(enrollment) – PAM (enrollment).

Linear Mixed Models
Apart from ANOVA tests, to identify any connections between
the input data clustered by type of surgery, another statistical
approach has been tested, the linear mixed modeling technique.

In this exploratory analysis VAS Stress, VAS Pain, HADS
Depression, HADS Anxiety and PANAS questionnaires’scores
have been submitted to a linear mixed models (LMM) analysis
wherein “time,” “group (intervention vs control),” their
interaction (time × group), age, and sex have been included as
fixed factors. On the other hand, “subjects” and “surgery” have
been submitted as random factors. The most significant LMM
model’s results appear to be the ones with dependent variables
the questionnaire VAS Stress and VAS Pain. The corresponding
results are presented in Tables 1 and 2.
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Table 1. Results of the linear mixed models for the VASa Stress.

P valueSECoefficient

.135.78.59Hospital admission score

.135.7–8.72Hospital discharge score

<.0015.7–23.46Postoperation visit score

.025.0611.92Sex (female)

.054.616–8.99Groups (intervention/control)

.0010.448–1.58Age

aVAS: Visual Analogue Scale.

Table 2. Results of the linear mixed models for the VASa Pain.

P valueSECoefficient

.365.195–4.69Hospital admission score

<.0015.19520.64Hospital discharge score

.295.1955.513Postoperation visit score

.854.60.85Sex (female)

.594.2–2.22Groups (intervention/control)

.420.349–0.28Age

aVAS: Visual Analogue Scale.

Feature Importance Analysis
Feature importance refers to techniques that calculate a score
for all the input features for a given model—the scores simply
represent the “importance” of each feature. A higher score means
that the specific feature will have a larger effect on the model
that is being used to predict a certain variable. The following
figures correspond to the computation of the most important
factors linked to the principal questionnaires of this study (VAS
Stress, VAS Pain, HADS Depression, HADS Anxiety, PANAS)
using the XGBoost Regressor. The results are shown in the
Multimedia Appendices 5-10.

Adherence and Engagement Analysis to CARINAE
App
Adherence to VAS Pain and Stress, as well as to Wound Healing
questionnaires into the CARINAE app have been analyzed to
show the actions performed by the patients and the results show
an overall adherence on VAS Pain of 47.23%, on VAS Stress
of 68.41%, and Wound Healing of 2.5%. In the following table
(Table 3), the adherence rates are also presented per hospital.

Further, the engagement table to the CARINAE app is presented
in Table 4 for the various hospitals showing the total amount
of interactions and patient sessions.

Table 3. Mean adherence to VASa Pain, VAS Stress, and Wound Healing questionnaires into the CARINAE app.

Wound
Healing rate

VAS Stress
rate

Completed VAS
Stress

VAS Pain rateCompleted VAS PainDays in studyDays in hospitalHospital

3%71.13%2373%23.33333INRCAb

0%30.50%15.624.15%12.33374Parc Taulí

4.1%79%20.240.40%9.223.42.2Hospital Sant Joan
de Déu

aVAS: Visual Analogue Scale.
bINRCA: Instituto di Ricovero e Cura per Anziani.
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Table 4. Engagement to CARINAE app in terms of patient and caregiver interactions, number of sessions, and session duration.

Caregivers total
number of ses-
sions

Patients total
number of ses-
sions

Caregivers session
duration (in sec-
onds), mean (SD)

Patients session
duration (in sec-
onds), mean (SD)

Caregivers total interac-
tions

Patients total interac-
tions

Hospital

N/A375N/A4.402 (132)N/Ab526INRCAa

1013676 (22)1.789 (54)1446Parc Taulí

1671902.143 (64)3.456 (104)43264Hospital Sant
Joan de Déu

N/A8N/A87.683 (2630)N/A34SAS

aINRCA: Instituto di Ricovero e Cura per Anziani.
bN/A: not applicable.

Discussion

Principal Findings
The main aim of this study was to test the feasibility and efficacy
of a personalized stress and anxiety patient empowerment DH
solution (CARINAE) on patients undergoing surgery compared
to a control group. Furthermore, this study aimed to show the
impact of the CARINAE solution on quality of life, emotional
status, mental well-being, and self-efficacy, activation status
on patients’ knowledge, skills, and confidence for
self-management. Besides, the CARINAE solution has been
assessed by health care professionals and patients and caregivers
allocated to the intervention group, in terms of engagement.

According to our results, at baseline, patients of both groups
reported generally normal levels of pain and stress, with higher
levels of stress. Patients undergoing coronary bypass and cardiac
valve replacement surgeries indicated higher levels of stress
before the surgery (VAS>80), followed by hip and knee
replacement surgeries in both pain and stress (VAS>60)
compared to the other patients’ surgeries. Similar stress values
can be observed by caregivers. Regarding depression, patients
of both groups reported general normal levels but they indicated
to experience anxiety (HADS score between 7 and 10). In detail,
depression is primarily observed by older patients undergoing
prostate and bladder cancer removal surgery, with values
between the abnormal range (HADS depression abnormal range
11-21) and secondarily, with borderline values (HADS
depression borderline range 8-10), by patients undergoing
coronary bypass and cardiac valve replacement surgeries. In
contrast, anxiety is more generalized among various patients,
and the results showed that older patients undergoing an
operation to remove prostate or bladder cancer report very high
values, in the abnormal range (HADS anxiety >11), followed
by the youngest undergoing scoliosis and maxillofacial surgeries
(HADS anxiety=10), and hip and knee surgeries, as well as
coronary bypass and cardiac valve replacement surgeries with
borderline levels of anxiety (HADS anxiety borderline range
8-10). Regarding positive and negative affect scores, patients
of both groups showed normal levels of positive affect (mean
scores normal levels 33.3, SD 7.2) and higher values regarding
negative affect (mean scores normal levels 17.4, SD 6.2).
Regarding patients’ knowledge, skills, and confidence for
self-management, no patient of either group found it important
to take action with respect to the situation and the self-efficacy

perception resulted quite high in most patients and caregivers
(GSE>25). Finally, with respect to mental well-being and quality
of life, at baseline patients and caregivers of both groups present
quite high rates of mental well-being and quality of life. With
respect to the latter two measures, it can be emphasized that
patients who are older and have undergone more delicate
surgeries, such as coronary bypass and cardiac valve
replacement surgeries showed lower levels than other surgeries
and age. A potential bias is the difference in age between the
control and intervention groups, the control group has on
average 10 years more. In a small sample, this bias might have
occurred inevitably, but it might be indicative of a selection
bias. In future studies, we should consider the possibility of
including a “control intervention” that also requires the use of
some simple mobile-based technology (eg, watching educational
videos on YouTube).

Looking at the relationship between the variables, overall
patients show most strong associations between negative
emotions, anxiety, and stress, especially in the preoperative
phase (recruitment and hospital admission), which in some cases
are also maintained in the postoperative phase (hospital
discharge and postoperative follow-up visit), but nevertheless,
the presence of a strong inverse relationship between mental
well-being and anxiety at the postoperative follow-up visit
suggests that as anxiety decreases, patients’ mental well-being
increases again.

Examining the 2 groups separately, the control group shows
greater relationships between the more negative psychological
dimensions, such as anxiety, stress, negative emotions, and
depression, whereas the intervention group shows more positive
relationships between the psychological dimensions of
self-efficacy, self-management, and mental well-being,
suggesting that CARINAE solution could have a positive effect
and impact on the reduction of stress and negative emotions. In
detail, the control group showed levels of stress, depression,
anxiety, and negative emotions that remained constant
throughout the entire perioperative process, and only at the end
of the process could changes in the perception of greater mental
and physical well-being be observed. There were positive trends
in the intervention group, although not significant from a
statistical point of view. The intervention group shows a greater
perception of mental well-being, self-efficacy, and
self-management during the entire perioperative process and
not only at the end of the process. Considering the clinical
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outcome parameters on pain, stress, anxiety, and depression, a
significant difference between the two groups has been found
in the depression subscale regarding the hip and knee surgeries,
still showing values within the normal range. Although no other
statistically significant differences were found, it can be seen
how the values with respect to pain remain low at the time of
hospitalization and how they increase after the operation and
then decrease again at the follow-up visit. Pain is known to be
related to stress levels. The highest postoperative pain values
are perceived more in those patients who underwent a more
invasive operation (eg, coronary bypass and cardiac valve
replacement surgeries) than in those whose operation was less
invasive (prostate and bladder cancer). As expected, as far as
stress was concerned, no significant differences were found,
but the values increased at hospital admission, compared to
baseline, and these values decreased at discharge and more so
at the follow-up visit. Looking at the individual operations, the
cardiac valve replacement surgeries and hip and knee
replacement surgeries on admission to the hospital are the ones
that cause the most stress for patients. Finally, the values of
anxiety and depression remained within the normal ranges, and
with respect to the baseline, it can be observed that in patients
undergoing prostate or bladder cancer removal surgery who had
high levels, the levels of both parameters steadily decreased at
various stages of the perioperative process. We should notice
that the project and the intervention aim at reducing stress levels,
and not clinical anxiety disorder or major depression. This is
quite important since a narrower focus on major mental health
disorders might reduce the applicability of the intervention to
most of the population who undergoes surgery. We should be
aware that the exploratory analyses might, due to multiple
testing, be subject to type 1 error, and cautious interpretation
of the analysis is warranted.

Regarding the nonclinical outcome parameters, no significant
differences have been found. However, the positive effect values
remain stable and in the normal range during the perioperative
process, increasing more after the hospital discharge, while
negative values decrease after the operation and at the follow-up
visit. Regarding patients’ knowledge, skills, and confidence for
self-management, no patient of either group found it important
to take action with respect to the situation, and the self-efficacy
perception resulted higher in patients and caregivers after the
surgeries than the baseline (GSE>30). Finally, with respect to
mental well-being and quality of life, in the follow-up visit,
patients and caregivers of both groups presented higher rates
of mental well-being and lower rates of quality of life than
baseline, suggesting a faster recovery process of mental
well-being in terms of recovery of feeling relaxed, optimistic,
thinking clearly, and dealing with problems well and a slower
recovery of quality of life in terms of recovery of mobility,
autonomy, and usual activities. These results are not conclusive,
and a bigger study might be needed to identify the level of
effectiveness of the intervention. However, major aspects
deserve further attention prior to a larger study. The low
awareness about the importance of self-management might be
an indicator of low health literacy levels. It might be wise to
consider strategies that as part of the intervention address
awareness of lifestyle factors for recovery even before the
intervention itself.

The founded differences between the two groups may be linked
to the young age of the participants and consequently to the
related hormonal and neurodevelopment changes. Indeed, these
changes are currently conceptualized in terms of imbalance
between systems supporting reactivity and regulation,
specifically nonlinear changes in reactivity networks and linear
changes in regulatory networks [48].

In addition, as identified by LMMs, stress and pain showed
other statistical differences in accordance with other parameters,
showing that experiences of stress seem to differ according to
age and sex. The level of stress rises with aging and is higher
in female patients than in male patients. In addition, both stress
and pain also differed depending on the phase of the
perioperative process in which patients find themselves. In
detail, pain presented more effect and impact at hospital
discharge, showing the highest levels of the perioperative
process, and stress at the end of the entire process (at follow-up
visit), showing the lowest levels of the perioperative process.
Further analyzing the importance of the various features using
XGBoost revealed that stress, anxiety, pain, and negative affect
measures are interrelated as expected and that physical activity
is also important.

Finally, according to the adherence to the psychometric
questionnaires in the CARINAE app, we observed that younger
and older participants were more involved in the self-evaluation
regarding stress with 79% and 71%, respectively. On pain, older
participants were involved more than younger with 73% of
responses by the older and 40% by the younger. These data are
also reflected in the use of the CARINAE app, where the
greatest interactions were found among older and younger
patients. These data suggest, on the one hand, a greater provision
of time by older people, and on the other hand, extensive use
of technology by younger people and overall high involvement
in the use of CARINAE for both ages.

Comparison to Literature
Although no significant differences have been found between
groups, advances in DH interventions are playing great support
in enhancing awareness about health conditions and for the
management of mental health by relying on both nonimmersive
(eg, such as mobile apps) and immersive systems (eg, VR) [16].
These include support for patients in the management of anxiety,
stress [37], and pain [18]. On one hand, mobile apps for
perioperative processes are becoming a hot topic, allowing to
provide psychoeducational contents, mental well-being activities
to reduce pain and stress, up-to-date information, tracking
personal health data, reminding and engaging patients, and
communicating in a cost-effective way. On the other, VR has
been used in multiple health care applications including reducing
stress and pain, training medical practitioners, patient
counseling, cognitive rehabilitation, physical therapy in
medicine, and for diagnostic and treatment needs in dentistry,
mental health management, and surgery [19]. A multiuser
immersive VR system was developed and used during
presurgical discussions in a prospective patient cohort
undergoing cerebrovascular surgery [20]. An immersive VR
intervention adopted in pediatric patients to manage pain and
anxiety provided a new, easy, and cost-effective intervention
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that can be applied to other painful and stressful medical
procedures [49]. Pain is a highly distressing symptom for
patients in all clinical settings and stress and anxiety levels
influence it. VR applications have proven to be efficient in stress
relief and pain management, mainly due to their distractive
properties [22].

In the literature, there is a lack of understanding of the feasibility
of combining VR with mobile-based technologies as the main
channel of the provision of a DH intervention [36]. In this study,
what is explored is the feasibility of a DH intervention that
leverages the latest mobile and VR technologies within the use
case of helping patients manage stress and anxiety during
surgery while promoting healthy recovery.

The findings of this project, reveal the importance of addressing
this type of intervention as a service design approach with a
strong focus on implementation aspects. A recent guideline by
the World Health Organization in DH reinforces the importance
of addressing training and supporting the environment as key
success aspects in DH implementations [50]. In addition,
infrastructure was a key element (eg, connectivity issues). The
workforce is not only crucial from a service delivery point of
view, but also a key channel to facilitate patient DH literacy
which in this very complex setup with multiple devices and
features is especially important.

Strengths and Limitations
Several strategies and techniques have been proposed to manage
preoperative stress and anxiety that can be effective in
supporting patients to cope with a wide range of stressful health
situations. In the current health care settings, however, it is not
very common to provide patients with stress and anxiety relief
support prior to a surgical procedure. Usually, VR-enhanced
solutions focus only on providing informative content,
neglecting the importance of patient empowerment with a more
robust educational curriculum. This study has been among the
first to evaluate the potential effectiveness of a comprehensive
technology in reducing perioperative stress and anxiety.
CARINAE provided a unique combination of endpoints and
the integration of knowledge deriving from several domains,
including stress or anxiety management, patient empowerment,
communication with medical professionals, adaptation to illness,
self-regulation and self-management, and adaptation to medical
procedures. The study has been successful in terms of
identifying the key impacts of such type of intervention and
provided enough exploratory insights to redesign the
intervention and establish a new randomized controlled trial
design to provide more conclusive data on efficacy. At the same
time, this study allowed us to identify implementation issues
that need to be addressed prior to larger studies and
implementations. For example, larger trials with more
participants are advisable for future work, which will facilitate
the application of ANCOVA analysis.

This solution allowed participants to receive constant feedback
to improve their appraisal and coping skills in an entertaining
and motivating manner. It focuses on patient empowerment
through active participation in the process and is dynamically
adapted according to operation type, patient preferences, needs,
and medical history all the way through the preclinical phase,

admission, and discharge, in a continuous and personalized way.
At the same time, it facilitated effective interactions between
patients and health care professionals, through user-friendly
and intelligent communication. It used the spaced learning
methodology to help patients understand and learn the diverse
aspects of their surgical process, from presurgery requirements
to recovery steps with stress management all along the process,
and provides multichannel anxiety and stress relief personalized
content.

CARINAE solution, combining mobile health and VR
technologies with a web app, provided positive preliminary
results in reducing perioperative stress and creating effective
collaborations between physicians or surgeons and their patients
whilst supporting them in improving their knowledge in related
domains. CARINAE has shown the potential to improve
physical and emotional reactions to a stressor, such as surgical
operations, to increase the levels of calmness to promote a sense
of well-being and to empower patients in preoperative
conditions. Information provided through the platform advances
and enhances health literacy and digital competence and
increases the participation of the patient in the decision-making
process. Integration with third-party applications has facilitated
the exchange of important information between patients and
physicians, as well as between personal applications and clinical
health systems.

While the findings of this study are interesting and valuable, it
has some limitations. First, the small sample size, as well as the
high variability of the ages and surgeries might limit the
generalizability of the results. Given the pragmatic nature of
this feasibility study, its small sample size was anticipated,
further compounded by emergent challenges amid the
COVID-19 crisis. The study did not aim to have a conclusive
answer in terms of effectiveness, but to gather insight on whether
it can be done as suggested in related literature [51]. As such,
this study provides insights to support the design of a future
randomized controlled trial. While a prospective observational
design was considered, its susceptibility to confounding due to
temporal changes prompted the inclusion of a control group,
albeit with a heightened risk of limited significance. Moving
forward, future research should prioritize more robust,
adequately powered clinical studies to offer comprehensive
insights.

Furthermore, pain and anxiety management guidelines might
differ from one clinical setting to another, thus providing limited
evidence based on raw cross-comparisons between different
health care providers. Finally, the different durations of each
surgery and each process limited the engagement data to the
DH solution. Third, no data about use have been gathered from
the VR app, limiting the quantitative performance rates and
engagement to the VR component.

Recommendations for Future Research, Development,
and Clinical Practice
An area of future improvement that both this feasibility study
and other DH solutions demonstrate the need for is long-term
patient engagement. Indeed, according to the literature, as
mobile health apps grow more prevalent, many have low
attrition rates, reducing the relevance of data collection for the
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study [51]. Potential hurdles to long-term involvement include
the patients’ functional condition and the workload associated
with performing in-app tasks. Our findings are aligned with
those studies. This is especially true for procedures such as
cancer and cardiac surgeries, where the target population is
older and potentially more functionally constrained than younger
patient populations. To address the issue of long-term
engagement, potential solutions include developing even more
simplified versions of the solution that are easier to use for those
unfamiliar with technology, using SMS text messaging–only
modes of communication, and using shorter surveys that take
less time to complete. For younger patients, on the contrary,
more videos and images instead of text could engage more.
Additionally, it may empower patients further if they are shown
the outcomes of their data and are able to visualize and quantify
in real-time, how their condition has improved. Previous studies
have noted that patients provided positive feedback when
presented with their study results and often noted reluctance to
participate because they had not received personalized feedback
from their care teams in previous app-based studies [51]. In this
study, differences across sites might be due to differences in
populations but also on how the solutions were promoted or

introduced in each site. When integrating new technology into
any health care setting, provider input may significantly
streamline the integration of applications into already complex
clinical workflows. Continually enhancing the experience and
usability, from both the patient and provider perspectives, will
allow the realization of the full potential of DH solutions for
patients undergoing interventional procedures.

Conclusions
We evaluated the feasibility of using CARINAE, a
comprehensive DH solution, for patients undergoing surgery.
This study examined the user experience and engagement with
the solution, as well as the ability to collect patient-reported
outcomes. Our results provide an important first step toward a
deeper understanding of optimizing DH solutions to support
patients undergoing surgery and for potential applications in
remote patient monitoring and communication. This study
highlighted how DH may be integrated into major procedures
to improve patient education, emotional management, and
engagement, and serve as a versatile clinical and research tool.
Future studies will aim to test CARINAE in a larger cohort to
establish its potential impact on health care resource utilization.
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Abstract

Background: Emerging infectious disease disasters receive extensive media coverage and public attention. Nurse burnout and
attrition peak during health crises such as pandemics. However, there is limited research on nursing issues related to repeated
emerging infectious disease crises over time.

Objective: The purpose of this study was to analyze and draw implications from changes in key nursing issues reported by the
news media during the outbreaks of severe acute respiratory syndrome (SARS; 2003), influenza A (2009), Middle East respiratory
syndrome (MERS; 2015), and COVID-19 (2020) in Korea using topic modeling.

Methods: A total of 51,489 news articles were extracted by searching for the keywords “nursing” or “nurse” in the title or body
of articles published from April 2003 to May 2021 (during new infectious disease outbreaks) in the open integrated database.
The selected news articles were preprocessed then analyzed for text and structure using a 3-step keyword analysis method, latent
Dirichlet allocation topic modeling, and keyword network analysis.

Results: Among the 51,489 news articles collected with the search terms “nursing” and “nurse,” 17,285 (33.6%) were selected
based on the eligibility criteria and used in the final analysis. Using topic modeling, we derived 5 topics each for SARS, influenza
A, and MERS and 6 topics for COVID-19. The themes commonly identified through topic modeling and keyword network
analysis across the 4 epidemics were “response to emerging infectious diseases in Korea,” “demand for nurses,” “vulnerability
in the work environment,” and “roles and responsibilities of nurses.” Although the topic names were the same, the meanings
implied by the comprehensive keywords for each epidemic varied depending on the epidemic and the times.

Conclusions: Analysis of the identified themes and associated keyword network revealed that issues related to nurse shortages,
working conditions, and poor treatment were not unique to the COVID-19 pandemic but rather recurring themes from previous
epidemics. Our findings can be used to inform strategies to improve the professional roles, work environment, and treatment of
nurses during health crises. Suggestions for future nursing-related policy impact and change research are also provided.

(J Med Internet Res 2025;27:e60446)   doi:10.2196/60446

KEYWORDS

topic modeling; news articles; nursing issues; text analysis; emerging infectious disease

Introduction

An emerging infectious disease (EID) is a newly recognized or
previously known disease characterized by new virulence or

spread in previously unaffected areas [1]. Since the 2000s, South
Korea has had 4 EIDs: severe acute respiratory syndrome
(SARS) in 2003, novel swine-origin influenza A (H1N1) in
2009, Middle East respiratory syndrome (MERS) in 2015, and
COVID-19 in 2020. Among them, influenza A and COVID-19
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were declared as pandemics by the World Health Organization
(WHO). Antiviral treatments were provided free of charge in
Korea starting in August 2009 during the SARS outbreak, after
which the number of infections and deaths were no longer
regularly recorded. Before then, 270 deaths and 2417 infections
were recorded, and at the time of manuscript submission, SARS
had resulted in an additional 0 deaths and 4 infections according
to official reports. Although the exact number of infections has
not been counted since August 2009, more than 700,000 cases
had been prescribed antiviral drugs from August 2009 to
December 2009. During the MERS period, there were 39 deaths
and 186 infections. Regarding COVID-19, 34,572,552
confirmed cases and 35,605 deaths were reported from January
20, 2020, to August 30, 2023, the period involving full
monitoring [2].

EID catastrophes receive extensive media coverage and public
attention. Indeed, public interest in nurses peaks during health
crises, such as infectious disease epidemics [3]. EID outbreaks
increase public recognition of and attention to the dedication
of nurses working on the front lines of the disaster response [4].
Meanwhile, nurses experience physical and psychological
burnout as well as professional ethical conflicts owing to the
risk of infection, heavy workloads, patient violence, and the
stigma of being a carrier of infection [5-8]. Rising rates of nurse
burnout and resignation during inadequate infectious disease
crisis responses have become global concerns [9,10]. The loss
of skilled nurses may lead to a decline in the quality of nursing
care and organizational nursing capacity, which may pose a risk
to national health crisis responses and public health.

Although infectious disease outbreaks can be traumatic for
individuals and communities, they can also lay the groundwork
for health system transitions after the outbreak ends, through
institutional and policy improvements that identify and address
health system weaknesses revealed during the response. With
respect to issues in the nursing workforce, scholars have
suggested that societal consensus for improvements in working
conditions and institutional arrangements for health resources
and protection are needed to minimize nurse burnout and
attrition in special situations, such as infectious disease
outbreaks [6,8,11,12]. At the national level, discussions about
appropriate investments and compensation systems for the
training and deployment of infectious disease professionals and
collaboration with the medical community are needed, whereas
at the societal level, increasing public awareness of health
workers and building public consensus through media coverage
have been emphasized as obligations [7,13,14]. Media’s reports
of issues in the field of infectious diseases play an important
role in forming society’s perceptions of an infectious disease
response, nursing, and nurses. Problems that are not resolved
over a long period of time, occur repeatedly, and increase public
interest become social issues, which become part of a public
agenda that the general public recognizes as appropriate for the

government to solve. This public agenda is then developed and
set as a specific policy agenda.

Previous studies analyzing media coverage of infectious disease
outbreaks focused on public perceptions of nursing portrayals
and issues [3,4,15,16] and were mostly limited to specific
epidemic periods. However, these studies did not track how
nursing issues were portrayed during recurrent outbreaks since
the 2000s, the unique characteristics of each period, and how
characteristics have changed. In the context of COVID-19,
which was declared as an endemic by the WHO, policies that
address the underlying issues and promote a better future
urgently need to be developed. Prior studies using content
analysis techniques to analyze data collected through
standardized questionnaires or media inevitably had limited
data to reflect public perceptions and trends. To compensate for
this, it is necessary to grasp the meaning inherent in big data
such as online news and social media, and topic modeling and
keyword network analysis methods, which have been widely
used recently to analyze unstructured text in big data, overcome
the limitations of manual analysis by humans [17-19].

Therefore, this study aimed to analyze the changes in major
nursing issues reported by the news media when 4 new
infectious diseases occurred in the 2000s using topic modeling
and keyword network analysis methods and derive the
implications. Specifically, we aimed to identify the issues that
should be considered to effectively respond to new infectious
disease crises that may occur in the future and ensure public
safety. Our findings could provide the basis for the development
of desirable infectious disease response strategies.

Methods

Data Extraction
We collected data from the Korea Press Foundation’s article
information website [20], an open-access database containing
news articles from 54 media organizations. We collected data
published between April 2003 and May 2021 corresponding to
the periods of EID epidemics. Specifically, we analyzed news
articles published during the SARS, influenza A, MERS, and
COVID-19 outbreaks.

A total of 51,489 news articles were extracted by searching for
“nursing” or “nurse” as the keyword in the title or text of the
article during the outbreak of each new infectious disease.
Although the terms “nursing” and “nurse” appeared in the text
of these articles, irrelevant content, such as promotional material,
was excluded using the selection and removal criteria detailed
in Figure 1. These criteria were informed by advice from experts
in the field of nursing research and clinical experience. A total
of 17,285 news articles were selected using these criteria and
used for the final analysis. Figure 1 details the data extraction
process used in this study.
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Figure 1. Study process. MERS: Middle Eastern respiratory syndrome; SARS: severe acute respiratory syndrome.

Data Preprocessing
We preprocessed the metadata of the selected news articles
using the KoNLP and tm packages for natural language
processing in R version 4.1.0. Specifically, we removed terms,
including symbols, special characters, names of private
individuals, and media company names. English terms, such as
“SARS” and “OECD,” were occasionally removed during
terminology preprocessing; these terms were converted into
their Korean equivalents to maintain consistency. During
morpheme analysis, complex nouns like “living treatment
center” were segmented into “living,” “treatment,” and “center,”
causing loss of meaning. To address this, these terms were
reconstituted as proper or compound nouns based on N-gram
analysis and the context of the original article. Abbreviated
Korean terms were replaced with their official names to ensure
terminological consistency.

Keyword Analysis
We used the tm package in R version 4.1.0 to calculate word
frequencies and determine the importance of specific terms
using the term frequency-inverse document frequency metric
value. Statistical weights were calculated to assess the
significance of specific terms within the corpus for keyword
analysis of the news articles.

Topic Modeling
Topic modeling classifies and integrates topics in extensive
document sets using probabilistic statistical methods to identify
latent high-level concepts, extract the topics implicit in the
documents, and derive common high-level concepts latent in
the topics [21]. We used the latent Dirichlet allocation (LDA)
algorithm of the topicmodels package of R version 4.1.0 to
analyze the topics embedded in the documents. The coding of
the analysis was based on the work of Grün and Hornik [16]
and open-source code on the GitHub site.
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We configured the LDA algorithm by setting the document
extraction parameter (α) to 50/k, and the previous parameter
delta (or eta) of the word distribution constituting the topic was
set to 0.1. Gibbs sampling was used to estimate the topic
distribution for the document, with 1000 repetitions used for
Gibbs sampling [16,22].

We also conducted a quantitative analysis to select the
appropriate number of topics. We calculated perplexity values
ranging from 2 to 20 using the topic models and LDAvis
packages of the R program. The topic modeling analysis was
repeated by applying different numbers of topics based on the
perplexity values. For the analysis, we repeated the adjustment
of the λ value of the LDA visualization and reviewed the
original text of the news articles to extract a list of the 30 most
representative keywords for each topic.

Keyword Network Analysis
Keyword network analysis visualizes keyword relationships by
calculating co-occurrence frequencies and metrics such as
connection centrality, proximity centrality, and mediation
centrality [23]. We performed keyword network analysis using
the Network, sna, and ggplot2 packages in the R program to
improve the specific content and structure of the topics and the
words constituting the topics derived from thematic modeling.
Considering the visibility of the network around thematic
keywords, the correlation coefficient was established, and the
relationship between the simultaneous appearance of words was
analyzed.

The top 15 keywords were selected as the main keywords for
each topic through quantitative analyses including topic
modeling analysis, keyword network analysis, and verification

by nursing experts, and the topic names reflected the same
higher-level concept to examine the trends of the topics and
keywords that make up the topic by period of the new infectious
disease based on the main keywords. In this study, 15 keywords
for the new infectious disease topic and topic are presented.

Ethical Considerations
All news article data analyzed in this study were publicly
available and not subject to copyright restrictions. The
Institutional Review Board of Kyung Hee University approved
this study (IRB number KHSIRB-21-334(EA)).

Results

News and Keyword Counts
After preprocessing the data from a total of 17,285 news articles,
we extracted 1974 words for the SARS epidemic, 9520 words
for influenza A, 15,639 words for MERS, and 24,888 words
for COVID-19, resulting in a total of 52,021 words. The
numbers of news articles and keyword types analyzed increased
progressively across successive infectious disease outbreaks,
and the average daily number of news articles was the highest
during the MERS period.

Top Topics and Keywords During Epidemics
Table 1 presents the keywords and topic names identified for
each epidemic period. We selected 5 topics each for SARS
(perplexity=1599.241, λ=0.7), influenza A (perplexity=977.101,
λ = 0.8), and MERS (perplexity=1717.432, λ=0.7) and 6 topics
for COVID-19 (perplexity=2515.911, λ=0.6). We sorted the
topics in the order of the largest percentage of word clusters
that make up the topic and identified them as themes.
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Table 1. Themes and keywords of the topics.

Token, %Top keywords contributing to the topic modelThemes and topics

Theme 1: Response to emerging infectious diseases in Korea

18.2SARS, patient, hospital bed, infection, isolation, disinfection, suspected patient,
outbreak, designation, health personnel, presumed patient, National Institute of
health, constitute, dedication, countermeasure

SARSa (Topic 3)

21.7Influenza A virus(H1N1), infection, hub-hospital, spread, outbreak, prevention,
medical staff, treatment, mask, test, suspected case, confirmed case, countermea-
sure, the dead, Tamiflu

Influenza A (H1N1; Topic 2)

21.5MERS, confirmed case, infection, addition, medical staff, hospital, emergency
room, treatment, exposed, isolation, Central MERS Control Countermeasure

Headquarters, closed, S-hospitalc, K-hospitalc, P-hospitalc

MERSb (Topic 3)

20.8COVID-19, medical staff, mask, protective clothing, world, treatment, China,
pandemic, virus, outbreak, hospital room, situation, the dead, hospitalization,
pneumonia

COVID-19 (Topic 2)

Theme 2: Demand for nurses

31.2The aged, nursing care, society, nurse, facility, family, role, profession, psychi-
atric, system, push ahead, policy, dementia, the disabled, welfare

SARS (Topic 1)

26.3Nurse, nursing college, education, service, push ahead, nursing department, the
aged, establishment, system, manpower, expansion, employment, quota, the
disabled, insufficiency

Influenza A (H1N1; Topic 1)

23.6Expansion, comprehensive nursing service, push ahead, countermeasure, hospital,
provide, nursing staff, system, infection disease, caregiving, nurse’s aide, mea-
sure, reinforce, improvement, nationwide

MERS (Topic 1)

17.7Securing, support, treatment, medical worker, insufficiency, deploy, dispatch,
nurse, critical patient, Daegu, living treatment center, response, allowance, re-
cruitment, dedicated hospital

COVID-19 (Topic 3)

Theme 3: Vulnerability in the working environment

19.7Son and daughter, woman, child, risk, exercise, person, workplace, night duty,
trust, health, nurse, research, thought, parent, prevention

SARS (Topic 2)

18.7Doctor, nurse, patient, medical, hospital bed, OECDd, level, medical service,
facility, medical expenses, Korea, region, insufficiency, intensive care unit, in-
crease

Influenza A (H1N1; Topic 4)

16MERS, isolation, patient, suspicion, contact, action, duty, hospital, Korea Centers
for Disease Control and Prevention, nurse, infection, test result, infected person,
addition, emergency room

MERS (Topic 5)

17.5Confirmed case, infection, nurse, hospital, group infection, duty, contact, conva-
lescent hospital, screening center, rest, emergency room, working environment,
site, manpower, protective clothing

COVID-19 (Topic 4)

Theme 4: Roles and responsibilities of nursing professionals

15.4Nurse, hospital, suspicion, blood, doctor, use, uncover, sexual harassment, nurse’s
aide, investigation, contravention, drunk driving, illegality, measurement, injec-
tion

SARS (Topic 5)

21.1Hospital, nurse, doctor, treatment, family, death, incident, contravene, criminal
investigation, grandmother, death with dignity, obstetrics and gynecology, ad-
judge, false, infringement

Influenza A (H1N1; Topic 3)

21.8Hospital, medical staff, nurse, doctor, treatment, family, thought, person, heart,
intensive care unit, child, oneself, protective clothing, gratitude, cheer

MERS (Topic 2)

23.9Doctor, government, Korean Medical Association, expansion, policy, push
ahead, national assembly, strike, region, improvement, medical resident, Korean
Nursing Association, the public, medical school quota, found

COVID-19 (Topic 1)

Theme 5: Government response and public opinion

17MERS, situation, virus, the public, outbreak, symptom, response, fear, transmis-
sion, government, information, preventive measures, open, anxiety, the Middle
East

MERS (Topic 4)
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Token, %Top keywords contributing to the topic modelThemes and topics

13Nurse, president, the public, gratitude, heart, commitment, encouragement,
message, social network service, cheer, consolation, controversy, criticism, ex-
pression, labor

COVID-19 (Topic 5)

Theme 6: Vaccination for emerging infectious diseases

12.2Vaccination, student, influenza A virus(H1N1), school, vaccination, public health
center, start, doctor, nurse, constitute, school nurse, plan, securing, school parent,
insufficiency

Influenza A (H1N1; Topic 5)

7.1Vaccine, inoculation, AstraZeneca, injection, Korea Disease Control and Preven-
tion Agency, start, public health center, side effect, Pfizer, effect, nurse, nursing
facility, targets, worker, launch

COVID-19 (Topic 6)

Theme 7: Response to emerging infectious diseases in other countries

15.5SARS, China, the dead, Taiwan, spread, outbreak, WHOe, Hong Kong, Singa-
pore, infected person, death, Canada, Vietnam, transmission

SARS (Topic 4)

aSARS: severe acute respiratory syndrome.
bMERS: Middle East respiratory syndrome.
cAbbreviations for specific hospital names.
dOECD: Organisation for Economic Co-operation and Development.
eWHO: World Health Organization.

Trends in Nursing-Related Topics in Media Coverage
According to the topic modeling analysis, we classified a total
of 7 topics from all news articles, and the topics commonly
derived from the 4 infectious disease periods were “response
to emerging infectious diseases in Korea,” “demand for nurses,”
“vulnerability in the working environment,” and “roles and
responsibilities of nursing professionals.” Although the
overarching concepts remained consistent, the keywords
comprising each topic varied across the duration of infectious

diseases. Notably, the keywords that comprised the topics for
each epidemic period differed. We observed that the topic
“vaccination for emerging infectious diseases” appeared only
in the influenza A and COVID-19 pandemics, and “government
response and public opinion” appeared only in the MERS and
COVID-19 periods. Moreover, the topic “response to emerging
infectious diseases in other countries” appeared only during
SARS (Table 2). Table 1 shows the topics and word clusters
identified by our model.

Table 2. Trends in nursing-related topics in media coverage, reported as tokens for each outbreak.

COVID-19, %MERSb, %Influenza A (H1N1), %SARSa, %Trends

20.821.521.718.2Response to emerging infectious diseases in Korea

17.723.626.331.2Demand for nurses

17.51618.719.7Vulnerability in the working environment

23.921.821.115.4Roles and responsibilities of nursing professionals

1317.1——cGovernment response and public opinion

7.1—12.2—Vaccination for emerging infectious diseases

———15.5Response to emerging infectious diseases in other
countries

aSARS: severe acute respiratory syndrome.
bMERS: Middle East respiratory syndrome.
cNot applicable.

Theme 1. Response to Emerging Infectious Diseases
in Korea
During the 4 periods, the “response to emerging infectious
diseases in Korea” topic accounted for approximately 20%,
ranking third during the SARS and MERS outbreaks and second
during the influenza A and COVID-19 outbreaks. The keyword
patterns were similar between SARS and MERS and between

influenza A and COVID-19, reflecting trends observed in the
keyword frequency analysis.

Keywords for each period include the name of the respective
virus and terms describing the outbreak situation, such as
“infection,” “suspected patient,” “outbreak,” and “presumed
patient” during the SARS period; “infection,” “spread,”
“outbreak,” “confirmed patient,” and “deaths” during the
influenza A period; “confirmed case,” “infection,” “additional,”
“quarantine,” and “closure” during the MERS period; and
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“China,” “pandemic,” “outbreak,” “situation,” “world,” and
“the dead” during the COVID-19 period, indicating the evolving
scale and severity of infectious disease outbreaks in Korea over
time.

In addition, keywords related to infectious disease response and
preparedness such as “isolation,” “disinfection,” “designation,”
“National Institute of Health,” “constitute,” and “dedication”
during SARS changed to “hub-hospital,” “prevention,”
“treatment,” “mask,” “countermeasure,” “test,” and “Tamiflu”
during the influenza A and MERS periods and keywords related
to preparation such as specific hospital names and “hospital,”
“emergency room,” “Central MERS Control Countermeasure
Headquarters,” “treatment,” “isolation,” and “closed” during
the COVID-19 period. Keywords related to preparation, such
as “mask,” “protective clothing,” “treatment,” and
“hospitalization” diminished in number, with response-focused
keywords emerging in their place.

Theme 2. Demand for Nurses
The topic “demand for nurses” ranked first and represented the
largest proportion during the SARS to MERS periods; during
COVID-19, the topics of “roles and responsibilities of nursing
professionals” and “response to emerging infectious diseases
in Korea” represented higher proportions, with “demand for
nurses” dropping to third place. When examining the keyword
flow of topics by period, the keywords “system,” “policy,”
“countermeasure,” and “response” were associated with “the
aged,” “society,” “facility,” “psychiatric,” “dementia,” “the
disabled,” and “welfare” during the SARS period; “service,”
“the aged,” and “the disabled” during the influenza A period;
“comprehensive nursing service,” “hospital,” and “infection
disease” during the MERS period; and “Daegu,” “living
treatment center,” and “dedicated hospital” during the
COVID-19 period, showing that the areas in which nurses were
needed and the reasons for a nursing demand changed as a result
of health and welfare systems and policies for infectious disease
responses.

In addition, “nursing care,” “family,” “profession,” and “role”
during the SARS period; “manpower” during the influenza A
period; “nursing staff,” “caregiving,” and “nurse’s aide” during
the MERS period; and “treatment,” “medical worker,” and
“critical patient” during the COVID-19 period represent
keywords related to the perception of the role of nurses. The
keywords “nursing college,” “nursing department,” “expansion,”
and “quota” during the influenza A period; “nurse’s aide” during
the MERS period; and “support,” “deploy,” “dispatch,”
“allowance,” and “recruitment” during the COVID-19 period
represented changes in ways to meet the nursing demand by
period.

Theme 3. Vulnerability in the Working Environment
The topic “vulnerability of the working environment” had the
second highest weight during the SARS period, but its weight
decreased during the influenza A and MERS periods. Its weight
increased to 4th place during the COVID-19 period. During the
SARS period, keywords such as “son and daughter,” “woman,”
“parent,” “workplace,” “thought,” “risk,” “exercise,” “night
duty,” “health,” and “prevention” were topics about women’s

conflicts between work and childcare and health risks related
to work, while during the influenza A period, keywords such
as “patient,” “hospital bed,” “OECD,” “level,” “facility,”
“insufficiency,” “intensive care unit,” and “region” showed a
quantitative shortage of nurses and medical facilities. During
the MERS period, news reports focused on topics such as
“contact,” “infection,” “addition,” “duty,” and “emergency
room” regarding nurse infections, while during the COVID-19
period, news reports focused on topics such as “group infection,”
“duty,” “contact,” “working environment,” “site,” and “rest.”

Theme 4. Roles and Responsibilities of Nursing
Professionals
The topic “roles and responsibilities of nursing professionals,”
which was the lowest during the SARS period, showed an
upward trend from the influenza A period to the COVID-19
period, and during the COVID-19 period, it had the largest
change among the 6 derived topics.

The keywords of the “roles and responsibilities of nursing
professionals” topic changed mainly based on specific incidents
reflecting the situation at the time. During the SARS period,
specific incidents related to keywords such as “blood,” “drunk
driving,” “hospital,” and “sexual harassment” included a case
in which a nurse switched the blood of a drunk driving colleague
with her own blood and submitted it, a case in which a doctor
sexually harassed a nurse, and an illegal medical practice by a
nurse or nursing assistant. During the influenza A period,
keywords related to the incidents and accidents at the time, such
as a case in which a newborn was switched due to a nurse’s
mistake, included “adjudge” and “obstetrics and gynecology”
and related to bioethics, such as euthanasia, included
“grandmother” and “death with dignity.” During the MERS
period, keywords such as “family,” “thought,” “heart,”
“gratitude,” and “cheer” showed support for doctors and nurses
who were infected during the MERS response process, which
occurred mainly in specific hospitals. During the COVID-19
period, keywords such as “medical school quota,” “expansion,”
“Korean Medical Association,” and “Korean Nurses
Association” mainly focused on issues such as doctors’ strikes
and nurses who stayed by patients’ sides during the infectious
disease outbreak.

Theme 5-7. Topics Derived Only During a Particular
Infectious Disease Period
The fifth topic “government response and public opinion” was
derived during the MERS and COVID-19 periods, and it had
the second lowest proportion in both periods. During the MERS
period, from the keywords “virus,” “the public,” “outbreak,”
“anxiety,” “information,” “fear,” and “open,” we could infer
that the public experienced anxiety due to a lack of information
on new infectious diseases from the government’s disclosure
of information. During the COVID-19 period, keywords such
as “nurse,” “president,” “gratitude,” “encouragement,”
“controversy,” and “criticism” emphasized the controversy over
the president’s thank you message to nurses during the doctors’
strike and the public’s support for the struggles of medical staff,
such as the “Thanks to Challenge,” as social issues.
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“Vaccination for emerging infectious diseases” was derived
only during the influenza A and COVID-19 periods, and this
topic had the lowest proportion of all topics in both periods.
During the influenza A period, the keywords “student,”
“school,” and “school parent” indicate that children and
adolescents were the main targets of vaccination, while during
the COVID-19 period, the keywords “nursing facility,”
“targets,” and “worker” show that the targets of vaccination
changed to older adults and health care workers. “AstraZeneca,”
“side effects,” “Pfizer,” and “effect,” which appeared only
during the COVID-19 period, indicate the situation of and public
interest in the development of COVID-19 vaccines, which were
not available at the beginning of the outbreak, and vaccination.

The main keywords of the “response to emerging infectious
diseases in other countries” topic, which was derived only during
the SARS period, consisted of the names of countries that
experienced significant damage from new infectious diseases,
such as “China,” “Taiwan,” and “Hong Kong,” and keywords
about the situation of the outbreak, such as “death,” “outbreak,”
“addition,” and “transmission.”

Discussion

Principal Findings
This study was based on the basic premise that, in public health
crises such as new infectious diseases, media reports related to
the field, including nursing and nurses, become more active,
reflecting high social interest in major issues. This study
attempted to explore the problems that were highlighted during
4 new infectious diseases that occurred in Korea and
considerations regarding social awareness and improvement to
policies in relation to major nursing issues. Therefore, this study
compared and analyzed the main agenda and potential meaning
of news articles on nursing and nurses for each new infectious
disease period using the big data analysis techniques of topic
modeling and keyword network analysis. In addition, we
discussed the understanding of current nursing phenomena and
the trends and implications of public opinion surrounding
nursing based on the results.

As a result of topic modeling analysis, 7 topics were classified
from all news articles. The commonly derived topics from the
4 infectious disease periods included “demand for nurses,”
“response to emerging infectious diseases in Korea,”
“vulnerability in the working environment,” and “roles and
responsibilities of nursing professionals.” Topics with the same
higher concept had changes in the associated keywords
according to the infectious disease period. The following
sections discuss the potential meaning in each topic by referring
to the visualization results of the related keyword network map,
focusing on the topics commonly derived during the new
infectious disease periods.

Response to Emerging Infectious Diseases in Korea
First, the keywords for the topics during the SARS, MERS,
influenza A, and COVID-19 periods showed similar patterns
when analyzing the relevance of the topic by period. Depending
on the duration of the infectious disease, the keywords
“outbreak,” “spread,” “addition,” and “pandemic” were used

to express the seriousness of the domestic infectious disease
situation. The potential meaning of the words related to the
keywords “National Institute of Health,” “dedication,” and
“designation” during SARS and “hub-hospital” during influenza
A was the government’s practical policy proposal to prepare
for new infectious diseases. These policies included the
designation of regional hub hospitals and securing
state-designated inpatient treatment beds that were proposed
during SARS and influenza A and were implemented and
partially improved after the end of those infectious disease
periods. However, the number of public medical resources, such
as treatment beds and health professionals, that could be
practically used was significantly insufficient for the number
of infected patients during the MERS and COVID-19 periods
[24].

In addition, keywords such as “medical staff,” “infection,”
“closed,” “hospital room,” and “hospitalization” during MERS
and COVID-19 highlighted vulnerabilities in emergency room
environments, including inadequate infection control measures
and gaps in infection control in nursing hospitals and nursing
facilities where older adult patients, who are vulnerable to
infection, are mainly hospitalized. The emergency room is where
infected patients primarily access the hospital. Problems
including the lack of facilities such as separate isolation zones
and negative pressure isolation rooms for the treatment of
infected patients revealed during the MERS period, the lack of
education on infection control, and the response of emergency
medical workers increase the risk of medical staff becoming
infected and are viciously linked to patient infection and the
lack of response personnel [25]. In addition, in emergency
rooms, there is a greater need for systematic infection control
by professional personnel such as nurses because older adult
patients in nursing hospitals and facilities are more likely to
contract infectious diseases due to low immunity and group
living and the risk of death from infection is high [26,27]. This
is a matter to be considered first in terms of policy for infection
control in environments where patients and medical personnel
are at a high risk of infection. After MERS, the enforcement
regulations outlined in the Emergency Medical Service Act
were revised to improve emergency room facilities and
manpower standards [28], and through the revision of the
enforcement regulations of the Medical Act during the
COVID-19 period, the standards and fees for mandatory
infection control rooms for infection control were expanded
[29]. However, the effectiveness of the policy is still limited
because it does not resolve gaps in infection control outside the
scope of the policy, such as the lack of infection control experts
and nursing hospitals and facilities with fewer than 100 beds.
Although policies such as the revision of the Emergency Medical
Service Act aimed to address these gaps, their effectiveness
remains limited due to insufficient implementation and resource
allocation. Similar challenges in emergency room preparedness
were noted in countries such as Italy and the United States
during the COVID-19 pandemic, underscoring the global nature
of these vulnerabilities.

Demand for Nurses
In the “demand for nurses” topic, the need to increase the
number of nurses has been steadily highlighted over the past
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20 years, and the keyword “insufficiency,” which appeared only
during the influenza A and COVID-19 periods shows that the
shortage of nurses during the COVID-19 period was also a
problem that was raised during the influenza A period. In the
topic analysis results, the focus on nursing demand changed
from health and welfare services to responding to infectious
diseases, and in the change of keywords over time, the area of
public interest also changed according to the reason for the
demand in nurses and the field of activity. The areas where
nurses’activities are performed are diverse and include medical
institutions, communities, schools, and businesses; nurses are
also recognized as particularly indispensable for the national
welfare service, especially in a society where the number of
older adult and single-person households is increasing [30,31].
Among the government’s systems related to the demand for
nurses, the comprehensive nursing service (currently, the
integrated nursing care service), which was introduced in 2013
to reduce the burden of care and expenses for people in a nuclear
family and an aging society, accelerated the expansion of the
service, as domestic nursing and door-to-door cultural issues
were raised in terms of hospital infection control during the
MERS period in 2015. Nurses with specialized knowledge and
skills were recognized as a major element of the service, which
proceeded to actively use nurses [32,33]. Many previous studies
on integrated nursing care services have shown positive effects
of these services for improving patient safety, reducing hospital
infections, and increasing patient satisfaction with medical
services [32,34,35]. Accordingly, there seems to be no difference
in public opinion on the need for a change in the demographic
and social structure, the response to infectious disasters at the
health care level, a quantitative increase in nurse demand and
quantity, and policies to increase the number nurses.

In terms of meeting the demand for nursing during periods of
new infectious diseases, the focus was on recruiting nurses and
distributing manpower to prevent the infection of the vulnerable,
such as older adults, and school quarantine during the SARS
and influenza A periods. Changes for the issue of nursing supply
were mainly made to comprehensive nursing services as a
preventive measure against hospital infections. During the
COVID-19 period, there was a shortage of nursing personnel
who could be immediately placed in response to infectious
diseases in medical institutions in nonmetropolitan areas such
as Daegu, life treatment centers, and hospitals dedicated to
infectious diseases. The government filled the demand for nurses
with temporary measures through the dispatch of nursing
personnel recruited through the input of nursing officers and
allowances. However, the urgent recruitment of the personnel
needed in the field of infectious diseases was ineffective due to
insufficient nursing experience, education, and training [36,37].
It is believed that the gap in the nursing field continues because
there is a real need for nurses with the experience and capacity
to care for infectious disease patients and intensive care patients,
while the government’s policies for and public opinion about
increasing the nursing supply focused purely on the number of
nurses rather than the quality and capacity of nursing.

The fact that the policy to increase the number of nurses
recognized nursing as a job that not only resolves the imbalance
of local medical personnel or meets medical needs but also

resolves employment difficulties and guarantees employment
after graduation is similar to the ideas expressed in the original
news article [38] titled “Graduation is Employment, Nursing
and Explosion of Popularity” and research showing that high
school students who are about to pursue careers perceive nursing
as an economically stable and good job compared with other
occupations [39]. In addition, in research analyzing the meaning
of work for new nurses in 2021, more than 50% of the nurses
had family and relatives who recommended they pursue nursing,
or they applied to the nursing department because they were
able to easily get a job after graduation [40].

Since 2008, the year just before the influenza A outbreak, Korea
implemented a policy to establish a nursing department and
increase the number of admissions. As a result of this policy,
during the swine flu period, there were 414,000 licensed nurses
in 2019, and 20,000 new nurses entered the workforce every
year [30]. However, there are only 215,000 nurses working in
medical and health institutions, which represents about one-half
of the licensed nurses [41]. According to data from a survey on
the status of hospital nursing staff placements every year since
2010, the turnover of new nurses increased from 30.5% in 2011
to 47.7% in 2020, and the number one reason for resignation
within a year after the announcement was “work maladjustment”
[42,43]. The burden of work on new nurses was correlated with
the reality shock caused by the conflict between the hospital
organizational culture and nursing professionals [44]. Nurses
are aware of the risk of infection at infectious disease sites, but
they have a sense of calling and must perform patient care at
the forefront [45,46]. In patient care, the experience of a conflict
between infection risk situations and professional beliefs
increased nurses’ intentions to leave more than the general
situation of care [10,47]. Based on these preceding studies, there
is likely a difference between the actual clinical field and the
public’s perception of nursing in terms of the purpose of
employment identified in the results of this study. Although
economic feasibility cannot be excluded from policies to resolve
employment difficulties, it is necessary to consider nursing
professionals in policy and media in order to prevent the
departure of new nurses, increase the number of experienced
nurses, and change the public’s perception of nurses.

Vulnerability in the Working Environment
In the “demand for nurses” topic during the influenza A and
COVID-19 outbreaks, a critical issue was the shortage of skilled
nurses—particularly in nonmetropolitan areas—in addition to
skills to handle special equipment such as ventilators and
extracorporeal membrane oxygen supply required for intensive
care nursing as well as clinical experience [36]. Given the strong
link between nursing demand, supply, and working conditions,
the topics “demand for nurses” and “vulnerability in the working
environment” are closely interconnected [37] and can be
interpreted together. In this study, hot topics included conflicts
between women’s work-family balance during the SARS period,
health risks due to night work, domestic medical facilities and
manpower at a lower level than in OECD countries during the
influenza A period, and the shortage of nurses in
nonmetropolitan areas. The changes in keywords such as high
secondary infections of nurses related to new infections,
emergency rooms, and nursing hospitals; work weighting; and
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society’s expectations for sacrifice and commitment should be
considered as major variables to resolve the shortage of nurses.

According to a survey by the Hospital Nurses Association, the
average resignation rate of domestic nurses over the past decade
has been over 13%. When the reasons for resignation in 2010
and 2020 were compared, the second highest reason of
“marriage, childbirth, and childcare” in 2010 fell significantly
from 14.8% of responses in 2010 to 6.3% of responses in 2020.
“Work maladjustment,” which was ranked third (13.1%) in
2010, was ranked first (17.1%) in 2020, and “transition to other
jobs,” which was ranked second (5.9%) in 2010, increased to
12.2% in 2020 [42,43]. This is likely the result of government
policy and efforts to improve the conflict that comes from the
balance between work and family for female nurses, which
appeared in the topic during SARS. However, high-risk working
environments for infection and the lack of experienced nurses
during MERS and COVID-19, during which there was a focus
on the quantitative increase of nurses following the influenza
period; the policy to increase the number of nurses; and the poor
treatment suggest that more active interventions and
improvement are needed at the organizational level.

Inadequate facilities in which to rest and the social stigma of
being perceived as infection carriers—both personally and for
family members—accelerate burnout and increase turnover
intentions among nurses, and secondary infections among nurses
create a vicious cycle of labor shortages and increased patient
infections [48,49]. The government expanded the admission
quota for nursing colleges starting in 2008 in an effort to
increase the absolute total number of nurses, but it did not have
a significant impact on resolving the shortage of nurses in local
small and medium-sized hospitals [50]. In addition, in March
2018, the Ministry of Health and Welfare announced policies
aimed at improving nurses’ working conditions, addressing
human rights violations such as workplace bullying and sexual
harassment, expanding nursing personnel, strengthening
professionalism, improving the quality of nursing services, and
creating a policy foundation for nursing personnel [51]. In this
regard, the system for calculating inpatient nursing management
fees was revised to base payments on patient-to-nurse ratios
according to the actual situation in local hospitals in April 2018.
The system was improved so that additional profits from
hospitalization fees generated by changes based on the number
of patients were used to improve the treatment of nurses. In
addition, the night-only nurse management fee and the night-care
fee for general wards established in October 2019 were applied
to general hospitals and hospitals outside of Seoul so that
additional allowances for night work could be paid. However,
since both systems are merely recommendations, there were
practical limitations for nurses to feel that their treatment was
improved [52]. In February 2019, a Task Force Team was
promoted to oversee nursing policies such as managing the
supply and demand of nursing personnel and improving the
working environment. In May 2021, a nursing policy department
was established in the Ministry of Health and Welfare with
social consensus on the need for a dedicated department during
the COVID-19 period [42]. As such, the government has
continuously implemented policies to address the shortage of
nurses, and evaluation of the effectiveness of some policies is

expected to take some time. This is an opportune time to
reconsider whether fragmented and temporary approaches to
nursing challenges have exacerbated systemic issues, such as
the revision of the medical law that tried to reorganize nursing
assistants from the “demand for nurses” topic during the MERS
period or the “vulnerability in the working environment” topic,
which is related to a high risk of infectious diseases and the
need for high-intensity work. In addition, active monitoring is
needed to determine how closely a series of policies has
approached the practical problems of the nursing field, and
feedback mechanisms during a changing infectious disease
situation are needed. Although these policies mark progress,
their voluntary nature limits their effectiveness in achieving
widespread improvements.

Roles and Responsibilities of Nursing Professionals
The keyword changes in the topic of “roles and responsibilities
of nursing professionals” mainly included incidents and
accidents related to the morality of nurses, such as drunk driving
and illegal medical practices during the SARS and influenza A
periods. Given the focus on keywords related to infectious
diseases during the MERS and COVID-19 periods, the conflict
over work ethics in the nursing of infected patients versus the
nurse’s own safety and social expectations was considered a
major agenda.

Since the image of nurses formed in the media has been
considered to influence potential future nurses’ career choices
and intentions and some stories about nurses can negatively
influence not only nursing supply but also potential
improvements in the working environment and treatment of
nurses, many previous studies have proposed monitoring of the
images of nursing expressed in the media and internal
management of the nursing community [3,53].

The analysis of correlations between keywords during the MERS
period highlighted social expectations for nurses in special
situations such as public health disasters as well as conflicts
between nurses’ protective instincts and work ethics and their
families and colleagues. In this regard, the original news articles
reviewed in this study described the critical condition of medical
personnel who had secondary MERS infections and experiences
with social isolation, such as nurses’ children being ostracized
by their neighbors due to the stigma of working with
MERS-infected patients [54]. The ambivalence of social
expectations for nurses responding to infectious diseases is
reflected by the description of medical personnel as heroes
through the “Thanks to the Challenge” campaign and the praise
for volunteer nurses in Daegu and Gyeongbuk. The precedent
of the government’s legal response to the collective resignation
of Taiwanese medical staff due to the infection and death of
medical personnel is another example and was captured in the
topic “response to emerging infectious diseases in other
countries” during SARS. The ambivalence was also present in
an overseas example [3] that described a nurse volunteering at
an infectious disease site during the Ebola outbreak as a virus
eradication hero versus an infection spreader and villain. Since
social stigma and isolation during an infectious disease outbreak
add to the mental and social stress of nurses and influence
nursing and turnover intentions, the following are needed:
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accurate information delivery by the media, a stable medical
system, and an organizational protection and support system
[48,49].

Meanwhile, in the context of the COVID-19 period, the
government attempted to implement a policy to expand the
number of medical schools to respond to infectious diseases,
and the related medical strike led to the aggravation of nurses’
work [55]. Previous studies have highlighted the 2-sided
phenomenon of social expectations, which consists of systemic
problems such as poor hospital infection control, inadequate
government response, and increased public fear through negative
media reports rather than the attitude of medical personnel,
including nurses, when responding to infectious diseases [6,48].
This is similar to the relationships between the topics of
“government response and public opinion” and “roles and
responsibilities of nursing professionals,” which include
indiscriminate disclosure of information about infectious
diseases in the media during the MERS period and the
controversy over the president’s thank you message to nurses
during a doctor strike during the COVID-19 period. This
suggests that active interest and the adoption of a leading role
by the government are needed to avoid delays in policy and
social consensus as a result of insufficient government responses
and issue-oriented media reports.

Limitations
In this study, limitations were related to the search used to
identify issues in the nursing field as well as the data collection
period, which was restricted to the periods around outbreaks of
new infectious diseases and limited the ability to compare the
situation before and after an outbreak. Therefore, future research
should adopt a multifaceted approach that incorporates time
series analysis, dynamic topic modeling, and expanded data

collection periods to capture broader trends. In addition, as this
study started during the COVID-19 outbreak and we were unable
to predict when the outbreak would end, we collected data only
until May 31, 2021, due to limited time available for data
analysis. Therefore, any changes in the situation after that data
were not reflected in the research results, and we recommend
collecting and analyzing data after that date.

Conclusion
This study analyzed the relevance of nursing-related agendas
in news articles during 4 major EID outbreaks. Our analysis
revealed that nurse shortages, poor working conditions, and
inadequate treatment of nurses were recurring issues across the
epidemics and were not unique to the COVID-19 pandemic.
Although society and nursing professionals agree on the
essential role of nurses in the health sector, significant
differences persist in perceptions of their roles and
responsibilities. The results suggest that retaining experienced
nurses to strengthen crisis response capabilities should be closely
linked to the working environment. Addressing nurse shortages
requires not only increasing their numbers but also implementing
substantial policy support to ensure safe working environments,
better treatment conditions, and heightened societal recognition
of their roles. Medical organizations, professional associations,
governments, and the media should develop policies that
incorporate nurses’ perspectives. These efforts can foster
positive social consensus on nursing and support a stable health
care system during health crises. Our findings are expected to
be used as a basis for establishing strategies to improve the
professional role, environment, and treatment of nurses during
health crisis situations. Finally, these findings emphasize the
need for holistic reforms to strengthen nursing’s role in
mitigating future health crises. We recommend further research
on the effects and changes of nursing-related policies.
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Abstract

Background: Artificial intelligence–driven clinical decision support systems (AI-CDSSs) are pivotal tools for doctors to improve
diagnostic and treatment processes, as well as improve the efficiency and quality of health care services. However, not all doctors
trust artificial intelligence (AI) technology, and many remain skeptical and unwilling to adopt these systems.

Objective: This study aimed to explore in depth the factors influencing doctors’ willingness to adopt AI-CDSSs and assess the
causal relationships among these factors to gain a better understanding for promoting the clinical application and widespread
implementation of these systems.

Methods: Based on the unified theory of acceptance and use of technology (UTAUT) and the technology-organization-environment
(TOE) framework, we have proposed and designed a framework for doctors’ willingness to adopt AI-CDSSs. We conducted a
nationwide questionnaire survey in China and performed fuzzy set qualitative comparative analysis to explore the willingness of
doctors to adopt AI-CDSSs in different types of medical institutions and assess the factors influencing their willingness.

Results: The survey was administered to doctors working in tertiary hospitals and primary/secondary hospitals across China.
We received 450 valid responses out of 578 questionnaires distributed, indicating a robust response rate of 77.9%. Our analysis
of the influencing factors and adoption pathways revealed that doctors in tertiary hospitals exhibited 6 distinct pathways for
AI-CDSS adoption, which were centered on technology-driven pathways, individual-driven pathways, and technology-individual
dual-driven pathways. Doctors in primary/secondary hospitals demonstrated 3 adoption pathways, which were centered on
technology-individual and organization-individual dual-driven pathways. There were commonalities in the factors influencing
adoption across different medical institutions, such as the positive perception of AI technology’s utility and individual readiness
to try new technologies. There were also variations in the influence of facilitating conditions among doctors at different medical
institutions, especially primary/secondary hospitals.
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Conclusions: From the perspective of the 6 pathways for doctors at tertiary hospitals and the 3 pathways for doctors at
primary/secondary hospitals, performance expectancy and personal innovativeness were 2 indispensable and core conditions in
the pathways to achieving favorable willingness to adopt AI-CDSSs.

(J Med Internet Res 2025;27:e62768)   doi:10.2196/62768

KEYWORDS

artificial intelligence; clinical decision support systems; willingness; technology adoption; fuzzy set qualitative comparative
analysis; fsQCA; pathways

Introduction

Background
Artificial intelligence–driven clinical decision support systems
(AI-CDSSs), aimed at enhancing medical decision-making,
have been in use since the 1980s [1]. These systems leverage
clinical knowledge, patient information, and health data to
improve health care services by allowing intelligent detection,
management, and improvement of patient health conditions
[2,3]. According to statistics, the total number of outpatient
visits to medical and health institutions in China reached 5.5
billion in 2023, with doctors at public hospitals averaging 7.1
outpatient visits and 2.3 hospital visits per day and with the
burden on primary health care institutional doctors being even
greater [4]. According to “World Health Statistics 2023:
Monitoring Health for the SDGs, sustainable development
goals” released by the World Health Organization (WHO),
China has a low doctor density and uneven distribution of health
care resources [5]. To relieve the pressure on doctors and
improve the efficiency of medical services, China has actively
explored the application of AI-CDSSs, with the National Health
Commission of China issuing a national policy on the promotion
of clinical decision support systems (CDSSs) in 2023.

With the evolution of artificial intelligence (AI) technology,
current AI-CDSSs can generate specific assessments and
recommendations through logical reasoning, analyze patient
data from electronic medical records, and offer decision support
to health care providers [6]. AI-CDSSs are widely used in
clinical diagnoses, drug treatments, preventive measures, and
patient management, and are recognized for their roles in
enhancing health care decision-making and doctor performance
[7]. For instance, scholars, such as Hanson et al [8], have
conducted research from the perspective of patient management,
evaluating the application of AI-CDSSs in the nursing field,
and have confirmed that certain systems are able to improve
the accuracy and comprehensiveness of nursing treatment.
Alsharqi et al [9], among others, have evaluated the application
effects of AI-CDSSs in the automatic image selection field of
echocardiography. They found that AI-CDSSs can effectively
identify, distinguish, and explain images through machine
learning models. Islam et al [10] studied how AI-CDSSs could
help patients continuously observe different parameters for
controlling insulin levels, automatically analyzing the personal
data of diabetic patients. The application of AI-CDSSs in the
field of anesthesiology is also extensive. According to existing
research, AI-CDSSs can improve the preoperative use of
antibiotics and beta-blockers, reduce the use of inhaled

anesthetics, and assist in completing anesthesia records and
billing work [11-13].

AI-CDSSs are primarily targeted at physicians, whose
acceptance is pivotal for their implementation. Sambasivan et
al [14] extended the unified theory of acceptance and use of
technology (UTAUT) model and explored the factors
influencing doctors’ willingness to adopt new CDSSs in a
developing country context, considering user involvement in
decision-making, perceived threat to autonomy, effort
expectancy, and performance expectancy. Their study involved
doctors from 12 hospitals representing 10 different specialty
areas. However, physicians’ attitudes toward these systems
varied, with some exhibiting favorable inclinations and others
exhibiting reluctance, primarily attributed to apprehensions
about technological readiness, data confidentiality, absence of
personalized interaction, and skepticism toward emerging
technologies.

Thus, although some doctors have expressed positive attitudes
toward adopting AI-CDSSs, others still harbor reservations,
citing concerns over technology immaturity, data privacy and
security, absence of human touch, and a distrust of new
technologies. For instance, Wagner et al [15] found that only
54.9% of family doctors were willing to use AI for medical
diagnosis, while O'Leary et al [16] reported that 82% of health
care professionals saw the usefulness of AI in diagnosing rare
diseases. In their 2020 study, Park et al [17] discovered that
over 75% of American radiology students believed AI would
play a crucial role in future medicine, while almost half of them
expressed decreased enthusiasm for radiology due to AI
adoption. Scheetz et al [18] found that 71% of the health care
professionals surveyed in Australia and New Zealand believed
AI would improve medicine, while 85.7% felt it would impact
health care manpower. In a South Korean study, only 5.9% of
doctors were very familiar with AI [19]. Similarly, in a UK
study, medical students indicated they were not adequately
prepared for AI. Scholars have also expressed concerns about
humans being replaced by AI in health care [20].

Thus, despite the potential benefits, skepticism persists among
scholars and doctors regarding the integration of AI in health
care, citing concerns about technology replacing human roles.
For instance, Poon and Sung [21] highlighted doctors’
skepticism toward AI technology in clinical practice that
impeded the progress of AI applications owing to a lack of trust.

Investigating doctors’ willingness to adopt AI-CDSSs and
understanding the factors influencing their acceptance can have
a significant impact on the comprehensive integration of
AI-CDSSs into clinical applications. Sambasivan et al [14]
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employed structural equation modeling to explore doctors’
willingness to use AI-CDSSs in developing countries, revealing
that concerns about potential threats to professional autonomy
could dampen doctors’ willingness to embrace these systems.
Conversely, active involvement in the planning, design, and
implementation of AI-CDSSs was associated with increased
acceptance and readiness to use these technologies. Similarly,
Laka et al [22] utilized logistic regression analysis to explore
the adoption willingness of AI-CDSSs, finding that doctors in
local primary care facilities, as opposed to those in larger
hospitals, identified factors, such as time constraints, perceived
threats to professional autonomy, and considerations of patient
preferences, as significant barriers to adopting AI-CDSSs.

Current research has focused mainly on examining the impact
of individual factors or certain factors affecting the allocation
of medical resources. Thus, the literature lacks in-depth analysis
of the interactive mechanisms and synergistic effects of factors
influencing doctors’ intentions to adopt AI-CDSSs. There is
also a lack of comprehensive analysis that combines the multiple
factors influencing doctors’ intentions to adopt AI-CDSSs for
assessing their causal relationships. To explore the driving
mechanisms of multiple conditional linkages on doctors’
adoption willingness, our study focuses on doctors at different
medical institutions in China, not only providing important
assistance for the application of AI-CDSSs in hospitals at all
levels in China, but also offering experiential references for
other developing countries in the use and adoption of AI-CDSSs.
Using fuzzy set qualitative comparative analysis (fsQCA), we
clarify the synergistic effects of multiple factors influencing
doctors’ intentions to adopt AI-CDSSs, thereby providing
theoretical support for promoting their application in the medical
field.

Framework for AI-CDSS Adoption Willingness
The integration of the UTAUT was proposed in 2003 by
Venkatesh et al [23] to explain the relevant factors influencing
an individual’s willingness to accept or use new technology.
The UTAUT consists of 4 key factors: performance expectancy,
effort expectancy, social influence, and facilitating conditions,
which influence behavior through willingness [24]. The UTAUT
also considers the moderating effects of sex, age, experience,
and voluntary use. The theory was established in the context of
the organizational implementation of new technology, with the
influencing factors having clear utilitarian characteristics. With
the emergence of AI technology, an increasing number of
scholars are using the UTAUT to study individual AI technology
adoption issues. The technology-organization-environment
(TOE) framework proposed by Tornatzky et al [25] suggests
that technological, organizational, and external environmental
factors also have a certain impact on an organization’s adoption
and implementation of new technology.

There is an interactive relationship between medical institutions
and doctors. An organization’s attitude toward innovation will
affect employees’ acceptance of new technology [26]. In
addition, the adoption willingness and behavior of AI technology
in an organization may be affected by the adoption willingness
of employees [27]. Therefore, based on the UTAUT model and

TOE framework, this study constructed a multi-layer dynamic
impact model for AI technology adoption among physicians.

Technical Factors Influencing the Adoption of
AI-CDSSs by Doctors
Performance expectancy is one of the key constructs in the
UTAUT model used to explain and predict individual
technology acceptance behavior [28]. In a hospital setting, it
can capture the extent that doctors believe that using new
technology will help improve their job performance [29].
Previous studies have shown that performance expectancy is
crucial for doctors’adoption and acceptance of AI-CDSSs [30],
similar to the perceived usefulness in the technology acceptance
model (TAM). Compared with other technology application
scenarios, doctors place more emphasis on the impact of
technology on their job performance when adopting new
technology. Currently, AI technology has the ability to assist
in eliminating redundant work steps, providing decision support,
and improving job performance [31,32]. However, there are
also issues, such as communication barriers between doctors
and AI technology, which can impact work efficiency. The
effectiveness of AI technology in the workplace is yet to be
widely validated [33]. Therefore, performance expectancy still
plays an important role in doctors’ willingness to adopt AI
technology.

Perceived risk refers to the degree of insecurity that doctors
perceive when they are using technology to execute tasks and
exchange data [34]. AI technology requires big data to achieve
powerful learning, which means that AI technology may involve
the input of data from various parties, such as individuals and
vendors. When there is a risk of information leakage, doctors
using AI technology may face legal, moral, and ethical issues.
This can have a significant impact on their willingness to adopt
AI technology.

Organizational Factors Influencing the Adoption of
AI-CDSSs by Doctors
Social influence refers to the influence doctors feel from their
social environment regarding a specific behavior. It is a key
factor in the UTAUT model that affects an individual’s
willingness to adopt new technology [30]. In an organizational
context, doctors are frequently influenced by colleagues and
leaders, and they enhance their sense of belonging by
conforming to these groups. When faced with emerging
technologies, such as AI, there may not be enough information
for an informed decision, making doctors more susceptible to
peer influence. However, leaders also influence doctors’
willingness to adopt AI technology [35] and have the power to
authorize subordinates, determine job promotions, provide
rewards, and administer punishments. Thus, doctors align with
leaders to receive recognition.

The UTAUT construct “facilitating conditions” refers to the
extent that doctors perceive that the necessary infrastructure
and resources in the organization support their use of new
technology [30]. Thus, this would also influence a doctor’s
willingness to adopt AI technology. The promotion of new
technology requires organizations to provide various resources
such as knowledge, funds, and technology. Simpler and more
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convenient external support conditions are associated with a
greater likelihood of doctors adopting AI technology. Research
has shown that facilitating conditions positively influence an
individual’s willingness to adopt AI technology [36,37].

Individual Factors Influencing the Adoption of
AI-CDSSs by Doctors
Technology anxiety refers to an individual’s emotional anxiety
or fear of the performance of new technology. For example,
when individuals believe that the technology may threaten their
sense of self, they may experience technology anxiety, which
reduces their willingness to adopt it [28]. The existing and
potential capabilities of AI technology to replace human abilities
are constantly increasing, causing individuals to experience
stronger feelings of anxiety compared with other technologies.
Therefore, our study included technology anxiety as a factor in
our framework.

Personal innovativeness reflects an individual’s willingness to
try something new. Innovation diffusion theory suggests that
owing to differences in innovation capabilities, individuals’
willingness and behaviors vary in this respect. Some scholars
have proven that in consumer scenarios, personal innovativeness
positively influences individuals’ willingness to adopt
self-service technologies [38]. As AI technology is a
revolutionary innovation, personal innovativeness is needed to
drive doctors toward a greater willingness to adopt it. Therefore,
we assume that personal innovativeness significantly impacts
doctors’ willingness to adopt AI technology.

Study Model
Our study applies the UTAUT model for the basis of our
research framework to analyze the factors influencing doctors’
adoption of AI-CDSSs, adding other factors as well. Our model
considers 3 perspectives: technology, organizations, and
individuals. The technical factors included are performance
expectancy and perceived risk, the organizational factors are
social influence and facilitating conditions, and the individual

factors are technology anxiety and personal innovativeness. We
have incorporated performance expectancy, social influence,
and facilitating conditions from the UTAUT model, and based
on the research by Chen et al [37], personal innovativeness and
perceived risk have been introduced into the model and
confirmed, along with key factors in the UTAUT model that
significantly influence doctors’ acceptance of AI technology.
Huang et al [39] demonstrated how technology anxiety reflected
an individual’s emotional anxiety or fear regarding the
performance of AI technology. When individuals perceived the
technology as threatening their sense of self, they experienced
technology anxiety, which reduced their willingness to adopt
the technology. Therefore, we have included technology anxiety
in the model. Considering that AI technology often does not
require users to learn how to operate it, as it possesses
anthropomorphic characteristics that are different from
nonintelligent technologies [8], we did not include effort
expectancy. The factors ultimately in our analysis framework
are performance expectancy, perceived risk, facilitating
conditions, social influence, technology anxiety, and personal
innovativeness.

Thus, we assume that doctors’ willingness to adopt AI
technology will be influenced by these various factors. Although
some studies have investigated the individual effects of these
elements on doctors’ AI adoption willingness, providing a
foundation for our understanding of the factors influencing the
willingness to adopt AI technology, research struggles to answer
how these factors interact to influence the willingness to adopt
AI technology under multiple situational conditions.
Additionally, research has not identified the deep-rooted causal
relationships that are affecting doctors’ willingness to adopt AI
technology. To fill this gap in the literature, based on the
UTAUT model and incorporating the TOE framework, we have
explored the complex causal mechanisms of how environmental,
technological, and individual factors influence doctors’
willingness to adopt AI technology from a configurational
perspective, proposing a theoretical model (Figure 1).
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Figure 1. Analysis framework of the factors influencing Chinese doctors’ willingness to adopt artificial intelligence–driven clinical decision support
systems.

Methods

Method Selection
We used fsQCA to explore the complex causal mechanisms
influencing clinical doctors’ willingness to adopt AI-CDSSs,
primarily for the following reasons. First, using this method
uncovers the nonlinear relationships between various influencing
factors and the doctors’ willingness to adopt AI-CDSSs. The
fsQCA method also explores combinations of influencing factors
instead of individual factors [40]. Second, as our research
question was “Which factors can lead clinical doctors to have
a higher willingness to adopt AI-CDSSs?”, the use of this
method can reveal multiple equivalent paths that influence
doctors’ willingness to adopt AI-CDSSs. Third, compared with
other qualitative comparative analysis methods, fsQCA is more
suitable for handling continuous variables. Fourth, fsQCA can
be applied to different sample sizes ranging from very small
(<50 cases) to very large (thousands of cases) [41].

Data Collection
An online questionnaire was developed and shared with doctors
in China who met specific criteria related to their work

experience. We distributed 578 questionnaires through the
Wenjuanxing platform [42]. After eliminating any invalid
submissions, we had 450 valid responses, resulting in a
questionnaire response rate of 77.9%. Detailed demographic
information on the participants is presented in Table 1.

According to “Hospital Classification Management Measures”
issued by the National Health Department, hospitals in China
are classified into 3 levels. Tertiary hospitals provide medical
and health services across regions, provinces, and cities, and
nationwide. Secondary hospitals provide comprehensive medical
and health services to multiple communities and undertake
teaching and research tasks in regional hospitals. Primary
hospitals are grassroot hospitals and health centers that provide
preventive, medical, health, and rehabilitation services to their
local communities [43]. In this study, we divided hospitals into
only 2 categories for simplicity: tertiary hospitals and
primary/secondary hospitals. Among the respondents, there
were 332 responses from clinical doctors working in tertiary
medical institutions and 118 responses from clinical doctors in
primary/secondary medical institutions, as mentioned above.
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Table 1. Basic respondent demographic statistics.

Primary/secondary hospitals (N=118), n (%)Tertiary hospitals (N=332), n (%)Category

Sex

53 (44.9)171 (51.5)Male

65 (55.1)161 (48.5)Female

Age (years)

12 (10.2)27 (8.1)Under 25

31 (26.3)109 (32.8)25 to 34

35 (29.7)142 (42.8)35 to 44

34 (28.8)51 (15.4)45 to 54

6 (5.1)3 (0.9)Above 54

Education

85 (72.0)89 (26.8)Bachelor’s degree

13 (11.0)176 (53.0)Master’s degree

1 (0.9)66 (19.9)Doctoral degree

19 (16.1)1 (0.3)Others

Major title

46 (39.0)100 (30.1)Resident physician

39 (33.1)113 (34.0)Attending physician

19 (16.1)81 (24.4)Associate chief physician

14 (11.9)38 (11.5)Chief physician

Duration of employment (years)

15 (12.7)28 (8.4)1 or less

25 (21.2)86 (25.9)2 to 5

17 (14.4)71 (21.4)6 to 10

23 (19.5)66 (19.9)11 to 15

5 (4.2)41 (12.4)16 to 20

11 (9.3)19 (5.7)21 to 25

22 (18.6)21 (6.3)25 or more

Variable Measurement and Calibration
To ensure the reliability and validity of our scales, we based
them on mature scales developed by scholars in the field of
technology adoption and appropriately adjusted them for our
research question to create measurement items for our main
variables [23]. The main variables were performance
expectancy, perceived risk, facilitating conditions, social
influence, technology anxiety, personal innovativeness, and
adoption willingness. Participant responses were on a 5-point
Likert scale assessing the extent that they agreed with the
content described in the items. We calculated the average score
of the corresponding items within each scale to measure the
variable. We use SPSS (version 25.0) to analyze the reliability
and validity of the scales. All variables had a Cronbach α greater
than .8, composite reliability greater than 0.8,
Kaiser-Meyer-Olkin (KMO) values greater than 0.7, and average
variance extracted values greater than 0.5, indicating that the

scales had good reliability and validity. To ensure the overall
reliability of our results, we removed items with factor loadings
less than 0.6, and the conditions were still met after these items
were deleted (Table 2).

To meet the Boolean logic requirements for qualitative
comparative analysis, variables need to be transformed into sets
and cases need to be assigned to the sets before conducting
fsQCA, a process known as data calibration. In this process, we
need to establish calibration points for “full membership,”
“crossing point,” and “full nonmembership.” We adopted a
scholar’s calibration method for the Likert scale questionnaire
data, coding “completely agrees (5)” as “full membership,”
“neutral (3)” as “crossing point,” and “completely disagrees
(1)” as “full nonmembership.” By setting these 3 thresholds,
we converted the original data into fuzzy scores ranging from
0 to 1, using the calibrate (x, n1, n2, n3) function in the fsQCA
software.
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Table 2. Reliability and validity analysis.

AVEcCRbKMOaCronbach αFactor loadingVariable and item

0.6110.9160.797.831Performance expectancy

0.9131

0.9252

0.8843

0.5434

0.5680.9340.848.879Perceived risk

0.5671

0.6742

0.8853

0.8754

0.8385

0.6400.9290.821.857Facilitating conditions

0.7751

0.8932

0.7683

0.8254

0.8640.9400.811.883Social influence

0.8421

0.9132

0.8103

0.6864

0.5720.8900.900.921Technology anxiety

0.8391

0.8332

0.8593

0.6204

0.7235

0.6500.8960.831.865Personal innovativeness

0.7861

0.8242

0.9123

0.8804

0.7680.9310.747.887Adoption willingness

0.9611

0.9532

0.9463

aKMO: Kaiser-Meyer-Olkin.
bCR: composite reliability.
cAVE: average variance extracted.

Ethical Considerations
This study was approved by the Clinical Research Ethics
Committee of China-Japan Friendship Hospital (number:

2024-KY-254). All participants provided informed consent
before the investigation began. Furthermore, information on
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the research participants was kept confidential, and personal
private information was not disclosed.

Results

Necessary Condition
According to the fsQCA method, before conducting the
configuration analysis, the first step is to perform a necessity
analysis on the individual condition variables, with the results
reflected through consistency and coverage. Consistency
represents the degree that the condition variables are a subset
of the outcome variables. Identifying a necessary condition
generally requires a consistency score higher than 0.9. Coverage
represents the extent that the condition variables explain the
outcome. This is only meaningful for conditions that pass the
consistency test, with no acceptable threshold. The results of

the necessity test for the individual conditions are shown in
Table 3.

In Table 3, we can see that the consistency of personal
innovativeness in influencing doctors’ willingness to adopt
AI-CDSSs at primary/secondary hospitals was higher than 0.9
and coverage was as high as 0.933. This indicates that personal
innovativeness is a necessary condition influencing doctors’
willingness to adopt AI-CDSSs in these hospitals. The
consistency of the other variables was less than 0.9, indicating
that they are not sufficient to constitute the necessary conditions
affecting doctors’ willingness to adopt AI-CDSSs, with these
variables having relatively weak independent explanatory
powers. Thus, we need to further analyze the combining effects
of these condition variables and their impacts on our outcome
variable.

Table 3. Necessary condition analysis.

Primary/secondary hospitalsTertiary hospitalsCondition variable

CoverageConsistencyCoverageConsistency

0.8320.8720.9170.882Performance expectancy

0.7840.4230.8520.376~aPerformance expectancy

0.8900.5700.9520.471Perceived risk

0.7630.7220.8530.775~Perceived risk

0.9240.7570.9550.653Facilitating conditions

0.7390.5670.8490.611~Facilitating conditions

0.9340.8540.9440.787Social influence

0.7110.4790.8550.487~Social influence

0.9080.6610.9390.707Technology anxiety

0.7660.6580.8540.555~Technology anxiety

0.9330.930b0.9490.861bPersonal innovativeness

0.7020.4140.8340.414~Personal innovativeness

a“~” indicates the negation of the condition.
bConsistency exceeds 0.8.

Adequacy Analysis of Configuration
As mentioned, we conducted fsQCA separately for tertiary and
primary/secondary hospitals. According to the principles of
fsQCA, we included 6 condition variables. We retained 85%
of the case numbers to set the frequency threshold, with case
number thresholds of 5 and 2 for tertiary hospitals and
primary/secondary hospitals, respectively. The consistency
threshold for each configuration was higher than 0.8, and the
proportional reduction in inconsistency threshold was greater
than 0.75. A configuration with consistency below the threshold
was assigned a value of 0 (Tables 4 and 5).

After standard analysis of the improved truth table, we found
3 types of solutions: complex, intermediate, and parsimonious.
Among them, we obtained the intermediate solution through a

counterfactual analysis, assuming that the emergence of personal
innovativeness may increase doctors’ willingness to adopt
AI-CDSSs, whereas the other individual conditions may
contribute to doctors’ willingness to adopt AI-CDSSs. We
identified the core conditions for each configuration by
comparing the nested relationships between the intermediate
and parsimonious solutions. The conditions appearing in both
the parsimonious and intermediate solutions were considered
core conditions for that configuration, whereas those appearing
only in the intermediate solution were considered marginal
conditions (Table 6).

In Table 6, we can see that there are 3 pathways leading to
positive doctors’ willingness to adopt AI-CDSSs in tertiary
hospitals, which have been presented below.
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Table 4. Truth table for doctors at tertiary hospitals.

SYMb consistencyPRIa consistencyRaw consistencyOutcomeNumberConditional variable

YFEDCBA

0.9944040.9944040.997789132111111

0.9892370.9892360.99702317111011

0.9888050.9888050.995619138111101

0.9871720.9845140.99654015101111

0.9842820.9842820.994604122111001

0.9811200.9811200.992934144101101

0.9785580.9760330.992382119110001

0.9637500.9627540.990879110101001

0.9422910.9422900.98887218010001

0.9327790.9290570.98886015101100

0.9313270.9214980.982544113100001

0.9074930.9074920.98421818001001

0.9096560.9046790.98187218110000

0.9020460.9020440.98596116101000

0.8662640.8500150.971584110001101

0.8280250.8263990.973338110100000

0.7979600.7966610.964521111000001

0.4675890.4633380.895842024000000

aPRI: proportional reduction in inconsistency.
bSYM: symmetric.

J Med Internet Res 2025 | vol. 27 | e62768 | p.196https://www.jmir.org/2025/1/e62768
(page number not for citation purposes)

Yu et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Table 5. Truth table for doctors at primary/secondary hospitals.

SYMb consistencyPRIa consistencyRaw consistencyOutcomeNumberConditional variable

YFEDCBA

0.9865770.9865770.99597617111101

0.9775180.9775170.991665115111111

0.9639610.9639610.99220112111001

0.9530540.9530540.98883013111011

0.9520500.9520490.99204513101011

0.9533500.9475330.982767117101101

0.9274920.9274920.98942712101100

0.9485910.9222510.98408614101111

0.9202420.9202410.98650113101001

0.8300530.8300540.97553613100101

0.7972160.7972160.96943915100001

0.7325580.7325590.96883502101000

0.6543100.6543100.94655006100000

0.6315580.6315570.96515804001101

0.3496020.3496020.91264102010000

0.3274920.3157540.842963016000000

0.3085220.3085220.93744503000011

0.3487580.2903400.93723802010010

0.2511380.2511380.861165010000001

aPRI: proportional reduction in inconsistency.
bSYM: symmetric.

Table 6. Adoption willingness of doctors in different medical institutions.

Primary/secondary hospitalsbTertiary hospitalsaConditions

Pathway N2Pathway N1Pathway S3Pathway S2Pathway S1

N2bN2aS3bS3aS2bS2aS1bS1a

—PCPCPCPC——dPCPCcPerformance expectancy

AMAM———AMAMAMAMePerceived risk

PM———PMf—AM—AMFacilitating conditions

PMPMPMPMPMAMPMAMSocial influence

AMAM—PM—AM—AM—Technology anxiety

PCPCPCPCPCPCPC——Personal innovativeness

0.9830.9610.9720.9940.9920.9850.9640.9700.963Consistency

0.4790.5140.7690.5490.5910.4440.4130.4510.416Raw coverage

0.0170.0230.2790.0400.0220.0110.0170.0150.018Unique coverage

aThe solution consistency value was 0.804 and solution coverage value was 0.953.
bThe solution consistency value was 0.810 and solution coverage value was 0.961.
cPC: presence of a core causal condition.
dThe condition can or cannot exist in the configuration.
eAM: absence of a marginal causal condition.
fPM: presence of a marginal causal condition.
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Configuration for Doctors at Tertiary Hospitals

Technology Driven
The core condition for both pathways S1a and S1b was
performance expectancy, which played a dominant role in the
pathways. The findings indicate that these doctors believe that
AI-CDSSs are helpful in clinical work, can improve work
efficiency, and can enhance work quality. Pathway S1a indicated
that under high performance expectancy, even without perceived
technical risks for AI-CDSSs and without organizational factors,
such as convenience of AI use and social influence, doctors
have favorable adoption willingness for AI-CDSSs. Pathway
S1b indicated that under high performance expectancy, without
technology anxiety and perceived risk but with social influence,
such as influence from surrounding groups, doctors still have
favorable adoption willingness for AI-CDSSs.

Individual Driven
The core condition for pathways S2a and S2b was personal
innovativeness, which played a primary role in these pathways.
The findings indicate that these doctors are willing to try new
AI technology, as they typically favor innovativeness that
enables continuous learning of new medical technologies and
treatment methods. Pathway S2a showed that when doctors
reflect strong personal innovativeness, without perceived risks,
convenience factors, and social influence, they have positive
adoption willingness for AI-CDSSs. Pathway S2b indicated
that when doctors have personal innovativeness without
perceived risks and technology anxiety for AI-CDSSs, but with
a certain degree of social influence, they still tend to have
positive adoption willingness for AI-CDSSs.

Technology-Individual Dual Driven
The core conditions for pathways S3a and S3b were performance
expectancy and personal innovativeness, indicating that doctors
with both high performance expectancy and high personal
innovativeness develop strong adoption willingness. Pathway
S3a demonstrated that doctors with high performance
expectancy and high personal innovativeness need support from
certain convenience factors as well as a certain degree of social
influence to engender strong adoption willingness for
AI-CDSSs. Pathway S3b showed that when doctors have high
performance expectancy, high personal innovativeness, and
some degree of technology anxiety and social influence, they
still tend to have high adoption willingness for AI-CDSSs.

Configuration for Doctors at Primary and Secondary
Hospitals

Technology-Individual Dual Driven
The core conditions for pathways N1 and N2a were performance
expectancy and personal innovativeness, indicating that doctors
with both high performance expectancy and high personal
innovativeness have strong adoption willingness for AI-CDSSs.
Pathway N1 showed that doctors with high performance
expectancy and high personal innovativeness have strong
adoption willingness when influenced by leaders, colleagues,
and other people regarding the use of AI. Pathway N2a
demonstrated that doctors with high performance expectancy,
high personal innovativeness, and no perceived risks or

technology anxiety for AI technology have strong adoption
willingness.

Organization-Individual Dual Driven
The core conditions for pathway N2b were convenience factors
and personal innovativeness, indicating that doctors who receive
support from their workplace and from technology and have
high personal innovativeness develop strong adoption
willingness. In other words, with high convenience factors,
personal innovativeness, and low social influence, even without
perceived risks and technology anxiety, doctors have strong
adoption willingness for AI-CDSSs.

Comparative Analysis
Comparing doctors at tertiary hospitals with those at
primary/secondary hospitals, we can point out the similarities
and differences. The pathways reflect what drives the doctors
at these different medical institutions to stronger adoption
willingness for AI-CDSSs.

Similarities
AI technology and personal factors play dominant roles in
influencing the adoption of AI-CDSSs by doctors at all the
hospitals analyzed. There are not only single-dimensional factors
that affect doctors’ adoption willingness, but also combinations
of factors, as in the technology-individual dual model, that have
an impact on adoption. At the technological level, doctors
believed that the application of AI-CDSSs in clinical diagnosis
and treatment processes can provide efficient diagnostic support
and improve the quality of clinical services. Although issues,
such as overdiagnosis, may exist with AI-CDSSs, doctors
considered the overall technology of AI-CDSSs to be safe and
reliable. At the individual level, doctors demonstrated strong
acceptance and openness to AI technology, showing no anxiety
regarding the emergence of new technologies. In particular,
they appeared willing to try new AI technologies.

Differences
Convenience factors had a greater impact on the adoption
willingness of doctors at primary/secondary hospitals than on
the adoption willingness of doctors at tertiary hospitals.
According to pathways S1a and S2a, a lack of convenience
factors did not affect the strong adoption willingness of doctors
at tertiary hospitals. This finding indicates that even when the
marginal condition of the convenience factor is missing, these
doctors still have a positive adoption willingness for AI-CDSSs.
In contrast, looking at pathway N2b, convenience factors are a
necessary condition for doctors at primary/secondary hospitals,
and these doctors will only favor adoption of AI-CDSSs when
convenience factors are present. Thus, convenience factors are
the objective material factors influencing the willingness of
these doctors to adopt AI-CDSSs. As tertiary hospitals are
generally regional hospitals that have comprehensive hospital
facilities and advanced information systems, such convenience
factors are present; thus, they do not significantly influence the
adoption of AI-CDSSs among doctors at these facilities. Unlike
tertiary hospitals, primary/secondary hospitals are often county
hospitals or primary health care institutions, with some located
in remote rural areas and having fewer hardware and software
resources to support their doctors. Therefore, the impact of
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convenience factors on the adoption willingness of doctors at
these medical institutions is greater. The survey results imply
that only when there is sufficient external support for doctors
at these primary and secondary institutions will they actively
adopt AI-CDSSs.

Robustness Test
To test the robustness of our results, we adjusted the consistency
threshold from 0.8 to 0.85 and 0.72 [44]. There were no
substantial changes observed in the configuration of the
pathways or parameters. The results indicated that the adjusted
structure remained consistent with the original structure and the
pathways were the same as those before the adjustment.
Therefore, the results remained robust.

Discussion

Principal Findings
We constructed a theoretical framework based on the UTAUT
and TOE framework using configurational thinking and fsQCA
to configure 6 conditional elements. We explored the multiple
concurrent factors and causal complex mechanisms that
influence the willingness to adopt AI-CDSSs among clinical
doctors at different medical institutions in China from
technological, organizational, and individual perspectives. Our
results provide a theoretical basis for the further integration of
AI-CDSSs into clinical applications. The following are our key
results.

We found that the paths driving high AI-CDSS adoption
willingness among clinical doctors in tertiary hospitals fell into
6 categories, which were summarized in 3 configurations:
technology driven, individual driven, and technology-individual
dual driven. The paths driving high AI-CDSS adoption
willingness among clinical doctors at primary/secondary medical
institutions fell into 3 categories, which were summarized in 2
configurations: technology-individual and
organization-individual dual driven.

Comparing tertiary hospitals with primary/secondary medical
institutions, we observed some commonalities and some
differences in the paths driving doctors to a positive willingness
to adopt AI-CDSSs. In terms of commonalities, AI technology
and individual factors play dominant roles in doctors’ adoption
willingness. The doctors indicated their beliefs that AI-CDSSs
can provide efficient diagnostic support and improve the quality
of medical services. Moreover, they indicated that they are
willing to try new technologies. In terms of differences,
convenience factors had a greater impact on doctors at
primary/secondary medical institutions. These doctors would
actively adopt AI-CDSSs only with sufficient external support.

By studying doctors from different levels of medical institutions
in China and their adoption paths of AI-CDSSs, we found that
resource availability may be an important factor influencing the
adoption willingness of doctors at different medical institutions.
For example, tertiary hospitals have greater access to resources,
such as funding and technical support, compared with
primary/secondary hospitals. Additionally, differences in
organizational culture and management styles and values may
impact doctors’attitudes toward AI-CDSSs. The characteristics

of patient populations served by different levels of medical
institutions may also influence doctors’ perceptions of
AI-CDSSs, as patient needs and complexities can vary across
hospital settings.

Finally, our research results can serve as a reference for other
developing countries for promoting the application of AI-CDSSs
or AI technologies in clinical treatment, contributing to
enhancing the medical service capabilities of medical
institutions.

Theoretical Contributions
Our study contributes to the literature in several ways. First, we
built a comprehensive analytical framework for doctors’
willingness to adopt AI technology. This is based on the UTAUT
and TOE framework combined with specific characteristics and
application scenarios for AI technology, with a focus on
technical, organizational, and individual factors. Previous studies
have focused mainly on the causal relationships between
individual variables and the willingness to adopt AI technology.
However, our study introduces multiple factors that can
influence doctors’ willingness to adopt AI technology, namely,
performance expectancy, perceived risks, convenience factors,
social influence, technology anxiety, and personal
innovativeness. Building on the UTAUT model, we incorporated
additional factors, specifically personal innovativeness,
technology anxiety, and perceived risks, into the analytical
framework. As such, we were able to enrich the theoretical
research regarding the factors influencing doctors’ willingness
to adopt AI technology.

Second, we explored the synergistic effects influencing doctors’
willingness to adopt AI-CDSSs from a configuration
perspective, expanding the application of the UTAUT model
in explaining causal complexity. Although the UTAUT model
is widely used to explain individual adoption of new
technologies within organizations, existing studies on AI
adoption have largely overlooked the complexity of causal
relationships. Owing to limitations in research methods, existing
technology adoption models have been unable to test and explain
the impact of multiple conditions on doctors’ willingness to
adopt AI-CDSSs. In our study, we empirically investigated the
synergistic effects of 6 specific factors related to technology,
organization, and individual aspects on doctors’ willingness to
adopt AI-CDSSs from a configuration perspective. By
addressing the aforementioned issues, we expand the application
of the UTAUT model in explaining causal complexity.

Finally, we used the fsQCA method to analyze the
configurations of doctors’ willingness to adopt AI-CDSSs at
different medical institutions. Our results indicate that across
different medical institutions, performance expectancy and
personal innovativeness are the 2 important conditions for
doctors to engender strong adoption willingness for AI-CDSSs,
whereas perceived risks hinder adoption. Social influence can
either promote or hinder doctors’ willingness to adopt
AI-CDSSs, and convenience factors have a greater impact on
doctors’ adoption willingness at primary/secondary medical
institutions. In summary, our research extends the literature on
doctors’willingness to adopt AI-CDSSs and provides theoretical
support for future practical applications.
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Practical Implications
From the perspective of the 6 configurations among the doctors
at tertiary hospitals and the 3 configurations among the doctors
at primary/secondary medical institutions, performance
expectancy and personal innovativeness were the 2 indispensable
and core conditions in the pathways to achieving strong
willingness to adopt AI-CDSSs. Thus, AI product providers
and health care managers should look closely at these factors
when designing and implementing such systems. The
organizational factor of facilitating conditions for doctors at
primary/secondary medical institutions also appeared to be a
necessary condition influencing the adoption willingness of
doctors at these institutions. As such, we recommend the
following measures for the AI-CDSS process.

Importance of Performance Expectancy in Adoption
For AI product providers, improvements in the quality and
applicability of AI products can be achieved by focusing on the
designing of AI-CDSSs that meet the specific needs of different
clinical doctors. This means involving these doctors in the
design and development process of AI-CDSSs to ensure that
these systems address practical needs. In addition, to ensure
that AI-CDSSs comply with data privacy and security standards,
security measures should be included to increase doctors’ trust
in the systems. The systems should also be evaluated regularly
for effectiveness and impact, and should be continuously
improved based on feedback to ensure they are meeting user
needs and expectations.

Importance of Personal Innovativeness
Health care institution managers should provide the appropriate
training and support for doctors before introducing AI-CDSSs.
This can be done through various activities, such as videos and
practical exercises, among others. Such training can help doctors
become comfortable with using AI-CDSSs and increase their
effectiveness, boosting doctors’ confidence in the systems and
their willingness to adopt the systems. In addition, doctors
should be actively encouraged to be innovative, cultivate
innovation awareness, and improve their acceptance of new
technologies.

Importance of Addressing Technology Anxiety
Individual doctors need to actively participate in training to
understand the basic functions and uses of AI-CDSSs. Some
doctors may be skeptical of AI-CDSSs, fearing that these
systems will replace their work or reduce work quality.
Appropriate training can help change this negative mindset,
encouraging doctors to recognize that these systems are meant
to assist and enhance the efficiency and accuracy of clinical
work, and not to replace doctors.

Limitations
This study has some limitations that can serve as starting points
for future research. First, our research scope was limited to
medical institutions in mainland China, thereby lacking
comparisons with doctors in foreign medical institutions
regarding the adoption paths of AI-CDSSs. Second, differences
between medical institutions at different levels, such as funding,
staffing, and equipment configuration, may influence doctors’

perceptions, acceptance, and experience with AI-CDSSs, leading
to variations in questionnaire responses. In addition, we used
fsQCA to explore the driving mechanism underlying doctors’
adoption willingness based on the interactive matching of
multiple conditions, which does not verify the impact of
individual variables or a few factors on adoption willingness.
To address the limitations of the fsQCA method, future research
could consider including the use of structural equation modeling
(SEM) to design a more complex model structure by considering
the relationships between latent variables and the correlations
between multiple observed indicators, thus providing a more
comprehensive data analysis and explanation. Finally, the
sample size of the questionnaire in primary/secondary hospitals
was less than that in tertiary hospitals, but the hospitals included
in this study were representative. Because AI has more value
in areas with weak medical resources, our future research will
focus on the willingness of primary hospitals to use AI. We will
refine research plans, expand the sample size of the survey, and
improve the compliance of the hospitals included.

Conclusion
Our study built a comprehensive analytical framework for
doctors’ willingness to adopt AI-CDSSs, considering specific
characteristics and application scenarios for AI technology, with
a focus on technical, organizational, and individual factors. We
used fsQCA to explore doctors’willingness to adopt AI-CDSSs
in different types of medical institutions in China along with
the factors influencing their willingness. From the perspectives
of the 6 pathways of the doctors at tertiary hospitals and the 3
pathways of the doctors at primary/secondary hospitals,
performance expectancy and personal innovativeness were 2
indispensable and core conditions in the pathways to achieving
favorable willingness to adopt AI-CDSSs. The comparative
analysis revealed both similarities and differences between
doctors at tertiary hospitals and those at primary/secondary
hospitals in terms of their adoption of AI-CDSSs. While
technical and individual factors were found to be influential in
driving adoption willingness across all hospitals, the impact of
facilitating conditions differed between the different levels of
medical institutions. Facilitating conditions were identified as
a significant driver for adoption among doctors at
primary/secondary hospitals, underscoring the importance of
external support and resources in facilitating the adoption of
AI-CDSSs in these settings.

In conclusion, the results of our research provide valuable
insights into the factors influencing doctors’willingness to adopt
AI-CDSSs in different health care settings. By addressing
performance expectancy, personal innovativeness, and
organizational support, health care organizations can promote
a more favorable environment for the implementation and
utilization of AI technologies, ultimately enhancing clinical
decision-making systems and improving patient care outcomes.
Continued research and implementation of these strategies can
further advance the integration of AI-CDSSs in health care and
pave the way for the widespread application of AI technology
in clinical practice.

By exploring the positive practice and policy promotion of
AI-CDSS application in China, our research can provide a
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positive reference for the governments of developing countries
with similar conditions and uneven distribution of medical
resources. At the technical level, the effectiveness and safety
of AI technology should be ensured, so that AI can meet the
needs of clinical practice. At the organizational level, medical
institutions should organize technical training, so that doctors
can understand and learn the combination of AI technology and

clinical practice, and build a new model of human-machine
collaboration. For areas with relatively weak medical resources,
the government and medical institutions should increase the
infrastructure construction required for AI applications and
provide adequate technical support to help doctors solve
technical problems.
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Abstract

Background: Oral microenvironmental disorders are associated with an increased risk of heart failure with preserved ejection
fraction (HFpEF). Hyperspectral imaging (HSI) technology enables the detection of substances that are visually indistinguishable
to the human eye, providing a noninvasive approach with extensive applications in medical diagnostics.

Objective: The objective of this study is to develop and validate a digital, noninvasive oral diagnostic model for patients with
HFpEF using HSI combined with various machine learning algorithms.

Methods: Between April 2023 and August 2023, a total of 140 patients were recruited from Renmin Hospital of Wuhan
University to serve as the training and internal testing groups for this study. Subsequently, from August 2024 to September 2024,
an additional 35 patients were enrolled from Three Gorges University and Yichang Central People’s Hospital to constitute the
external testing group. After preprocessing to ensure image quality, spectral and textural features were extracted from the images.
We extracted 25 spectral bands from each patient image and obtained 8 corresponding texture features to evaluate the performance
of 28 machine learning algorithms for their ability to distinguish control participants from participants with HFpEF. The model
demonstrating the optimal performance in both internal and external testing groups was selected to construct the HFpEF diagnostic
model. Hyperspectral bands significant for identifying participants with HFpEF were identified for further interpretative analysis.
The Shapley Additive Explanations (SHAP) model was used to provide analytical insights into feature importance.

Results: Participants were divided into a training group (n=105), internal testing group (n=35), and external testing group (n=35),
with consistent baseline characteristics across groups. Among the 28 algorithms tested, the random forest algorithm demonstrated
superior performance with an area under the receiver operating characteristic curve (AUC) of 0.884 and an accuracy of 82.9%
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in the internal testing group, as well as an AUC of 0.812 and an accuracy of 85.7% in the external testing group. For model
interpretation, we used the top 25 features identified by the random forest algorithm. The SHAP analysis revealed discernible
distinctions between control participants and participants with HFpEF, thereby validating the diagnostic model’s capacity to
accurately identify participants with HFpEF.

Conclusions: This noninvasive and efficient model facilitates the identification of individuals with HFpEF, thereby promoting
early detection, diagnosis, and treatment. Our research presents a clinically advanced diagnostic framework for HFpEF, validated
using independent data sets and demonstrating significant potential to enhance patient care.

Trial Registration: China Clinical Trial Registry ChiCTR2300078855; https://www.chictr.org.cn/showproj.html?proj=207133

(J Med Internet Res 2025;27:e67256)   doi:10.2196/67256

KEYWORDS

heart failure with preserved ejection fraction; HFpEF; hyperspectral imaging; HSI; diagnostic model; digital health; Shapley
Additive Explanations; SHAP; machine learning; artificial intelligence; AI; cardiovascular disease; predictive modeling; oral
health

Introduction

About one-half of patients with chronic heart failure have heart
failure with preserved ejection fraction (HFpEF), which has
received wide attention in recent years and poses a serious threat
to the management of patient health [1,2]. The pathogenesis of
HFpEF is complex, and the pathological mechanism is still
unclear, so a swift, noninvasive diagnostic strategy is still
lacking [3]. Early diagnosis of HFpEF is often difficult because
the left ventricular ejection fraction of patients with HFpEF is
within the normal range and the symptoms of heart failure are
often nonspecific. The diagnosis of HFpEF depends on clinical
symptoms, laboratory tests, echocardiography, and an invasive
hemodynamics test [4]. However, descriptions of clinical
symptoms are subjective, and different clinical symptoms cannot
be measured using a unified standard. Echocardiography and
hemodynamics tests need to be performed by experienced
clinicians in hospitals, thus limiting early identification and
timely diagnosis of HFpEF, which introduces obstacles to the
health management of individuals with HFpEF [5].

The health of the oral environment has an important impact on
cardiovascular health, and oral microenvironmental disorders
have been associated with an increased risk of HFpEF [6]. Poor
oral health may cause an inflammatory response that is strongly
associated with heart failure [7,8]. The tongue, as an important
part of the oral cavity, plays an important role in oral health,
and the dorsum of the tongue carries the largest number of
microbial species, which is an important part of oral health [9].
Inflammation and oxidative stress in the body caused by
alterations in the oral microbiome are associated with the risk
of developing heart failure [10]. Observing the oral
microenvironment of individuals with HFpEF can reflect their
lifestyle, dietary habits, and intestinal health [11]. An automated
device or system that allows doctors to perform a quick
tongue-based diagnosis would be helpful in clinical practice.

Light, which is a single color before dispersion, becomes a
pattern of colors arranged in order of wavelength after
dispersion; this is called the optical spectrum or optical band
[12]. Hyperspectral imaging (HSI) consists of narrower bands,
is a technique that captures and analyzes the details of each
band in a region, can therefore detect substances that are visually

indistinguishable to humans, and has a wide range of
applications in many fields [13]. In recent years, many studies
have explored the application of HSI technology in medicine
[14]. The emergence of handheld HSI cameras, which allow
users to quickly capture spectral images, has boosted the
application of spectral imaging in medicine [15]. HSI technology
has been used in patient information acquisition, medical image
analysis, and disease diagnosis [16,17]. HSI is expected to
promote the management of patient health. Notably, numerous
innovative heart failure prediction models have been developed
using common clinical indicators and advanced machine
learning techniques [18-23]. These studies primarily focused
on the prognosis of heart failure or enhanced existing diagnostic
modalities such as echocardiography [24-26]. There exists a
significant need for the development of noninvasive, easily
accessible diagnostic tools specifically targeting HFpEF, which
is a subtype of heart failure characterized by subtle clinical
manifestations and complex pathophysiology.

In this study, we collected HSI information of the oral
environment, and multiple algorithms were used to select the
most characteristic spectral bands of individuals with HFpEF.
The best model was selected for internal and external testing,
and we used the Shapley Additive Explanations (SHAP) model
to additively interpret the best model. The digital HSI HFpEF
diagnostic model constructed in this study can help with early
detection and management of individuals with HFpEF.

Methods

Study Populations
We included 196 patients who visited Renmin Hospital Wuhan
University from April 2023 to August 2023; they comprised
the training group and internal testing groups. We included 53
patients who visited Yichang Central People’s Hospital from
August 2024 to September 2024 as the external testing group
(Figure 1). For all participants, HSI and clinical information
were collected, and routine tests were conducted. Participants
were selected according to the inclusion and exclusion criteria.
HFpEF was diagnosed using international standards [4],
including (1) typical signs and symptoms of heart failure; (2)
left ventricular ejection fraction ≥50%, as assessed by
echocardiography performed by a proficient physician; and (3)
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brain natriuretic peptide >35 ng/L or amino-terminal pro-brain
natriuretic peptide >125 ng/L. In addition to these criteria,
participants also had to have at least left ventricular hypertrophy
or left atrial enlargement with abnormal diastolic function.
Individuals were excluded for any of the following reasons:
previous cosmetic surgery and facial aesthetics, severe hepatic
or renal organ insufficiency, mental or legal incapacity,
malignancy-related diseases, other diseases such as psychiatric
or neurological disorders, and unable to complete the study

activities. Participants were consecutively included in the
training and internal testing groups (140 of 196 participants)
before randomization using a ratio of 3:1, while participants in
the external testing group (35 of 53 participants) were also
consecutively included [19]. The manuscript was written in
strict accordance with the Guidelines for Developing and
Reporting Machine Learning Predictive Models in Biomedical
Research [20,21].

Figure 1. Study protocol. AI: artificial intelligence; HFpEF: heart failure with preserved ejection fraction; HSI: hyperspectral imaging; SHAP: Shapley
Additive Explanations.

Ethical Considerations
All participants were informed about the study and signed an
informed consent document. The study protocol was reviewed
and approved by the Ethics Committee of Renmin Hospital of
Wuhan University (number WDRM2023-K174) and Yichang
Central People’s Hospital (number 2024-216-01).

HSI Collection
We prepared a room with good light avoidance conditions and
created a dark environment using curtains, blackboards, and
other items to avoid external light interference as much as

possible to ensure that all participants were in the same light
environment for image acquisition. A halogen lamp was chosen
as the only light source. The participant’s head and face were
fixed to ensure that there were no accessories nor hair to obscure
facial features. The distance between the HSI camera and the
participants was maintained to ensure that the size of the facial
features was in the same area of each spectral image and that
all participants had the same image size and clarity. We asked
participants to expose their tongues for HSI acquisition (Figure
2A). Each participant was provided with a single hyperspectral
photomicrograph, and only 1 oral spectral image meeting the
criteria was captured.
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Figure 2. (A) Hyperspectral imaging (HSI) acquisition environment, (B) processing of a spectral image for a control participant, (C) processing of a
spectral image for a participant with heart failure with preserved ejection fraction (HFpEF), (D) processing of a texture image for a control participant,
(E) processing of a texture image for a participant with HFpEF, (F) representative HSI and echocardiogram of a control participant, and (G) representative
HSI and echocardiogram of a participant with HFpEF.

An HSI camera (MQ0220HG-IM-SM4X4-VIS; XIMEA)
captured 25 spectral bands in the 665 nm to 960 nm spectral
range. The camera has a pixel resolution of 644 × 484 (black
and white) or 640 × 480 (color), pixel size of 7.4 × 7.4 µm,
active area size of 4.8 × 3.6 mm, sensor diagonal of 5.9 mm,
and dynamic range of 60 dB. The camera has an exposure time
of 54 µs to 1 s with a step of 7.56 µs, with a capture time less
than 1 s per image (Figure 2A). We checked image quality after

image capture to ensure that all images had the same luminance,
were in sharp focus, and were of good quality.

HSI Analysis
We preprocessed the obtained images [22,23]. HSI
preprocessing methods are of great importance in HSI analysis.
Effective preprocessing methods can minimize or even eliminate
the influence of extraneous information (eg, sample background,
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electrical noise, stray light). We first checked the image quality
of all oral images, and when poor image quality was found, the
participant’s oral images were taken repeatedly in the same
environment to ensure that the images could be qualified and
used for further analysis. We preprocessed the images using the
median filtering method to reduce any noise. HSI was
preprocessed using a normalized method to reduce redundant
information from the original bands and improve the precision
of the HSI [27].

All images were edited using image analysis software (ENVI
[Environment for Visualizing Images], version 5.3; NV5
Geospatial Solutions Inc). Backgrounds and clothing were
cropped out, and the tongue images were retained. The spectral
data of the features were initially extracted from the cropped
images to obtain the mean and SD for each spectral photograph.
Each spectral image was capable of extracting information for
25 spectral bands. Subsequently, texture analysis was conducted
on the image, resulting in the generation of 8 texture features
based on the mean and SD values for each band. For each
participant, their spectral image could be obtained with 50
original band values and 400 band texture values.

Machine Learning Methods
In order to find the most suitable algorithm for the model, we
used as many of the currently known machine learning
algorithms as possible, resulting in a total of 28 machine learning
algorithms. The single algorithms included linear models, such
as linear regression, logistic regression, least absolute shrinkage
and selection operator (LASSO) regression, ridge regression,
and ElasticNet regression. Other types of single algorithms were
also used such as decision tree algorithms, neural network
algorithms, and support vector machine (SVM) algorithms. The
ensemble models included both a boosting algorithm and
bagging algorithm; the boosting algorithms included XGBoost
algorithms, and the bagging models included random forest
algorithms. For probabilistic models, we used Bayesian
algorithms, Bernoulli naïve Bayes algorithms, and Gaussian
naïve Bayes algorithms.

We performed 5-fold cross-validation in the training group,
which was randomly divided into 5 subsets, each with the same
sample size. The model was constructed using 4 subsets, and
the model performance was assessed using the remaining data.
Next, the model was constructed with another combination of
the 4 subsets, and the model performance was assessed using
the remaining data. The 5 cycles were performed in sequence,
and the results obtained for the model performances were
summarized. After constructing the model in the training group,
model performance was evaluated in the testing group. We
evaluated the importance of features using a random forest
variable importance ranking method, where the importance of
a feature is typically measured by calculating how often the
feature is used in a decision tree: the more often a feature is
used in the decision tree or the more it contributes to dividing
the data, the higher its importance score. The results of all the
decision trees’ assessments of feature importance were
summarized to obtain an importance score for each feature in
the entire random forest model. Each machine learning model
was constructed by incorporating these rankings until the

performance of the model could not be improved; the
incorporation of features was then stopped, enabling the
construction of the model [28].

Evaluation of Model Performance
Based on the previously mentioned diagnostic criteria for
HFpEF, we categorized all participants using a bivariate
category. During the model construction process, we evaluated
the ability of each model to be able to distinguish between
participants with HFpEF and control participants. We evaluated
the performance of each model by comparing the ability of the
model to accurately identify participants with HFpEF. We
assessed the performance of all algorithms; the accuracy,
sensitivity, specificity, F1-score, positive predictive value (PPV),
and negative predictive value (NPV) of each algorithm were
calculated separately. The results are presented in a table.
Receiver operating characteristic (ROC) curves of the 5 best
performing models for the internal testing and external testing
groups were drawn, and the area under the ROC curve (AUC)
was calculated. Decision curve analysis (DCA) of the 5 best
performing models was implemented to assess the clinical
usefulness of the models. Calibration curves of the 5 best
performing models were plotted to assess the calibration.

SHAP Model Interpretation
We used the SHAP model to explain the best machine learning
algorithm [29]. SHAP is a method of interpreting the output of
a machine learning model and assigns weights to the optimal
indexes using the Shapley values derived from the analysis; we
used it to quantify the contribution of different features to the
predicted values [30]. The SHAP value allows visual
identification of the impact of different features on the model
prediction results. In addition, the SHAP value explains the
prediction results for each individual in the training group,
helping to understand why the model made a particular
prediction. It is also possible to perform an aggregated global
interpretation of Shapley values for multiple data points in order
to provide a total interpretation of the model and to demonstrate
the interconnections between different features. SHAP analysis
was implemented using Python software, and the results are
presented using visualization methods. We first demonstrated
the contribution of the bands selected by the best model and
ranking by the contribution of different features. We then ranked
the contribution of each individual in the study to the model
and showed the SHAP analysis results for 1 participant with
HFpEF and 1 control participant using intuitive visualization
methods to reveal the contribution of different features.

Statistical Analysis
The data in this study were analyzed using SPSS 23.0 (IBM
Corp). Model construction and graphic drawing were completed
using R version 3.6.1 (R Foundation for Statistical Computing).
We used the Shapiro-Wilk normality test to check the
distribution of the data. A 1-way ANOVA was used to compare
continuous variables that had a normal distribution, and the
results are shown as mean (SD). The Kruskal-Wallis H test was
used to compare continuous variables with nonnormal
distributions, and the results are shown as median (IQR). The
Fisher exact test was used to compare categorical data, and the
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results are reported as counts and percentages. P<.05 was
considered statistically significant.

Results

Study Population
Individuals who visited Renmin Hospital of Wuhan University
from April 2023 to July 2023 were enrolled. A total of 196
participants were included in this study after excluding
individuals who did not meet the inclusion criteria, had
incomplete baseline data, did not cooperate with spectral
acquisition, or had poor image quality. Data were collected for
a total of 140 participants in the training and testing groups

(Figure 1). Individuals who visited Yichang Central People’s
Hospital from August 2024 to September 2024 were also
enrolled. A total of 53 participants were included in this study
after excluding individuals who did not meet the inclusion
criteria, had incomplete baseline data, did not cooperate with
spectral acquisition, or had poor image quality. Data were
collected for a total of 35 patients in the external testing groups
(Figure 1). The participants were divided into training (n=105),
internal testing (n=35), and external testing (n=35) groups. The
baseline information, which included basic information, previous
medical history, and basic examination and test results, for the
training and testing groups was compared (Table 1). There were
no significant differences in the baseline data between the
training, internal testing, and external testing groups.
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Table 1. Participants’ baseline characteristics.

P valueExternal testing group (n=35)Internal testing group (n=35)Training group (n=105)Characteristic

.2059 (15)64 (11)62 (11)Age (years), mean (SD)

.11Sex, n (%)

24 (68.6)28 (80)64 (61)Male

11 (31.4)7 (20)41 (39.1)Female

.32Current smoker, n (%)

15 (42.9)18 (51.4)39 (37.1)No

20 (57.1)17 (48.6)66 (62.9)Yes

.94Current drinker, n (%)

9 (25.7)8 (22.9)24 (22.9)No

26 (74.3)27 (77.1)81 (77.1)Yes

.35Hypertension

14 (40)20 (57.1)53 (50.5)No

21 (60)15 (42.9)52 (49.5)Yes

.61Diabetes

6 (17.1)9 (25.7)26 (24.8)No

29 (82.9)26 (74.3)79 (75.2)Yes

.221.75 (1.33-2.49)1.62 (0.75-2.34)1.34 (0.59-2.49)CK-MBa (ng/mL), median (IQR)

.182.05 (0.31-2.76)1.92 (0.78-4.08)1.45 (0.06-2.90)Cardiac troponin I (ng/mL), median
(IQR)

.141.68 (1.29-2.20)1.57 (1.23-2.01)1.43 (1.10-1.87)TGb (mmol/L), median (IQR)

.853.57 (1.04)3.59 (1.17)3.68 (1.17)TCc (mmol/L), mean (SD)

.081.67 (1.25-2.10)1.20 (0.92-1.66)1.30 (1.06-2.00)HDL-Cd (mmol/L), median (IQR)

.0522.58 (1.80-3.27)2.11 (1.53-2.34)2.21 (1.46-2.70)LDL-Ce (mmol/L), median (IQR)

.341.77 (1.20-2.46)1.78 (1.09-2.71)1.97 (1.32-3.02)TSHf (μIU/mL), median (IQR)

.623.30 (3.09-3.54)3.17 (2.72-3.58)3.25 (2.96-3.58)FT3g (pg/mL), median (IQR)

.481.19 (1.08-1.29)1.23 (1.07-1.37)1.19 (1.04-1.34)FT4h (ng/dL), median (IQR)

.4724.7 (22.1-26.8)25.4 (23.7-27.5)24.6 (22.6-26.7)BMI (kg/m2), median (IQR)

.2386 (52-114)153 (74-271)95 (60-375)NT-proBNPi (pg/mL), median
(IQR)

.69HFpEFj, n (%)

27 (77.1)24 (68.6)74 (70.5)No

8 (22.9)11 (31.4)31 (29.5)Yes

.3836.0 (33.0-39.0)36.0 (31.5-39.0)37.0 (34.0-41.0)LADk (mm), median (IQR)

.2435.0 (33.5-38.0)34.0 (31.5-36.5)35.0 (33.0-38.0)RADl (mm), median (IQR)

.0756.0 (51.0-58.0)58.0 (52.0-60.0)55.0 (51.3-60.0)LVEFm (%), median (IQR)

.2549.0 (45.0-51.5)48.0 (45.5-50.0)49.0 (46.0-52.0)LVDDn (mm), median (IQR)

.2610.2 (7.9-14.2)11.6 (9.5-16.3)10.7 (8.3-15.3)E/e′ ratio, median (IQR)

aCK-MB: creatine kinase-MB.
bTG: triglyceride.
cTC: total cholesterol.
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dHDL-c: high-density lipoprotein cholesterol.
eLDL-c: low density lipoprotein cholesterol.
fTSH: thyroid-stimulating hormone.
gFT3: free triiodothyronine.
hFT4: free thyroxine.
iNT-proBNP: amino-terminal pro-brain natriuretic peptide.
jHFpEF: heart failure with preserved ejection fraction.
kLAD: left atrium diameter.
lRAD: right atrium diameter.
mLVEF: left ventricular ejection fraction.
nLVDD: left ventricular end diastolic diameter.

Image Processing and Machine Learning Algorithm
Comparison
HSI data were collected for the training, internal testing, and
external testing groups. Poor image quality for 4 participants
in the training group, 1 participant in the internal testing group,
and 2 participants in the external testing group made analysis
difficult. Therefore, we acquired oral HSI in the same
environmental conditions for those participants again and used
those images for the next analysis after ensuring that the image
quality met the standards. After preprocessing the images,
spectral values and texture values of the images were extracted.
We present the characteristic tongue HSI and echocardiography
images of control participants and participants with HFpEF in
Figures 2B-2G. We used 28 algorithms to filter the characteristic
spectral bands of images from participants with HFpEF. We

used 5-fold cross-validation in the training group, and the model
performance was evaluated in the testing group. The accuracy,
F1-score, PPV, NPV, sensitivity, specificity, and AUC of the
different algorithms were calculated separately, and the results
for the 28 algorithms are listed in Table S1 in Multimedia
Appendix 1. Among all the models constructed, the Tweedie,
SVM, partial least squares, Huber, and random forest algorithms
were the top 5 in terms of performance, showing good ability
to identify participants with HFpEF. The ROC curves (Figure
3A), calibration curves (Figure 3B), and DCA (Figure 3C) of
the top 5 algorithms were plotted, and the AUCs were calculated
(Table S1 in Multimedia Appendix 1). The AUCs in the internal
testing group were 0.884 (95% CI 0.769-1.000) for random
forest, 0.795 (95% CI 0.633-0.958) for Tweedie, 0.814 (95%
CI 0.657-0.972) for SVM, 0.803 (95% CI 0.659-0.947) for
Huber, and 0.799 (95% CI 0.640-0.959) for partial least squares.

Figure 3. (A) Receiver operating characteristic (ROC) curve, (B) calibration curve, and (C) decision curve analysis (DCA) for the internal testing group
and (D) ROC curve, (E) calibration curve, and (F) DCA for the external testing group.
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External Validation of the Top 5 Algorithms
The HSI collected in the external testing group were
preprocessed in the same way, and the spectral values and
texture values were extracted and analyzed. We used the top 5
best performance models in the internal testing group to analyze
the external testing data. The accuracy, F1-score, PPV, NPV,
sensitivity, specificity, and AUC of the different algorithms
were also calculated separately, and the results for the 5
algorithms are listed in Table S2 in Multimedia Appendix 1.
The random forest algorithm still had the best model
performance among the 5 algorithms. The ROC curves (Figure
3D), calibration curves (Figure 3E), and DCA (Figure 3F) of
the 5 algorithms were plotted, and the AUCs were calculated
(Table S2 in Multimedia Appendix 1). The AUCs in the external
testing group were 0.812 (95% CI 0.633-0.992) for random
forest, 0.676 (95% CI 0.438-0.914) for Tweedie, 0.792 (95%
CI 0.632-0.951) for SVM, 0.634 (95% CI 0.428-0.841) for
Huber, and 0.671 (95% CI 0.428-0.915) for partial least squares.
We extracted the features selected by random forest for further
interpretation.

SHAP Interpretation of the Best Algorithms
We used the SHAP model for additive interpretation. The
Shapley value was calculated to assign the benefit each
characteristic brings to the overall model, showing the
contribution of each characteristic to the model’s predicted
results. We present the characteristics of the top 5 best

performing models in order of their contribution to the overall
models in Table S3 in Multimedia Appendix 1. The summary
plot (Figure 4A) shows the feature importance ranking and
distribution via the Shapley value of each spectral band, where
the blue bar indicates that the eigenvalue positively affected the
model and the red bar indicates that the eigenvalue negatively
affected the model. The Shapley value represents the magnitude
of each feature’s impact on the predicted results, with the point
farthest from the centerline indicating a greater influence on the
model output. The SHAP feature importance map ranks each
characteristic by their contribution (Figure 4B), with features
at the top having a greater impact on the model output and those
near the bottom having a lesser total impact. SHAP waterfall
plots and SHAP bar charts (Figure 4C-4F) were used to visualize
the Shapley values of individual samples and their individual
results. We visualized the model’s ability to recognize HFpEF
using a waterfall plot (Figure 4C) and bar chart (Figure 4E) for
a control participant and a waterfall plot (Figure 4D) and bar
chart (Figure 4F) for a participant with HFpEF. In the waterfall
plot, the contribution of each feature is represented by a bar.
The length of the bar indicates the magnitude of the feature’s
influence on the predicted value. A blue bar indicates that the
feature increased the predicted value, and a red bar indicates
that the feature decreased the predicted value. There was an
intuitive difference between the SHAP results for control
participants and those for participants with HFpEF. The HFpEF
diagnostic model constructed in this study was able to
distinguish control participants from participants with HFpEF.
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Figure 4. Shapley Additive Explanations (SHAP) of the best algorithm: (A) summary plot, (B) feature importance map, (C) waterfall plot for a control
participant, (D) waterfall plot for a participant with heart failure with preserved ejection fraction (HFpEF), (E) bar chart for a control participant, (F)
bar chart for a participant with HFpEF.

Discussion

Principal Findings
In this study, we innovatively used HSI to acquire oral images
of control participants and participants with HFpEF, extracted
the spectral and textural information of the HSI, and
characterized the HSI using a variety of machine learning
algorithms. The optimal algorithm was selected for the
construction of the HFpEF diagnostic model, the model
performance was validated in the internal and external testing

groups, and the SHAP model was used for additive
interpretation.

Digital health care is the future of medicine, introducing
considerable convenience to the management of people’s health
[31]. As artificial intelligence and machine learning continue
to advance, enabling automated interpretation and classification
of HSI will allow researchers to focus more on deep analysis
and decision-making [32]. A large amount of data redundancy
is present for HSI data, and traditional image data processing
methods struggle to meet processing and analyzing needs;
therefore, we generated a series of feature extraction and
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classification methods for spectral information. The use of
multiple artificial intelligence algorithms helps to identify the
characteristic bands and textures in large amounts of HSI
information [33]. The use of artificial intelligence and machine
learning can increase the interpretability of HSI data [34]. To
select the most suitable machine learning algorithms for oral
spectral images of individuals with HFpEF, we incorporated as
many of the current mainstream machine learning models as
possible [22]. We analyzed the obtained HSI using 28 machine
learning algorithms and filtered the top 5 algorithms for external
testing. The random forest algorithm showed good prediction
performance in both the internal and external testing groups, so
we used the spectral features screened by the random forest
algorithm for further analysis. We also performed subgroup
analysis based on age and gender in both internal and external
testing groups, and the random forest algorithm showed good
performance (Figure S1 in Multimedia Appendix 1). Although
studies have investigated the use of artificial intelligence for
HFpEF diagnosis [19,35,36], these studies primarily focused
on constructing echocardiography-based diagnostic models for
HFpEF. However, the reliance on specialty physicians to
interpret echocardiography exams hinders the early identification
of individuals with HFpEF [37]. Moreover, considering the
existing diagnostic challenges and limited availability of imaging
data during the initial stages of HFpEF, attention should be
directed toward noninvasive imaging techniques for diagnosis
and management. Therefore, it is imperative to integrate
machine learning approaches to develop predictive models for
early screening. In our study, we identified spectral bands and
textural features that exhibit a close association with the
pathophysiological changes observed in HFpEF. This condition
is characterized by microvascular dysfunction, inflammation,
and oxidative stress leading to alterations in optical properties
of oral tissues [3]. HSI effectively captures these subtle changes
by detecting variations in light absorption and scattering at
different wavelengths. Our model significantly contributes to
identifying HFpEF at an early stage, enabling clinicians to
promptly initiate appropriate therapies while potentially slowing
down disease progression and improving patient health care.

To effectively integrate our diagnostic model into existing health
care management for HFpEF, we used an additive interpretation
of this digital diagnostic model using the SHAP model. This
allowed us to evaluate the contribution of each feature to the
prediction, quantify the capability of these features to contribute
to the overall model, and demonstrate their impact on the final
predictive and diagnostic performance [28]. The SHAP model
allows each parameter to be analyzed individually, which can
be useful in understanding the decisions made by the model and
to improve and rationalize the results of the model [38]. In the
macrointerpretation of the SHAP model, the ranking of the
contribution of the 25 features screened by random forest to the
overall model and the ability of each feature to explain the
overall model performance can be clearly seen. In the
microinterpretation of the SHAP model, we show the SHAP
values for each feature during model evaluation separately for
control participants and participants with HFpEF. In the random
forest HFpEF diagnostic model, there was a relatively
straightforward difference between control participants and
participants with HFpEF. The SHAP model demonstrates more
intuitively the discriminatory power of the random forest
algorithm for participants with HFpEF. Hence, through the
provision of intelligent diagnoses, our model effectively bridges
the gap between health care professionals and patients, thereby
addressing the prevalent issue of frequent misdiagnosis or
underdiagnosis and ultimately enhancing the overall quality of
care. Furthermore, users can independently access data about
oral characteristics at home and transmit the data to health care
professionals for expert evaluation through a smartphone app,
facilitating continuous monitoring of cardiac health [39]. In
addition, in underserved remote areas with limited medical
resources, this portable device can be used by mobile medical
teams to offer diagnostic screening services to local residents
[40], thereby enhancing public health in these regions. Precision
medicine and personalized health care represent the future of
medical development [41], and our research can also contribute
to formulating individualized treatment plans whereby the
medical team can gain comprehensive insights into the patient’s
condition through remotely collected digital data (Figure 5).
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Figure 5. Future application scenarios. HFpEF: heart failure with preserved ejection fraction; HSI: hyperspectral imaging.

Limitations
First, in this study, model construction and internal testing were
conducted in only 1 center, and external testing was conducted
in 1 center. Further improvement of the model for the diagnosis
of HFpEF should be conducted in multiple centers. Second, this
study used multiple algorithms to select the characteristic
hyperspectral bands; however, we did not identify images using
deep learning algorithms, which could be used for direct image
analysis for HFpEF diagnosis. Third, although we used some
means to reduce data redundancy and overfitting, these may
still exist. Fourth, different demographic information may affect
the results. In future model optimization studies, the applicability
of the model in different subgroups and including easily
accessible clinical information should be considered. The

promotion of HSI technology in HFpEF diagnosis has
prospective, broader clinical applications that need to be further
explored and developed.

Conclusion
This study demonstrates the innovative use of HSI technology
to capture oral images and machine learning algorithms to
construct a digital model to diagnose HFpEF. This technology
was validated to have excellent performance in both internal
and external testing groups. This study offers novel insights
into the development of portable devices for rapid identification
of HFpEF, thereby facilitating the advancement of digital
diagnosis and treatment approaches for HFpEF and ultimately
leading to improved patient outcomes and reduced health care
costs.
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Abstract

Background: The onset of the COVID-19 pandemic precipitated a rapid shift to virtual care in health care settings, inclusive
of mental health care. Understanding clients’ perspectives on virtual mental health care quality will be critical to informing future
policies and practices.

Objective: This study aimed to outline the process of redesigning and validating the Virtual Client Experience Survey (VCES),
which can be used to evaluate client and family experiences of virtual care, specifically virtual mental health and addiction care.

Methods: The VCES was adapted from a previously validated telepsychiatry survey. All items were reviewed and updated,
with particular attention to the need to ensure relevance across mental health care sectors and settings. The survey was then
revalidated using the 6 domains of health care quality of the Institute of Medicine (IOM) as a guiding framework. These 6 domains
include being safe, effective, patient-centered, efficient, timely, and equitable. The VCES was piloted with a convenience sample
of clients and family members accessing outpatient care at the Centre for Addiction and Mental Health (CAMH) in Toronto,
Ontario, through video or telephone. A confirmatory factor analysis (CFA) was conducted in MPlus and used to test the factorial
structures of the VCES, with minor respecification of the model based on modification indices, factor loadings, reliability, and
item-total correlation. The respecifications were checked for alignment with the construct definitions and item interpretation. The
reliability of the constructs was estimated by the Cronbach α coefficient.

Results: The survey was completed 181 times. The construct reliability was generally high. Timely was the only subscale with
an α lower than 0.7; all others were above 0.8. In all cases, the corrected item-total correlation was higher than 0.3. For the CFA,
the model was adjusted after multiple imputations with 20 datasets. The mean chi-square value was 437.5, with df=199 (P<.001).
The mean root mean square error of approximation (RMSEA) was 0.08 (SD 0.002), the mean confirmatory fit index (CFI) was
0.987 (SD 0.001), the mean Tucker-Lewis Index (TLI) was 0.985 (SD 0.001), and the mean standardized root mean square
residual (SRMR) was 0.04 (SD 0.001).

Conclusions: This study describes the validation of the VCES to evaluate client and family experiences of virtual mental health
and addictions care. Given the widespread uptake of virtual care, this survey has broad applicability across settings that provide
mental health and addiction care. The VCES can be used to guide targeted quality improvement initiatives across health care
quality domains. By effectively addressing challenges as they emerge, it is anticipated that we will continue to move toward
hybrid modalities of practice that leverage the strengths and benefits of telephone, video, and in-person care to effectively respond
to unique client and family needs and circumstances.

(J Med Internet Res 2025;27:e49844)   doi:10.2196/49844
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Introduction

The onset of the COVID-19 pandemic precipitated a rapid shift
to virtual care in health care settings, inclusive of mental health
care. Virtual care, often referred to as telehealth or telemedicine,
refers to the provision of clinical care using information and
communication technologies and can be delivered synchronously
(ie, in real-time, at a distance) or asynchronously (ie, separated
by time and space) [1,2]. During the early phases of the
pandemic, synchronous forms of virtual care, such as video-
and telephone-based care, replaced in-person care as the leading
modalities of practice in many health care settings [3-6].

Research evaluating virtual mental health care has consistently
shown high levels of both client satisfaction [3-7] and provider
satisfaction [5,8]. However, recent literature also highlights
challenges with virtual care, including inequities in access to
and engagement with virtual care [9,10], technology challenges
[11], lack of connection between clients and health care
providers [4], and concerns regarding privacy and safety [12].
Understanding clients’ perspectives on virtual mental health
care quality will be critical to inform future policies and
practices. In addition, it will be important to understand how
these experiences vary across sociodemographic groups,
particularly in light of long-standing inequities in health care
access and outcomes that risk being reinforced by the
widespread uptake of virtual care [10].

To date, there is only 1 known validated measure of client
experiences of virtual mental health care, specifically
telepsychiatry [6], and there are no known validated measures
that can be used to evaluate client experiences across varied
types of mental health care. Since the transition to virtual care,
a majority of patients across multiple surveys indicate a
preference for virtual care to continue to exist as an option [3,4],
with many preferring a hybrid approach that combines both
in-person and virtual modalities [3]. Validated means to
understand client and family experiences of care will be critical
to inform evidence-based decision-making regarding virtual
care and hybrid modalities of practice moving forward.

This paper outlines the process to redesign and validate the
Virtual Client Experience Survey (VCES) that can be used to
evaluate client and family experiences of virtual mental health
and addictions care.

Methods

Overview
At the outset of the COVID-19 pandemic, the VCES was
adapted from a previously validated telepsychiatry survey
developed and used within the TeleMental Health program at
the Centre for Addiction and Mental Health (CAMH), a mental
health and addiction hospital located in Toronto, Ontario [6].
This telepsychiatry survey was updated to respond to the
pressing need to evaluate virtual care both within our hospital

and externally. Several adaptations were made to extend the
use of the tool beyond its original intended use with clients
accessing psychiatric consultation and assessment through
videoconference [6].

Survey Redesign
The approach to developing and validating the original
telepsychiatry survey is outlined in the paper by Serhal et al [6].
Our team of clinicians, researchers, and health care leaders
reviewed the telepsychiatry survey and adapted it for use in the
current context. All items were reviewed and updated, in
particular, with the need to ensure relevance that is accorded
with the expansion of virtual care provision beyond physicians
and psychiatrists. For example, items on the newly developed
VCES ask about the client’s experience with the virtual
appointment instead of the telepsychiatry appointment. Another
item asks whether the health care provider explained the risks
and benefits of treatments or interventions rather than the risks
and benefits of medications. After consultation with clinicians
across multiple programs and services at the hospital, the survey
was also updated to ensure applicability not only to clients but
to family members as well. This was an important shift given
the key role that families play in mental health and addiction
care and recovery [13,14] and in supporting access to care
through videoconference.

The transition to virtual care during the COVID-19 pandemic
also necessitated the examination of virtual care from a digital
health equity perspective [10]. Our team consulted with the
CAMH Health Equity Office as well as the Provincial System
Support Program (PSSP), which administers the Ontario
Perception of Care Tool for Mental Health and Addictions
(OPOC-MHA) [15], regarding the addition of sociodemographic
questions to facilitate health equity analyses. Furthermore, 5
items from the OPOC-MHA were also added to facilitate
alignment and comparison between the 2 tools.

The VCES sociodemographic questions ask about gender, age,
geographic region, whether the client was born in Canada, racial
or ethnic group, illness and disability, and other factors. Clients
and families were also asked about their comfort with
technology, where they accessed the virtual care appointment
from (eg, home, health care organization), the type of device
they used to access virtual care (eg, computer, smartphone),
and which videoconference platform was used. The telephone
was included as an option on the survey, as CAMH, like many
health care settings, began providing more services by telephone
during the pandemic, particularly for individuals experiencing
barriers to video-based care. Finally, as recommended by Serhal
et al [6], we added additional survey items to assess access to
care, and physical and emotional safety during virtual care
appointments. We also added an item about compassionate care,
given our research group’s interest in compassion as a critical
factor in the therapeutic relationship and inpatient and family
experience of care [16,17].
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The redesigned VCES consists of 22 items to assess the overall
quality of care. These items are rated on a 4-point Likert scale
(1=strongly disagree, 2=disagree, 3=agree, 4=strongly agree)
with additional options including “not applicable” and “prefer
not to answer.” The final question on the survey is an open-text
question to elicit any additional feedback.

Conceptual Framework
Following the adaption of the survey, the survey was revalidated
using the 6 domains of health care quality of the Institute of

Medicine (IOM) as a guiding framework. These 6 domains
include being safe, effective, patient-centered, efficient, timely,
and equitable [18]. The IOM domains were selected as a guiding
framework to provide a comprehensive evaluation of client
satisfaction and experience and to guide targeted quality
improvement efforts across the different domains. The heath
quality domain definitions [18] have been adapted in Table 1
below for the VCES.

Table 1. Health quality domain definitions.

Adapted definition for the VCESa domainsOriginal definitionHealth quality domains

Virtual care that is physically and psychologically safe and min-
imizes potential risks.

“Avoiding injuries to patients from the care that is intend-
ed to help them [18].”

Safe

Effective delivery of virtual care, inclusive of the use of virtual
care technologies, to facilitate engagement in virtual care.

“Providing services based on scientific knowledge to all
who could benefit and refraining from providing services
to those not likely to benefit (avoiding underuse and
overuse)” [18]

Effective

Virtual care that is collaborative, respectful, and responsive to
client and family preferences, needs, and values.

“Providing care that is respectful of and responsive to
individual patient preferences, needs, and values and en-
suring that patient values guide all clinical decisions” [18]

Patient-centered

Efficiency and ease in accessing virtual care.“Avoiding waste, in particular, waste of equipment, sup-
plies, ideas, and energy” [18]

Efficient

Timely access to virtual care for clients and families, including
limited wait times for services.

“Reducing waits and sometimes harmful delays for both
those who receive and those who give care” [18]

Timely

Virtual care that does not vary in quality based on personal
characteristics and sociodemographic factors.

“Providing care that does not vary in quality because of
personal characteristics such as gender, ethnicity, geo-
graphic location, and socioeconomic status” [18]

Equitable

aVCES: Virtual Client Experience Survey.

Question Validation

Survey Dissemination
The VCES was piloted with a convenience sample of clients
(16 years of age and older) and family members accessing a
wide range of outpatient mental health and addiction services
at CAMH through video or telephone. Survey data was collected
using Research Electronic Data Capture (REDCap), a web-based
application for securely collecting surveys and managing data
[19,20]. The electronic survey took approximately 15 minutes
to complete. Survey completion was voluntary, and all survey
responses were anonymous. Survey data collection took place
in 2021.

Information about the VCES and the process for survey
administration was shared with clinicians and administrative
staff using multiple channels, including the organizational
intranet, email, support and sponsorship from clinical program
directors, and program-level presentations by the project team.
CAMH clinicians and administrative staff were asked to include
information about the VCES, including the REDCap survey
links, by email to all CAMH clients and families before their
virtual care appointment. A template script for email
communication to clients was provided, including a reminder
that survey completion was voluntary and that all responses
were anonymous. Clients and families were asked to complete
a survey once per program or service that they participated in.

The survey was made available to clients seeing providers across
programs at the hospital, which includes multidisciplinary care
providers (eg, physicians, nurses, social workers, occupational
therapists, psychologists).

Content Validity
The 22 Likert-scale items on the VCES were independently
reviewed by a panel of 5 individuals. including clinicians,
researchers, and health care leaders, to determine alignment
with the following IOM health quality domains: safe, effective,
patient-centered, efficient, and timely [18]. Equity, the sixth
IOM domain, is assessed through a comparison of survey
response options by sociodemographic group. The panel then
met through videoconference to discuss discrepancies until a
consensus was reached.

Factorial Structure
To test the factorial structure of the VCES, a confirmatory factor
analysis (CFA) was adjusted in Mplus (version 8.2; Muthén &
Muthén) [21] using the method of weighted least squares with
mean and variance adjusted chi-square test (WLSMV), which
is recommended for ordinal outcomes [22]. Multiple imputation
using the covariance method [23], with 20 imputed datasets,
was used to handle missing values, which were present in 45%
of the surveys, with 80% of surveys having 3 or fewer items
missing. The evaluation of the model relied on the fit indices
RMSEA (root means square error of approximation) [24], CFI
(comparative fit index) [25], TLI (Tucker-Lewis index) [26],
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and SRMR (standardized root mean square residual) [27], as
well as the inspection of standardized factor loadings, variance
explained, and modification index relative to each item. The
initial factorial structure was defined following expert opinion,
with minor respecification of the model based on modification
indices, factor loadings, reliability, and item-total correlation.
The respecifications were checked for alignment with the
construct definitions and item interpretation. Cutoffs for fit
indices in CFA and reliability are not universally accepted [28].
That said, based on results from Hu and Bentler [29], TLI and
CFI higher than 0.95, SRMR lower than 0.08, and RMSEA
lower than 0.06 are considered acceptable.

Reliability
The reliability of the constructs was estimated by the Cronbach
α coefficient [30], a measure of internal consistency between
the items. The corrected item-total correlation (correlation
between the item and the total scale score with the item
removed) and the α coefficient for the scale with the item
removed were also used as sources of information as to how
the items fit the factors. A Cronbach α of 0.7 or higher is
considered good [28].

Ethical Considerations
Consent to participate was implied. The survey contained an
introductory section explaining the purpose of the survey,
informing potential respondents that participation was voluntary
and anonymous, and informing them that the findings would
be presented as grouped or aggregated data for any presentation
or publication. There was no compensation offered to clients
and families for completing the survey. This project received
ethical approval from CAMH Quality Projects Ethics Review
(QPER-2021-000).

Results

Descriptive Analysis
In total, the survey was completed 181 times, with 99 surveys
completed by clients, 16 by support persons on behalf of clients,
and 22 by family members or caregivers. Respondent
information is missing on 44 surveys. Sociodemographic
characteristics are included in Table 2.

Most respondents used a computer (113/179, 62.4%) or tablet
or smartphone (58/179, 32%). Only 5.5% (10/179) reported
using a telephone (audio only). The majority of respondents
were either comfortable with technology (64/179, 35.8%) or
very comfortable (85/179, 47.5%).
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Table 2. Participant characteristics.

Participants, n (%)Characteristics

Role

99 (72.3)Registered CAMHa client

16 (11.7)Supporting a registered CAMH client

22 (16.1)Support person

Sex

95 (52.5)Female

76 (42)Male

3 (1.7)Transgender: female to male

2 (1.1)Transgender: male to female

4 (2.2)Other

1 (0.6)Do not know

Age group

7 (3.9)13-18 years

52 (28.7)19-25 years

59 (32.6)26-34 years

17 (9.4)35-44 years

24 (13.3)45-54 years

19 (10.5)55-64 years

3 (1.7)65+

Born in Canada

121 (67.2)Yes

59 (32.6)No

1 (0.6)Prefer not to answer

Ethnicity

8 (4.4)Asian: East (eg, Chinese, Japanese, Korean)

18 (9.9)Asian: South (eg, Indian, Pakistani, Sri Lankan)

4 (2.2)Asian: South East (eg, Malaysian, Filipino, Vietnamese)

9 (5)Black: African (e.g., Ghanaian, Kenyan, Somali)

5 (2.8)Black: Caribbean (eg, Barbadian, Jamaican)

2 (1.1)Black: North American (eg, Canadian, American)

2 (1.1)First Nations

1 (0.6)Indian: Caribbean (eg, Guyanese with origins in India)

7 (3.9)Latin American (eg, Argentinean, Chilean, Salvadoran)

1 (0.6)Métis

9 (5)Middle Eastern (eg, Egyptian, Iranian, Lebanese)

29 (16)White: European (eg, English, Italian, Portuguese, Russian)

73 (40.3)White: North American (eg, Canadian, American)

6 (3.3)Mixed heritage (eg, Black-African and White-North American)

3 (1.7)Other(s)

4 (2.2)Prefer not to answer

Illness and disability

24 (13.3)Chronic illness
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Participants, n (%)Characteristics

25 (13.8)Developmental disability

21 (11.6)Substance use disorder

28 (15.5)Learning disability

116 (65.1)Mental illness

7 (3.9)Physical disability

3 (1.7)Sensorial disability

30 (16.6)None

6 (3.3)Others

14 (7.7)Prefer not to answer

aCAMH: Centre for Addiction and Mental Health.

Reliability
The construct reliability, as measured by Cronbach α, was
generally high. Timely was the only subscale with an α lower
than 0.7; all others were above 0.8 (more details in Table 3). In
all cases, the corrected item-total correlation was higher than

0.3. Considering the items in the model, item 9 (effective) and
items 2 and 10 (timely) had lower corrected item-total
correlation, with all the other items having correlations around
0.7 or above. Within the “timely” factor, the low item-total
correlation was likely reflective of the small number of items
associated with this domain.
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Table 3. Confirmatory factor analysis results and item statistics.

Meanf (SDg)CorrelationeR 2 dMissingc, %SEbLoadingaFactors and survey items

Efficient (Cronbach αh>=0.87)

3.47 (0.71)0.790.78120.030.881. It was easy to access virtual care at CAMHi.

3.51 (0.66)0.851.0090.021.003. It was easy to book my virtual appointment.

3.54 (0.72)0.720.7880.030.8821. The physical location of where I accessed my virtual
appointment was convenient for me.

Timely (Cronbach α=0.66)

3.26 (0.82)0.460.52230.060.722. The wait time for services was reasonable for me.j

3.27 (0.76)0.460.66420.060.8110. I was able to get a virtual appointment sooner than an
in-person healthcare appointment.

Effective (Cronbach α=0.80)

3.54 (0.70)0.690.79100.030.894. During my virtual appointment, I was able to see the
healthcare provider clearly.

3.43 (0.75)0.690.8460.020.915. During my virtual appointment, I was able to hear the
healthcare provider clearly.

2.99 (0.89)0.380.31150.060.559. I believe virtual care is just as effective as in-person
healthcare.

3.51 (0.72)0.740.9290.020.9622. Overall, I am satisfied with my virtual appointment.

Patient-centered (Cronbach α=0.96)

3.48 (0.73)0.770.72100.030.856. I am confident that the healthcare provider at CAMH
and my other service providers are working as a team.

3.54 (0.68)0.790.7550.030.877. I feel that there was an adequate amount of time allotted
for the virtual appointment.

3.50 (0.77)0.810.85130.020.928. I felt comfortable during my virtual appointment.

3.52 (0.72)0.830.89160.010.9512. Staff understood and responded to my needs and

concerns.j

3.62 (0.71)0.890.9270.010.9613. I was treated with respect by program staff.j

3.59 (0.73)0.910.94150.010.9714. I received compassionate virtual care.

3.54 (0.73)0.890.95270.010.9716. The healthcare provider spoke with me about my
mental health and/or addiction in a way that I could un-
derstand.

3.54 (0.69)0.890.94290.010.9717. I was involved as much as I wanted to be in decisions

about my treatment services and supports.j

3.36 (0.76)0.750.75160.030.8719. I am confident that I will be able to follow the
healthcare provider’s recommendations.

Safe (Cronbach α=0.89)

3.50 (0.74)0.800.76100.030.8711. I was assured my personal information was kept

confidential.j

3.56 (0.74)0.820.9880.010.9915. I felt safe (emotionally and physically) during my
virtual appointment.

3.45 (0.76)0.790.79150.020.8918. The healthcare provider explained to me the benefits
and risks of any treatments or interventions that were
recommended during my virtual appointment.

3.44 (0.73)0.690.67110.030.8220. I understand what to do if I have a mental health
and/or addiction emergency following this appointment.

aConfirmatory factor analysis standardized loadings.
bStandard error of the confirmatory factor analysis loading.
cProportion of the subject with missing values in the item. These items were imputed using multiple imputation for the confirmatory factor analysis
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analysis.
dVariance explained by the confirmatory factor analysis model.
eCorrected item-total correlation (correlation between the item and the sum score with the item removed).
fItem mean (Item values range from 1=strongly disagree to 4=strongly disagree).
gItem standard deviation.
hCronbach α (internal consistency).
iCAMH is referenced in the survey that was disseminated internally. The external version refers to “this organization.”
jItems from the Ontario Perception of Care Tool for Mental Health and Addictions (OPOC-MHA) [15].

Confirmatory Factor Analysis
Confirmatory Factor Analysis loadings are shown in Table 3
above. The model was adjusted after multiple imputations with
20 datasets. We show fit statistics using the mean and SD of
these 20 datasets. The mean chi-square value was 437.5, with
df=199 (P<.001). The mean RMSEA was 0.08 (SD 0.002),
which is considered reasonable. The mean CFI was 0.987 (SD
0.001), the mean TLI was 0.985 (SD 0.001), and the mean
SRMR was 0.04 (SD 0.001). These values are considered to be
quite good. With the exception of item 9 in the “effective”
factor, all the others have standardized loadings higher than 0.7.

The model shown in Table 3 had 2 respecifications: item 19
was moved from “effective” to “patient-centered,” and item 18
was moved from “patient-centered” to “safe.” These changes
were based on the modification index and discussions with the
project team; however, they did not meaningfully change the
fit measures. While item 9 does not fit as well in the “effective
factor,” it was maintained as is, as it represented the best
conceptual fit.

The sample size for structural equation models is not well
defined because of the high number of parameters of interest
and broad range of model complexity. Considering our model
with 5 factors with an average of 4 indicators per factor and
loadings around 0.8, Wolf et al [31] found that a sample size
of 120 tends to be sufficient for power above 80%. These results
are negatively affected by the presence of missing values; as
such, our sample of 181 is expected to have reasonable power
for a CFA analysis.

Discussion

Principal Findings
This paper provides a valid and reliable measure to evaluate
client and family experiences of virtual mental health and
addiction care, focusing on 6 domains of health care quality.
This survey has been used internally at CAMH to guide the next
steps and recommendations for virtual mental health care and
has been shared externally in both English and French to support
quality measurement within other organizations. Information
about the survey was shared through a webinar, and the survey
was subsequently downloaded hundreds of times across Canada
and internationally.

Implications for Virtual Mental Health Care
Given the widespread uptake of virtual care, this survey has
broad applicability across settings that provide mental health
and addiction care. The VCES can be used to guide targeted
quality improvement initiatives across the 6 IOM domains of

health care quality, including safe, effective, patient-centered,
efficient, timely, and equitable care [18]. It also has the potential
to be adapted to other health care specialties and contexts.

Considerations for Administering the VCES
From our experience, we found the use of REDCap (Research
Electronic Data Capture; Vanderbilt University) to be an
effective means to disseminate the survey, collate results, and
ensure anonymity. Some training and guidance regarding survey
administration processes were required to ensure that the survey
was delivered as part of the standard of care. We found it
advantageous to delineate a time-limited window for survey
dissemination and completion to limit time demands on both
clients and clinicians. In terms of interpreting results, we set a
cutoff of 3 (agree) and above as a positive result indicating high
quality of care. Finally, there was a high degree of interest in
receiving feedback on the survey results. We offered aggregated
program-level reports once an adequate sample of surveys was
completed in order to preserve respondent anonymity; this is
particularly important as demographic questions attached to the
survey could render individual results identifiable.

Next Steps
While the findings from the VCES provided invaluable and
timely feedback, it is important not to limit patient and family
feedback to a survey. The open text option on the survey
provided a breadth of feedback not necessarily addressed within
the existing survey questions. Analysis of this qualitative data
may spur future adaptations to the survey and, on a practical
level, may steer quality improvement initiatives resulting from
survey findings. Furthermore, ongoing patient and family
engagement in interpreting survey results and prioritizing and
guiding quality improvement will be essential to making
meaningful and impactful improvements.

Patient experience of virtual care should also be considered
alongside provider experience of virtual care. To complement
findings from the VCES and to capture another key perspective
within health care, our team has developed and validated the
Virtual Provider Experience Survey (VPES). These
complementary tools provide key metrics to inform how health
care organizations and systems can move toward the “quadruple
aim,” a well-recognized framework for health care that seeks
to improve population health outcomes, reduce health care costs,
and improve patient, family, and provider experiences of care
[32]. The consistent use of standardized tools across settings is
a valuable way to inform policy and program planning with
respect to virtual care [33] and to further our advancement
toward the quadruple aim. Further practice-based research is
also needed to examine the relationship between the experience
of care and health outcomes for clients and families who access
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virtual mental health and addiction care and the
cost-effectiveness of those services.

Limitations
While the VCES was validated with 181 survey responses, it
is possible that some clients or family members completed the
survey more than once if they were involved in multiple
programs or services during the evaluation period. In addition,
when administering surveys, there is always the risk of
self-selection and response bias. We sought to mitigate this risk
by asking clinicians and administrative staff to send the survey
link to all clients and families accessing virtual care at CAMH.
A response rate can be beneficial to ascertain the extent of
potential bias; however, we were unable to determine the
response rate, as it is unknown how many clients and families
received the link in their email correspondence from clinicians

or administrative staff. It is quite likely that those who have a
higher degree of familiarity or comfort with virtual care were
more likely to complete an online survey sent by email.

Conclusion
We sought to address a notable gap in the literature by
redesigning and validating a measure of client and family
experiences of virtual mental health care. Client and family
perspectives are needed to evaluate the current state of mental
health service delivery and highlight areas that need
improvement. By effectively addressing challenges as they
emerge, it is anticipated that we will continue to move toward
hybrid modalities of practice that leverage the strengths and
benefits of telephone, video, and in-person care to effectively
respond to unique client and family needs and circumstances
[11].
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Abstract

Background: Although commercially developed automated insulin delivery (AID) systems have recently been approved and
become available in a limited number of countries, they are not universally available, accessible, or affordable. Therefore,
open-source AID systems, cocreated by an online community of people with diabetes and their families behind the hashtag
#WeAreNotWaiting, have become increasingly popular.

Objective: This study focused on examining the lived experiences, physical and emotional health implications of people with
diabetes following the initiation of open-source AID systems, their perceived challenges, and their sources of support, which
have not been explored in the existing literature.

Methods: We collected data from 383 participants across 29 countries through 2 sets of open-ended questions in a web-based
survey on their experience of building and using open-source AID systems. Narratives were thematically analyzed, and a coding
framework was identified through iterative alignment.

Results: Participants consistently reported improvements in glycemia, physical health, sleep quality, emotional impact on
everyday life, and quality of life. Knowledge of open-source AID systems was largely obtained through the #WeAreNotWaiting
community, which was also the primary source of practical and emotional support. The acquisition of the components to build
an open-source AID system and the technical setup were sometimes problematic.

Conclusions: The #WeAreNotWaiting movement represents a primary example of how informed and connected patients
proactively address their unmet needs, provide peer support to each other, and obtain results through impactful, user-driven
solutions. Alongside providing evidence on the safety and efficacy of open-source AID systems, this qualitative analysis helps
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in understanding how patients’ experiences and benefits range from psychosocial improvements to a reduction in the burden of
managing diabetes.

International Registered Report Identifier (IRRID): RR2-10.2196/15368

(J Med Internet Res 2025;27:e48406)   doi:10.2196/48406

KEYWORDS

automated insulin delivery; diabetes technology; type 1 diabetes; insulin pumps; continuous glucose monitoring; peer support;
community support; open source; impact; users; diabetes; emotional health; challenges; support; unmet needs; mobile phone

Introduction

Overview
In recent years, much attention has been given to the beneficial
impacts that online peer support has on people living with
chronic health conditions, yet the exact nature of these impacts
may still appear to be somewhat intangible [1]. Through our
findings, we provide an example of peer support in which the
focus of the interaction is very tangible and where the impacts
are profound and wide-ranging. The case in point being type 1
diabetes (T1D), where, in recent years, patients have been taking
on the role of innovators in the design and development of
technology used for their treatment. People with T1D who have
developed and disseminated open-source automated insulin
delivery (AID) systems exemplify a potential within online
peer-to-peer communities that is only just beginning to be
realized, particularly among people with chronic health
conditions. To better understand how developments have
reached the cutting edge in T1D treatment, we first provide
some background about the challenges of everyday diabetes
management and how open-source AID technology holds
promise to alleviate them.

Background and Challenges in T1D Management
T1D is a lifelong condition caused by the autoimmune-induced
loss of insulin-producing cells in the pancreas. Until the
discovery of insulin by Banting et al [2] a century ago, T1D
inevitably resulted in death by ketoacidosis within months. This
changed once pharmaceutically procured insulin was available.
Yet, while developments of the last 100 years in pharmaceuticals
and technology have improved the physical health and life
expectancy of people with T1D from a biomedical perspective,
the burden of managing the condition remains a challenge. Life
with T1D exists in the center of a continuous data feedback
loop, where dosing of exogenous insulin via subcutaneous
injections or insulin pumps must be frequently adjusted in accord
with glucose levels and predicted trends, carbohydrate intake,
physical activity, individual physiology, and behavior, among
a variety of other factors.

The #WeAreNotWaiting Movement
Given the complexity of diabetes management, the everyday
experience of managing the condition may lead to frustration,
a feeling that was also a key driver in the emergence of the
movement that has subsequently become known as
#WeAreNotWaiting [3]. Initially, this frustration was related
to issues with the accessibility of data from continuous glucose
monitors (CGMs) in real time. Taking matters into their own
hands, individuals reverse engineered commercially available

devices to enable uploading of device data to the cloud in real
time. In a model of diffusion that has characterized subsequent
developments, the source code was published as open-source
software, freely available to anyone and linked by the social
media hashtag #WeAreNotWaiting. Eventually, a large, global
community has united under this banner.

One of the most significant innovations to emerge from the
#WeAreNotWaiting movement are open-source AID
systems—sometimes referred to as do-it-yourself artificial
pancreas systems—such as OpenAPS [4], AndroidAPS [5],
iAPS [6], and Loop [7]. These systems link CGM sensors and
insulin pumps with predictive control algorithms running on
smartphones or microcontrollers. Insulin dosing is automatically
adjusted according to predictions based on real-time data from
CGMs, individual settings, and user inputs such as meal
information. This technology emerged well in advance of the
recent availability of commercial AID systems in select
countries [8].

Current Evidence and User Perspectives
Evidence from randomized controlled trials and observational
studies has demonstrated the safety and efficacy of commercial
AID systems [9], as well as a positive impact on the users’ lived
experience and quality of life [10]. Given the lengthy, complex
development and approval processes, only few systems are
currently licensed, and their functionality is limited due to
regulatory constraints. Even in countries with market availability
of commercial AID systems, they are not universally accessible
to the user, with reimbursement policies for devices varying
considerably between countries [11].

Open-source AID systems work much like commercial AID
systems at a basic level, connecting devices and automatically
adjusting insulin dosing via predictive algorithms. They differ
from commercial systems in terms of device choice,
interoperability, transparency, access, customization, and
usability. While commercial systems traditionally include
manufacturer-designed education for clinicians and users,
open-source AID user support and education initially took place
via peer support outside of clinical settings [12]. The source
code for open-source AID systems is freely available from
online portals. In addition, these communities have also created
documentation that has been translated into many different
languages. Peer support is freely available to help with the setup
and use of these systems.

It is estimated that >10,000 individuals worldwide are currently
using open-source AID systems, and the uptake continues to
increase globally. Evidence from a recent randomized controlled
trial [13] and real-world studies based on self- and
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caregiver-reported outcomes [14,15], in silico [16],
user-provided data [17], and observational studies [18-20] point
to the safety and effectiveness of these systems, with
improvements in clinical parameters such as glycated
hemoglobin (HbA1c), time in range, occurrence of
hypoglycemia, and glycemic variability. However, until recently,
the perspective of the user and their reported outcomes has only
been touched upon [21-25], and there remains much to learn
about how open-source AID systems impact the lives of those
who use them.

Study Objectives
The focus of this study was to establish the physiological,
cognitive, and emotional impact of open-source AID system
use. We further aimed to identify sources of support and
challenges associated with setup, regular use, and maintenance
of open-source AID systems. This study was designed and
conducted by the OPEN (Outcomes of Patient’s Evidence with
Novel, Do-it-Yourself Artificial Pancreas Technology)
consortium [26], an international, interdisciplinary team of
patient innovators, clinicians, and scientists, many of whom
also live with T1D and use open-source AID systems.

Methods

The research data were obtained from responses to open-ended
questions included in a cross-sectional, web-based survey
examining the use of open-source AID systems. The survey,
titled DIWHY, was conducted between November 2018 and
March 2019 [26].

Survey Design
The survey (Multimedia Appendix 1) was created by the OPEN
consortium in collaboration with further open-source AID
system users and was piloted with a small group of them before
final release. The Checklist for Reporting Results of Internet
E-Surveys was used to guide survey development [27]. The
survey comprised 39 items in total with 2 sets of open-ended
questions, which sought to capture lived experiences with
open-source AID systems in the form of narratives. For these
questions, participants could provide a free-text response with
a maximum length of 1000 words each. The first set of questions
assessed sources of information, support, and emotions
associated with the preparation and setup process. The second
question set addressed the impact of open-source AID system
use on everyday life, associated changes, and challenges with
respect to the transition to open-source AID systems.

Participants and Recruitment
Participants included in this study were adults (aged >18 y) who
are living with diabetes (type 1, type 2, or other) and are current
users of open-source AID systems. There were no restrictions
in time since diagnosis or commencement of open-source AID

systems. In this study, participants were exclusively recruited
from the global diabetes online community, leveraging the
outreach of the #WeAreNotWaiting movement. This approach
enabled us to tap into a highly empowered and informed
population of people with diabetes and particularly target those
who were users of open-source AID systems. We used several
social media channels, including the Facebook (Meta Platforms)
groups Looped (with >6000 members) and AndroidAPS users
(with >1800 members as of November 2018) and regional
subgroups, and posted publicly on Twitter using the hashtags
#WeAreNotWaiting and #DIYAPS to engage with the wider
diabetes online community. Participation was further promoted
through announcements on the OPEN project website. There
were no paid promotions or targeted advertising on any platform.
Participants were able to choose between 2 language options
(English and German).

Data Collection and Analysis
Data were collected and managed using REDCap (Research
Electronic Data Capture; Vanderbilt University) [28], and the
qualitative analysis of the narratives was performed using NVivo
(version 12; Lumivero, 2018). The narratives were analyzed
with an approach applying the principles of template analysis
[29], in which a hierarchical coding structure is recommended
to allow researchers to capture the diversity of meaning within
broader overarching themes. This approach was deemed
necessary due to the framing of the open-ended questions, in
which respondents were prompted to reflect on specific aspects
of their open-source AID system use experience. Therefore, the
initial template and coding were deductively driven, with
physical impact, emotional impact, sources of support, and
challenges established as the overarching themes. In the
subsequent stage of coding, the deductively coded data were
analyzed inductively to identify subthemes within the
overarching framework. Initially, 3 coders worked (BC, YC,
and MW) on a small sample of the deductive data and presented
putative inductive themes for evaluation within the author group.
These were discussed and refined to ensure that there was
equivalence in relation to the levels of abstraction and thus in
the hierarchical organization of the template. On the basis of
this initial inductive coding, it was agreed that only 1 level of
abstraction was necessary and that the overarching themes could
be articulated sufficiently by 1 level of subthemes. The resulting
comprehensive codebook, which included both deductively and
inductively developed codes, descriptions, example quotes, and
thematic categories, are detailed in Tables 1-4. All the data were
then coded deductively in accordance with the full template by
BC and YC, although emergent themes not established in the
initial inductive analysis were also proposed. Finally, 2 coders
(HB and DC) reviewed the coding template to assess the external
validity of the coding process. Where clarity or consistency was
questioned, further group discussions were held until all issues
were resolved.
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Table 1. Comprehensive codebook detailing thematic analysis of open-source automated insulin delivery system user narratives collected from a
multinational cohort of 383 participants. This table presents findings related to the physical health benefits and quality of life impact of using open-source
automated insulin delivery systems, such as improvements in glycemic control, time in range, and reduced hypoglycemia.

Example quotesDescriptionTheme

(A) Physical impact and quality of life impact

Refers to improved time in

range and HbA1c
a levels,

less glucose variability

Glycemic out-
come improve-
ment (A1)

• “I purchased the Miaomiao brand Bluetooth transmitter to send my blood glucose levels to
my phone, thereby having access to alerts that have undoubtedly saved my life.”

• “My biggest hope was to control my blood sugar peaks due to gastroparesis and this works
95% of the of time very well. Thanks to this technology, I am a big step closer to my goal.”

• “He’s not T1, but was concerned about my time in range and felt the DIY Loop system was
better than approved FDA methods.”

• “Looping has dramatically improved time in range and how I feel. After 5 weeks Looping,
my A1C lowered from 6.8 to 6.3.”

Refers to fewer hypo- and
hyperglycemia and re-
duced complications asso-
ciated

Hypo- and hy-
perglycemia
(A2)

• “Overall, my blood sugar adjustment has improved tremendously. Hypoglycaemia is extremely
rare. Times above the limit occur but are limited in duration.”

• “My values have become immensely better. Hypos with unconsciousness did not occur any-
more.”

• “I’ve always had problems with hypos. The Freestyle showed me in the morning that I was
hypoglycemic, nevertheless, I spent the night—retrospectively—in hypoglycemia. Or even
a whole night with levels over 250 mg/dl.”

Denotes all aspects of im-
proved sleep quality for
either caregivers or chil-
dren, such as increased
sleep duration, fewer sleep
interruptions, and feeling
better rested in the morn-
ing

Sleep quality
(A3)

• “Thereby having access to alerts that have undoubtedly saved my life, both while sleeping
and while alone in public transportation, among others.”

• “Only looping for about 2-3 weeks. So far, better quality sleep for my husband and me (no
nocturnal hypos which would happen regularly prelooping).”

• “I sleep so much better. I no longer fear lows. I understand my body’s needs much better.”
• “It was hard to convince my wife that I was going to turn over control of my diabetes to open

source code that I downloaded from the internet. It actually got to a point where I explained
to her that I was doing it with or without her approval. When she realized how passionate I
was about it, we sat down together and I explained the ins and outs of everything. She sleeps
so much better now knowing I’m healthier overall and more safe overnight.”

Refers to the improve-
ments in physical exercise

since the use of DIYAPSb

Exercise man-
agement (A4)

• “Better sleep and exercise management, AAPS has very good objectives to work through.
Diabetes management is now less hassle and lower risk.”

• “Exercising and working out is a lot more easier since I no longer have that many low BGs.
I overall feel physically and mentally much better since my time in range has increased by
30%.”

Refers to the mentioned
improvements in quality of
life and describes the de-
gree to which an individual
is healthy, comfortable,
and able to participate in
or enjoy life events

Quality of life
(A5)

• “But today, at 44, I have a system that already reduces a lot, and ensures very good values
and thus a better quality of life.”

• “Help with stress situations both high and low, preworkout and postworkouts are less drastic,
overall better mental health since I don’t need to make so many decisions throughout the day
about BGs and knowing that I have the ability to have more time in range and a better A1C

while still living a pretty normal life.”
• “A DIY system gives me this flexibility and adaptability. A huge weight has been lifted off

my shoulders knowing that I will be safe during the night, and won’t be doing undue damage
to my organs during stressful situations like exams or during panic episodes.”

• “Since then, every night was like that and every day I feel more active and fitter...that’s what
I call Quality of Life.”

aHbA1c: glycated hemoglobin.
bDIYAPS: do-it-yourself artificial pancreas systems.
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Table 2. Comprehensive codebook detailing thematic analysis of open-source automated insulin delivery (AID) system user narratives collected from
a multinational cohort of 383 participants. This table summarizes user-reported experiences regarding the positive and negative emotional effects of
open-source AID systems.

Example quotesDescriptionTheme

(B) Emotional impact

Positive (B1): describes positive emotions of participants related to the experience with open-source AID in daily use, including anticipation,
enjoyment, excitement, relief, freedom, and inspiration.

Describes hopeful emotional states
of anticipation and great expecta-

Anticipation • “Looking forward to next steps: predicting algorithms.”
• “I had high hopes that everything would be different from now and I do not have

to do anything for my diabetes anymore, and that the loop regulates everything ontions of participants that lie on the
open-source AID system for im- its own.”
proved diabetes management and
hope for improved quality of life

• “Hope and impatience since I was looking for an atomization almost for 20 years.”

Describes that participants enjoy
using the open-source AID system

Enjoyment • “Now I enjoy quiet nights and hope for a future without long term complications.”
• “I am doing well and I am happy to use the loop.”

or enjoy the satisfied outcomes • “My CGM alarms are all turned off now and I love the silence.”
brought by open-source AID system
use

• “In terms of expectations, I had a vague feeling that closed looping could be a so-
lution to my lack of control during the night but I did not have very clear or mea-
surable expectations. I just wanted to try it, I was curious to see what it was going
to bring me. And now, of course, sooooooo glad that I did that!”

• “Just awesome. By far the biggest impact has been the reduction in time spent
“doing” diabetes. I am rarely woken at night even after intense exercise and little
tweaks which previously interrupted my day have largely disappeared. It is a reve-
lation.”

Describes exciting emotions of par-
ticipants related to the experience

Excitement • “I was just so excited to learn about DIY closed looping, and ordered gear imme-
diately.”

with open-source AID systems in • “I have been looping for only 4 months now and I am really grateful to all the
people that have worked so hard to developed this amazing technology.”daily use, including excitement,

happiness, and satisfaction with AID
system use and associated results

• “I was very excited learning about how the system worked. I saw it as a challenge
to understand and build it. Understanding the algorithm and building it myself gave
me a great understanding of the system and mitigated any fears that I might have
had about it’s functioning.”

• “To me, loop is a miracle—I can hardly believe it after 35 years to finally have
normal blood glucose levels.”

• “Just awesome. By far the biggest impact has been the reduction in time spent
“doing” diabetes. I am rarely woken at night even after intense exercise and little
tweaks which previously interrupted my day have largely disappeared. It is a reve-
lation!”

• “[I am] able to read the blood sugar over a watch and no longer have to perform
finger pricks, should become true! I still remember the exact moment, I immediately
had tears in my eyes.”

Describes that participants feel re-
lieved since their diabetes-related

Relief • “I felt well and relieved, within a few days there was a clear improvement in my
control.”

complications alleviated and quality • “It’s the reduction in disease burden, reduction in lows and highs and the overall
improvement in time in range that has changed things so much for me.”of life improved after using open-

source AID systems • “Since the change, I feel safer and simply more comfortable.”
• “My diabetes does not bother me any more, I can accept it and even like it.”

Describes the feeling of freedom
since participants gained more con-

Freedom • “The essential feeling of freedom and the feeling of being in control of diabetes.”
• “I feel free for the first time in years!”

trol of their diabetes by using open-
source AID systems

Describes that participants were en-
couraged and motivated during their

Inspiration • “No special ‘key events’ other than reading many stories of a diverse group of T1’s
who all seemed to overcome all the I-am-new-to-software-building challenges and
reading how happy they now we’re that they took this effort. Also, reading questionsjourney of building open-source

AID systems of people and seeing that they were answered fast and elaborately by more experi-
enced and knowledgeable users made a great impression on me.”

• “I was immediately thrilled and the hints that the whole thing wouldn’t be com-
pletely legal somehow motivated me even more.”

• “I knew that other people could do it so I was convinced I should be able to do it
myself as well. I expected to run into issues in the building process, but I wasn’t
held back as I knew I would also run into solutions.”
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Example quotesDescriptionTheme

Negative (B2): describes negative emotions, such as fear, frustration, worry and anxiety of users, mainly due to the concern of not being
able to build and maintain open-source AID systems and difficulties encountered.

• “I was quite worried about trying it, there were many things I didn’t quite understand
and found technically challenging”

• “I am still a bit afraid to close the loop.”
• “I have other fears: will my OTG cable have a loose connection again tonight?

will I get to an old replacement pump (combo)? We integrate the Dexcom G6 with
xdrip or disassembled xdrip the battery - how was it read today? Will the pharma-
ceutical industry put more obstacles in our way?”

• “I have had some fears of system failure, but i do not have them anymore”

Describes participants’ concerns in
regard to building and maintaining
open-source AID systems

Caution

• “Unfortunately, I first failed because of the technology (availability of the acces-
sories, order from the USA). It was a bit frustrating, but I did not want to give up.”

• “I also experienced a sadness for how long I had struggled (43years) with inadequate
tools to manage my condition.”

• “My biggest challenge has been the isolation of it all. Online support is always
present very timely, but not the same as having someone to be present to help
troubleshoot when loop stops. I live in very rural area and sometimes I feel like
I’m stranded on an island. Frustrating at times, but I would not trade my cure for
anything!!”

Describes participants’ frustration
when experiencing difficulties in
sourcing, building, or maintaining
open-source AID systems

Frustration

• “as I have no idea what the programme is doing and every time I keep my fingers
crossed that I won’t see any screen other than in the tutorial because I have no idea
how to fix that.”

• “The biggest hurdle was I was not confident I could build the loop app on my
own.”

• “And I have concerns about the dependence on Bluetooth/Wifi/Internet/ servers.”
• “I had heard things about DIY closed loop systems in the various cgm related

Facebook groups, but had always thought I wouldn't be able to build & maintain
one.”

• “It was something that I considered at the time, but never thought I would be able
to do it as I'm not very good with coding/tech.”

• “suddenly relying on the phone instead of your own mind is a little strange, I often
did not trust the loop and delivered boluses on my own or ignored the TBR sugges-
tions.”

• “A defective libre sensor the other day (already on the 2nd or 3rd day) has given
me a lot of restlessness and effort, because the measurements were incorrect every
now and then. I was Worried every now and then a single component of the overall
system will fail and cause high adjustment effort.”

Describes that participants worry
about the problems that may arise
from the use of open-source AID
systems

Worry and
anxiety
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Table 3. Comprehensive codebook detailing thematic analysis of open-source automated insulin delivery (AID) system user narratives collected from
a multinational cohort of 383 participants. This table outlines the challenges users face during setup, regular use, and maintenance of open-source AID
systems, including technical difficulties and knowledge gaps.

Example quotesDescriptionTheme

(C) Challenges

Accessibility (C1): describes the challenges encountered by the participants regarding accessing the open-source AID systems device,
including sourcing hardware, cost, and understanding of the open-source AID systems rationale.

Describes the problem of
sourcing hardware that is

Sourcing hard-
ware

• “My main struggle was with losing access to my favorite pump (OmniPod). I switched
back to a tube based pump I'm favor of this system, while hoping that the pods are
cracked soon. I followed the OpenOmni efforts.”compatible with open-source

AID systems • “but then I was unlikely to do it as I didn’t have the right pump anymore”
• “And my health insurance was vague about the info they needed to get the pump

and supplies reimbursed. Denied my request several times. Took a lot of communi-
cation between health care providers, myself, insurance which was a frustrating
process for me.”

• “My health care providers initially didn’t want to prescribe the (loopable) pump.”

Describes the issue of costs
associated with building
open-source AID systems

Cost • “The main challenge has been self-funding the CGM which is expensive in New
Zealand.”

• “I started with the pump therapy just before loopin. The health insurance did not
supply me with a pump at the time, so I was on my own without diabetic care.”

• “The Dana RS pump has the one huge advantage of the open interface to control,
otherwise the pump looks like a product from the penultimate decade, compared to
other systems. The needles are not great either and the counterclockwise luer lock
should be replaced. The should be a standard for pump connections to avoid manu-
facturer tie-ins and make cost reductions possible (the equipment is still too expen-
sive).”

Describes problems with un-
derstanding the rationale pro-

Understanding • “My initial feeling of starting to build my loop was that it is poorly documented and
difficult to diagnose setup issues.”

vided by the instructions for • “Understanding the system was both challenging and frustrating. The documentation
is poorly explained and the system has its limitations but it is the best we have.”open-source AID system set-

up • “In the meantime there is a ton of information about closed loops, which was an in-
tensive learning and reading phase in both the medical literature and the posts and
documentation of the community. Since at the beginning the overview was missing,
this was also a bit confusing because the meaning of individual components was not
yet estimable for the own implementation when reading. What is a Wixel, can it be
eaten, and if so, how many carbs do I have to expect?. It had to burst a lot of knots
until it was clear which software components to make the (actually quite simple)
beginning. But maybe that's just too complicated for me, a certain tendency is not
to be denied.”

• “In the lead up to building, I felt overwhelmed by all info.”
• “Apart from the setup difficulties and my lack of English skills I had no difficulties.”

Setting up (C2): describes the difficulties encountered by the participants when maintaining the use of open-source AID systems, including
adjusting and fine-tuning, consumption of time and effort, inconvenience in everyday life and technical issues.

Describes the process of deter-
mining the factors and further
adjusting and fine-tuning

Adjusting and
fine-tuning

• “Determining the factors with decimal place accuracy, calculating the sensitivity
factor was/is in first place effortful.”

• “The only difficulty in the change of therapy (apart from the unfamiliar handling of
the technique in general) was to adjust the loop for different types of sports, depend-
ing on the time of day and physical condition.”

• “disillusionment followed immediately - even the updated nightscout / set up is very
complicated to operate for non-nerds. It’s often not clear what happens and what is
shown on night scout.”

Describes the amount of time
and effort required for open-
source AID system setup

Time and effort • “It takes a lot of time and attention to begin with”
• “It has been a tricky process, as we have been learning by doing”
• “With the technical implementation, it was an uphill battle. It took a while to work

but was worth the effort...I do not want to be without loop...”
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Example quotesDescriptionTheme

• “I had to reduce the overall carb intake in order to achieve better time in Range, and
this had a major impact on my and my family lifestyle”

• “The regulation of sports is still a bit difficult”
• “I discovered Loop app was terrific, but the phone was too bulky. So I purchased a

new pump outright and started AAPS with a tiny phone. I am actually about to try
AAPS on a stand-alone watch. The bulk of the gear is super important to me, as I
can't be carrying a lot of excess stuff at work”

• “I always think about if I need to charge anything (with Enlite it’s just a bit more
complicated than with other systems.) I have to keep reminding myself not to go
out of the house without my new hand bag - and not without a smartwatch”

• “Social judgment from part of the DT1 Community which [accused] me of obsession
with the disease.”

Describes inconvenience with
using open-source AID sys-
tems in daily life regarding
exercise and diet, etc

Everyday life

• “The issues I’ve had have been of a minor technical issue only, like accidentally
shorting out my Miao Miao charger, and having difficulty ordering another. So I
changed to Dexcom G5, and have learned to rebattery my transmitters, making it
actually cheaper than using Libre. I have also had some troubles with my phone
updating it’s OS and becoming useless. I also have some battery issues with my new
pump.”

• “Biggest challenge was building the app in Android studio, as I have no idea what
the programme is doing and every time I keep my fingers crossed that I won't see
any screen other than in the tutorial because I have no idea how to fix that.”

• “The only difficulties that I am sometimes experiencing are technical problems such
as connectivity issues between the Riley link and the pump, and blood sugar fluctu-
ations once the insulin sensitivity changes, which are more noticeable now with a
tighter BG management than before, where every day with diabetes was just chaos.”

Describes technical issues
with the equipment, such as
battery charging

Technical chal-
lenges
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Table 4. Comprehensive codebook detailing thematic analysis of open-source automated insulin delivery system user narratives collected from a
multinational cohort of 383 participants. This table highlights the role of peer support, online communities, and other resources in facilitating the adoption
and use of open-source AID systems, emphasizing the sense of community and shared expertise.

Example quotesDescriptionTheme

(D) Support

Describes that the participants
received support from their
family or friends

Family and friends
(D1)

• “My husband supported and encouraged me, which helped but I’d have gone ahead
even without that support.”

• “Friend who had acquired the components and assisted [me] in building. He was
already using [AndroidAPS].”

Describes the types of support
that participants seek on the
web, such as social media,
blogs, forums, and other peo-
ple with diabetes

Online support (D2) • “First, I found information about AAPS in Freestyle Libre Forum.”
• “I felt the whole process was very simple with very comprehensive instructions and

support through Facebook.”
• “March 2017 was the first time I started looking for treatment improvements. I ac-

quired all the information and knowledge in through own research on the internet.”
• “In our area there is a Whatsapp diabetes group that meets in person now and then.

A PwD there works in IT and was contacted about 1,5 years ago. With his technical
support I have closed my loop.”

• “I set up a Nightscout server and the AndroidSeries600Upload app for his
Medtronic pump in the hospital - and read a lot - and at first set up OpenAPS for
myself. As a technophile I was of course immediately on fire, but I still took 2 months
to read about the topic online intensively, trawling through forums, Facebook etc.,
and my anticipation and enthusiasm grew steadily.”

Describes that the participants
received support from the
DIY community, such as help
from author DL

DIYa community
(D3)

• “I got support from the DIY community via face to face meetings and via the online
community.”

• “When I could connect the technical side (IT) with my diabetes, it all started. Then
I met Adrian and Dana [authors AT and DL] in person.”

Describes the support that the
participants received from
conferences or meetings

Conference and
meeting (D4)

• “However, due to the great help from the looper.de group and the looper meeting,
I already wanted much more at this time and have been able to implement this with
a lot of reading and informing and with still some technical problems”

Describes that the participants
received support from medical
professionals, such as doctors,
nurses, diabetes educators,
endocrinologists, etc

Medical profession-
als (D5)

• “I actually first heard about DIY options from my doctor, who referred me to another
patient who was already using one.”

Describes that the participants

learn to build DIYAPSb all by
themselves, with no direct
support from others

Self-support (D6) • “I like the user manual, which it written clearly step by step.”
• “[N]o direct support or advice from third parties.”

aDIY: do-it-yourself.
bDIYAPS: do-it-yourself artificial pancreas systems.

Ethical Considerations
This study was performed in line with the principles of the
Declaration of Helsinki. Approval was granted by the Ethics
Committee of Charité–Universitätsmedizin Berlin (EA2/140/18).
Informed consent was obtained electronically from all individual
participants included in the study. The deidentified datasets are
available from the corresponding author upon request.
Participation was anonymous and voluntary. No financial or
other compensation was provided.

Results

Participant Characteristics
In total, 383 participants (N=722, 53% of participants of the
DIWHY survey) responded to the open-ended questions in the
survey, and there were a combined 645 responses to the 2
open-ended items. Characteristics and clinical features of the
cohort are shown in Table 5.

J Med Internet Res 2025 | vol. 27 | e48406 | p.239https://www.jmir.org/2025/1/e48406
(page number not for citation purposes)

Cleal et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Table 5. Demographic and self-reported health characteristics of the participants using open-source automated insulin delivery (AID) systems.

ValuesDemographics

Gender (n=383), n (%)

203 (53)Men

179 (46.7)Women

1 (0.3)Other

43 (12)Age (y), mean (SD)

Type of diabetes (n=383), n (%)

381 (99.5)Type 1

0 (0)Type 2

2 (0.5)Other

30 (12)Duration of diabetes (y), mean (SD)

4 (2)Duration of open-source AID system use (y), mean (SD)

5.89 (0.62)Most recent self-reported HbA1c
a level, mean (SD)

Type of open-source AID system used regularly (n=423), n (%)

65 (15.4)OpenAPS

245 (57.9)AndroidAPS

110 (26)Loop

3 (0.7)Otherb

Region (n=383), n (%)

282 (73.6)Europe

184 (48)Germany

41 (10.7)United Kingdom

7 (1.8)Austria

7 (1.8)Spain

4 (1)Netherlands

6 (1.6)Finland

5 (1.3)Czech Republic

4 (1)Bulgaria

2 (0.5)Sweden

22 (5.7)Otherc

69 (18)North America

15 (3.9)Canada

54 (14.1)United States

23 (6)Western Pacific

12 (3.1)Australia

11 (2.9)New Zealand

2 (0.5)Asia

2 (0.5)South Korea

2 (0.5)Africa

1 (0.3)Algeria

1 (0.3)South Africa

5 (1.3)I’d rather not say
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ValuesDemographics

Education (n=379), n (%)

154 (40.6)Doctorate or graduate degree

129 (34)Bachelors, professional or associate degree

27 (7.1)Trade, technical or vocational training

11 (2.9)Some college credits

34 (9)Secondary school

22 (5.8)Some secondary or primary school

2 (0.5)No schooling completed or none of the above

Occupational status (n=382), n (%)

265 (69.4)Full time

60 (15.7)Part time

4 (1.1)Unemployed

20 (5.2)Retired

24 (6.3)Student

9 (2.4)Other or none of the above

Professional background (n=305), n (%)

76 (24.9)Medicine

81 (26.6)Tech

40 (13.1)Finance

108 (35.4)Other

Household annual income (US $; n=336), n (%)

34 (10.1)<20,000

27 (8)24,000-34,999

48 (14.3)35,000-49,999

87 (25.9)50,000-74,999

44 (13.1)75,000-99,999

79 (23.5)>100,000

17 (5.1)I’d rather not say

aHbA1c: glycated hemoglobin.
bxDrip, Nightscout, offline uploader for Medtronic 600 series, Hackabetes Artificial Pancreas Project, custom, or own developments.
cBelgium, Croatia, France, Hungary, Ireland, Italy, Lithuania, Poland, Romania, Russia, Serbia, Slovakia, and Switzerland.

Template Analysis

Emotional and Quality of Life Impact
“Anticipation” and “curiosity” were emotions mentioned by
participants in relation to their first encounter with open-source
AID technology. This highlights the intuitive appeal of this
solution for diabetes management—“I had envisioned this type
of solution for many years and was looking out for the
emergence of suitable technology” (Man, age 59 years, United
Kingdom)—and why, for many people, initial reservations were
quelled by the potential improvements offered by AID
systems—“One is a little uncertain, but the curiosity for the
improvement of control has won!” (Gender unspecified, age 49
years, Germany).

However, as this sentiment indicates, anxiety and caution were
also a part of the emotional responses experienced by our
participants. This could be as they confronted the prospect of
developing their own system—“I was quite worried about trying
it, there were many things I didn’t quite understand and found
technically challenging” (Woman, age 69 years, United
Kingdom)—but was also apparent even once the system had
been successfully built—“Originally it felt like a big step to let
the algorithm make changes” (Woman, age 42 years, Australia).

Thus, both the challenges—real and anticipated—in setting up
the system and the prospect of allowing an algorithm to
undertake a life-critical role could have a negative emotional
impact.
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However, for the most part, initial concerns about the complexity
of the technology and ceding control to an algorithm were
replaced by a sense of “pride” and “relief”—“I feel very good
and proud I did it because it was technically difficult to build
it with my pump and CGM” (Man, age 50 years, Germany).

The sense of relief experienced by our participants was 2-fold;
relief that the system was built and functioning but also a sense
of being partially released from the burden of everyday diabetes
management—“The most impressive thing is how little diabetes
suddenly plays a role, how simple everything has become, how
rarely one suddenly has to wonder about metabolic fluctuations,
how well one can sleep, knowing that blood sugar stays in
range” (Woman, age 49 years, Germany).

Twisting the concern with automation, some participants also
noted that it was precisely because control was given over to
an algorithm that improved outcomes could be achieved—“I
was happy to hand over control to something which makes
fewer irrational decisions and is less emotionally involved in
the process” (Woman, age 35 years, United Kingdom).

The relief they experienced did not come without considerable
effort and “frustration,” and this was also a common emotion
in the narratives. Part of this frustration was related to the
reliability of technology:

While the burden of what to do in reaction to blood
glucose has gone down, the tech troubleshooting and
figuring out how to fine-tune has increased greatly.
Traded one problem for another. [Woman, age 62
years, United States]

As can be inferred from this comment, frustration was also
driven by an expectation that the level of automation would be
greater: “A few months into closed looping I am starting to see
results, though I was expecting [it] to be easier and thought it
was going to handle much more the ups and downs by itself”
(Man, age 41 years, Netherlands).

Yet, most participants declared themselves happy to invest the
effort when the reward was so tangible and transformative for
overall quality of life:

...it doesn’t just fix everything and that there are still
settings to adjust and check, but once these were okay
then I’ve had very few issues. It has allowed me to
take a back seat with my diabetes care...It has taken
huge amounts of the diabetes burden away from me!
[Woman, age 25 years, United Kingdom]

In fact, the work also served as a source of inspiration, with
many participants gaining new insights into important factors
influencing glucose fluctuations:

Looping has provided me much detailed insight into
the inner-workings of my endocrine system and
diabetes management. I’ve learned that my insulin
ratios and [basal rates] needed to be greatly adjusted.
As I’ve learned, two bad settings can mask each other
and end up appearing to be correct. The learning
curve is steep, but very rewarding. [Woman, age 24
years, France]

Overall, participants indicated that the net gains of open-source
AID were extensive and profound. Often, a sense of gratitude
was expressed:

The community has helped me so much. I can’t
express my gratitude to all developers, helpers and
people in my local community as well who freely give
their time and skills to make this possible. [Woman,
age 65 years, Australia]

Source of Support
The community mentioned earlier highlights the particular
model of diffusion that has fostered the use of open-source AID
systems. To echo a common refrain in this context, do-it-yourself
does not mean do-it-alone [15], so while each user is ultimately
responsible for building their own system, the support that they
can obtain in doing so is potentially extensive.

For those without preexisting skills in IT, support was at hand,
for some, among one’s established social network, for example,
family and friends:

I was very intimidated at first as I have extremely
limited coding knowledge. After following along in
the group for a while, I began to get more
comfortable. My boyfriend also encouraged me and
offered to help set it up since he has a bit more tech
knowledge. [Woman, age 22 years, Canada]

Both technical and medical expertise within the individual’s
network was an important antecedent to the uptake of
open-source AID systems:

My partner immediately supported me because, as a
doctor, it was very clear to him that it had a much
better metabolic effect...The support of the Facebook
group especially for small logistic things was very
important to me. [Woman, age 37 years, Germany]

This participant’s comments also highlighted that direct support
from health care professionals (HCPs) may be lacking:

The support by my social environment has increased,
the support by doctors and the diabetologist’s office
are completely lost, I consider this to be a risk, I am
waiting for the moment when our diabetologists will
not only be “not forbidden” but required to inform
about the Closed Loop as the gold standard of
therapy. [Woman, age 37 years, Germany]

This is not to say that HCPs were not supportive or positive
about AID outcomes, but the support they could provide was
more often informal and emotional rather than practical:

My two diabetologists know about the loop and are
amazed/enthusiastic about my [glucose] levels, but
unfortunately cannot support me for legal reasons.
[Woman, age 55 years, Germany]

While an individual’s social relations could profoundly impact
the building and maintaining an open-source AID system,
support was still available even without direct expertise in one’s
personal network—“I’ve found the technology almost
impossibly difficult to deal with and have had a considerable
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amount of personal help from other users” (Woman, age 62
years, United Kingdom).

For some users, this occurred at face-to-face meetings (eg, “build
events”), where expert users could guide them, but, for the
majority, such support was obtained via online forums—“The
biggest (and for me only) help with technical problems or
‘fine-tuning’ the settings is provided by the Looper online
community” (Woman, age 27 years, Germany).

The #WeAreNotWaiting community was the main source of
support cited by our participants, and this was multifaceted. In
its most basic form, the online documentation developed by
users for users was an essential resource and frequently praised
for its clarity. Beyond this, in the various social media–based
groups connected with open-source AID systems, there was
also a wealth of information from reading existing threads and
others’ posts, where frequently asked questions and
troubleshooting topics could guide through challenging aspects
of the process. Finally, the online forums also served as a
real-time support network, where users could expect rapid and
reliable responses to whatever issue they might reach out for:

I don’t want to finish without mentioning the
importance that the support groups are having to me.
Both in helping understand and setting the system
and managing the everyday life... It is completely
amazing being able to be connected to so many people
who are also looping and give and get support.
[Woman, age 40 years, Spain]

Also notable was how the encounter with this community and
its essentially altruistic spirit could inspire new users to be
willing to participate and serve within this support network:

What one cannot do, the many can manage. The group
has helped me. I'm getting involved as well and spread
the knowledge so others can benefit from it. [Man,
age 54 years, Germany]

Challenges
Principally, the challenges reported included (1) accessibility
and (2) technical setup and maintenance. There were 3
prevailing issues regarding accessibility. The first one was cost,
since essential hardware was not readily available via health
care services or insurers:

CGM is prohibitively expensive in my country. I only
started using it two months before looping as part of
preparing to loop. I am trying to hang in there paying
for it because of the fantastic benefits but it is a big
drain on family income. [Woman, age 51 years,
Australia]

In addition, even in circumstances where hardware was
potentially available to users via public health care or insurance,
access could still be problematic if potential users were not
eligible according to insurers, or HCPs had reservations about
recommending devices that could be used for open-source AID
systems:

My healthcare providers initially didn’t want to
prescribe the (loopable) pump. And my health
insurance was vague about the info they needed to

get the pump and supplies reimbursed. Denied my
request several times. Took a lot of communication
between health care providers, myself, insurance
which was a frustrating process for me. [Woman, age
33 years, country of residence undisclosed]

The final aspect of accessibility was the anticipated complexity
of the process and the documentation to be followed to set up
an open-source AID system—“I had heard things about DIY
closed-loop systems in the various CGM-related Facebook
groups, but had always thought I wouldn’t be able to build &
maintain one” [Woman, age 47 years, United Kingdom].

Thus, the obstacle was sometimes more about expectation than
experience, with people deterred from the attempt by the
expectation that they would not be able to solve technical issues.

However, for others, it was as much the experience as the
expectation that could provide an obstacle to access—“There
was a lot to learn. I often sat crying in front of the computer”
(Woman, age 35 years, Germany).

Technical challenges associated with building open-source AID
systems were prevalent in the narratives, with only a handful
indicating that the process was straightforward:

I tried about a year before I actually started to build
a system and it proved too difficult. After a year of
being burned out and things not being any better, I
tried again and succeeded. [Woman, age 36 years,
United States]

Participants conveyed difficulties with both hardware and
software components, for example, with connectivity loss.

Even with all components fully functioning and connected,
other technical challenges remained, though these were more
related to the technicalities of diabetes management than
technology per se. Users of open-source AID systems take on
the role of diabetes experts as much as programmers and are
required to fine-tune the settings on their devices in accordance
with a selection of parameters:

[The] first weeks of looping were a bit hard because
my ratios were off and it was hard to understand why
Loop is making some decisions. Or, what’s even more
important, which parameter should be tweaked in
order to make it behave better. [Man, age 32 years,
Poland]

Determination of these settings is generally undertaken by HCPs
in the context of prescribed, commercial devices, ideally in
collaboration with the user, but it may remain more or less
opaque to the individual with diabetes. So, although many users
were highly engaged with diabetes management previously,
there was a learning curve involved for most, not least because
the level of control for different parameters allowed by
open-source AID systems extends significantly beyond those
in commercial systems:

So I have to work more on my settings. Nothing is
(fully) automatic and runs all by itself. For me, as a
technician who believes in the possibilities of
self-regulating automation, there is still a lot to be
done. [Man, age 51 years, Germany]
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The combination of the different challenges involved in building
an open-source AID system evoked another issue for some,
inasmuch that considerable time was required to resolve the
issues emerging from building and maintaining the
system—“My husband has suggested several times that I was
doing more work with the system than without, because of the
frustration & time (whole weekends) involved in getting my
loop back up & running” [Woman, age 51 years, United States].

Yet, while time was undoubtedly a factor to be dealt with, the
extent to which it was perceived as a challenge, impinging on
everyday life, was often weighed against the time spent “doing
diabetes” before transitioning to open-source AID systems:

My own personal tight control prior to looping was
very time-consuming. Post APS I save more than 1hr
every day. Imagine my experience of living 1/24th
longer life for the rest of my life because of APS.
[Man, age 46 years, New Zealand]

Physical Impact
For the most part, participants reported marked improvements
in physical health in accordance with the measures traditionally
used to gauge this in T1D, such as HbA1c and time in range, as
reported elsewhere [15]. For some, these improvements occurred
soon after their switch to open-source AID systems:

Benefits from the first 8 weeks: 80-90% of the
time-in-range without changing my lifestyle!
Previously that value was 40-45%. [Man, age 37
years, Germany]

The time regarding changes in HbA1c was longer but still
commented upon, often as levels within a reference range for
people without diabetes:

I knew some that tuning was needed but I was patient.
Now I have used a DIY system 24/7 approx 23 months
for almost two years! Hba1C is 5.2%, I’m happy.
[Man, age 44 years, Finland]

In addition to these clinical outcome improvements, participants
also reported changes in their health based on more immediate,
everyday experiences. The experience of hypoglycemia was
something alluded to extensively—“The blood glucose
fluctuations and the hypos have become much less, I feel much
safer and I am doing things again that I used to avoid” (Woman,
age 45 years, Germany).

The sense of safety can have a profound effect on an individual’s
life. Both hyper- and hypoglycemia in their moderate expression
can induce physical symptoms that are unpleasant and disruptive
but, in their extreme extent, are potentially fatal. Ameliorating
the risk of highs and lows, open-source AID systems served to
diminish the unpleasant symptoms and, at the same time, reduce
the anxiety attached to what might happen in worst-case
scenarios. This, aside from its direct benefits, also had follow-on
effects on other health-related aspects. Many participants noted
benefits of open-source AID systems related to physical
activity—“I’m much less afraid of unplanned physical activity
because the loop usually regulates it with a few extra carbs”
(Woman, age 55 years, Germany).

Again, the point here is not only that glucose levels are within
range during exercise but also that the potential fear around
exercising was lessened. Fear of exercise and its unpredictable
impact on glucose levels represents a clear obstacle removed
by open-source AID systems, with potential general health
benefits—“I have recently started exercising again after years
of sedentary living” (Woman, age 31 years, Australia).

By far, the most frequently mentioned quality of life
improvement among our participants was sleep duration and
quality:

I can sleep and have no alarms from the CGM at
night. In the morning I wake up with a value that I
do not have to correct. This has a positive effect on
the blood sugar during the day. [Woman, age 38
years, Germany]

Persistently disturbed sleep is by any reckoning something that
one would expect to impact health and overall quality of life,
but for people living with T1D, it is a given:

I SLEEP. That’s the most brilliant, life-changing
thing. I’d been sleep-deprived for so long I didn’t
even realize what a difference it would make.
[Woman, age 49 years, United States]

In a similar vein to exercise, open-source AID systems had a
dual impact in relation to sleep. It served to alleviate symptoms
of hypo- and hyperglycemia that could disturb sleep directly or
trigger alarms on devices waking people up. Simultaneously,
it helped reduce the fear of nocturnal hypoglycemia, which
could result in sleep difficulties due to anxiety and adverse
aversion strategies, such as intentionally aiming for higher
glucose levels before sleep:

I have no anxiety about sleeping alone when my wife
is working away from home. I actually sleep through
the night. Eating out is no longer a major stress since
I know that even if I underestimate carbs [it] will fix
my errors overnight and I will wake mostly in range.
[Man, age 42 years, United Kingdom]

As might be expected, improved sleep was also associated with
further physical and mental health benefits:

Waking up that first morning in a normal range, and
every morning thereafter was amazing. It’s incredible
how much more you can get done in a day when you
wake up in a normal blood glucose range. [Man, age
39 years, United States]

Part of this is obviously about having more energy because of
being well-rested. Beyond that, there is the important difference
of waking up with glucose in target range and how this resonates
through the rest of the day:

The almost fully automatic delivery of needed insulin
has made life a lot easier and once the factors are set
correctly, it is almost possible to live like a ‘healthy’
person. It’s also much easier to start a new day,
starting at a value of 90 mg/dl and not 180-200 as
before! Working days are much easier than before!
[Man, age 47 years, Germany]

J Med Internet Res 2025 | vol. 27 | e48406 | p.244https://www.jmir.org/2025/1/e48406
(page number not for citation purposes)

Cleal et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Rather than using considerable time, energy, and resources
attempting to reestablish balance in one’s glucose levels,
open-source AID systems allowed people to concentrate more
on the business of the day. So, whereas previously a working
day may have felt more like “running the gauntlet,” a different
experience and outlook on life could be fostered:

Since I’ve used [open-source AID], I was upgraded
on my job, I’m mentally faster and sleep like a baby
without alarms. I’ve started several personal projects
and [I’m] currently on professional certification. I
have plenty of quality time now without hypo or hyper
and finally happy. [Woman, age 40 years, Spain]

Discussion

Principal Findings and Their Implications
The findings we present here concerning the impact of
open-source AID systems highlight their immense benefits from
the perspective of the user, simultaneously setting the extremely
challenging nature of diabetes and the ways it may compromise
quality of life into relief. This is the first study to analyze
narratives and to examine the emotional and physical health
impact of open-source AID systems in adult users. Our findings
are in line with our analysis of children and adolescents using
open-source AID systems, including their caregivers [30],
although there were age-specific findings, for example,
navigating diabetes throughout puberty and remote monitoring
and control by caregivers that only applied to the child cohort.
Our results also align with other, smaller cohort studies
examining the user experience with open-source AID systems
[22,24,31] with the literature pointing to the importance of
setting expectations for both onboarding and the ongoing use
of AID systems [32,33]. Studies of users of commercial AID
systems found similar results [34,35]. Furthermore, the sense
of community and empowerment, often referred to as “paying
it forward,” was almost exclusively described in open-source
AID system users.

In our approach to analyzing the data, we opted to use 4
categories as the basic framework for our template. This was
necessary, first and foremost, because these topics were already
framed in the wording of the questions. That said, the findings
also underline the somewhat fluid nature of the categories,
especially with respect to the physical and emotional impact
that open-source AID systems can have. So, while we have
sought to tease emotional and physical impacts apart for the
purposes of our analysis, our findings ultimately serve to
highlight how inexorably bound up they are. This is most
intuitively illustrated through the example of sleep, where poor
quality sleep inevitably impacts emotional well-being, which
may, in turn, also impact glucose levels, both directly and
indirectly [36].

Peer Support as a Driver of Innovation and
Empowerment
Although there is not the same level of symbiosis between the
categories “challenges” and “support,” the findings did point
to a strong link between the two in the sense that many of the
challenges associated with initiating and maintaining the use

of an open-source AID system were resolved via support from
a wider community of users. The sense of community
underpinning the development and diffusion of open-source
AID systems and peer support as a key resource for practical
but also emotional support were predominant topics in other
qualitative studies on the lived experience with open-source
AID systems [22,31]. For many, the discovery of a peer group
that one could identify and engage with was as important and
meaningful as building their AID system.

As has previously been noted [37], digital platforms can provide
opportunities for peer support and the exchange of experiential
knowledge about living with illness. The importance of peer
support for people with diabetes in the context of online
communities has been clearly highlighted elsewhere
[12,22,23,38,39]. Moreover, engagement in these communities
has been shown to positively impact HbA1c levels [23,40];
reduce diabetes-related distress [41]; and foster support and
connection, advocacy, self-expression, information and
education, technical support, and humor as a coping strategy
[38,42].

However, it is also evident that the type of peer support upon
which the dissemination of open-source AID systems has been
based is of a somewhat different order. In part, this reflects
something of the nature of T1D, where the prevailing model of
care, inasmuch as it requires individuals to be actively engaged
in their care, may potentially foster the growth and dissemination
of expertise [43]. In this situation, the delineation of expertise
into “professional” and “laypeople” seems outmoded and evokes
the well-known Shavian aphorism that the former serves the
purpose of conspiring against the latter [44].

As AID algorithms are being constantly developed further and
new features will be introduced (eg, fully closed-loop systems
without bolusing for meals), future research should address the
lived experiences of people with diabetes associated with their
use in addition to the analysis of clinical outcomes. Their full
health impact can only be evaluated if real-world user
experiences are included.

Looking back at how innovations in diabetes treatment were
perceived by HCPs and the scientific community over the last
century, increased autonomy and empowerment of people with
diabetes have continuously been regarded with skepticism.
Similarly, it was debated if people with diabetes were capable
of blood glucose self-monitoring in the 1970s [45], calculating
their insulin doses by themselves, or understanding real-time
readings of their CGM device [46]—all aspects that are standard
of care today. In the IT age, people with diabetes creating their
own technological tools might be just another iteration of patient
empowerment but accompanied by similar controversy. The
“lesson learned” from these controversies should be the urgency
to foster collaboration with patients and involve them early as
stakeholders—whether in research and development of medical
devices or the development of care concepts that will ultimately
affect them.

This study is the first large-scale qualitative study assessing the
lived experiences of adult open-source AID system users.
Moreover, it is a study with a truly multinational scope, and in
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its stakeholder engagement via the involvement of the
#WeAreNotWaiting community, it strives to remain true to the
values of the phenomenon it is investigating.

Of course it should be noted that the survey was undertaken in
2019, and thus the participants can be considered early adopters
of open-source AID systems. At one level, this means that the
size of our sample represents what, at that time, was a significant
proportion of all users of open-source AID systems. However,
by the same token, given the subsequent dynamic technical
development and rapid expansion of open-source AID system
users since that time, the experiences captured in our study may
not be reflective of later experiences and current use of
open-source AID systems. In addition, many position papers
and an international consensus paper have been published to
provide guidance to HCPs who wish to support people using
open-source AID systems, which may have contributed to
increased knowledge and a change of attitudes [47,48]. A
selection bias may be present with the survey only being
available in German and English.

Conclusions
The efforts of the #WeAreNotWaiting community are changing
the landscape of available treatment options and the way we
look at the role of patients as initiators rather than as passive
recipients of a health care product or service. The online
communities that support this movement have not only
transformed diabetes care with its technology but have also
eased the individual burden for those involved due to the tools
and peer support it has fostered. The extensive testimony from
users of open-source AID systems acquired in this study
provides new insights, highlighting factors inspiring people to
adopt such solutions, user experiences in transitioning to
open-source AID systems, and the transformative impact of
AID systems on the everyday life of people with diabetes. These
results may contribute to a better understanding of their unmet
needs; the impact of AID systems on physical and emotional
health; and some of the current challenges to the uptake of AID
technology in terms of access, availability, and usability.
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Abstract

Background: Acute kidney injury (AKI) is a common complication in hospitalized older patients, associated with increased
morbidity, mortality, and health care costs. Major adverse kidney events within 30 days (MAKE30), a composite of death, new
renal replacement therapy, or persistent renal dysfunction, has been recommended as a patient-centered endpoint for clinical trials
involving AKI.

Objective: This study aimed to develop and validate a machine learning–based model to predict MAKE30 in hospitalized older
patients with AKI.

Methods: A total of 4266 older patients (aged ≥ 65 years) with AKI admitted to the Second Xiangya Hospital of Central South
University from January 1, 2015, to December 31, 2020, were included and randomly divided into a training set and an internal
test set in a ratio of 7:3. An additional cohort of 11,864 eligible patients from the Medical Information Mart for Intensive Care
Ⅳ database served as an external test set. The Boruta algorithm was used to select the most important predictor variables from
53 candidate variables. The eXtreme Gradient Boosting algorithm was applied to establish a prediction model for MAKE30.
Model discrimination was evaluated by the area under the receiver operating characteristic curve (AUROC). The SHapley Additive
exPlanations method was used to interpret model predictions.

Results: The overall incidence of MAKE30 in the 2 study cohorts was 28.3% (95% CI 26.9%-29.7%) and 26.7% (95% CI
25.9%-27.5%), respectively. The prediction model for MAKE30 exhibited adequate predictive performance, with an AUROC
of 0.868 (95% CI 0.852-0.881) in the training set and 0.823 (95% CI 0.798-0.846) in the internal test set. Its simplified version
achieved an AUROC of 0.744 (95% CI 0.735-0.754) in the external test set. The SHapley Additive exPlanations method showed
that the use of vasopressors, mechanical ventilation, blood urea nitrogen level, red blood cell distribution width-coefficient of
variation, and serum albumin level were closely associated with MAKE30.

Conclusions: An interpretable eXtreme Gradient Boosting model was developed and validated to predict MAKE30, which
provides opportunities for risk stratification, clinical decision-making, and the conduct of clinical trials involving AKI.

Trial Registration: Chinese Clinical Trial Registry ChiCTR2200061610; https://tinyurl.com/3smf9nuw
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Introduction

Acute kidney injury (AKI) is a clinical syndrome characterized
by a rapid decline in renal function [1]. The incidence of AKI
has been reported to be about 10%-15% in hospitalized patients
and over 50% in critically ill patients [2-4]. AKI is common in
older individuals, associated with increased morbidity, mortality,
and health care costs [5-7]. The prevalence of multiple
comorbidities as well as age-related changes in the kidneys,
systemic vasculature, and immune system render older patients
more susceptible to kidney damage and less likely to recover
[5,8]. Given the already high and increasing incidence of AKI
in the older, there is a tremendous need to develop clinical tools
for risk stratification of postAKI outcomes in this age group.

Major adverse kidney events within 30 days (MAKE30), a
composite of death, new renal replacement therapy (RRT), or
persistent renal dysfunction (PRD), has been recognized as a
key metric of post-AKI outcomes [9,10]. Patients with no renal
recovery during hospitalization show a higher risk of long-term
adverse outcomes than those who recovered [11,12].
Furthermore, the initiation of RRT after AKI onset is associated
with long-term renal dysfunction and death [13,14]. Previous
studies have confirmed MAKE30 as a common, feasible to
measure, and clinically meaningful endpoint in clinical trials
involving AKI [15-17]. The prediction of MAKE30 can be
critical for evaluating patient prognosis, guiding clinical
decision-making, and facilitating the conduct of clinical trials.

Clinical prediction models are mathematical tools that are
primarily intended to assist physicians in their clinical
decision-making [18]. Recently, the rapid development in
medical big data and advances in computer science have sparked
a growing interest in applying machine learning techniques to
develop clinical prediction models [19]. Compared with
traditional statistical methods, advanced machine learning
algorithms can better integrate large amounts of clinical data,
fit complex nonlinear relationships, and analyze high-order
interactions. The eXtreme Gradient Boosting (XGBoost)
algorithm, an efficient implementation of the gradient boosting
framework, represents one of the notable advances in machine
learning and is widely used in the medical field [20-23].
XGBoost excels in preventing overfitting during the training
process, enhancing predictive performance and robustness in
complex data scenarios.

Therefore, the objective of this study was to develop and validate
a clinical prediction model for MAKE30 in hospitalized older
patients with AKI using the machine learning XGBoost
algorithm.

Methods

Study Design
This study identified older patients (aged ≥ 65 years) with AKI
who were admitted to the Second Xiangya Hospital of Central
South University from January 1, 2015, to December 31, 2020.
AKI was defined according to the Kidney Disease: Improving
Global Outcomes criteria as an increase in serum creatinine
(SCr) by ≥26.5 μmol/L within 48 hours or to ≥1.5 times baseline
within 7 days [24]. Baseline SCr was defined as the lowest
creatinine in the past 7 days. AKI was determined every time
a SCr measurement occurred based on the changes in SCr over
the past 48 hours and 7 days. Patients were excluded if they
were diagnosed with end-stage renal disease, had a hospital stay
of less than 48 hours, had an initial SCr≥353.6 μmol/L at
admission, or required RRT before the diagnosis of AKI.

In addition, a cohort containing eligible patients from the
Medical Information Mart for Intensive Care Ⅳ (MIMIC-Ⅳ)
database was used for model external validation [25]. MIMIC-Ⅳ
is a relational database containing comprehensive information
for intensive care unit (ICU) admissions at the Beth Israel
Deaconess Medical Center (BIDMC) from 2008 to 2019.

Data Collection
Data on demographics, diagnoses, laboratory tests, interventions,
and medications were collected. A total of 53 candidate predictor
variables were identified that were considered clinically relevant
to MAKE30, were available in the electronic health records
(EHRs), and had a proportion of missing values less than 30%
(Multimedia Appendix 1). Comorbidities were determined based
on diagnoses encoded in the ICD-9 (International Classification
of Diseases, Ninth Edition) or ICD-10 (International Statistical
Classification of Diseases, Tenth Revision). The burden of
comorbidities was assessed by the Charlson comorbidity index
[26,27]. Laboratory tests were recorded as the measurements
within 48 hours of and closest to the diagnosis of AKI.
Medications were identified according to the Anatomic
Therapeutic Chemical classification system and included if
administered within 48 hours after the diagnosis of AKI [28].
The use of mechanical ventilation within 48 hours after the
diagnosis of AKI was also collected.

Outcome Measures
The primary outcome was MAKE30, defined as a composite
of death, new RRT, or PRD at hospital discharge or at 30 days
after the diagnosis of AKI, whichever occurred first [9,10]. PRD
was defined as a final inpatient SCr value ≥2 times baseline.
Secondary outcomes were length of hospital stay as well as
death within 30 days and 1 year after discharge. Survival data
were extracted from the Chinese Center for Disease Control
and Prevention cause-of-death reporting system.
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Statistical Analysis
Statistical analyses were performed using R software (version
4.1.2; R Foundation for Statistical Computing). Categorical data
are presented as numbers and percentages and were analyzed
with the chi-square test or Fisher exact test, as appropriate.
Continuous data are described with median (IQR) and were
compared using the Mann-Whitney U test. Survival data were
analyzed with the Kaplan-Meier method, and differences in
survival were evaluated by the log-rank test. The 2-sided α level
was set at .05. Missing data were analyzed by the missForest
method, which is a nonparametric missing value imputation for
mixed-type data [29]. The description of missing data can be
found in Multimedia Appendix 2.

Patients from the Second Xiangya Hospital were randomly
divided into a training set and an internal test set in a ratio of
7:3. The cohort of patients from the MIMIC-Ⅳ database was
used as an external test set.

Feature Selection
To build a parsimonious model, feature selection was performed
on the training set. First, we removed the predictor variables
with near-zero variance. Near-zero variance was defined as a
situation where a variable exhibits very little variation or almost
no variability across its values, characterized by over 95% of
its values being identical. Then the Boruta algorithm was used
to select the most important predictor variables [30]. Boruta is
an all-relevant feature selection wrapper algorithm, capable of
working with classification methods that output variable
importance measures; in this study, the Random Forest model
was used. There were 30 variables ultimately selected for
inclusion within the machine learning model (Multimedia
Appendix 1).

Model Development and Validation
A machine learning XGBoost model was established on the
training set to predict the development of MAKE30 [31].
XGBoost is an optimized implementation of the gradient
boosting framework, which sequentially adds weak models
(decision trees) to iteratively improve the overall prediction.
XGBoost improves upon traditional gradient boosting algorithms
by offering scalability, regularization techniques, optimized
tree construction, and customization options. A set of model
hyperparameters were optimized by running 5 random shuffles
of 5-fold cross-validation, including eta, max_depth,
min_child_weight, gamma, colsample_bytree, and subsample.
The descriptions and search ranges for the hyperparameters are
listed in Multimedia Appendix 3. The XGBoost model can be
accessed at [LuoXiaoqin123/MAKE30-in-elderly-AKI]
(GitHub).

The performance of the XGBoost model was evaluated on the
internal and external test sets. Model discrimination was
assessed by the area under the receiver operating characteristic
curve (AUROC), which is an assessment metric that remains
unaffected by incidence or threshold selection. Model calibration
was evaluated using the calibration plot aggregated by deciles
and the Brier score. The area under the precision-recall curve
(AUPRC) was calculated, considering that it is a useful metric
for class-imbalanced data in a problem setting where finding

the adverse outcome is crucial. A decision curve analysis was
performed to illustrate the clinical use of the model. In addition,
we determined the optimal cutoff by the receiver operating
characteristic (ROC) curve and the maximum Youden index
(sensitivity + specificity – 1) in the training set. The sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV), positive likelihood ratio (PLR), and negative
likelihood ratio (NLR) at the optimal cutoff were calculated.

In the external validation set, there were 9 predictor variables
with a proportion of missing values exceeding 50% (Multimedia
Appendix 2). In this case, we simplified the model to include
21 variables, with model development performed as described
above using the same training set.

Model Interpretations
We used the SHapley Additive exPlanations (SHAP) method
to interpret model predictions [32]. SHAP is a game theoretic
approach that helps in explaining the output of any machine
learning model. It can provide consistent and locally accurate
attribution values, the SHAP values, for each feature within a
model. A positive SHAP value represents a higher risk of the
outcome, whereas a negative SHAP value represents a lower
risk of the outcome. The contribution of a feature to the
predicted risk of the outcome can be explained by the cumulative
effects of feature attribution in each observation.

Sensitivity Analyses
In order to mitigate the potential impact of age on our findings,
we further conducted sensitivity analyses to assess the model’s
robustness across patients stratified by age. We evaluated the
model’s performance in distinct age groups: <70 years, 70 to
80 years, and ≥80 years.

Ethical Considerations
The medical ethics committee of the Second Xiangya Hospital
of Central South University approved the study protocol
(2022-K031) and waived the requirement for informed consent.
This project has been registered in Chinese Clinical Trial
Registry (ChiCTR2200061610). The institutional review boards
of BIDMC and the Massachusetts Institute of Technology
approved the project and waived the requirement for informed
consent. The study followed the Declaration of Helsinki and
the Transparent Reporting of a multivariable prediction model
for Individual Prognosis or Diagnosis statement [33].

Results

Patient Characteristics
A total of 4266 patients from the Second Xiangya Hospital were
enrolled, including 2973 patients in the training set and 1293
patients in the internal test set (Figure 1). The overall incidence
of MAKE30 in this medical center was 28.3% (95% CI
26.9%-29.7%), including 12.3% (95% CI 11.4%-13.4%) with
death, 10.2% (95% CI 9.3%-11.1%) with new RRT, and 17.7%
(95% CI 16.6%-18.9%) with PRD. The external test set
contained 11,864 patients from the MIMIC-Ⅳ database, 26.7%
(95% CI 25.9%-27.5%) of whom developed MAKE30
(Multimedia Appendix 4). The incidence of death, new RRT,
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and PRD were 18.9% (95% CI 18.2%-19.6%), 4.9% (95% CI
4.5%-5.3%), and 12.8% (95% CI 12.2%-13.4%), respectively.

Table 1 shows the characteristics of patients from the Second
Xiangya Hospital stratified by MAKE30. Patients with
MAKE30 were older, had a higher burden of comorbidities,
and had greater disease severity than patients without MAKE30.
Compared with the nonMAKE30 group, the MAKE30 group
had shorter length of hospital stay as well as higher 30-day and

1-year mortality after discharge. Multimedia Appendix 5 shows
the Kaplan-Meier survival curves of death within 30 days and
1 year for patients alive at discharge stratified by PRD or RRT.
Patients with versus without new RRT or PRD had higher
30-day and 1-year mortality after discharge (log-rank P<.001).
Multimedia Appendix 6 provides the characteristics of patients
from the MIMIC-Ⅳ database stratified by MAKE30.
Multimedia Appendix 7 provides the characteristics of patients
in the training, internal test, and external test sets.

Figure 1. Flow diagram of patient selection from the Second Xiangya Hospital. AKI: acute kidney injury; MAKE30, major adverse kidney events
within 30 days; RRT: renal replacement therapy; SCr: serum creatinine.
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Table 1. Characteristics of patients from the Second Xiangya Hospital.

P valueMAKE30a (n=1207)No MAKE30a (n=3059)Variables

<.00174 (68-80)72 (68-77)Age (years), median (IQR)

.64776 (64.3)1992 (65.1)Sex, male, n (%)

<.001765 (63.4)1284 (42.0)Intensive care, n (%)

Comorbidities, n (%)

<.001237 (19.6)127 (4.2)Sepsis

.61676 (56.0)1685 (55.1)Hypertension

.01170 (14.1)346 (11.3)Myocardial infarction

<.001502 (41.6)932 (30.5)Congestive heart failure

.14202 (16.7)455 (14.9)Peripheral vascular disease

<.001347 (28.7)611 (20.0)Cerebrovascular disease

<.00141 (3.4)45 (1.5)Dementia

<.001259 (21.5)515 (16.8)Chronic pulmonary disease

.6527 (2.2)60 (2.0)Rheumatic disease

.0159 (4.9)99 (3.2)Peptic ulcer disease

.001308 (25.5)630 (20.6)Liver disease

.005349 (28.9)756 (24.7)Diabetes

.913 (0.2)10 (0.3)Hemiplegia or paraplegia

.03210 (17.4)449 (14.7)Renal disease

.001296 (24.5)913 (29.8)Malignancy

.920 (0.0)2 (0.1)HIV/AIDS

<.0013 (2-4)2 (1-4)Charlson Comorbidity Index

Laboratory tests

<.0013.2 (2.7-3.8)3.4 (2.9-3.9)Red blood cells (×10^9/L), median (IQR)

<.00196 (80-114)103 (86-118)Hemoglobin (g/L), median (IQR)

<.00115.0 (13.9-16.9)14.0 (13.1-15.5)RDW-CVb (%), median (IQR)

<.00111.4 (7.5-16.3)9.8 (7.1-13.6)White blood cells (×10^9/L), median (IQR)

<.00187.6 (80.8-91.9)83.8 (75.6-89.3)Neutrophil percentage (%), median (IQR)

<.0017.0 (4.1-11.9)9.2 (5.6-15.1)Lymphocyte percentage (%), median (IQR)

<.001147 (90-223)175 (124-236)Platelets (×10^9/L), median (IQR)

<.00156.5 (50.5-61.9)58.4 (52.9-63.7)Serum total protein (g/L), median (IQR)

<.00130.0 (26.0-33.7)32.3 (29.1-35.6)Serum albumin (g/L), median (IQR)

<.00113.0 (8.0-23.4)11.6 (7.9-18.4)Serum total bilirubin (μmol/L), median (IQR)

<.0016.7 (3.9-14.1)5.2 (3.3-8.6)Serum direct bilirubin (μmol/L), median (IQR)

<.00126.1 (13.4-68.2)19.0 (11.5-34.6)Alanine aminotransferase (U/L), median (IQR)

<.00142.3 (22.8-129.7)26.5 (18.1-48.1)Aspartate aminotransferase (U/L), median (IQR)

<.001159.0 (109.4-240.2)131.9 (97.7-186.7)Serum creatinine (μmol/L), median (IQR)

<.00115.76 (10.79-22.96)10.36 (7.16-15.36)Blood urea nitrogen (mmol/L), median (IQR)

<.001385.2 (264.7-516.6)331.3 (239.9-443.3)Blood uric acid (μmol/L), median (IQR)

<.0014.3 (3.8-4.9)4.2 (3.8-4.6)Potassium (mmol/L), median (IQR)

<.001141.0 (136.3-146.7)139.5 (136.4-142.6)Sodium (mmol/L), median (IQR)

.69103.1 (98.5-107.9)103.2 (99.0-106.9)Chloride (mmol/L), median (IQR)
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P valueMAKE30a (n=1207)No MAKE30a (n=3059)Variables

<.0012.03 (1.90-2.17)2.07 (1.96-2.20)Calcium (mmol/L), median (IQR)

<.001564 (46.7)442 (14.4)Mechanical ventilation, n (%)

Medications, n (%)

<.001660 (54.7)521 (17.0)Vasopressors

<.001849 (70.3)1699 (55.5)Diuretics

.03149 (12.3)457 (14.9)ACEIc/ARBd

<.001310 (25.7)1221 (39.9)NSAIDse

.10881 (73.0)2308 (75.4)Proton pump inhibitors

.7620 (1.7)45 (1.5)Chemotherapeutic drugs

.1030 (2.5)108 (3.5)Antiepileptic drugs

>.997 (0.6)16 (0.5)Antituberculosis drugs

<.001203 (16.8)223 (7.3)Nephrotoxic antibiotics

.00135 (2.9)41 (1.3)Antiviral drugs

<.001232 (19.2)186 (6.1)Antifungal drugs

.1750 (4.1)159 (5.2)Iodinated contrast media

Outcomes

<.0017 (2-14)8 (4-14)Length of hospital stay (days), median (IQR)

<.001137 (21.5)201 (6.8)Death within 30 days after dischargef,g, n (%)

<.001247 (38.8)637 (21.7)Death within 1 year after dischargef,g, n (%)

aMAKE30: Major adverse kidney events within 30 days.
bRDW-CV: red blood cell distribution width-coefficient of variation.
cACEI: angiotensin converting enzyme inhibitor.
dARB: angiotensin Ⅱ receptor blocker.
eNSAID: non-steroidal anti-inflammatory drug.
fThere were 165 patients with missing postdischarge survival data.
gA total of 526 patients who died at hospital discharge or 30 days, whichever occurred first, were excluded.

Model Performance
Figure 2 shows the ROC curves of the model in the training set
and internal test set. The model exhibited good discrimination
on both datasets, with the AUROC being 0.868 (95% CI
0.852-0.881) and 0.823 (95% CI 0.798-0.846), respectively.
Figure 3 shows the calibration plots of the model in the training
set and internal test set. The Brier scores on the 2 datasets were
0.127 and 0.145, respectively. Notably, despite the lower Brier
score on the training set, the calibration plot exhibits pronounced
deviations from the diagonal, especially at higher probability
thresholds. In contrast, the calibration plot for the internal test
set appears to demonstrate more consistent alignment with the
ideal diagonal line across various probability ranges. Figure 4
shows the precision-recall curves of the model in the training
set and internal test set. The model achieved an AUPRC of
0.778 and 0.639 on the 2 datasets, respectively. Figure 5 shows

the decision curves of the model in the training set and internal
test set. When the threshold probability was between 0.06 and
0.97, the model improved clinical decision-making in the
training set. Similarly, within a narrower threshold probability
range of 0.09 to 0.76, the model improved clinical
decision-making in the internal test set. At the optimal cutoff
of 0.350, the model achieved a sensitivity of 67.5%, a specificity
of 82.5%, a PPV of 59.5%, and a NPV of 86.9% in the internal
test set (Table 2).

Multimedia Appendix 8 presents the performance of the
simplified model in the training set, the internal test set, and the
external test set. It includes ROC curves, calibration plots,
precision-recall curves, decision curves, and model performance
at the optimal cutoff. The simplified model achieved an AUROC
of 0.851 (95% CI 0.834-0.866) on the training set, 0.818 (95%
CI 0.792-0.843) on the internal test set, and 0.744 (95% CI
0.735-0.754) on the external test set.
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Figure 2. Receiver operating characteristic curves of the model in the training set (A) and internal test set (B). AUC: area under the curve.

Figure 3. Calibration plots of the model in the training set (A) and internal test set (B).
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Figure 4. Precision-recall curves of the model in the training set (A) and internal test set (B). AUC: area under the curve.

Figure 5. Decision curves of the model in the training set (A) and internal test set (B).
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Table 2. Model performance at the optimal cutoff in the training and internal test sets.

Internal test setTraining setPerformance metrics

0.3500.350Cutoff valuea

67.571.9Sensitivity (%)

82.586.6Specificity (%)

59.568.3PPVb (%)

86.988.5NPVc (%)

3.865.37PLRd

0.390.32NLRe

aThe optimal cutoff was determined by the receiver operating characteristic curve and the maximum Youden index (sensitivity + specificity – 1) in the
training set.
bPPV: positive predictive value.
cNPV: negative predictive value.
dPLR, positive likelihood ratio.
eNLR, negative likelihood ratio.

Model Interpretations
Figure 6 shows the SHAP summary plots of the model. The use
of vasopressors, requirement for mechanical ventilation,
increased blood urea nitrogen level, increased red blood cell
distribution width coefficient of variation, decreased serum

albumin level, elevated aspartate aminotransferase level, use of
antifungal drugs, and increased SCr level were identified as
important predictor variables associated with an increased risk
of MAKE30. Multimedia Appendix 9 provides the SHAP
dependence plots of the model that visualize how changes in
each variable can affect model output.

Figure 6. SHapley Additive exPlanations summary plot of the model. RDW-CV: red blood cell distribution width-coefficient of variation.

Sensitivity Analyses
Multimedia Appendix 10 shows the ROC curves of the model
and the simplified model in distinct age groups. In the internal

test set, the model achieved AUROCs of 0.827 (95% CI
0.786-0.862), 0.835 (95% CI 0.794-0.869), and 0.770 (95% CI
0.708-0.837) in patients aged <70 years, 70 to 80 years, and
≥80 years, respectively. When assessing the simplified model
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across distinct age groups in the external test set, its performance
exhibited overall stability.

Discussion

Principal Findings
This study showed that MAKE30 is common in hospitalized
older patients with AKI. The main deliverable of this study is
the development and validation of a machine learning–based
model to predict MAKE30, representing a pioneering effort to
address the critical need in this vulnerable population. The
XGBoost model (or its simplified version) achieved adequate
predictive performance in both internal and external validation.
The model could be a useful tool for prognostic assessment,
clinical decisionmaking, and the conduct of clinical trials
involving AKI.

A National Institute of Diabetes and Digestive and Kidney
Diseases Workshop recommended a composite of death,
provision of dialysis, or sustained loss of kidney function at a
discrete time point as a meaningful endpoint for trials [9]. This
endpoint was later expanded to be MAKE30, which occurred
at hospital discharge truncated at 30 days [34,35]. MAKE30
has been shown to be common, easily measurable, and a
promising endpoint for patients with AKI. Our study further
confirmed that MAKE30 is a prevalent endpoint among
hospitalized older patients with AKI, with its nonfatal
components being associated with long-term outcomes.

The prediction of MAKE30 is essential for risk stratification
and clinical management of hospitalized older patients with
AKI. While several prediction models for MAKE30 have been
developed, none specifically focus on this population. A recent
study developed a logistic regression model specifically for
predicting MAKE30 among critically ill adults [36]. Our
previous studies established machine learning–based models to
predict MAKE30 in hospitalized children with AKI [37] and
older patients in critical care [38]. To the best of our knowledge,
this study is the first to use machine learning algorithm to predict
MAKE30 in hospitalized older patients with AKI. This
demographic often experiences impaired recovery of kidney
function, resulting in significantly increased morbidity and
mortality. By developing a prediction model tailored to this
population, we aimed to enhance clinical outcomes and facilitate
more effective interventions. The model can be seamlessly
integrated into electronic medical record systems, assisting
health care providers in risk stratification and informed clinical
decision-making. In addition, in clinical trials involving AKI,
the model can identify high-risk groups that are more likely to
benefit from the intervention.

Compared with the existing studies, this study has several
strengths. First, by using state-of-the-art XGBoost machine
learning algorithm, our model represented a significant
advancement over previous studies that primarily relied on
clinical rationale and simpler statistical methods. XGBoost is
particularly effective due to its ability to process large amounts
of data and identify intricate patterns within complex datasets.
Its gradient boosting framework enhances predictive accuracy
by combining the strengths of multiple weak learners, leading

to more robust and reliable outcomes. Furthermore, XGBoost’s
flexibility allows for easy tuning of hyperparameters, enabling
us to optimize the model for our specific dataset and improve
its performance in predicting MAKE30 in hospitalized older
patients with AKI.

Second, this study used a larger sample size and conducted
external validation to evaluate the model’s performance.
Notably, the results of the external validation showed that the
simplified version of the model exhibited a gap of approximately
10% in AUROC between the training set and the external test
set. However, the performance of the simplified model on the
internal test set was comparable to that of the full model,
suggesting that the observed gap may be attributed to the use
of a different test set with distinct characteristics. Compared
with the training set, the external test set comprised critically
ill patients from various ethnic backgrounds and with distinct
patient characteristics and data quality. These findings
underscore the necessity for comprehensive testing across
diverse datasets to ensure the model’s reliability and
applicability in real-world settings. Another noteworthy
observation is that, although the Brier scores for both the training
and test data suggested acceptable calibration, a deeper
examination through visual inspection uncovered disparities.
Factors contributing to the observed discrepancies may include
overfitting during training, differences in underlying data
distributions, model complexity, or nuances in evaluation
methodology. Further investigation into the factors contributing
to the observed discrepancies is warranted.

Finally, this study delved into the interpretability of the model.
A major challenge in the clinical implementation of machine
learning is how to uncover its “black box” nature. Usually, data
come in and decisions go out, but the process between input
and output is opaque. The advantage of our study is the use of
SHAP method to explain the critical aspects of the data and
fully understand the model. The SHAP method identified
important predictor variables associated with the development
of MAKE30, which could allow early intervention of modifiable
factors to mitigate the risk of MAKE30. Another notable finding
is the nonlinear relationship between the predictor variables and
the risk of MEKE30, as shown in the SHAP dependence plots.
This relationship is often ignored by traditional regression
analysis, which requires a linearity between the independent
variables and the outcome.

Limitations
Our study has several limitations. First, the MIMIC-Ⅳ database
only contained data from critically ill patients admitted to the
ICU. Model performance awaits further validation in larger
samples of patients at different medical centers. Second, it
remains unclear whether the model will perform well in
individual prognostication and whether its clinical application
will improve patient prognosis. Thus, clinical impact studies
are needed to confirm the effectiveness of the model. Third, the
unavailability of preadmission SCr data could lead to the
omission of patients who could have been diagnosed with AKI,
that is, community-acquired AKI. Fourth, the urine output
criteria were not used to define AKI because hourly urine output
data were unavailable for most patients. Finally, the missForest
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method, as a single imputation method, might affect the SHAP
results by not considering sufficient variation for the imputation
of missing data.

Conclusions
MAKE30 is common in hospitalized older patients with AKI.
An interpretable machine learning XGBoost model was

developed and validated to predict MAKE30. The model
exhibited adequate predictive performance, which provides
opportunities for risk stratification, clinical decision-making,
and the conduct of clinical trials involving AKI. Future studies
are needed to support the robustness and clinical effectiveness
of the model.
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ROC: receiver operating characteristic
RRT: renal replacement therapy
SCr: serum creatinine
SHAP: SHapley Additive exPlanations
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Abstract

Background: Young gay, bisexual, and other men who have sex with men have been referred to as a “hard-to-reach” or “hidden”
community in terms of recruiting for research studies. With widespread internet use among this group and young adults in general,
web-based avenues represent an important approach for reaching and recruiting members of this community. However, little is
known about how participants recruited from various web-based sources may differ from one another.

Objective: This study aimed to determine how young gay, bisexual, and other men who have sex with men recruited from
various web-based sources differ from one another in terms of participant characteristics and study engagement.

Methods: Data were collected as part of a randomized controlled trial of Outsmart HPV, a web-based human papillomavirus (HPV)
vaccination intervention for young gay, bisexual, and other men who have sex with men. From 2019 to 2021, we recruited young
gay, bisexual, and other men who have sex with men in the United States who were aged 18-25 years and not vaccinated against
HPV (n=1227) through various web-based avenues. We classified each participant as being recruited from either (1) social media
(eg, Facebook, Instagram, Snapchat), (2) a dating app (eg, Grindr, Scruff), or (3) some other digital recruitment source (eg,
existing research panel, university-based organization). Analyses compared participants from these 3 groups on demographic
and health-related characteristics and metrics involving study engagement.

Results: Most demographic and health-related characteristics differed by web-based recruitment source, including race or
ethnicity (P<.001), relationship status (P<.001), education level (P<.001), employment status (P<.001), sexual self-identity
(P<.001), health insurance status (P<.001), disclosure of sexual orientation (P=.048), and connectedness to the LGBTQ (lesbian,
gay, bisexual, transgender, queer) community (P<.001) The type of device used by participants during study enrollment also
differed across groups, with smartphone use higher among participants recruited via dating apps (n=660, 96.6%) compared to
those recruited via social media (n=318, 78.9%) or other digital sources (n=85, 60.3%; P<.001). Participants recruited via social
media were more likely than those recruited via dating apps to complete follow-up surveys at 3 different timepoints (odds ratios
1.52-2.09, P=.001-.008). These participants also spent a longer amount of time viewing intervention content about HPV vaccination
(3.14 minutes vs 2.67 minutes; P=.02).
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Conclusions: We were able to recruit a large national sample of young gay, bisexual, and other men who have sex with men
for a web-based HPV vaccination intervention via multiple methodologies. Participants differed on a range of demographic and
health-related characteristics, as well as metrics related to study engagement, based on whether they were recruited from social
media, a dating app, or some other digital recruitment source. Findings highlight key issues and considerations that can help
researchers better plan and customize future web-based recruitment efforts of young gay, bisexual, and other men who have sex
with men.

Trial Registration: ClinicalTrials.gov NCT04032106; https://clinicaltrials.gov/study/NCT04032106

International Registered Report Identifier (IRRID): RR2-10.2196/16294

(J Med Internet Res 2025;27:e64668)   doi:10.2196/64668

KEYWORDS

study recruitment; gay and bisexual men; human papillomavirus; vaccination promotion; digital intervention; social media; dating
apps; recruitment; young adults; adolescents; gay; bisexual; men who have sex with men

Introduction

Human papillomavirus (HPV) is the most common sexually
transmitted infection in the United States [1], with infections
having the potential to cause multiple types of cancer (ie, anal,
oropharyngeal, and penile cancers) and genital warts in men
[2]. Gay, bisexual, and other men who have sex with men tend
to have higher rates of HPV infection and HPV-related disease
compared to other men [3-5]. Routine HPV vaccination is
currently recommended for those aged 11-12 years in the United
States, while also recommended for everyone through the age
of 26 years who has not already been vaccinated [6]. However,
a recent review paper suggests that fewer than 40% of young
gay, bisexual, and other men who have sex with men who are
age-eligible for HPV vaccination have received any doses of
the vaccine series [5]. In response, HPV vaccination
interventions for young gay, bisexual, and other men who have
sex with men have recently been developed to improve
knowledge and increase vaccination rates [7-10].

One issue central to these interventions is reaching and recruiting
young gay, bisexual, and other men who have sex with men as
study participants [11]. Gay, bisexual, and other men who have
sex with men have previously been referred to as a
“hard-to-reach” or “hidden” population for study recruitment
[12,13], and traditional recruitment approaches for this
community often included snowball sampling, use of
“gatekeeper” organizations associated with the community, and
venue-based recruitment at community events, health clinics,
or other settings [11,14,15]. These traditional approaches faced
recruitment challenges including potential participants not being
comfortable identifying as gay, bisexual, and other men who
have sex with men, lack of inclusive language in recruitment
materials, and concerns about stigmatization associated with
participation [11-13,15,16].

Web-based recruitment methods, including the use of social
media and dating apps, present an alternative approach that has
gained popularity for recruiting young gay, bisexual, and other
men who have sex with men [17-21]. Social media use is
ubiquitous among young adults in the United States, with nearly
all reporting prior use [22]. Further, about 80% of young gay,
bisexual, and other men who have sex with men report using a
dating app on at least a monthly basis [23]. Past studies have

shown that digital venues can successfully reach and recruit
large numbers of participants, including young gay, bisexual,
and other men who have sex with men, and that the content of
study advertisements on these platforms can affect recruitment
metrics [17,24-29]. Studies have also provided a great deal of
information about the costs associated with web-based
recruitment [24,28,29] and shown that participants recruited
via web-based methodologies are demographically different
from those recruited through more traditional approaches
[13,30-33]. For example, gay, bisexual, and other men who
have sex with men participants recruited via web-based
methodologies may differ in terms of age, race or ethnicity, and
socioeconomic status (eg, education level) compared to those
recruited via more traditional approaches [13,30-32].
Furthermore, a few studies have shown that gay, bisexual, and
other men who have sex with men participants tend to be more
diverse when multiple recruitment sources are used (eg, using
Facebook and Craigslist) [18,21].

Even with our current amount of knowledge about the digital
recruitment of young gay, bisexual, and other men who have
sex with men, important research gaps remain. One key area to
examine is how participants recruited from various web-based
sources (eg, social media vs dating apps) may differ from one
another. This is true not only for demographic characteristics
but also for participants’ study experience (eg, retention,
engagement with study content). The latter is particularly
relevant to studies that include the delivery of interventions or
involve longitudinal data collection. In this report, we address
these research gaps by analyzing data from Outsmart HPV, an
HPV vaccination intervention study that recruited young gay,
bisexual, and other men who have sex with men through various
web-based venues. Results will inform and help guide future
web-based recruitment efforts of young gay, bisexual, and other
men who have sex with men for research studies.

Methods

Participants
All data were collected as part of a randomized controlled trial
(RCT) of Outsmart HPV. The methods of the RCT have been
described previously [7] and are briefly summarized below. We
recruited a convenience sample of young gay, bisexual, and
other men who have sex with men via social media sites, dating
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apps, and other web-based avenues. Advertisements on these
digital platforms included a combination of images (eg, men in
the targeted age range) and brief text about the study (eg,
information about HPV, the study being web-based). Although
we standardized advertisement content where possible, some
content did differ across platforms due to varying advertisement
requirements and options (eg, amount of text allowed,
advertisement placement). For example, some of our
advertisements through dating apps featured content that was
sent directly to users’ in-app inboxes over a 24-hour period,
which was an approach that was not available across all
platforms.

Interested individuals were linked via advertisements to a
mobile-friendly project website to complete an eligibility
screener. Eligibility criteria included self-identifying as (1)
cisgender male; (2) aged 18-25 years; (3) either gay, bisexual,
or queer; ever having oral or anal sex with another male; or
being sexually attracted to other males; (4) living in the United
States; (5) not having received any doses of HPV vaccine; and
(5) not having previously participated in Outsmart HPV. Eligible
individuals provided informed consent and created a project
website account.

Participants next completed a baseline survey (“T1 survey”)
and were then immediately randomized using a 1:1:1 allocation
scheme to 1 of 3 study groups. The 3 study groups included 2
groups that received intervention content and 1 control group
[7]. Participants then viewed intervention content about HPV
vaccination on the project website, with participants in both
intervention groups viewing Outsmart HPV content about HPV
vaccination and participants in the control group viewing
standard information about HPV vaccination. After viewing the
intervention content, participants completed a second survey
(“T2 survey”). Additional follow-up surveys occurred 3 and 9
months later (“T3 survey” and “T4 survey,” respectively). All
study surveys were completed on the project website. A total
of 1227 participants were randomized from October 2019 to
June 2021.

Measures
The main independent variable for this report was the type of
web-based recruitment source, with each participant categorized
as being recruited from either: (1) social media (eg, Facebook,
Instagram, Snapchat); (2) a dating app (eg, Grindr, Scruff); or
(3) some other recruitment source (eg, existing research panel,
university-based organization).

The T1 survey collected information on a range of demographic
and health-related characteristics. This included participants’
disclosure of their sexual orientation (3 items; α=.77; possible
range 1-5) [34], concealment of their sexual orientation (3 items;
α=.75; possible range 1-5) [34], connectedness to the LGBTQ
(lesbian, gay, bisexual, transgender, queer) community (2 items;
α=.72; possible range 1-4), and electronic health literacy (4
items; α=.83; possible range 1-5) [35]. Items were coded so
that higher values indicate greater levels of a given construct.
We examined the type of device that participants used during
study enrollment, with each participant categorized as using
either a smartphone, tablet device, or a personal computer (eg,
desktop, laptop).

To examine study retention, we determined whether participants
completed the T2, T3, and T4 surveys. For each survey
separately, participants were categorized as having either
completed the survey or not completed the survey. Among
participants in the 2 intervention groups, we also examined
additional metrics of study engagement by calculating the total
amount of time (in minutes) spent viewing Outsmart HPV
content about HPV vaccination and the total number of logins
to the project website. Both of these metrics were winsorized
so that the top 10% of values were set to equal the value
corresponding to the 90th percentile.

Data Analysis
We first calculated descriptive statistics for all variables. We
examined differences by recruitment source in participants’
demographic and health-related characteristics and device type.
To make these comparisons, we used the Pearson chi-square
test for categorical dependent variables and 1-way ANOVA
(analysis of variance) for continuous dependent variables. We
made post hoc pairwise comparisons between the 3 web-based
recruitment source groups and used the Bonferroni adjustment
to account for multiple comparisons.

We then used regression models to examine differences by
recruitment source in study retention and other study
engagement metrics. Logistic regression models produced odds
ratios (ORs) and 95% CIs for completion of the T2, T3, and T4
surveys. Linear regression models produced standardized β
coefficients for the other study engagement metrics. The
recruitment source of dating apps served as the referent group
in regression models. These statistical tests were 2-tailed with
a critical α value of .05. Data were analyzed using R (version
4.2.1; R Foundation for Statistical Computing), and Stata
(version 15.0; StataCorp).

Ethical Considerations
The institutional review board at The Ohio State University
approved this study (IRB 2019C0028), and the RCT is registered
at ClinicalTrials.gov (NCT04032106). We based the reporting
of results for this manuscript on the Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE) guidelines
[36] since most of the included data were collected at baseline.
Informed consent was obtained from all participants, and all
data were deidentified. Participants could earn up to US $95 in
gift cards for completing study surveys.

Results

Participant Characteristics
Overall, 52.8% (n=648) of participants indicated a minoritized
racial or ethnic identity, 64.4% (n=790) were between 22 and
25 years of age, 69% (n=847) had at least some college
education, and 66.4% (n=815) self-identified as gay. Most
participants (n=974, 79.4%) had some form of health insurance,
but more than half (n=666, 54.3%) had not had a preventive
health visit in the prior year.

A total of 403 (32.8%) participants were recruited via social
media, 683 (55.7%) participants via dating apps, and 141
(11.5%) participants via other recruitment sources. Most
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demographic and health-related characteristics differed by
recruitment source (Table 1). Generally, a higher proportion of
participants recruited via dating apps reported a minoritized
racial or ethnic identity, were single and having sex or casually
dating, had less education, reported having sex with a male
partner in the past, and had public or no health insurance.
Conversely, a higher proportion of participants recruited via
social media indicated not being currently employed full-time
or part-time, self-identified as gay, and reported being
HIV-negative. Participants recruited via social media also
reported a higher level of connectedness to the LGBTQ
community and a higher level of disclosure of their sexual

orientation. Table 1 shows the results of all pairwise
comparisons.

The type of device used by participants during study enrollment
also differed by recruitment source (P<.001; Table 1).
Smartphone use was higher among participants recruited via
dating apps (n=660, 96.6%) compared to those recruited via
social media (n=318, 78.9%) or other web-based sources (n=85,
60.3%). Conversely, personal computer use was higher among
participants recruited via social media (n=81, 20.1%) or other
web-based sources (n=55, 39%) compared to those recruited
via dating apps (n=17, 2.5%).
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Table 1. Participant characteristics of young gay, bisexual, and other men who have sex with men in the United States by recruitment source for a

web-based human papillomavirus vaccination intervention, 2019-2021 (N=1227)a.

P valueTest
statistic

Other online sources
(n=141)

Dating app
(n=683)

Social media
(n=403)

Characteristics

Demographic characteristics

.391.9Age (years), n (%)

43 (30.5)250 (36.6)144 (35.7)18-21

98 (69.5)433 (63.4)259 (64.3)22-25

<.001b,c55.6Race or ethnicity, n (%)

24 (17)244 (35.7)84 (20.8)Hispanic

75 (53.2)280 (41)224 (55.6)Non-Hispanic White

14 (9.9)85 (12.5)30 (7.4)Non-Hispanic Black

28 (19.9)74 (10.8)65 (16.1)Another race or ethnicity

<.001b,c,d50.5Relationship status, n (%)

30 (21.3)83 (12.2)57 (14.1)Single and not having sex

62 (44)492 (72)239 (59.3)Single and having sex or casually dating

49 (34.8)108 (15.8)107 (26.6)In a relationship

<.001b,c38.0Education level, n (%)

29 (20.6)261 (38.2)90 (22.3)High school or less

112 (79.4)422 (61.8)313 (77.7)Some college or more

<.001b,d22.9Employment status, n (%)

105 (74.5)520 (76.1)253 (62.8)Employed full time or part time

36 (25.5)163 (23.9)150 (37.2)Other

.0612.1Region of residence, n (%)

25 (17.7)113 (16.5)90 (22.3)Northeast

33 (23.4)114 (16.7)77 (19.1)Midwest

48 (34)245 (35.9)136 (33.8)South

35 (24.8)211 (30.9)100 (24.8)West

<.001b,c,d40.2Sexual identity, n (%)

70 (49.7)449 (65.7)296 (73.5)Gay

47 (33.3)194 (28.4)76 (18.9)Bisexual

24 (17.0)40 (5.9)31 (7.7)Another identity

<.001b,c,d43.3Ever had sex with a male, n (%)

26 (18.4)24 (3.5)35 (8.7)No

115 (81.6)659 (96.5)368 (91.3)Yes

.051c5.9Sexually attracted to males, n (%)

9 (6.4)17 (2.5)12 (3.0)No

132 (93.6)666 (97.5)391 (97.0)Yes

<.001b,d29.32.3 (0.8)2.4 (0.9)2.7 (0.8)Connectedness to LGBTQe community, mean (SD)f

.048b3.93.1 (1.5)3.0 (1.6)3.3 (1.6)Disclosure of sexual orientation, mean (SD)g

.530.42.5 (1.1)2.7 (1.2)2.5 (1.2)Concealment of sexual orientation, mean (SD)h

Health-related characteristics
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P valueTest
statistic

Other online sources
(n=141)

Dating app
(n=683)

Social media
(n=403)

Characteristics

<.001b,c34.1Health insurance, n (%)

104 (73.8)379 (55.5)285 (70.7)Private insurance

19 (13.5)134 (19.6)53 (13.2)Public insurance

18 (12.8)170 (24.9)65 (16.1)None or do not know

.720.7Last preventive health visit, n (%)

68 (48.2)306 (44.8)187 (46.4)Within the last year

73 (51.8)377 (55.2)216 (53.6)More than a year ago

.02b7.7HIV status, n (%)

133 (94.3)638 (93.4)392 (97.3)Negative

8 (5.7)45 (6.6)11 (2.7)Positive

.102.83.9 (0.8)3.9 (0.8)4.0 (0.7)Electronic health literacy, mean (SD)i

Device information

<.001b,c,d175.9Device type, n (%)

85 (60.3)660 (96.6)318 (78.9)Smartphone

1 (0.7)6 (0.9)4 (1)Tablet device

55 (39)17 (2.5)81 (20.1)Personal computer

aDue to rounding, percentages may not total 100%. Totals may not equal N=1227 due to missing data. Reported test statistics and P values are from
Pearson chi-square test for categorical variables and 1-way ANOVA (analysis of variance) for continuous variables. Superscript letters b, c, and d
indicate statistically significant differences of post hoc pairwise comparisons using the Bonferroni adjustment to account for multiple comparisons.
bSocial media compared to dating app.
cDating app compared to other web-based source.
dSocial media compared to other web-based sources.
eLGBTQ: lesbian, gay, bisexual, transgender, queer.
f2-item scale; items had a 4-point response scale ranging from 1=“not at all” to 4=“a lot.”
g3-item scale; items had a 5-point response scale ranging from 1=“none” to 5=“all.”
h3-item scale; items had a 5-point response scale ranging from 1=“never” to 5=“always.”
i4-item scale; items had a 5-point response scale ranging from 1=“strongly disagree” to 5=“strongly agree.”

Study Engagement
Participant retention overall was 90% for the T2 survey
(n=1001), 70% for the T3 survey (n=858), and 69% for the T4
survey (n=842). Compared to participants recruited via dating
apps, retention was higher among participants recruited via
social media for the T2 survey (94% vs 87%; OR 2.09, 95% CI
1.32-3.30), the T3 survey (75% vs 66%; OR 1.52, 95% CI
1.15-2.00), and the T4 survey (75% vs 65%; OR 1.66, 95% CI
1.26-2.19; Figure 1). There were no statistically significant
differences in retention for participants recruited via other
web-based sources.

Among participants in the 2 intervention groups (n=815), the
average amount of time spent viewing intervention content
about HPV vaccination was 2.83 minutes. Participants recruited
via social media spent a longer amount of time viewing this
content compared to those recruited via dating apps (3.14
minutes vs 2.67 minutes; 95% CI 0.03-0.33; P=.02; Table 2).
The average number of project website logins was 4.94, and
there were no differences in the number of logins by recruitment
source (P=.83 for social media, P=.54 for other web-based
sources; Table 2).
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Figure 1. Survey retention of young gay, bisexual, and other men who have sex with men in the United States by recruitment source for a web-based
human papillomavirus vaccination intervention (N=1227). Error bars represent SE.

Table 2. Study engagement of young gay, bisexual, and other men who have sex with men in the United States by recruitment source for a web-based

human papillomavirus vaccination intervention (n=815)a,b.

Number of project website log-insTime spent on intervention content (minutes)

β (95% CI)Mean (SD)β (95% CI)Mean (SD)

Reference4.98 (2.40)Reference2.67 (2.44)Dating app

–0.02 (–0.17 to 0.13)4.94 (2.42)0.18b (0.03-0.33)3.14 (2.80)Social media

–0.07 (–0.29 to 0.15)4.81 (2.17)0.02 (–0.20 to 0.25)2.74 (2.56)Other web-based sources

aTable reports data for the 815 participants in the 2 intervention groups. β represents standardized regression coefficients from linear regression models.
bStatistically significant at the α=.05 level.

Discussion

Principal Results
With digital methodologies becoming increasingly popular for
recruiting young gay, bisexual, and other men who have sex
with men for research studies, [17-21] it is important to examine
if different web-based recruitment sources yield varying types
of participants. The Outsmart HPV study provided an
opportunity to address this research topic by recruiting a national
sample of young gay, bisexual, and other men who have sex
with men through multiple web-based sources, and there are 2
main findings. First, most of the demographic and health-related
characteristics examined differed by recruitment sources.
Participants recruited via social media tended to be less diverse
(eg, race or ethnicity, sexual self-identity), of higher
socioeconomic status (eg, education level, health insurance
status), and have higher levels of outness (eg, disclosure of
sexual orientation, connectedness to the LGBTQ community)
compared to participants recruited via dating apps. This pattern
differs from a past study that found participants recruited from
a social media site (Facebook) were highly similar to those
recruited from a dating app (Grindr) in terms of race or ethnicity
[18]. Interestingly, the characteristics of participants recruited
via social media in our study better align with the characteristics
of other national samples of young gay, bisexual, and other men

who have sex with men and the larger gay, bisexual, and other
men who have sex with men community in the United States
than participants recruited via dating apps in our study [37-40].
A potential explanation for this pattern is that users of dating
apps tend to be more demographically diverse compared to the
general population [41]. Interestingly, some characteristics (eg,
socioeconomic status) of participants that were recruited via
social media for our study were more comparable to gay,
bisexual, and other men who have sex with men recruited
through in-person venues in past research than via dating apps
in our study [42].

Second, study engagement also differed by recruitment source.
Participants who were recruited via dating apps tended to
interact less with study content and were less likely to complete
follow-up surveys compared to participants recruited via social
media. This may be attributable to users of dating apps having
an emphasis on immediate gratification [43] and impulsivity
[44] as a justification for their app usage (and study enrollment),
which in turn may affect their awareness of and interest in
engaging with study content and completing study-related
activities (eg, follow-up surveys). Related, given that dating
app users are more impulsive than nonusers, [44] young gay,
bisexual, and other men who have sex with men who use dating
apps might experience an initial interest in joining a research
study and earning an initial study incentive. However, interest
in completing study-related activities at later timepoints may

J Med Internet Res 2025 | vol. 27 | e64668 | p.270https://www.jmir.org/2025/1/e64668
(page number not for citation purposes)

Marshall et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


not be as strong as their general preference for some level of
anonymity [45] might dissuade them from wanting to continue
discussing their health behaviors (eg, sexual history, vaccination
status).

We think these 2 main findings can help researchers better plan
and customize future digital recruitment efforts of young gay,
bisexual, and other men who have sex with men by highlighting
key issues and considerations. For example, researchers will
now be able to better anticipate how the selection of web-based
recruitment sources may affect the representativeness and
diversity (and the potential balance between the two) of their
study sample. Recruiting through social media may lead to a
sample of participants that better reflect the larger young gay,
bisexual, and other men who have sex with men population in
the United States, but dating apps may be more effective in
reaching more diverse young gay, bisexual, and other men who
have sex with men, including those from communities that are
often underrepresented in research studies [46]. Recruitment
goals differ across studies in terms of representativeness and
diversity, and our data on differences in demographic and
health-related characteristics can help inform future efforts.
Furthermore, studies involving interventions and/or longitudinal
data collection should consider how various web-based
recruitment sources can impact study retention and participants’
engagement with study content. Some studies may want to
maximize participant retention and engagement (ie, suggesting
that recruitment primarily through social media may be
appropriate), whereas other studies may be willing to have
slightly lower study engagement metrics in exchange for being
able to include additional recruitment sources, such as dating
apps. Future studies that do include recruitment from dating
apps may also want to consider prioritizing brief study-related
activities and other strategies to promote engagement.

One final implication involves the types of devices that were
used by participants in our study. Overall, a majority of
participants used a smartphone to enroll in the study, including
nearly all participants who were recruited via dating apps. This
pattern is similar to national data showing that young adults use
smartphones much more frequently than other device types
[47,48]. Thus, it is important that future digital interventions
and other research studies for young adults, including young
gay, bisexual, and other men who have sex with men, ensure
that study content and data collection instruments are optimized
for use on smartphones. For example, to increase usability, it
has been suggested that the interface of smartphone-based
interventions have a minimal number of screens, limited manual
data entry, limited pop-ups and notifications, and personal
identification number-based entry (as compared to full
passwords). The content of such interventions should be succinct
with easy-to-read graphics [49]. Data collection instruments
(eg, surveys) should have limited open-ended questions and

different “pages” in the survey, rather than having participants
scroll through one continuous page. Lastly, and perhaps most
generally, mobile surveys should be pilot-tested prior to the
start of data collection activities [50]. As smartphone usage
continues to be a common approach for participants enrolling
in and interacting with digital interventions, such
recommendations can help optimize intervention delivery and
data collection.

Limitations
Although we were able to compare different groupings of
web-based recruitment sources, we were not able to examine
potential differences between individual platforms (eg, Facebook
vs Twitter vs Grindr) due to modest sample sizes for some of
the platforms. These sample sizes also did not allow us to
examine how differences between recruitment sources may have
changed over time during the recruitment period for our study.
Examining potential differences between individual platforms
and potential temporal changes are important areas for future
research. Our recruitment focused on the social media and dating
apps that were among the most popular among young adults in
the United States around the time of the start of our study
[51,52]. It is likely that the use and popularity of various
platforms will evolve over time, and future efforts should
examine new and emerging platforms. We were not able to
examine advanced metrics related to recruitment efficiency and
cost due to a lack of available data. However, past studies have
reported such information for various web-based platforms
[17,27]. Study recruitment occurred both prior to and during
the COVID-19 pandemic, and it is not known how the pandemic
may have affected the interest of young gay, bisexual, and other
men who have sex with men to enroll in a study focusing on
vaccination (which would subsequently affect the characteristics
of study participants). Fraudulent accounts with inaccurate
self-reported data occur in digital studies, but we used several
recommended strategies for detecting such accounts and
minimizing this risk [53,54].

Conclusions
We were able to recruit a large national sample of young gay,
bisexual, and other men who have sex with men for an HPV
vaccination intervention via multiple web-based methodologies.
Participants differed on a range of demographic and
health-related characteristics based on whether they were
recruited from social media, a dating app, or some other
web-based recruitment source. Study retention and engagement
with study content also differed by web-based recruitment
source. These findings and patterns highlight key issues and
potential tradeoffs that can help researchers better plan and
customize future web-based recruitment efforts of young gay,
bisexual, and other men who have sex with men.
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Abstract

Background: Recruiting and retaining participants in pediatric research has always been challenging, particularly in healthy
populations and remote areas, leading to selection bias and increased health disparities. In the digital age, medical research has
been transformed by digital tools, offering new opportunities to enhance engagement in clinical research. However, public
perspectives on digitalizing pediatric research and potential differences between urban and suburban areas remain unclear.

Objective: This study aimed to investigate public perspectives on digitalizing pediatric research and compare differences
between urban and suburban areas to help diversify participants and address health disparities.

Methods: A cross-sectional web-based survey targeting caregivers of kindergarten children (aged 2-7 years) in Chongqing was
conducted between June and December 2023. A total of 4231 valid questionnaires were analyzed, with 25.1% (n=1064) of the
children residing in urban areas and 74.9% (n=3167) in suburban areas. Descriptive statistics and intergroup comparisons were
used for data analysis.

Results: Approximately 59.8% (n=2531) of the caregivers had first impressions of pediatric research, with 36.9% (n=1561)
being positive and 22.9% (n=970) being negative. A total of 38.3% (n=1621) of caregivers recognized the growing popularity
of digital tools, and 36.7% (n=1552) supported their use in pediatric research, but only 25.2% (n=1068) favored online-only
research methods. The main concerns regarding the use of software in pediatric research were privacy issues (n=3273, 77.4%)
and potential addiction (n=2457, 58.1%). Public accounts of research institutions (n=3400, 80.4%) were the most favored for
online recruitment. Telephones (1916/3076, 62.3%) and social media apps (1801/3076, 58.6%) were the most popular for regular
contact. Intergroup comparisons revealed that suburban caregivers had more positive first impressions of pediatric research (38.6%
vs 32%; P<.001; adjusted odds ratio [aOR] 1.27, 95% CI 1.09-1.47) and faced fewer participation barriers: “worry about being
an experimental subject” (70.9% vs 76.6%; P<.001; aOR 0.79, 95% CI 0.67-0.93), “pose a risk to children’s health” (58.6% vs
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67.8%; P<.001; aOR 0.71, 95% CI 0.61-0.83), “do not have enough background information” (55.2% vs 61.6%; P<.001; aOR
0.78, 95% CI 0.67-0.89), and “worry about recommending other products” (48.2% vs 55%; P<.001; aOR 0.78, 95% CI 0.67-0.89).
They also showed greater support for online-only research methods (26% vs 22.9%; P=.045; aOR 1.19, 95% CI 1.01-1.41) and
greater openness to unofficial online recruitment sources (social media friends: 24.7% vs 18.9%; P<.001; aOR 1.33, 95% CI
1.11-1.59; moments on social media: 15.5% vs 11.1%; P<.001; aOR 1.35, 95% CI 1.09-1.67).

Conclusions: In the digital age, enhancing recruitment and retention in pediatric research can be achieved by integrating both
official and unofficial social media strategies, implementing a hybrid online-offline follow-up approach, and addressing privacy
concerns.

(J Med Internet Res 2025;27:e60324)   doi:10.2196/60324

KEYWORDS

pediatrics; pediatric research; digital health; public opinion; research; patient participation; urban; rural; caregiver attitudes; social
media; mobile phone

Introduction

Recruitment and retention in pediatric research have consistently
posed challenges [1-3]. In the United States, pediatric
randomized clinical trials are often discontinued or unpublished,
with patient recruitment difficulties (37%) being the primary
reason [4]. Our experiences further corroborate this trend. For
instance, in a cross-sectional hospital-based survey, we recruited
only 65.8% of the caregivers [5]. Similarly, in a longitudinal
study on the growth of critically ill children after liver
transplantation, follow-up was completed for only 68.6% of the
children one year after the procedure [6]. Recruitment and
retention challenges frequently prevent studies from achieving
their preset objectives, resulting in inefficiency and wasted
personnel and financial resources.

While traditional research has focused on children with evident
illnesses, emerging concerns such as overweight, internet
addiction, and emotional or behavioral issues [7-10] highlight
the importance of studying seemingly healthy children [11-13].
However, recruiting and retaining healthy children for research
is more challenging than for those with specific diseases, as
shown by pediatric reference interval studies [14]. Additionally,
children in remote areas are frequently underrepresented in
research [15-17], leading to selection bias and exacerbating
health disparities. In China, geographical location has been a
primary longstanding contributor to child health inequity [18].
Therefore, researchers need to devise strategies to address these
challenges to meet the increasing demands of pediatric research.
In this context, obtaining participants’ perspectives by seeking
their opinions may provide more practical solutions.

Caregivers, typically parents, are key decision makers regarding
younger children’s participation in research [19]. Numerous
studies have examined parental decision-making in enrolling
children in pediatric research, primarily focusing on traditional
research methods [20-27]. In the digital age, medical research
has been significantly transformed by digital tools and the
process of digitalization [28,29]. Digital medicine has created
new opportunities to enhance engagement in clinical research,
especially in healthy populations and remote areas, which
improves health outcomes for participants [30-32]. This study
investigated public perspectives on pediatric research in the
digital age and examined potential differences between urban
and suburban areas. The goal was to provide insights to advance

the digitalization of pediatric research, which may diversify the
pool of participants and address health disparities among
children.

Methods

Study Design and Participants
This study was a cross-sectional, web-based questionnaire
survey. The study targeted caregivers of kindergarten children
in Chongqing, a municipality in southwestern China, with a
total of 12.58 million households and 995,239 kindergarten
children. Chongqing is divided into urban and suburban areas
based on geographical location and development level, with
3.07 million (23.9%) households in urban areas and 9.79 million
(76.1%) in suburban areas [33]. Kindergarten children are
typically between 3 and 6 years old, with exceptions depending
on individual circumstances [34]. The inclusion criteria for
kindergarten children were (1) residency in Chongqing, (2)
kindergarten attendance, (3) aged 2 to 7 years, and (4) voluntary
completion of the questionnaire by the caregiver. The exclusion
criteria were (1) failure to pass validation questions, (2) logical
errors in responses, and (3) self-reported lack of seriousness in
answering.

Ethical Considerations
This study was approved by the Ethics Committee of the
Children’s Hospital of Chongqing Medical University (Protocol
#2023-236), with informed consent signatures waived. The
collected data were anonymized, and no compensation was
given.

Reporting Guidelines
The CHERRIES (Checklists for Reporting Results of Internet
E-Surveys) and STROBE (Strengthening the Reporting of
Observational Studies in Epidemiology) guidelines were
followed for reporting the results [35,36].

Research Outcomes and Measurements
The primary outcome of this study was public perspectives on
pediatric research, with differences between urban and suburban
areas as the secondary outcome. These perspectives were divided
into 4 key categories: “Facilitators and Barriers to Participation,”
“Perspectives on Digital Medicine,” “Perspectives on
Recruitment,” and “Perspectives on the Research Process.” Each
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category comprised single-choice and multiple-choice questions
designed to collect data. In the intergroup comparison,
participants were classified as urban or suburban (exposure)
based on their responses to a residential address question
(Multimedia Appendix 1).

Development of the Questionnaire
The questionnaire was initially developed and refined based on
the literature and clinical experience [20-27,37-39], then revised
and culturally adapted by 7 pediatric doctors with diverse
professional backgrounds (see Acknowledgments). The final
version was converted to a web-based format using “Lediaocha,”
a web-based survey platform, with 50 mandatory questions
spread across 4 pages. Of these, 11 questions focused on general
characteristics, while the rest investigated perspectives on
pediatric research, particularly digital medicine. To ensure data
reliability, one question on caregivers’ roles was repeated at the
beginning and end of the questionnaire, along with a
self-assessment query on response seriousness before
submission. Participation was voluntary, anonymous, and
accessible through WeChat (Tencent) on smartphones. Device
IDs were recorded to prevent duplicate entries. When caregivers
started answering, the system marked them as “in progress.”
Although it was technically feasible to save “in progress”
answers automatically, ethical concerns led to a decision not to
do so, as these were not final submissions. The process of
developing questionnaires and the methodological considerations
for web-based surveys followed our team’s established practices
[40].

Determination of the Sample Size
Due to the lack of a clear sample size calculation method for
multioutcome survey studies, we used the estimation method
from quality-of-life studies, which suggests 5-10 questionnaires
per question [41]. Therefore, with 50 questions, a minimum of
500 questionnaires were required. To mitigate potential selection
bias [42], the minimum sample size was doubled to 1000.
Further calculations took into account the number of households
in Chongqing, with questionnaires planned to be collected at a
1:3 ratio between urban and suburban areas. As a result, a total

of 4000 questionnaires were needed, with at least 1000 from
urban areas and 3000 from suburban areas. Given the possibility
of a high invalid response rate (approximately 50%) in public
surveys [43], at least 8000 households were estimated to be
needed. This sample size represented 0.4% of the entire
population of kindergarten children in Chongqing, placing the
sampling ratio between the national population dynamics survey
(0.1%) and the sample survey (1%). Finally, the actual
proportions of recruited participants from urban and suburban
areas were 25.1% and 74.9%, respectively, which is consistent
with the planned sample distribution.

Survey Process
The survey was conducted between June and December 2023.
Prior to the official launch, a pilot test with 50 participants was
conducted to validate the survey process. A flexible survey was
then conducted in urban and suburban areas over 20 days to
accommodate different kindergarten schedules. The
questionnaire was distributed to kindergartens and forwarded
to caregivers, ensuring that recruitment focused on the target
audience and minimized nontarget responses. Forwarding
questionnaires by kindergarten teachers was not mandatory.
Caregivers could view a short introduction and an anonymous,
voluntary declaration of the study on the questionnaire
homepage to avoid any sense of obligation. After the survey,
researchers downloaded and saved the data from the cloud
servers and then removed them from the cloud.

Data Processing
The collected questionnaires were assessed for adherence to the
inclusion and exclusion criteria. Specifically, 8600 online visits
were documented during the survey, with 8266 (96.1%)
identified as unique after eliminating duplicates. Among the
visitors, 6834 started the questionnaire (response rate of 82.7%),
and 5530 completed it (completion rate of 66.9%). After
unreliable and nontarget questionnaires were excluded, 4231
questionnaires were ultimately analyzed (inclusion rate of
76.5%), representing 0.43% of the entire population of
kindergarten children (Figure 1).

Figure 1. The inclusion and exclusion process.
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Statistical Analysis
Data analysis was performed using SPSS (version 25; IBM
Corp). Qualitative data are presented as frequencies
(percentages), while quantitative data are presented as medians
(IQRs) after tests for normality. Intergroup comparisons were
conducted using chi-square and Mann-Whitney tests.
Multivariate logistic regression was used to adjust for potential
confounders, including child age and sex, caregiver age, role,
education level, and family size, when examining the
relationship between region (independent variable) and public
perspectives (outcome variables). Stepwise methods were not
applied (Multimedia Appendix 2). The results of the logistic
regression are presented as adjusted odds ratios (aORs) with
95% CIs. A P value less than .05 was considered statistically
significant.

Results

General Characteristics
Table 1 presents the general characteristics of the children and
caregivers. Among the children, 1064 (25.1%) resided in urban
areas, while 3167 (74.9%) children were from suburban areas.
Most children (n=3774, 89.2%) had never participated in
pediatric research, while only 7.7% (n=326) and 5.4% (n=230)
had taken part in offline and online research, respectively.
Interestingly, suburban children had a greater proportion of
online research participation than urban children (6% vs 3.9%;
P=.008). Among the caregivers, 3547 (83.8%) were mothers,
2334 (55.2%) had an education level of senior high school or
below, and 2297 (54.3%) lived in households with 4 or fewer
members.

Table 1. General characteristics of the children and caregivers.

P valueSuburbanUrbanOverallGeneral characteristics

<.0014.9 (4.2-5.7)4.6 (4.0-5.5)4.8 (4.1-5.6)Age of the children (years), median (IQR)

.44Sex of the children, n (%)

1633 (51.6)534 (50.2)2167 (51.2)Male

1534 (48.4)530 (49.8)2064 (48.8)Female

.19254 (8)72 (6.8)326 (7.7)Ever participated in offline pediatric research, n (%)

.008189 (6)41 (3.9)230 (5.4)Ever participated in online pediatric research, n (%)

.8132 (29-36)33 (30-36)33 (29-36)Age of the caregivers (years), median (IQR)

.005Role of the caregivers, n (%)

2626 (82.9)921 (86.6)3547 (83.8)Mother

541 (17.1)143 (13.4)684 (16.2)Father or others

<.001Education levels of the caregivers, n (%)

1879 (59.3)455 (42.8)2334 (55.2)Senior high school or below

1288 (40.7)609 (57.2)1897 (44.8)College or above

<.001Number of people in the family, n (%)

1590 (50.2)707 (66.4)2297 (54.3)2-4 people

1577 (49.8)357 (33.6)1934 (45.7)≥5 people

Facilitators and Barriers to Participation
When questioned about their perspectives on research
participation, 2531 (59.8%) caregivers expressed their first
impressions, with 1561 (36.9%) caregivers inclined to participate
and 970 (22.9%) caregivers inclined to decline. Suburban
caregivers had more positive impressions than urban caregivers
(38.6% vs 32%; P<.001; aOR 1.27, 95% CI 1.09-1.47).
Additionally, caregivers with positive impressions reported
higher rates of both offline (14.2% vs 2.9%; P<.001) and online
(9.8% vs 2.7%; P<.001) research participation compared to
those with negative impressions.

Table 2 presents the facilitators and barriers to participation,
with most facilitators reporting rates lower than the barriers.
The most significant facilitator was “be beneficial for children’s
health” (n=3579, 84.6%), which was more common among
urban caregivers (87.5% vs 83.6%; P<.001; aOR 1.45, 95% CI

1.17-1.79). Interestingly, although “be suggested by close
people” was deemed less important (n=635, 15%), it had a
higher rate among suburban caregivers (16.2% vs 11.5%;
P<.001; aOR 1.47, 95% CI 1.18-1.79). On the other hand, the
most significant barriers were “worry about being an
experimental subject” (Guinea pig concerns: n=3060, 72.3%)
and “pose a risk to children’s health” (n=2577, 60.9%). These
barriers reflected a general apprehension about potential health
risks. Furthermore, suburban caregivers had lower reporting
rates for most barriers than urban caregivers, including “worry
about being an experimental subject” (70.9% vs 76.6%; P<.001;
aOR 0.79, 95% CI 0.67-0.93), “pose a risk to children’s health”
(58.6% vs 67.8%; P<.001; aOR 0.71, 95% CI 0.61-0.83), “do
not have enough background information” (55.2% vs 61.6%;
P<.001; aOR 0.78, 95% CI 0.67-0.89), and “worry about
recommending other products” (48.2% vs 55%; P<.001; aOR
0.78, 95% CI 0.67-0.89).
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Table 2. Facilitators and barriers to pediatric research participation.

P valueSuburban, n (%)Urban, n (%)Overall, n (%)Questions about facilitators and barriers

Facilitators

<.001a2648 (83.6)931 (87.5)3579 (84.6)Be beneficial for children’s health

.691083 (34.2)371 (34.9)1454 (34.4)Trust the hospital and researchers

.781051 (33.2)358 (33.6)1409 (33.3)Acknowledge the importance of research

.75894 (28.1)295 (27.7)1189 (28.1)Increase contact with doctors

.003a816 (25.8)323 (30.4)1139 (26.9)Have small burden on the participants

.90783 (24.7)261 (24.5)1044 (24.7)Be driven by altruism

<.001a513 (16.2)122 (11.5)635 (15)Be suggested by close people

.81290 (9.2)100 (9.4)390 (9.2)Have economic subsidies

Barriers

<.001a2245 (70.9)815 (76.6)3060 (72.3)Worry about being an experimental subject

<.001a1856 (58.6)721 (67.8)2577 (60.9)Pose a risk to children’s health

<.001a1749 (55.2)655 (61.6)2404 (56.8)Do not have enough background information

.021579 (49.9)574 (53.9)2153 (50.9)Worry about personal privacy

<.001a1527 (48.2)585 (55)2112 (49.9)Worry about recommending other products

.011253 (39.6)468 (44)1721 (40.7)Refuse procedures like venipuncture

.20812 (25.6)294 (27.6)1106 (26.1)Cause disagreements among family members

.93602 (19)201 (18.9)803 (19)Affect the purchase of medical insurance

aConfirmed by multivariate logistic regression that adjusted general characteristics (Multimedia Appendix 2).

Perspectives on Digital Medicine
When questioned about digital medicine (Table 3), 36.4%
(n=1542) of caregivers reported following online health-related
accounts, while 38.4% (n=1626) had used online information
for health-related decisions. Additionally, 38.3% (n=1621) and
36.7% (n=1552) of caregivers recognized the increasing
popularity of digital tools in future health care practices and
supported their integration into pediatric research. Nearly half
of caregivers (n=2073, 49%) were willing to collect data daily
using digital tools, and 61.7% (n=2610) supported the use of

gamification in pediatric research. However, only 25.2%
(n=1068) of caregivers supported online-only research methods,
with slightly more support from suburban caregivers (26% vs
22.9%; P=.045; aOR 1.19, 95% CI 1.01-1.41). When asked
about concerns regarding smartphone data collection software,
privacy was the main issue (n=3273, 77.4%), followed by
concerns about potential software addiction (n=2457, 58.1%).
Multivariate logistic regression revealed privacy concerns as
the barrier to supporting digital tools in pediatric research (aOR
0.61, 95% CI 0.52-0.71).
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Table 3. Perspectives on digital medicine.

P valueSuburban, n (%)Urban, n (%)Overall, n (%)Questions about digital medicine

.101132 (35.7)410 (38.5)1542 (36.4)Have followed online health-related accounts

<.001a1299 (41)327 (30.7)1626 (38.4)Can use online information to make health-related decisions

.811210 (38.2)411 (38.6)1621 (38.3)Knowing that digital tools will become popular in future health care
practices

.181180 (37.3)372 (35)1552 (36.7)Support digital tools in pediatric research

.091930 (60.9)680 (63.9)2610 (61.7)Support gamification of pediatric research

.045a824 (26)244 (22.9)1068 (25.2)Support online-only research methods

.0081589 (50.2)484 (45.5)2073 (49)Be willing to use digital tools daily to collect data

Concerns about using smartphone software in research

.007a2418 (76.3)855 (80.4)3273 (77.4)Personal privacy issues

.391851 (58.4)606 (57)2457 (58.1)Possible addiction of the tools

.141595 (50.4)564 (53)2159 (51)Transparency of data

.131391 (43.9)439 (41.3)1830 (43.3)Health impacts of the tools (such as radiation)

.921098 (34.7)367 (34.5)1465 (34.6)Possible expenses

.90959 (30.3)320 (30.1)1279 (30.1)Ease of use

aConfirmed by multivariate logistic regression that adjusted general characteristics (Multimedia Appendix 2).

Perspectives on Recruitment
Regarding recruitment (Table 4), 39.4% (n=1666) and 39.5%
(n=1670) of caregivers expressed interest in reviewing
recruitment information presented offline and online,
respectively. Only 930 (22%) caregivers reported they would
check both online and offline recruitment information. Notably,
a greater proportion of suburban caregivers preferred checking
offline recruitment information (41.2% vs 34%; P<.001; aOR
1.28, 95% CI 1.11-1.49). Additionally, 42.9% (n=1813) of
caregivers expressed doubts about the reliability of online
recruitment, while 58.1% (n=2457) doubted that research
participation through online recruitment would lead to different
treatments compared to offline methods.

When questioned about preferences, caregivers indicated that
doctors with senior titles (n=2157, 51%) and specific researchers
(n=2053, 48.5%) were the preferred recruiters, together
accounting for 70.8% (n=2996) of caregivers. Research
institution public accounts (n=3400, 80.4%) were the most
favored source of online recruitment, with higher preferences
among urban caregivers (85.9% vs 78.5%; P<.001; aOR 1.62,
95% CI 1.33-1.97). Although social media friends (n=984,
23.3%) and moments (n=608, 14.4%) were less popular sources
for online recruitment, they were more frequently reported by
suburban caregivers (friends: 24.7% vs 18.9%; P<.001; aOR
1.33, 95% CI 1.11-1.59; moments: 15.5% vs 11.1%; P<.001;
aOR 1.35, 95% CI 1.09-1.67). Finally, the majority of caregivers
(n=2963, 70%) preferred cartoon-style recruitment
advertisements.
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Table 4. Perspectives on recruitment.

P valueSuburban, n (%)Urban, n (%)Overall, n (%)Questions about recruitment

.472649 (83.6)900 (84.6)3549 (83.9)Know that informed consent is required before beginning

<.001a1304 (41.2)362 (34)1666 (39.4)Be willing to review offline recruitment information

.391262 (39.8)408 (38.3)1670 (39.5)Be willing to review online recruitment information

.201339 (42.3)474 (44.5)1813 (42.9)Doubt the reliability of online recruitment information

.291854 (58.5)603 (56.7)2457 (58.1)Believe that the treatment between online and offline recruitment is differ-
ent

Preferred role of recruiter

.641608 (50.8)549 (51.6)2157 (51)Doctors (senior title)

.011501 (47.4)552 (51.9)2053 (48.5)Specific researchers

.38598 (18.9)188 (17.7)786 (18.6)Medical students

.10329 (10.4)130 (12.2)459 (10.8)Doctors (ordinary title)

.88219 (6.9)75 (7)294 (6.9)Nurses

Preferred source of online recruitment information

<.001a2486 (78.5)914 (85.9)3400 (80.4)Public accounts of research institutions

<.001a783 (24.7)201 (18.9)984 (23.3)Friends on social media

<.001a490 (15.5)118 (11.1)608 (14.4)Moments on social media

.602211 (69.8)752 (70.7)2963 (70)Prefer cartoon version of the recruitment information

aConfirmed by multivariate logistic regression that adjusted general characteristics (Multimedia Appendix 2).

Perspectives on the Research Process
When questioned about the research process (Table 5), 1445
(34.2%) caregivers reported that they knew they could withdraw
from the study, and 79.8% (n=1153) of them would consult
with the research team before doing so. Regarding follow-up,
3076 (72.7%) caregivers reported that regular contact was
necessary. Telephones (n=1916, 62.3%) were the preferred
method, followed by social media apps (n=1801, 58.6%). Social
media apps were more common among urban participants

(64.7% vs 56.4%; P<.001; aOR 1.39, 95% CI 1.17-1.65). For
research feedback, 4017 (94.9%) caregivers expressed
willingness to receive it, with social media apps (n=2624,
65.3%) being the preferred method, followed by email (n=2535,
63.1%). Additionally, we questioned at the beginning and end
of the questionnaire whether caregivers were willing to provide
phone numbers in anonymous surveys; a total of 3065 (72.4%)
caregivers expressed willingness in offline surveys, a rate
significantly higher than that in online surveys (72.4% vs 43.4%;
P<.001).
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Table 5. Perspectives on the research process.

P valueSuburban, n (%)Urban, n (%)Overall, n (%)Questions about research process

.851079 (34.1)366 (34.4)1445 (34.2)Know that withdrawing midway is unconditionally allowed

.23853 (79.1)300 (82.0)1153 (79.8)Would discuss with the research team before withdrawing

.362291 (72.3)785 (73.8)3076 (72.7)Believe that regular contact is necessary

.031402 (61.2)514 (65.5)1916 (62.3)Preferred method (telephone)

<.001a1293 (56.4)508 (64.7)1801 (58.6)Preferred method (social media apps)

.11516 (22.5)199 (25.4)715 (23.2)Preferred method (video)

.03a2993 (94.5)1024 (96.2)4017 (94.9)Be willing to receive research feedback

.171937 (64.7)687 (67.1)2624 (65.3)Preferred route (social media apps)

<.001a1841 (61.5)694 (67.8)2535 (63.1)Preferred route (mail)

<.001a1614 (53.9)457 (44.6)2071 (51.6)Preferred route (telephone)

Be willing to provide phone number in anonymous surveys

.272308 (72.9)757 (71.1)3065 (72.4)Offline surveys

.501383 (43.7)452 (42.5)1835 (43.4)Online surveys

aConfirmed by multivariate logistic regression that adjusted general characteristics (Multimedia Appendix 2).

Discussion

Principal Findings
This study investigated public perspectives on the digitalization
of pediatric research, comparing views between urban and
suburban areas. The findings indicate that the current support
for digital approaches in pediatric research is suboptimal but
still offers valuable strategies for using digital methods to reduce
urban-suburban health disparities in children. This study is
relatively rare in the literature and explores innovative ways to
enhance participation and equity through digital approaches.
Previous studies have emphasized the importance of
understanding the barriers and facilitators that parents face when
considering their children’s participation in research [20-27].
As much of the research has already begun digitalization
[28-32], it is beneficial to periodically pause and gather insights
from participants by considering their perspectives.

Perspectives on Pediatric Research
A previous study on neonatal clinical trials revealed that
one-quarter of parents made immediate enrollment decisions
[27]. Our research found that 59.8% (n=2531) of caregivers
formed initial impressions of pediatric research, with 36.9%
(n=1561) expressing positive inclinations and 22.9% (n=970)
expressing negative inclinations. These findings emphasize the
importance of recruitment strategies during initial contact.
Further analysis identified health benefits as the main facilitators
and risks as the primary barriers, which aligns with previous
studies from other regions [20]. This suggests the results could
be applicable beyond Chongqing. The lower reporting rates of
facilitators than barriers may explain challenges in pediatric
research. Preferences in recruitment leaned toward doctors with
senior titles and specific researchers as recruiters, emphasizing
the influence of authority on caregivers’ decision-making.
Additionally, previous research has shown that cartoon images

influence children’s decision-making [44]. This study found
that 70% (n=2963) of caregivers also preferred cartoon-style
recruitment materials, possibly because they convey a sense of
care for children, which resonates well with caregivers [45].

Perspectives on Digital Medicine
Public perspectives on digital medicine revealed suboptimal
acceptance among caregivers. Approximately one-third of
caregivers acknowledged the increasing popularity of digital
tools and supported their application in pediatric research. This
was reflected in a lower willingness to provide phone numbers
in online surveys than in offline surveys. The transition from
traditional to remote trials, particularly during the COVID-19
pandemic, has been successful [30,46], though some
unsatisfactory outcomes have been reported [47,48]. Our results
showed that public accounts from research institutions were the
most preferred source of online recruitment, aligning with offline
sources that emphasize authority. Given that 42.9% (n=1813)
and 58.1% (n=2457) of caregivers doubted the reliability and
consistency of online recruitment, establishing a credible public
account by research institutions could enhance recruitment
success on social media, a novel strategy compared to previous
studies [49]. On the other hand, the most commonly mentioned
methods for regular contact were telephone and social media
apps. This may explain the effectiveness of the hybrid follow-up
model, which encourages using both phone calls and social
media [50]. However, only 25.2% (n=1068) of caregivers
supported online-only research methods, highlighting the
importance of face-to-face interactions. This raises important
questions about the effectiveness of a fully remote model in
postpandemic pediatric research. When questioned about
gamification in research, 61.7% (n=2610) of caregivers were
in favor. Studies on gamified medicine have shown positive
outcomes [51,52], but concerns about potential risks remain
[53,54]. In this study, 58.1% (n=2457) of caregivers expressed
concerns about addiction. Additionally, 77.4% (n=3273) of
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caregivers expressed concerns about personal privacy when
using smartphone software for research, which served as a
barrier to supporting digital tools in pediatric research. Another
advantage of digitalizing pediatric research is the availability
of personalized real-time feedback, with 94.9% (n=4017) of
participants willing to receive it. This meets caregivers’ needs
and serves as a strategy to increase motivation [55].

Differences Between Urban and Suburban Areas
When comparing urban and suburban areas, demographic
differences were not adjusted using methods like propensity
score matching, as these differences were inherent to the
population. Instead, multivariate logistic regression was used
to validate the results. Interestingly, suburban caregivers
expressed greater interest in pediatric research and fewer barriers
and concerns. These findings contradict common knowledge
[15,16,56] but align with a previous study on congenital heart
disease [57]. Another recent study also showed that rural
caregivers had lower concerns about data privacy and security
[58]. A possible explanation for suburban caregivers’ higher
enthusiasm is that the suburban areas in this study may not
accurately represent resource-poor regions. These caregivers
demonstrate sufficient health awareness and capabilities, making
them value participation in pediatric research. This is evident
in their willingness to access offline recruitment information,
use digital tools for data collection, and support online-only
research methods. Since suburban areas usually have more
kindergarten children than urban areas (eg, Chongqing [33]),
they represent a valuable potential pool of potential research
participants. Further analysis revealed that suburban caregivers
more frequently mentioned suggestions from close people.
Similarly, suburban caregivers more often cited social media
friends and moments as sources of online recruitment
information. While these results raise concerns about caregivers’
ability to assess the quality of online health information [59],
they also highlight the potential for incorporating informal
channels in recruitment strategies for suburban participants [60].

Strengths and Limitations
This study has several strengths. First, this study examined
perspectives on digital medicine, which is distinct from

conventional pediatric research topics [16,20-27] and provides
essential data for the digital age. Second, this study included a
more diverse sample from the general public, offering a broader
representation compared to studies focused on specific illnesses.
Third, the sample size was larger than that in previous studies,
likely providing a more population-based overview. Finally,
we performed a comparative analysis between urban and
suburban areas, contributing to the understanding and mitigation
of health inequalities among children in different geographical
locations.

Despite these strengths, the limitations require careful
consideration. First, this study was conducted in Chongqing,
China. It is important to consider this when generalizing the
findings to other regions. Therefore, further studies across
different regions or countries are recommended to expand these
findings. Second, although comparisons were made between
urban and suburban areas, conditions in rural areas remain
unknown and require further investigation. Third, perspectives
were assessed using a structured questionnaire but lacked
qualitative interview data. Additionally, despite cultural
adaptations and a preliminary survey, individuals may still
interpret certain questions differently based on their personal
experiences. Finally, although smartphones are a prominent
tool in digital health, the study’s focus on them may introduce
bias. However, less common digital tools may not be widely
known to the general public, making it difficult to survey
participants effectively about unfamiliar technologies.

Conclusions
In the digital age, approximately one-third of caregivers support
pediatric research and endorse the use of digital tools in such
studies. Caregivers in suburban areas show greater enthusiasm
for research and digital medicine. Integrating official and
unofficial social media recruitment strategies, implementing a
hybrid online-offline follow-up approach, and addressing
privacy concerns could help researchers increase participant
recruitment and retention rates.
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Abstract

Background: Avoiding technological innovation does not simplify life. In fact, using internet-based medical services can
enhance the quality of life for older adults. In the context of an aging population and the growing integration of information
technology, the demand for internet-based medical services among older adults is gaining increased attention. While scholars
have highlighted the important role of intergenerational support in promoting digital inclusion for older adults, research on the
relationship between intergenerational support and older adults’ intentions to seek online care remains limited.

Objective: This study aims (1) to explore the association between intergenerational support, online medical information, and
older adults’ intention to seek medical care online, and (2) to examine the mediating role of technology perception and trust, as
well as the moderating role of eHealth literacy.

Methods: A cross-sectional survey was conducted in China, collecting 958 valid responses from older adults aged 60 years and
above. A vast majority of participants were between the ages of 60 and 75 years (771/958, 80.5%). Of the 958 participants, 559
(58.4%) resided in rural areas, while 399 (41.6%) lived in urban areas. The survey included questions on intergenerational support,
perceived usefulness, perceived ease of use, trust, online medical information, eHealth literacy, and the intention to seek medical
care online. Structural equation modeling and linear regression analysis were applied to explore the relationship between
intergenerational support and the intention to seek medical care on the internet.

Results: Intergenerational support was positively associated with perceived ease of use (β=.292, P<.001), perceived usefulness
(β=.437, P<.001), trust (β=.322, P<.001), and the intention to seek medical care online (β=.354, P<.001). Online medical
information also positively affected the intention to seek medical care online among older adults (β=.109, P<.001). Perceived
ease of use (β=.029, 95% CI 0.009-0.054), perceived usefulness (β=.089, 95% CI 0.050-0.130), and trust (β=.063, 95% CI
0.036-0.099) partially mediated the association between intergenerational support and the intention to seek medical care online.
Further analysis found that perceived ease of use, perceived usefulness, and trust played a chain mediating role between
intergenerational support and the intention to seek medical care online (β=.015, 95% CI 0.008-0.027; β=.022, 95% CI 0.012-0.036).
Additionally, eHealth literacy played a moderating role in the relationship between intergenerational support and perceived ease
of use (β=.177, P<.001), perceived usefulness (β=.073, P<.05), trust (β=.090, P<.01), and the intention to seek medical care
online (β=.124, P<.001).

Conclusions: An integrated model of health communication effects was constructed and validated, providing empirical support
for the intention to seek medical care online and for the impact of health communication. This model also helps promote the role
of technology in empowering the lives of seniors.

(J Med Internet Res 2025;27:e65065)   doi:10.2196/65065
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Introduction

Background
The internet has become an important medium for providing
various eHealth services and a source of medical information
[1]. Smartphones bring the convenience of telemedicine to users’
fingertips [2]. According to the 52nd China Internet Network
Information Center report [3], China has 364 million internet
medical care users, accounting for 33.8% of all internet users.
The number of online hospitals continues to grow, and the
development of large-scale online medical care platforms shows
strong momentum.

The World Health Organization has encouraged member states
to actively use digital technologies to improve medical, health,
and social services, thereby promoting active aging [4]. Given
that older adults are the primary users of health care services
[5], there is significant potential for internet-based medical
services to enhance geriatric health. Currently, China’s
population is aging rapidly [6]. As of the end of 2023, the
population of older adults in China (aged ≥60 years) has reached
297 million, accounting for 21.1% of the total population. For
older adults, proficient use of technology is key to accessing
internet-based medical services [7]. However, digital
disparities—such as difficulties in acquiring, operating, and
using basic equipment, as well as insufficient knowledge—limit
their ability to equally benefit from technological advancements.
Given the trend of population aging, the challenge of
successfully integrating older adults into the digital health
ecosystem has become a pressing issue.

Some prior studies have explored this question, noting that older
adults are particularly concerned about the quality and risks of
internet-based medical services [8]. Additionally, older adults’
habits play an important role in explaining their use of such
services [9]. However, further discussion is needed to clarify
the complexities and mechanisms that influence older adults’
intention to seek medical care online.

Seeking Medical Care Online
Intention to adopt internet-based medical services refers to
individuals’ subjective beliefs and willingness to seek care
through such services when facing health problems [10]. It
reflects the importance individuals place on their health, as well
as their trust in and reliance on internet-based medical services.
This intention is influenced by multiple factors, including
disease severity, individual perceptions and attitudes toward
the illness, and the quality and availability of health care
services.

Examinations of the intention to adopt internet-based medical
services currently follow 3 approaches. The first approach is
based on the Technology Acceptance Model or the Unified
Theory of Acceptance and Use of Technology [11], which
assesses user acceptance of online health platforms and the
willingness of different population groups to use internet-based
medical services [12]. The second approach constructs an

analytical model centered on trust within the doctor-patient
relationship, focusing on factors such as personal trust
preferences and website trustworthiness [13]. The third approach
is based on Social Exchange Theory, which examines the
physicians’ perspectives on the potential impact of interactive
tools on their careers [14], as well as how regulatory systems,
reputation systems, and communication exchanges shape their
motivation to use these services [15].

Examining older adults’ access to online health care in greater
detail, Mansson et al [16] argued that the use of mobile health
(mHealth) apps may reduce treatment costs. However, Askari
et al [17] identified several factors influencing older adults’
willingness to use mHealth apps, including perceived usefulness
(PU), ease of use, social connections, social norms, and anxiety.

Intergenerational Support
Intergenerational Support Theory asserts that the flow of
resources among family members is bidirectional [18],
encompassing economic, technological, and emotional
exchanges [19]. In the context of internet-based medical
services, intergenerational support focuses on the technical
assistance provided by the children to their parents in using
these services.

Perceived ease of use (PEOU) measures older adults’ ratings
of technology’s friendliness versus their beliefs about ease of
mastery [20]. However, many older adults are unfamiliar with
smartphone operation, are often excluded from various internet
services, and are unable to benefit equally from digital
technologies [21]. Additionally, they perceive apps as complex
[22], resulting in low overall levels of PEOU. The lack of digital
literacy and the challenges of aging are significant barriers to
older adults’ intention to use mHealth technology [23]. In the
context of online-based medical services, children can assist
older adults by guiding them through the process of using online
platforms—such as downloading, registering, finding, and
consulting internet-based medical services. They can also help
resolve technical issues, thereby reducing frustration [24]. This
support will make it easier for older adults to use these services,
leading to an increase in their assessment of PEOU. Based on
this, the following hypotheses are proposed.

• Hypothesis 1a: Intergenerational support is positively
associated with perceived ease of use of internet-based
medical services among older adults.

PU reflects older people’s views that a particular technology
can improve their health care experience. It encompasses their
belief that internet-based medical services can meet their health
management needs, such as online appointment booking,
teleconsultation, and e-prescription flow. Studies have shown
that older adults are more likely to adopt technology when they
gain insight into its usefulness and potential benefits. Through
direct operation or demonstration by children, older adults can
independently or semi-independently use the internet-based
medical service platform to experience its advantages in
simplifying clinical services, saving time and energy for medical
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treatment, and enhancing their knowledge and acceptance of
the platform. Once older adults experience the tangible benefits
of internet-based medical services, it may stimulate positive
feedback mechanisms that gradually ease the psychological
barriers to adopting new technologies. This, in turn, can enhance
psychological adaptation and cognitive health [25], thereby
deepening the PU of the internet-based medical service platform.

• Hypothesis 1b: Intergenerational support is positively
associated with the perceived usefulness of internet-based
medical services for older adults.

Trust typically builds up gradually through continuous and
intimate interactions, which can enhance patients’ positive
expectations [26]. However, many older adults have
conservative and negative attitudes toward new technologies
and are hesitant to use online services. As a result, it can be
challenging for services such as internet-based medical services
to gain the trust of older adults [27]. According to Ma et al [28],
trust serves as a critical criterion for older adults in identifying
individuals who can help them enhance their digital skills.
Consequently, the younger generation plays a significant role
in building trust and security for older adults. This support also
involves a sense of being recognized and respected [29]. We
hypothesize that greater intergenerational support is more likely
to reduce older adults’unfamiliarity and thus increase their trust
in these services.

• Hypothesis 1c: Intergenerational support is positively
associated with older adults’ trust in internet-based medical
service.

According to Li and Kostka [30], social support plays a
significant role in affecting older adults’ digital engagement.
Many older adults who maintain close contact with their families
tend to receive more effective support for digital learning and
engagement [30]. Additionally, given the importance of filial
piety in Chinese culture, adult children are expected to assist
disadvantaged family members [31]. This includes providing
help and counseling regarding digital access, use, and literacy,
as well as facilitating bottom-up technology transfer [32] to
help their parents accomplish reverse socialization [33]. As a
result, support and feedback can effectively enhance the digital
competence of older adults [34] and promote the adoption of
new technologies.

• Hypothesis 1d: Intergenerational support is positively
associated with older adults’ intention to seek medical care
on the internet.

Perceived Usefulness and Perceived Ease of Use
As the key elements determining users’ behavioral intentions,
PU indicates the extent to which using a particular system or
operation can improve task performance or achieve a specific
goal. PEOU reflects the user’s subjective evaluation of the
convenience and ease provided by using something [35].

Some studies have shown that the PU of social media affects
people’s trust in the platform as well as the channel [36].
Acharya et al [37] further found that the PU of recommender
systems can directly impact consumers’ trust. It has also been
confirmed that PEOU is positively correlated with consumer

trust [38]. This study suggests, therefore, that older adults may
trust internet-based medical services if they perceive them as
useful or easy to use.

• Hypothesis 2a: Perceived ease of use is positively associated
with older adults’ trust in internet-based medical service.

• Hypothesis 2b: Perceived usefulness is positively associated
with older adults’ trust in internet-based medical service.

Currently, technology perception has been studied in various
contexts, such as the adoption of smart home technologies [39]
and the willingness to use internet applications [40]. Naidoo
and Leonard [41] found that the continued willingness to use
e-services is entirely dependent on high levels of PU. Further
research indicates that the PU of the internet is an important
predictor of an individual’s use of eHealth solutions and plays
a significant role in patients’ sustained use of online health care
communities [42]. For older adults, the functions of
internet-based medical services are far more complex than
simple services such as browsing short videos. Older patients
tend to consider using these services only if the transition to
new medical treatments is easy [43]. This study therefore argues
that older adults are more likely to use internet-based medical
services if they perceive them to be useful or easy to use.

• Hypothesis 3a: Perceived ease of use is positively associated
with older adults’ intention to seek medical care on the
internet.

• Hypothesis 3b: Perceived usefulness is positively associated
with older adults’ intention to seek medical care on the
internet.

Trust
Schoorman et al [44] suggested that trust in internet-based
medical services is the tendency for people to believe that these
services can fulfill their health needs and to be willing to use
them, reflecting the level of acceptance for such services [45].
Trust is a crucial factor for assessing users’ willingness to use
internet-based medical services [46], and establishing trust
improves the likelihood of older adults using these services
[47]. This study therefore suggests that older adults who trust
internet-based medical services are more likely to be willing to
access such services. We therefore propose the following
hypothesis:

• Hypothesis 4: Trust is positively associated with older
adults’ intention to seek medical care on the internet.

Online Medical Information
Online medical information—encompassing all types of
medical-related content delivered and shared through internet
platforms such as search engines, medical websites, and online
forums—is highly sought after. The causes and treatments of
diseases are among the most popular topics for medical
information searches [48]. Notably, 60% of individuals view
online medical information as equally good or better than
information provided by physicians [49]. Online medical
information enhances the efficiency of medical knowledge
dissemination and is rapidly replacing traditional approaches
for seeking advice and information [50]. It helps to improve
individuals’ knowledge, promote disease prevention, and
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facilitate access to appropriate medical services. To pursue more
informed health decisions [51], older adults often seek
health-related medical information online, which influences
their health behaviors [52]. Consequently, older adults may be
motivated to seek guidance from physicians practicing online
[53]. The following research hypothesis is therefore proposed:

• Hypothesis 5: Online medical information is positively
associated with older adults’ intention to seek internet-based
medical services.

eHealth Literacy
eHealth literacy refers to the ability needed to access,
understand, and evaluate health information from digital
resources and make informed health decisions [54]. It
encompasses active information-seeking, 2-way interactive
communication, and information utilization/sharing [55].
Although older adults are increasingly relying on the internet
to access health-related services, they often struggle to meet the
necessary eHealth literacy requirements [56]. Families play an
important role in promoting eHealth literacy among older adults
[57]. By strengthening intergenerational support, they can help
older adults better learn and apply new technologies. When
confronted with a complex internet health care delivery system,
families can assist in quickly getting up to speed and becoming
proficient in its operation. At this level, internet health care
services are easy to use. At the same time, families can help
older adults obtain rich health information from the platform
[58] and manage their daily health needs, which can enhance
their perception of the usefulness of these services. Therefore,
we propose the following:

• Hypothesis 6a: eHealth literacy positively moderates the
relationship between intergenerational support and
perceived ease of use.

• Hypothesis 6b: eHealth literacy positively moderates the
relationship between intergenerational support and
perceived usefulness.

A study found that social interaction, access to technology, and
digital literacy are positively correlated. With the assistance of
their children, older adults can significantly improve their ability
to access, understand, and apply digital health information [59].
High levels of eHealth literacy can increase older adults’
confidence and ability to assess the reliability and validity of
internet-based health care services, thereby enhancing their trust
in such services.

• Hypothesis 6c: eHealth literacy positively moderates the
relationship between intergenerational support and trust.

According to Health Empowerment Theory, eHealth literacy
and social support can promote self-care behaviors among older
adults [60]. The findings of Hsu et al [61] further indicate that
individuals with higher levels of eHealth literacy have a greater
potential to make informed health choices, improved health
care competence, and ultimately higher quality of life. Therefore,
we propose the following:

• Hypothesis 6d: eHealth literacy positively moderates the
relationship between intergenerational support and intention
to seek medical care on the internet.

Methods

Data Collection and Participants
In this study, a questionnaire (Multimedia Appendix 1) was
used to validate the research model. To ensure reliability and
validity, all items were borrowed from well-established domestic
and international scales and adjusted according to the theme of
internet medical care. The questionnaire comprises a total of 7
latent variables, involving 24 items, all measured on a 7-point
Likert scale. Before the official survey, a presurvey was
conducted with 50 older adults to ensure a high degree of
internal consistency. Based on their feedback, questions with
ambiguities or semantic problems were adjusted.

Between March 20, 2024, and March 31, 2024, we officially
launched the distribution of the questionnaire using a
combination of online and offline methods. This approach
ensures that the data (Multimedia Appendix 2) collected are
broad and representative, providing a more comprehensive
understanding of the attitudes and needs of older adults
regarding the use of the internet for health care services. The
study was conducted among individuals aged 60 years and older
who had autonomous behavioral skills and some experience
with internet use, encompassing both rural and urban areas.
Those who lacked basic knowledge of the internet or were
unable to participate due to daily activities or cognitive
limitations were excluded.

Online questionnaires offer the advantages of low cost,
autonomy, and comprehensive documentation, as well as the
ability to effectively expand the range of respondents. In this
study, an online self-report questionnaire was designed using
Questionnaire Star (Changsha Ranxing Information Technology
Co., Ltd.). The questionnaire was distributed through a
convenience sample with a snowball approach. An online survey
link was shared across various social media platforms and
WeChat (Tencent Holdings Limited) app groups, where
participation was voluntary. This approach covered older adult
groups from regions such as Chongqing, Hunan, Guizhou, and
Zhejiang, among others. To address the unfamiliarity of some
older adults with the operation of the Questionnaire Star and
the limitation of their text reading comprehension ability, this
study required them to complete the questionnaire in the
presence and under the guidance of their middle-aged or young
relatives or friends. This approach ensured the accuracy and
reliability of the data by providing assistance with understanding
and navigating the questions.

Although many older people already have smart devices, they
may be wary of clicking on a link to participate in an online
questionnaire. Therefore, face-to-face interviews are particularly
necessary. In the offline questionnaire survey, we adopted a
dual strategy: on the one hand, the research team personally
visited communities and villages in Chongqing and Hunan,
directly communicating with older adult groups through on-site
visits to ask them in detail about their willingness to use internet
health care services. On the other hand, with the support of
governmental agencies where the researchers are domiciled, we
commissioned local staff to assist in distributing some of the
questionnaires. For the older adults interviewed who had the
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ability to write, we asked them to fill in the questionnaire
themselves; for patients who were unable to fill in the
questionnaire by themselves, their primary caregiver or
interviewer filled in the questionnaire on their behalf. The
questionnaires were collected on-site after completion.

During the data collection phase, a total of 1200 questionnaires
were collected. After eliminating invalid questionnaires
(including online questionnaires that took less <90 seconds to
complete, failed the honesty test, had missing values, or
provided the same answer to all questions, as well as offline
questionnaires that were obviously invalid, such as choosing
“strongly agree” for all of them), a total of 958 valid
questionnaires were ultimately obtained for an effective response
rate of 79.8%.

Measurements

Intergenerational Support
The measurement items for this dimension were derived from
Lang and Schütze’s study [62] and consisted of 3 items. It was
measured with good reliability (α=.887) [63]. This factor
collectively explained 81.6% of the variance
(Kaiser-Meier-Olkin [KMO]=0.748). Specific items included
“My children encourage me to seek medical care on the internet,
and I am willing to try it,” “My children guide I would be
willing to try,” and “When I have problems with internet health
care, my children help me solve the problem, so I would be
willing to try it.”

Online Medical Information
Based on a study by de Boer et al [64], 4 items were used to
measure the medical information that older adults sought online.
The measurement items included “I would search for medical
information on the internet” and “Online medical information
has taught me something about health.” The results of factor
analysis for the 4 items showed a KMO value of 0.843, with
the factor explaining a total of 76.2% of the variance; these
items also had good reliability (α=.895).

Trust
This dimension is based on the studies by Fogel and Nehmad
[65] and Deng et al [66] and consists of 3 items. Specific items
included “Most of the doctors on the online medical service
platforms are health experts in their fields, and I have no doubt
about their professionalism” and “Generally, I trust the health
advice or tips from doctors on the internet.” The overall
performance of these items indicated good reliability (α=.868);
this factor collectively explained 79.2% of the variance
(KMO=0.735).

Perceived Ease of Use
The 5 items were based on the study by Deng et al [66]. Typical
items include “I don’t think it is difficult to use the internet for
health counseling” or “In general, I think internet health care is
easy to use.” The results of factor analysis for the 3 items
showed a KMO value of 0.885, explaining a total of 72.7% of
the variance. The 5 items showed good reliability (α=.906).

Perceived Usefulness
The items for this factor were based on those in the study by
Deng et al [66]. The items included “I believe that using the
internet for medical care can improve the efficiency of health
care” and “Overall, I think online medical care is useful for
health management.” The results of the analysis showed a KMO
value of 0.746, explaining a total of 81.7% of the variance, and
good reliability (α=.888).

Intention to Seek Medical Care on the Internet
These 3 items referred to the study by Deng et al [66]., including
“When I face health problems, I think I will solve them through
internet health care” and “I am willing to use internet health
care services for health counseling, such as disease control.”
These analyses showed a KMO value of 0.751, explaining a
total of 82.8% of the variance; all 3 items also had good
reliability (α=.895).

eHealth Literacy
This dimension combines health and media literacy and
references the study by Norman and Skinner [67]. The 3 items
included “I know how to find useful health resources and
messages online” or “I know how to use the health care-type
information I find on the internet to help myself,” with 82.6%
variance explained, a KMO value of 0.751, and good reliability
(α=.894).

All 24 items were rated on a 7-point Likert scale (1=strongly
disagree, and 7=strongly agree). All measurement items can be
found in Table S1 in Multimedia Appendix 3.

Data Analysis
Cronbach α was used to determine the reliability of the scales.
Construct validity and reliability were examined using
exploratory factor analysis with varimax rotation, Bartlett test,
and KMO statistics, as well as confirmatory factor analysis
(CFA).

For the analysis of structural equation modeling, Amos 26.0
(IBM Corp.) was used to analyze the data and the effect of the
model was measured by the fit indices, which included

chi-square/degree of freedom (χ2/df), the goodness of fit index
(GFI), the adjusted goodness of fit index (AGFI), the
incremental fit index (IFI), the comparative fit index (CFI), the
nonnormed fit index (NNFI), and root mean square error of
approximation (RMSEA). Additionally, the bootstrap method
was used to test the mediation model with 5000 iterations of
repeated sampling. Results were also obtained using SPSS 26.0
(IBM Corp.) to test for interaction effects.

Ethical Considerations
Ethical approval for this study was obtained from the academic
committee (acting as the ethics committee) of the School of
Journalism and Communication at Chongqing University
(approval number 20240320). Informed consent was obtained
from all participants before their participation in the survey.
Participants were provided with a detailed informed consent
form outlining the purpose of the study, the duration of the
investigation, the procedures, and the potential risks and
benefits. They were informed that their participation was
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voluntary and that they had the right to withdraw at any time
without facing any negative consequences. Participants were
assured of the confidentiality and anonymity of their responses.

Results

Participant Characteristics
The sample demographics are as follows: of the 958 participants,
771 (80.5%) were between the ages of 60 and 75 years, 511

(53.3%) were females, and 447 (46.7%) were males. In terms
of residential area, 559 (58.4%) participants resided in a rural
area and 399 (41.6%) in an urban area. Most participants
(812/958, 84.8%) had between 1 and 3 children, about
one-quarter (214/958, 22.3%) of the participants reported an
education level of high school and above, nearly half (440/958,
45.9%) rated their self-assessed health status as fair, and 186
(19.4%) rated it as poor or very poor. Detailed demographic
information is presented in Table 1.
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Table 1. Participant characteristics (N=958).

Values, n (%)Characteristics

Age (years)

444 (46.3)60-65

183 (19.1)66-70

144 (15.0)71-75

123 (12.8)76-80

64 (6.7)>80

Gender

511 (53.3)Women

447 (46.7)Male

Status of residence

424 (44.3)Residence with spouse

188 (19.6)Large family living together

184 (19.2)Living with children

137 (14.3)Living alone

25 (2.6)Others

Educational level

353 (36.8)Secondary schools

243 (25.4)Junior high school

148 (15.4)Not attending school

138 (14.4)High school/secondary school

53 (5.5)Undergraduate

23 (2.4)Graduate students and above

Occupation now or before retirement

475 (49.6)Peasants

112 (11.7)Workers

109 (11.4)Others

107 (11.2)Public officials/units

100 (10.4)Sole trader/freelancer

55 (5.7)Business managers/office staff

Monthly income (CNYa)

472 (49.3)≤2000

286 (29.9)2001-4000

133 (13.9)4001-6000

44 (4.6)6001-8000

23 (2.4)≥8001

Urban/rural

559 (58.4)Countryside

399 (41.6)Cities and towns

Number of children

452 (47.2)2

192 (20.0)3

168 (17.5)1
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Values, n (%)Characteristics

87 (9.1)4

30 (3.1)5

18 (1.9)0

11 (1.1)≥6

Self-assessed health status

440 (45.9)General

288 (30.1)Better

170 (17.7)Rather poor

44 (4.6)Rare

16 (1.7)Very poor

a1 CNY=US $0.14.

Structural Model
The CFA model was fit to the data (Table S2 in Multimedia

Appendix 3): χ2
231=525.021, GFI=0.958, AGFI=0.945,

IFI=0.980, CFI=0.980, NNFI=0.976, and RMSEA=0.036. The
model fit appeared to be good, and all items met the criteria
proposed by Hu and Bentler [68] and Kline [69].

According to Bagozzi and Youjae [70] and Hair [71], composite
reliability (ρ)≥0.60 and average variance extracted ≥0.50
indicate good internal consistency and convergent validity. We
therefore used composite reliability to measure the reliability
of the constructs, with the following results: intergenerational
support=0.887, online medical information=0.896, trust=0.869,
PU=0.888, PEOU=0.906, eHealth literacy=0.894, and intention
to seek medical care on the internet=0.896. As shown in Table
S3 in Multimedia Appendix 3, the factor loadings for all
question items were greater than 0.60. Convergent validity was
assessed using the average variance extracted, which yielded
the following values: 0.723 for intergenerational support, 0.684
for online medical information, 0.690 for trust, 0.726 for PU,
0.659 for PEOU, 0.739 for eHealth literacy, and 0.742 for
intention to seek medical care on the internet. These results
indicate good convergent validity. As shown in Table S4 in
Multimedia Appendix 3, the square root of the average variance
extracted for each construct is greater than the correlation
coefficients between the variables, indicating good discriminant
validity [72].

Based on the final CFA model, a full structural equation
modeling was conducted to test the hypotheses. The model fit
indices (Table S5 in Multimedia Appendix 3) were as follows:

χ2
179=498.30, GFI=0.954, AGFI=0.940, IFI=0.975, CFI=0.975,

Tucker-Lewis Index=0.971, and RMSEA=0.043. These indices
indicate a good model fit, and the structural equation modeling
approach allowed the constructed and hypothesized model to
be tested in a more satisfactory manner.

Association of Intergenerational Support and Other
Variables and Intention to Seek Medical Care on the
Internet
Table 2 shows the results of the path analysis. Intergenerational
support was positively associated with PEOU, PU, trust, and
older adults’ intention to seek medical care on the internet
(β=.292, P<.001; β=.437, P<.001; β=.322, P<.001; and β=.354,
P<.001, respectively); therefore, hypotheses H1a, H1b, H1c,
and H1d were supported. PEOU and PU were positively
associated with older adults’ trust in internet-based medical
services (β=.263, P<.001 and β=.261, P<.001, respectively),
supporting H2a and H2b. PEOU and PU were also positively
correlated with older adults’ intention to seek medical care on
the internet (β=.099, P=.002 and β=.204, P<.001, respectively),
supporting H3a and H3b. Trust was positively correlated with
older adults’ intention to seek medical care on the internet
(β=.197, P<.001), supporting H4. Online medical information
was also positively correlated with older adults’ intention to
seek medical care on the internet (β=.109, P<.001), supporting
H5.
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Table 2. Results for direct relationships.

P valueCritical ratioSEPath coefficientRelationship

<.0018.2040.0370.292PEOU ← ISa

<.00112.3880.0350.437PU ← IS

<.0018.5430.0340.322T ← IS

<.0018.0030.0290.263T ← PEOUb

<.0017.3450.0320.261T ← PUc

<.0019.2650.040.354SMCId ← IS

<.0014.9610.0460.197SMCI ← Te

.0023.0880.0320.099SMCI ← PEOU

<.0015.8090.0370.204SMCI ← PU

<.0013.7810.0340.109SMCI ← OMIf

aIS: intergenerational support.
bPEOU: perceived ease of use.
cPU: perceived usefulness.
dSMCI: intention to seek medical care on the internet
eT: Trust
fOMI: online medical information.

Table 3 shows the mediating relationship between PU, PEOU,
and trust. The total effect value of the relationship between
intergenerational support and willingness to use internet-based
medical services was 0.573, while the direct effect value was
0.354. Both had a positive 95% CI and a P value of less than
0.05, indicating that the total and direct effects were significant.
The indirect effect of trust was 0.063 (95% CI 0.036-0.099).
More specifically, trust partially mediated the association
between intergenerational support and older adults’willingness
to use internet-based medical services. PEOU, PU, and trust

also played a chain mediating role between intergenerational
support and willingness to use internet-based medical services,
with specific mediation effect sizes of 0.015 and 0.022,
respectively. The 95% CI for the PEOU path was 0.008-0.027,
and for the PU path, it was 0.012-0.036. The P values for both
chain mediation paths were less than 0.05, suggesting that
intergenerational support can enhance PEOU and PU among
older adults. This, in turn, enhances trust, which subsequently
increases the willingness to use internet-based medical services.
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Table 3. Total, direct, and indirect effects.a

P value95% CIEstimateMediation effect and path

Total effect

<.0010.509-0.6320.573ISb → SMCIc

Direct effect

<.0010.278-0.4280.354IS → SMCI

Indirect effect

<.0010.036-0.0990.063IS → Td → SMCI

0.0050.009-0.0540.029IS → PEOUe → SMCI

<.0010.050-0.1300.089IS → PUf → SMCI

<.0010.008-0.0270.015IS → PEOU → T → SMCI

<.0010.012-0.0360.022IS → PU → T → SMCI

aStandardized estimation of 5000 bootstrap samples.
bIS: intergenerational support.
cSMCI: intention to seek medical care on the internet.
dT: trust.
ePEOU: perceived ease of use.
fPU: perceived usefulness.

Table 4 shows the moderating relationships of eHealth literacy.
The interaction term between intergenerational support and
eHealth literacy was a significant positive predictor of PEOU
(β=.177, P<.001) and PU (β=.073, P=.018). This suggests that
eHealth literacy moderates the effect of intergenerational support
on PEOU and PU, thereby supporting H6a and H6b. The
interaction term between intergenerational support and eHealth
literacy was a significant positive predictor of trust (β=.09,
P<.01), suggesting that eHealth literacy moderates the effect
of intergenerational support on trust, thus supporting H6c. The
interaction term between intergenerational support and eHealth

literacy had a significant positive predictive effect on the
intention to seek medical care on the internet (β=.124, P<.001).
This indicates that eHealth literacy moderates the influence of
intergenerational support on the intention to seek medical care
on the internet, thereby supporting H6d. A further simple slope
analysis was then conducted (Figure 1). The slope was shallower
when eHealth literacy was low (solid line) and steeper when
eHealth literacy was high (dashed line). This suggests that
intergenerational support was a more significant positive
predictor of the intention to seek medical care on the internet,
PEOU, PU, and trust at high levels of eHealth literacy.

Table 4. Moderated effect.

Trust, β (P value)Perceived usefulness, β (P
value)

Perceived ease of use, β (P
value)

Intention to seek medical
care on the internet, β (P
value)

Path

.389 (<.001).337 (<.001).183 (<.001).447 (<.001)Intergenerational support

.173 (<.001).167 (<.001).094 (.002).15 (<.001)Electronic health literacya

.09 (.003).073 (.018).177 (<.001).124 (<.001)ISb × eHLc

aElectronic health literacy was used as a moderating variable in the model after controlling for the variables age, gender, education, residential status,
occupation now or before retirement, monthly income, urban /rural, number of children, self-assessed health status.
bIS: intergenerational support.
ceHL: eHealth literacy.
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Figure 1. Simple slope plot. eHL: eHealth literacy; IS: intergenerational support; PEOU: perceived ease of use; PU: perceived usefulness; SMCI:
intention to seek medical care on the internet; T: trust.

Discussion

Principal Findings
Older people are often referred to as digital refugees [73]. A
lack of digital skills may contribute to the risk of widening
health disparities and unequal access to services [74]. Studies
have shown that many older individuals face numerous barriers
to using smartphones, often due to a lack of knowledge about
apps and their features [75] and technology anxiety [76]. Most
older adult patients are also accustomed to face-to-face
outpatient services, making the adoption of internet-based health
care not easily achievable for this population. Although the
digital divide hinders active aging by reducing the social
participation, as well as the physical and mental health, of older
adults [77], the active bridging provided by intergenerational
support helps older adults overcome their fears, improve their
digital skills, and enhance their sense of well-being and
accessibility. This, in turn, facilitates their integration into the
digital age by fostering a positive and optimistic mindset that
promotes effective active aging [78].

Intergenerational support to address the technical aspect occurs
when children explain to older adults how to operate the online
medical platform, help them understand error messages, and
provide tips on various operations such as registration, logging
in, booking appointments, and online counseling [79]. This
support involves not only technical guidance but also spiritual
care and comfort. This kind of benign emotional exchange can

promote older people’s perception of satisfaction, enhancing
their acceptance of new technologies. Therefore, online medical
care with intergenerational support is not only a reflection of
filial piety but also an endorsement of positive intergenerational
relationships. Children’s counseling and assistance can improve
the cognitive abilities [80] and overall health awareness of older
adults, alleviate their fear of technology, reduce digital
loneliness, and strengthen their confidence in using
internet-based medical services.

The results of this study show that the higher the level of
intergenerational support, the greater the PEOU and usefulness
of internet health care platforms among older adults, which in
turn enhances their willingness to access these services. Through
the help and guidance of family members, older adults are able
to master internet technologies more quickly and effectively
utilize these tools for health management. This support not only
increased older adults’ PEOU of internet-based health care
services but also boosted their confidence and security, leading
to a greater willingness to try and use these services. In addition,
this support implies encouragement and companionship on an
emotional and psychological level [81]. When older adults feel
the concern and attention from their family members or later
generations regarding their health problems, and the possibility
of obtaining a convenient and professional health care
experience through internet health care services, they are more
likely to develop positive psychological expectations that these
services are valuable and can practically solve their health issues
[82]. This positive cognitive shift directly enhances older adults’
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acceptance of and reliance on internet health care services,
thereby strengthening their willingness to seek medical care.

There is also a transformational path between social support
factors that generate the intention to adopt internet-based
medical services; trust mediates between intergenerational
support and the intention to adopt internet-based medical
services. Trust, in this context, refers to the extent to which an
individual relies on an internet-based medical service to meet
health management needs [83], encompassing aspects such as
the professionalism of the health care service, platform security,
and a positive user experience. Cao et al [84] suggested that
mistrust is a common reason for digital disengagement and that
trust is crucial for an individual’s ongoing behavior when using
information technology. This is also true in the internet-based
medical service environment [85]. Studies have shown that the
realization of internet-based medical services is divided into 2
phases: first, patients develop perceptions about the technical
aspects of the health care platform, including its functionality,
usefulness, and convenience [86]; second, patients evaluate the
trustworthiness of the care provided and the service process
[87]. Strong behavioral intentions only occur if older adults
have a positive perception of the trustworthiness of the care.

Based on previous studies, this study further clarifies the
influence of intergenerational support on older adults’ intention
to adopt internet-based medical services. It constructs and
validates an integrated model of the effect of health
communication: intergenerational support → PEOU → PU →
trust → intention to adopt internet-based medical services. As
a new approach to medical care, internet-based medical services
improve convenience and efficiency. With intergenerational
support, older adults perceive the technical aspects (PEOU and
PU) of these services more positively. This, in turn, enhances
their trust and intention to use internet-based medical services,
facilitating the integration of online care into health care.

Intergenerational support had a greater effect on the willingness
of older adults to use internet-based medical services among
those with high eHealth literacy. According to Jung et al [55],
eHealth literacy enhances older adults’ ability to manage
health-related issues effectively. Health literacy has also been
positively associated with help-seeking intentions [88], older
adults’ choice of physician, and their understanding of the
physician’s recommendations [89]. Older adults with high
eHealth literacy are thus more likely to have a higher intention
to seek medical care on the internet when they receive support
from their children and are more likely to participate in
internet-based medical services actively for a better health care
experience [90].

Previous studies have shown that PU and trust in online medical
information [91] can improve eHealth literacy. However, this
study demonstrated that the degree of intergenerational support
for perceived technology, as well as trust in internet-based
medical services, is deeper when older adults have higher
eHealth literacy. According to Nie et al [92], people with higher
eHealth literacy better assess the usefulness of searching for
health information online. However, it may be that eHealth
literacy increases older adults’ interest in health, their
knowledge, and their expectations of health care [93] while

inducing confidence and a sense of the efficacy of internet-based
medical services.

Much of the health and medical information provided by
internet-based medical service platforms originates from
authoritative health care institutions and professionals, ensuring
a high degree of accuracy. These platforms can support
long-term disease management and health monitoring [94],
allowing older people to access the health information they
need. Bundorf et al [95] argued that this shift to searching for
medical information online has obvious impacts on health
behaviors as well as on treatment choices [96], improving older
adults’ health beliefs and motivating them to engage in healthy
activities [97]. There is also evidence that online medical
information not only encourages self-initiated participation in
health care [98] but also increases the likelihood that older adults
will take an active role in disease management. It is thus
reasonable to believe, based on the present results, that online
medical information can play an active role in disease
management and increase the willingness of older adults to use
internet-based medical services.

Limitations
Although this study initially verified the proposed theoretical
model, certain limitations remain. First, the study focused
exclusively on the PEOU and PU of internet-based medical
services, leaving other related perceptions (eg, risks and
benefits) unexplored. Moreover, it considered only the factors
influencing older adults’ willingness to use internet-based
medical services, without addressing motivation, sustained
willingness to use, or actual usage. Finally, this study examined
only the influence of the core variable of intergenerational
support. Other factors, such as peer influence, social influence
(eg, doctors’ recommendations), and subjective norms, could
be explored in greater depth and incorporated into models in
future research.

Implications
Examining technology use among older adults is also a valuable
starting point for addressing the range of social issues associated
with aging [99]. This study’s focus on the needs of older adults
regarding internet-based medical services, as well as their
intentions to use such services, offers constructive insights for
improving health equity and enhancing the inclusiveness and
equity of internet-based medical services in particular [100].
Perceptions of and trust in technology are crucial factors in
facilitating older adults’ adoption of internet-based medical
services. Efforts to encourage older adults to use these services
may first need to ensure that they recognize such services as
not only useful and easy to use but also trustworthy.

Medical institutions and internet-based medical platforms can
take the following measures: in platform design, they should
fully consider the characteristics and needs of older adults,
implement age-adapted designs, lower the barriers to use, and
create an age-friendly online environment. Additionally, medical
institutions and platforms must establish a highly credible
environment by ensuring transparency in the treatment process
and maintaining honesty and openness with patients. Protecting
the personal information of older adults and preventing data
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breaches are essential to enhancing their confidence in using
internet-based health care services.

Furthermore, the role of intergenerational support in enhancing
older adults’ intention to seek medical care online must be
emphasized. This highlights the importance of understanding
the barriers older adults may face when using internet-based
medical services, as well as the critical role children/young
adults can play in facilitating the adoption of new technologies
by older generations.

Within families, the younger generation should take the initiative
to help older adults adapt to digital technology by offering
emotional support and technical guidance while leveraging the
advantages of the internet for health management.

The use of internet-based medical services by older adults holds
significant value for management. First, it improves management
efficiency. Internet-based medical services simplify traditional
medical processes, enhancing hospital management efficiency.
These platforms can allocate medical resources more effectively
based on the health status and needs of older adults, optimizing
resource utilization. Second, it fosters an innovative service
model. Internet-based medical platforms can leverage
technologies such as big data and artificial intelligence to deliver
more precise medical services. Additionally, they can collaborate

with other industries, such as care services for older adults, to
innovate and expand service models. Third, it facilitates policy
implementation. As a platform for policy dissemination,
internet-based medical services can help raise awareness among
older adults about national health and pension policies, thereby
supporting the effective implementation of these policies.
Fourth, it reflects social value. Internet-based medical services
address the health needs of older adults, demonstrating social
care and respect for older adults. This contributes to the
transformation and upgrading of the national health care
industry, ultimately improving the overall quality of medical
services.

Conclusions
Population aging is a long-term national issue in China, and the
availability of medical services is directly linked to the quality
of life for older adults. This study provides evidence that
intergenerational support is a key factor in promoting the
adoption of internet health care services by older adults.
Encouraging children to offer guidance and assistance to their
parents is essential. To increase older adults’ willingness to use
internet health care, future efforts should focus not only on
intergenerational support but also on improving the PEOU and
usefulness of the technology, building trust, and fostering
eHealth literacy among older adults.
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CFA: confirmatory factor analysis
CFI: comparative fit index
eHL: eHealth literacy
GFI: goodness of fit index
IFI: incremental fit index
KMO: Kaiser-Meier-Olkin
mHealth: mobile health
NNFI: nonnormed fit index
OMI: online medical information
PEOU: perceived ease of use
PU: perceived usefulness
RMSEA: root mean square error of approximation
SMCI: intention to seek medical care on the internet

Edited by A Schwartz; submitted 04.08.24; peer-reviewed by X Zou, Y Liu; comments to author 07.10.24; revised version received
28.10.24; accepted 29.11.24; published 06.01.25.

Please cite as:
Jin H, Qu Y
Association Between Intergenerational Support, Technology Perception and Trust, and Intention to Seek Medical Care on the Internet
Among Chinese Older Adults: Cross-Sectional Questionnaire Study
J Med Internet Res 2025;27:e65065
URL: https://www.jmir.org/2025/1/e65065 
doi:10.2196/65065
PMID:

©Hengjiang Jin, Ying Qu. Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 06.01.2025.
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 (ISSN 1438-8871), 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 2025 | vol. 27 | e65065 | p.306https://www.jmir.org/2025/1/e65065
(page number not for citation purposes)

Jin & QuJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2025/1/e65065
http://dx.doi.org/10.2196/65065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Short Paper

Two-Layer Retrieval-Augmented Generation Framework for
Low-Resource Medical Question Answering Using Reddit Data:
Proof-of-Concept Study

Sudeshna Das1*, PhD; Yao Ge1*, PhD; Yuting Guo1, MS; Swati Rajwal2, MTech; JaMor Hairston1, MS; Jeanne

Powell1, PhD; Drew Walker1, PhD; Snigdha Peddireddy3, MPH; Sahithi Lakamana1, MS; Selen Bozkurt1, PhD;

Matthew Reyna1, PhD; Reza Sameni1,4, PhD; Yunyu Xiao5, PhD; Sangmi Kim6, PhD; Rasheeta Chandler6, PhD;

Natalie Hernandez7, PhD; Danielle Mowery8, PhD; Rachel Wightman9, MD; Jennifer Love10, MD; Anthony Spadaro11,

MD; Jeanmarie Perrone12, MD; Abeed Sarker1,4, PhD
1Department of Biomedical Informatics, School of Medicine, Emory University, Atlanta, GA, United States
2Department of Computer Science and Informatics, Emory University, Atlanta, GA, United States
3Department of Behavioral, Social & Health Education Sciences, Rollins School of Public Health, Emory University, Atlanta, GA, United States
4Department of Biomedical Engineering, Georgia Institute of Technology and Emory University, Atlanta, GA, United States
5Department of Population Health Sciences, Weill Cornell Medicine, New York, NY, United States
6Nell Hodgson Woodruff School of Nursing, Emory University, Atlanta, GA, United States
7Center for Maternal Health Equity, Morehouse School of Medicine, Atlanta, GA, United States
8Department of Biostatistics, Epidemiology and Informatics, Perelman School of Medicine, University of Pennsylvania, Philadelphia, PA, United States
9Department of Emergency Medicine, Warren Alpert Medical School of Brown University, Providence, RI, United States
10Department of Emergency Medicine, Icahn School of Medicine at Mount Sinai, New York, NY, United States
11Department of Emergency Medicine, Rutgers New Jersey Medical School, Newark, NJ, United States
12Department of Emergency Medicine, Perelman School of Medicine at the University of Pennsylvania, Philadelphia, PA, United States
*these authors contributed equally

Corresponding Author:
Sudeshna Das, PhD
Department of Biomedical Informatics
School of Medicine
Emory University
101 Woodruff Circle
Atlanta, GA, 30322
United States
Phone: 1 4047270229
Email: sudeshna.das@emory.edu

Abstract

Background: The increasing use of social media to share lived and living experiences of substance use presents a unique
opportunity to obtain information on side effects, use patterns, and opinions on novel psychoactive substances. However, due to
the large volume of data, obtaining useful insights through natural language processing technologies such as large language
models is challenging.

Objective: This paper aims to develop a retrieval-augmented generation (RAG) architecture for medical question answering
pertaining to clinicians’queries on emerging issues associated with health-related topics, using user-generated medical information
on social media.

Methods: We proposed a two-layer RAG framework for query-focused answer generation and evaluated a proof of concept
for the framework in the context of query-focused summary generation from social media forums, focusing on emerging drug-related
information. Our modular framework generates individual summaries followed by an aggregated summary to answer medical
queries from large amounts of user-generated social media data in an efficient manner. We compared the performance of a
quantized large language model (Nous-Hermes-2-7B-DPO), deployable in low-resource settings, with GPT-4. For this
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proof-of-concept study, we used user-generated data from Reddit to answer clinicians’ questions on the use of xylazine and
ketamine.

Results: Our framework achieves comparable median scores in terms of relevance, length, hallucination, coverage, and coherence
when evaluated using GPT-4 and Nous-Hermes-2-7B-DPO, evaluated for 20 queries with 76 samples. There was no statistically
significant difference between GPT-4 and Nous-Hermes-2-7B-DPO for coverage (Mann-Whitney U=733.0; n1=37; n2=39; P=.89
two-tailed), coherence (U=670.0; n1=37; n2=39; P=.49 two-tailed), relevance (U=662.0; n1=37; n2=39; P=.15 two-tailed), length
(U=672.0; n1=37; n2=39; P=.55 two-tailed), and hallucination (U=859.0; n1=37; n2=39; P=.01 two-tailed). A statistically significant
difference was noted for the Coleman-Liau Index (U=307.5; n1=20; n2=16; P<.001 two-tailed).

Conclusions: Our RAG framework can effectively answer medical questions about targeted topics and can be deployed in
resource-constrained settings.

(J Med Internet Res 2025;27:e66220)   doi:10.2196/66220

KEYWORDS

retrieval-augmented generation; substance use; social media; large language models; natural language processing; artificial
intelligence; GPT; psychoactive substance

Introduction

Large language models (LLMs) present opportunities for solving
complex biomedical natural language processing problems,
such as medical question answering (MQA). However,
operational challenges (eg, high computational resource
requirements) hinder their real-life deployment and use. Another
issue with LLM-generated text for MQA is “hallucination”:
generated text that is plausible-sounding but nonsensical or
incorrect [1]. Chain-of-thought prompting [2], self-reflection
[1], and retrieval-augmented generation (RAG) are forerunners
in mitigating hallucination. RAG also aids in constraining
generated texts and improves in-context learning [3]. LLMs in
RAG frameworks have been used in the biomedical domain
owing to the need for timely, accurate, and transparent responses
[4]. As LLMs become increasingly integrated into clinical
practice [5], it is important to ensure their operability in
low-resource settings [6] while generating accurate and coherent
texts.

We present a proof-of-concept study for a two-layer RAG
framework for MQA that ingests user-generated medical
information from Reddit. We used smaller, quantized,
open-source LLMs that can run on personal computers without
specialized hardware, allowing our framework to be used in

low-resource settings, thus ensuring equitable access to timely
medical information.

Methods

Study Design
We evaluated our proof-of-concept study in a setting where
copious amounts of data are available for a topic but gathering
insights and answering questions require substantial manual
work—the topic of emerging drugs from Reddit. Reddit has
~52 million daily active users, is commonly used to study
emerging medical themes [7], and features numerous discussions
on the nonmedical uses of substances. Recently, Reddit data
have been leveraged to study novel psychoactive substances
since such information is not typically available elsewhere. We
chose two substances that have gained attention
recently—xylazine (because of its increasing impact and
association with the US opioid crisis) and ketamine (because
of its recent popularity as a treatment for depression). We
collected all available data (~2.5 billion posts) from Reddit until
December 31, 2023, and extracted all posts mentioning xylazine
(n=177,684) and ketamine (n=7699) for our retrieval engine.
Based on clinician-driven interests, we formulated 20 queries
(Table 1).
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Table 1. Queries used for evaluating the framework.

QueryQuery ID

What are the side effects of xylazine?1

What does xylazine do to the skin?2

How does xylazine impact rehab?3

What is xylazine withdrawal like?4

What drugs contain xylazine?5

What treatments work for xylazine?6

What drugs are mixed or cut with xylazine?7

What areas of the United States are impacted by xylazine?8

How is xylazine different from pure heroin?9

What is the general sentiment associated with xylazine?10

Does narcan or naloxone work for xylazine overdose?11

What are the side effects of ketamine?12

What is ketamine withdrawal like?13

What are k cramps like?14

How do the users describe k hole?15

Does ketamine work for depression?16

What drugs are ketamine coused with recreationally?17

Is ketamine effective for the treatment of suicidal behavior?18

How can you treat ketamine addiction?19

Does ketamine use cause cramps?20

System Architecture
As depicted in Figure 1, the user submits a query to be parsed
by the information retrieval engine, which returns a ranked list
of documents. The top n documents are chosen to be sources
for answer generation. In the first layer, the LLM is provided
with (1) a query, (2) text from the retrieved documents, and (3)
a prompt that embeds the text and instructs the LLM to
summarize it (Multimedia Appendix 1). Since the prompt
context window is finite, feeding the LLM all the retrieved text
for answer generation is typically impossible. Even single
documents can be too long. Thus, the framework allows for the
specification of segment lengths for the retrieved text in each
iteration, ensuring the framework is applied to relatively small
LLMs with shorter context lengths. The first layer generates

short, query-focused summaries (Figure 1). The LLM states if
the retrieved text segment does not contain an answer to the
question. Examples of this first-layer summarization are
provided in Multimedia Appendix 2.

The second layer takes as input the original query and individual
short summaries embedded within a second prompt (Multimedia
Appendix 1) while ignoring summaries that the LLM states did
not contain the answer. Figure 1 depicts an example of the final,
synthesized summary.

We used the 8-bit quantized model Nous-Hermes-2-7B-DPO
as our LLM, which is tuned on 1,000,000 high-quality
instructions [8]. To test the performance of the proposed
framework with larger models, we also performed an evaluation
using GPT-4 [9].
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Figure 1. Overview of the two-layer RAG framework. The first layer generates individual summaries based on retrieved posts relevant to the original
query. The second layer generates the final summary based on the individual summaries generated in the first layer. LLM: large language model; RAG:
retrieval-augmented generation.

RAG Architecture
Since the retrieval aspect is not our primary focus, we used a
simple keyword-based approach using the default search settings
provided by our information retrieval package “Whoosh,” which
uses Okapi BM25F ranking [10]. The top 50 retrieved
documents were chosen for generating the first-layer summaries.
This number may be adjusted without changes to the
architecture. The number of text segments is typically higher
when posts do not fit within the context window of the LLM
after being embedded within the prompt.

Evaluation
Our evaluation focused on the architecture’s summary
generation quality, rather than retrieval performance. Commonly
used automatic summary evaluation methods, such as
Recall-Oriented Understudy for Gisting Evaluation (ROUGE)
[11] and bilingual evaluation understudy (BLEU) [12], primarily
focus on text overlap between generated and gold-standard

summaries. In the absence of gold-standard summaries, subject
matter experts manually and qualitatively evaluated the
important nuances of generative summaries, which is impossible
with ROUGE or BLEU. We used Likert-scale evaluations (Table
2). Each query–individual summary–final summary triplet was
evaluated by ≥2 evaluators (at least a master’s degree in
medicine, public health, informatics, or allied fields). Overall,
21 experts generated 76 evaluations for 20 unique queries.

We also assessed the readability of the final summaries using
the Coleman-Liau Readability Index (CLI) [13], which
approximates the US grade level required to comprehend text.

We performed nonparametric tests for proportions
(Mann-Whitney U test) with the null hypothesis (H0: “The two
populations are equal”) to determine if the scores assigned to
answers generated by GPT-4 and Nous-Hermes-2-7B-DPO vary
significantly. All tests were performed using the SciPy package
[14]. The null hypothesis (H0) was rejected if P<.05 (two-tailed).
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Table 2. Evaluation criteria and scales presented to annotators.

Evaluation scaleQuestionCriteria

Does the final summary accurately
represent the information present in
the original text?

Coverage • 5: Yes; the final summary covers all the important information present
in the original text.

• 4: Mostly; the final summary covers most, but not all of the important
information.

• 3: Somewhat; the final summary covers some of the important infor-
mation, but also misses some of them.

• 2: Not really; the final summary misses most of the important infor-
mation.

• 1: No; the final summary does not cover any of the important infor-
mation present in the original text.

Is the final summary coherent?Coherence • 5: Yes; the final summary is easy to read and understand.
• 4: Mostly; the final summary is readable, but not straightforward to

understand.
• 3: Somewhat; the final summary is readable but confusing.
• 2: Not really; the final summary has some grammatical errors or

nonsequiturs.
• 1: No; the final summary is unintelligible or incomprehensible.

Does the final summary answer the
original question?

Relevance • 3: Yes; the summary answers the original question.
• 2: Partially; the summary answers the original question, but not fully.
• 1: No; the summary does not answer the original question.

Is the length of the final summary
appropriate?

Length • 3: Yes; the summary is appropriate in length.
• 2: Somewhat; the summary could be shorter or longer.
• 1: No; the summary is long-winded or too short.

Does the summary contain informa-
tion not present in the original text?

Hallucination • 0: No; the summary does not contain information not present in the
original text.

• 1: Yes; the summary contains information not present in the original
text.

Ethical Considerations
This study was deemed to be exempt from review per the Emory
University Institutional Review Board's guidelines. The data
used in this study are anonymous by default. We ensured that
self-disclosed, personally identifiable information is not used
by only reporting aggregated data. We removed posts that were
deleted by the user.

Results

We conducted extensive expert evaluations of the generated
answers for coverage, coherence, relevance, length, and
hallucination (Figure 2). Annotators were not made aware of
which LLM was used to generate the summaries for fair
evaluation. On a 5-point Likert scale, median coverage scores
were 5 (IQR 4-5) for both models; the distributions did not
differ significantly (U=733.0; n1=37; n2=39; P=.89). Median
coherence scores were 5 (IQR 5-5 for GPT-4; IQR 4-5 for
Nous-Hermes-2-7B-DPO) for both; they did not differ
significantly (U=670.0; n1=37; n2=39; P=.49).

On a 3-point Likert scale, the median relevance scores were 3
(IQR 3-3) for both; they did not differ significantly (U=662.0;
n1=37; n2=39; P=.15). Median length scores were 3 (IQR 2-3)
for both; they did not differ significantly (U=672.0; n1=37;
n2=39; P=.55). On a binary Likert scale, median hallucination
scores were 0 (IQR 0-0) for both; they did not differ significantly
(U=859.0; n1=37; n2=39; P=.10). The median CLIs were 16.635
(IQR 13.860-17.675) for GPT-4 and 12.125 (IQR 11.02-13.98)
for Nous-Hermes-2-7B-DPO; there was a statistically significant
difference (U=307.5; n1=20; n2=16; P<.001).

Median token counts for queries posed to GPT-4 and
Nous-Hermes-2-7B-DPO were 5 (IQR 5-7) and 7 (IQR 5-8),
respectively; there was no significant difference (U=165.0;
n1=20; n2=16; P=.66). Median lengths of responses generated
by GPT-4 and Nous-Hermes-2-7B-DPO were 1118 (IQR
709-2986) and 441 (IQR 231-695) for the combined individual
summaries and 141.5 (IQR 115-159) and 61 (IQR 28-87) for
the final summaries, respectively. Both were significantly
different (U=300.0; n1=20; n2=16; P<.001, and U=145.5; n1=20;
n2=16; P<.001).
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Figure 2. Box plots illustrating the distribution of scores for the evaluation criteria used. (A) Coverage on a 5-point Likert scale. (B) Coherence on a
5-point Likert scale. (C) Relevance on a 3-point Likert scale. (D) Length on a 3-point Likert scale. (E) Hallucination on a binary scale. (F) Values for
the Coleman-Liau Index. (G) Token counts for Questions. (H) Token counts for combined individual summaries. (I) Token counts for the final summary.

Discussion

Principal Findings
This study presents a novel two-layer RAG framework for MQA
that uses user-generated content from Reddit. Our findings
demonstrate that the framework effectively synthesizes accurate
and contextually relevant answers even in low-resource settings,
aligning with our goal to create an accessible, computationally
lightweight tool. Focusing on small, quantized, open-source
LLMs ensures equitable access to valuable insights about
emerging trends, potential side effects, and general perception
of substances, as reflected in Reddit posts.

The modular structure of the framework enables good
performance without requiring specialized hardware, which is
critical in low-resource environments. This modularity also

supports using different retrieval engines or LLMs, providing
flexibility to adapt to various use cases. The system’s ability to
answer nuanced queries (eg “What are k cramps like?”—which
would require extensive manual curation) illustrates its potential
for real-world applications. The framework’s ability to specify
temporal ranges in queries allows it to track trends over time,
offering opportunities for longitudinal studies and
misinformation detection.

Unlike previous work [15], where segments of text are generated
chronologically, we performed segmentation at the post level
without accounting for chronology. Compared with existing
literature, which predominantly relies on large LLMs for MQA
[4,16], this study underscores the potential of smaller models
for tasks requiring domain-specific, contextually accurate
outputs. Prior work often focuses on high-resource settings
[17,18] with robust computational infrastructure, leaving gaps
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in applicability for low-resource environments. We fill this gap
by showing that reliable performance can be achieved with
computationally efficient architectures, expanding the reach of
artificial intelligence tools to underresourced regions. Although
smaller LLMs have been used [19], summarization from large
volumes of text with aggregated information has not been
addressed before.

Limitations
Despite its promising features, the framework has limitations.
It relies on the accuracy and representativeness of the Reddit
data it ingests. Reddit posts may include biases, inaccuracies,
or misinformation that could influence the system’s output.

While faithfully summarizing misinformation is valuable for
transparency, users need to exercise caution in interpreting the
results. Additionally, we evaluated the framework using a small
set of queries pertaining to substance use; further validation is
necessary to assess performance across diverse medical domains.

Conclusions
This study demonstrates that a modular, lightweight RAG
framework can effectively address complex MQA using social
media data in low-resource settings. By enabling clinicians to
rapidly extract insights about substance use trends and potential
side effects from Reddit posts, the framework holds significant
potential for improving public health.
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Abstract

Background: Artificial intelligence (AI) predictive models in primary health care have the potential to enhance population
health by rapidly and accurately identifying individuals who should receive care and health services. However, these models also
carry the risk of perpetuating or amplifying existing biases toward diverse groups. We identified a gap in the current understanding
of strategies used to assess and mitigate bias in primary health care algorithms related to individuals’ personal or protected
attributes.

Objective: This study aimed to describe the attempts, strategies, and methods used to mitigate bias in AI models within primary
health care, to identify the diverse groups or protected attributes considered, and to evaluate the results of these approaches on
both bias reduction and AI model performance.

Methods: We conducted a scoping review following Joanna Briggs Institute (JBI) guidelines, searching Medline (Ovid),
CINAHL (EBSCO), PsycINFO (Ovid), and Web of Science databases for studies published between January 1, 2017, and
November 15, 2022. Pairs of reviewers independently screened titles and abstracts, applied selection criteria, and performed
full-text screening. Discrepancies regarding study inclusion were resolved by consensus. Following reporting standards for AI
in health care, we extracted data on study objectives, model features, targeted diverse groups, mitigation strategies used, and
results. Using the mixed methods appraisal tool, we appraised the quality of the studies.

Results: After removing 585 duplicates, we screened 1018 titles and abstracts. From the remaining 189 full-text articles, we
included 17 studies. The most frequently investigated protected attributes were race (or ethnicity), examined in 12 of the 17
studies, and sex (often identified as gender), typically classified as “male versus female” in 10 of the studies. We categorized
bias mitigation approaches into four clusters: (1) modifying existing AI models or datasets, (2) sourcing data from electronic
health records, (3) developing tools with a “human-in-the-loop” approach, and (4) identifying ethical principles for informed
decision-making. Algorithmic preprocessing methods, such as relabeling and reweighing data, along with natural language
processing techniques that extract data from unstructured notes, showed the greatest potential for bias mitigation. Other methods
aimed at enhancing model fairness included group recalibration and the application of the equalized odds metric. However, these
approaches sometimes exacerbated prediction errors across groups or led to overall model miscalibrations.
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Conclusions: The results suggest that biases toward diverse groups are more easily mitigated when data are open-sourced,
multiple stakeholders are engaged, and during the algorithm’s preprocessing stage. Further empirical studies that include a broader
range of groups, such as Indigenous peoples in Canada, are needed to validate and expand upon these findings.

Trial Registration: OSF Registry osf.io/9ngz5/; https://osf.io/9ngz5/

International Registered Report Identifier (IRRID): RR2-10.2196/46684

(J Med Internet Res 2025;27:e60269)   doi:10.2196/60269

KEYWORDS

artificial intelligence; AI; algorithms; expert system; decision support; bias; community health services; primary health care;
health disparities; social equity; scoping review

Introduction

Developments in computer science have led to artificial
intelligence (AI) models that learn from large datasets and can
perform independent analysis [1-4]. Significant progress has
been made in these tasks with the development of machine
learning (ML). This branch of AI focuses on understanding,
generating, and reasoning based on data without explicit human
instructions [2,3] Such ML algorithms use datasets known as
“training datasets” to capture the patterns required for clustering
tasks or predictive modeling [3,4]. These models are now used
in multiple contexts and industries to predict the likelihood of
an event or to support human decision-making [4]. In health
care, AI models applied in radiology can potentially detect and
predict the progression of cancerous tumors accurately [5].
Algorithms can also be useful in community-based primary
health care (CBPHC) for identifying individuals, such as heart
failure or diabetes outpatients, who require specific health care
services [6]. As defined by the Canadian Institutes of Health
Research, CBPHC encompasses a comprehensive array of
services aimed at community well-being, including primary
prevention (such as public health), health promotion, disease
prevention, diagnosis, treatment, and management of chronic
and episodic illnesses, rehabilitation support, and end-of-life
care [7].

Despite the potential benefits of AI, such as compensating for
workforce shortage and maximizing access to CBPHC [6],
algorithm biases toward diverse groups can hinder their
application in health care settings. These biases may be
perpetuated when protected attributes [1], as identified by the

place of residence, race/ethnicity/culture/language, occupation,
gender/sex, religion, education, socioeconomic status, and social
capital (PROGRESS-Plus) framework [8], are underrepresented
or misrepresented in the training data of algorithms [1,9].
Strategies aimed at identifying and mitigating bias, defined as
a persistent inclination either in favor or toward something [9],
in predictive models are in development and beginning to be
empirically applied [10,11]. In computer science, attempts to
achieve algorithmic fairness can involve which are (1)
preprocessing, (2) in-processing, or even, (3) postprocessing
strategies, such as those used in “out-of-the-box” commercial
AI models [4]. Academic disciplines beyond computer science,
such as medicine, management, and ethics, are also closely
involved in addressing issues related to identifying potential
bias toward diverse groups in AI models [1,3]. However, there
remains a knowledge gap regarding which strategies and
methods have been empirically applied to mitigate bias toward
diverse groups in CBPHC algorithms [10,12].

To address this gap, we conducted a scoping review aimed at
identifying and describing (1) the attempts made to mitigate
bias in primary health care AI models, (2) which diverse groups
or protected attributes have been considered, and (3) the results
regarding bias attenuation and the overall performance of the
models.

Methods

Search Strategy
We conducted a scoping review informed by the Joanna Briggs
Institute (JBI) [13] and used the Population (or Participant),
Concept, and Context Framework [14], as shown in Table 1.
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Table 1. Population (or Participant), Concept, and Context framework used for the search strategy.

PCC elements applied in this reviewDefinition (per JBIb Reviewer’s Manual)PCCa elements [14]

Any diverse groups [8] based on their personal
or protected attributes [1].

“Important characteristics of participants, including age and
other qualifying criteria” (11.2.4)

Population

Strategies, attempts, or methods for assessing
and mitigating bias in artificial intelligence.

“The core concept examined by the scoping review should be
clearly articulated to guide the scope and breadth of the inquiry.
This may include details that pertain to elements that would be
detailed in a standard systematic review, such as the “interven-
tions” or “phenomena of interest” (11.2.4)

Concept

Community-based primary health care [7].“May include...cultural factors such as geographic location or
specific racial or gender-based interests. In some cases, context
may also encompass details about the specific setting.”

Context

aPCC (Population [or Participant], Concept, and Context) framework [14].
bJBI: Joanna Briggs Institute.

Bias Mitigation in Primary Health Care Artificial
Intelligence Models
Primary review questions are (1) What attempts have been made
to mitigate bias in primary health care AI models? (2) Which
diverse groups or protected attributes have been considered?
and (3) What are the results regarding bias attenuation and
model performance?

In November 2022, we developed a search strategy aligned with
the main concepts of our primary review questions with an
experienced librarian in 4 relevant databases (MEDLINE [Ovid],
CINAHL [EBSCO], PsycInfo [Ovid], and Web of Science).
The results of the search strategy in Web of Science were limited
to the following 2 indexes: Science Citation Index Expanded
and Emerging Sources Citation Index. We used 5 relevant
articles to test the sensitivity of our search strategy, focusing
on peer-reviewed publications from the past 5 years (between

January 1, 2017, and November 15, 2022). The search strategies
for each database can be found in Multimedia Appendix 1.

Data Collection
We imported all sources (n=1603) into the web-based
collaborative tool Covidence (Veritas Health Innovation) [15],
which automatically identified and removed 581 duplicates,
with an additional 4 removed manually. The inclusion and
exclusion criteria are presented in Table 2. During the title and
abstract screening phase, 7 reviewers independently assessed
the abstracts based on the selection criteria. We piloted the
screening process on 50 sources that all reviewers independently
assessed. Reviewers included a source if it met our inclusion
criteria, such as featuring an AI predictive model in health,
targeting primary health care populations, and presenting a
strategy or method for reducing bias. All titles and abstracts
were screened independently by at least 2 reviewers, with any
discrepancies resolved through consensus involving all
reviewers, including at least 1 senior researcher.

Table 2. Inclusion and exclusion criteria.

Exclusion criteriaInclusion criteriaPCC (Population, Concept,
and Context) elements [14]

Population •• Any populations targeted by hospital or specialized
care interventions.

Any populations targeted by CBPHCa interventions.

Concept •• Methods or strategies deployed to assess and mitigate
bias in the AI model itself (eg, biased prediction of
treatment effects), rather than bias related to individu-
als’ characteristics or protected attributes.

All methods or strategies deployed to assess and miti-
gate bias toward diverse groups or protected attributes
in AI models.

• All mitigation methods or strategies deployed to pro-
mote and increase equity, diversity, and inclusion in
CBPHC algorithms.

• Strategies, methods, or interventions that are not relat-
ed to CBPHC.

• CBPHC interventions that do not include any algo-
rithm or AI system.

Context •• Algorithms used by primary health care providers for
support in administrative tasks and operational aspects,
rather than for clinical decisions.

Include all CBPHC algorithms (AI) applications that
can perpetuate or introduce potential biases toward di-
verse groups based on their characteristics or protected
attributes.

Study design, study type,
and time frame

•• Reviews, opinions, commentaries, editorial content,
conference papers, communications, protocols, maga-
zine articles, and so on.

All empirical studies published in English or French
between 2017 and 2022.

aCBPHC: Community-based primary health care.
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For the remaining articles assessed for eligibility at the full-text
review stage, we searched for and obtained any missing full
texts of selected references, then imported them into Covidence.
Out of 5 reviewers independently applied the same selection
criteria, and all reasons for exclusion were recorded in
Covidence. All full texts underwent dual screening. As in the
previous stage, any discrepancies regarding the included studies
were resolved through consensus among all reviewers, including
at least one senior researcher.

Data Extraction
One experienced reviewer performed the extraction of the
included studies, and 2 senior researchers validated the data for
all of them. We also hand-searched [16] and identified 2 relevant
articles [17,18] related to 2 included studies [19,20], which were
added to Covidence for extraction. Based on reporting standards
for AI in health care [21], we extracted the following
information (title of the paper, year of publication, lead author,
and country), study objective, discipline and study design, AI
model features, study population and setting, AI model
architecture and evaluation, bias assessment method, strategy
for deployment, diverse groups concerned, bias mitigation
results, and the impact on AI model performance and accuracy.

Quality Assessment
One senior reviewer appraised the quality of the included studies
by applying the Mixed-Methods Appraisal Tool (MMAT)
[22,23] and at least one senior researcher validated each of them.

Data Synthesis
In accordance with the JBI recommendations [24], we
synthesized data using structured narrative summaries around
our review concepts (eg, model data source, model input, model
output, diverse groups, or protected attributes), mitigation
strategies deployed, and the results on bias mitigation and
overall model performance. We reported our findings based on
the PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
[25].

Ethical Considerations
We obtained approval from the ethics board of the “Comité
d’éthique de la recherche sectoriel en Santé des Populations et
Première Ligne du Centre Intégré Universitaire de Santé et de
Services Sociaux de la Capitale-Nationale” for the Protecting
and Engaging Vulnerable Populations in the Development of
Predictive Models in Primary Health Care for Inclusive, Diverse
and Equitable AI (PREMIA) project (#2023-2726).

Results

Out of a total of 1018 titles and abstracts, along with 189
full-text articles that underwent dual screening, 17 studies
[19,20,26-40] met our eligibility criteria. The PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) 2020 flow diagram is shown in Figure 1 [41].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) flow diagram.

The relatively high number of exclusions at the full-text review
stage (172/189, 91%) can be attributed to our inclusive approach
in the previous stage. For example, some reviews (17/189, 9%)
and incorrect study types (67/189, 35%), such as editorials,
commentaries, or conference papers, were excluded at this stage.
Other exclusion reasons (88/189, 47%) included models that
lacked AI components, models focusing on health care
operational processes (eg, workflow modeling), studies targeting
populations receiving specialized care (eg, hospitalized or cancer
patients), interventions such as imaging research that were
outside the scope of CBPHC, and methods for mitigating bias
that were applied to the AI model itself (eg, biased predictions
of treatment effects) rather than addressing biases related to
diverse groups or personal attributes.

Overview of Included Studies
Of the 17 included studies published between 2019 and 2022,
we identified 7 studies in the discipline of data science or
informatics, 7 in medical informatics, 1 in medical ethics and
informatics, 1 in medical ethics using a Delphi method, and 1
in management care ethics using a user-centered design. Most
studies have been conducted in the United States (15/17, 88%),
1 in the United Kingdom, and 1 in Italy. The main characteristics
of the included studies can be found in Multimedia Appendix
2.

Quality Assessment of Included Studies
Most studies had a quantitative descriptive study design (14/17,
82%), while 2 used a mixed methods design, and 1 used a
qualitative design. All studies showed high quality, receiving
scores of 3 or 4 stars (on a possibility of 5). All MMAT scores
can be found in Multimedia Appendix 3.

Diverse Groups Considered
The most frequently studied protected attributes were race (or
ethnicity), examined in 71% (12/17) of studies, and sex (defined
as binary male versus female), considered in 59% (10/17) of
studies. None of the studies distinguished between biological
sex and socially constructed gender, and 5 of them incorrectly
identified sex as gender. Race or ethnicity was most often
categorized as White or Black, Black or non-Black or, in one
study, as Asian, Black, White, and other.

Other protected attributes considered by the studies included
age (7/17, 41%), socioeconomic status or its proxies, such as
income, work class, education, health care insurance (5/17,
29%), place of residence (2/17, 12%), marital status (1/17, 6%),
and disability status (1/17, 6%).
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Categorization of Deployed Bias Mitigation Strategies
We identified considerable heterogeneity across the studies,
which used various strategies and methods to assess and mitigate
bias in algorithms impacting diverse groups. We categorized
these efforts into four groups: (1) addressing bias in existing
AI models or datasets, (2) mitigating biases from data sources
such as electronic health records (EHRs), (3) developing tools
that incorporate a “human-in-the-loop” approach, and (4)
identifying ethical principles to guide informed decision-making.

Attempts in Existing AI Models or Datasets
We identified 7 studies that attempted to mitigate biases in
existing AI models or datasets [19,20,27,28,35,37,39].

A debiasing attempt was made on an insurance coverage
algorithm designed to identify individuals who could benefit
from health resources according to their health needs [35]. Risk
scores were initially calculated based on projected future costs
rather than uncontrolled or unmanaged illnesses, disadvantaging
Black patients. By changing the data labeling to focus on future
illness rather than future costs, the percentage of Black patients
who could benefit from health resources increased significantly
[35].

Another cohort study [37] using a Medicaid enrollees’ dataset
showed that reweighing was more effective at reducing bias in
postpartum depression risk scores between White and Black
individuals compared with training without the race variable
for comparison. Initially, it was found that the White individuals
had higher rates of postpartum depression and mental health
service use. However, after comparing postpartum depression
rates between races based on population surveys, it became
clear that the higher rates in White women might be due to
disparities in the timely assessment, screening, and detection
of symptoms in Black women [37].

A total of three other studies include (1) retraining models with
data that incorporated health equity measures resulted in a slight
decrease in performance for detecting abnormal
electrocardiograms but significantly reduced gender, race and
age biases [19]; (2) increasing diversity in the training data of
a predictive pulmonary disease model improved its performance
[27]; and (3) although a mental health assessment model
achieved high accuracy, its performance was statistically higher
and more accurate for men than for women [18]. The use of an
algorithmic disparate remover, by adjusting the modeling data,
significantly reduced this disparity while maintaining high
accuracy [20].

Another attempt to assess bias involved replicating models
predicting liver disease [39]. Importing an existing dataset
reproduced predictive models with high accuracy but revealed
a previously unobserved bias, with women experiencing a higher
false negative rate.

We identified only 1 in-processing debiasing attempt [28]. Out
of 2 algorithmic fairness strategies, group recalibration and
equalized odds, were used to recalibrate a predictive model of
cardiovascular diseases that was not initially adjusted for
attributes such as sex or race. This resulted in an exacerbation

of false positive and negative rates differences between groups,
as well as overall model miscalibration.

Attempts in Data Sourcing
We identified 5 studies that attempted to mitigate biases in data
sourcing [26,31,32,38,40].

Based on published synthetic datasets, such as the analysis of
the American Time Use Survey dataset, using fairness metrics
revealed potential discrepancies in representativeness between
real and synthetic data across age, sex, and race [26].

Out of 4 other studies investigated EHRs datasets [31,32,38,40].
A natural language processing model was developed to extract
vital sign features from unstructured notes, comparing risk
scores with 2 convenience samples. This method reduced the
missingness of vital signs by 31%, thereby mitigating possible
discrimination toward diverse groups, such as Black men or
Black women [32]. Based on data from a previous study, 2 ML
models were trained to compare balanced error rates across
different socioeconomic status levels and the incompleteness
of EHRs data [31]. Asthmatic children with lower
socioeconomic status exhibited larger balanced error rates than
those with higher socioeconomic status and had more missing
information regarding asthma care, severity, or undiagnosed
asthma, despite meeting asthma criteria [31].

Potential bias based on place of residence in EHRs was
examined by 2 studies [38,40]. Rebalancing class labels by
adding zip-code level information to 19,367 EHRs during the
preprocessing step showed no significant deviation in
performance, indicating that bias can be mitigated through
preprocessing [38]. Meanwhile, a simple 30-day readmission
prediction model was developed, categorizing each patient as
local (nearby) or not (far) [40]. The performance with and
without this variable was assessed, revealing no significant
differences. Considering that living locally only affects the
observability of the outcome (eg, a patient may be readmitted
to a different hospital), differential bias assessment cannot rely
solely on observed data [40].

Attempts in Developing Tools With a
“Human-in-the-Loop” Approach
We identified 3 studies that attempted to mitigate biases by
incorporating a “human-in-the-loop” approach [29,30,36].

These studies led to the development of “human-in-the-loop”
tools: (1) a visual tool for auditing and mitigating bias from
tabular datasets, which was tested through experiments on 3
datasets with user participation and significantly reduced bias
compared with another commercial debiasing toolkit [29]; (2)
pragmatic tools developed for better use of risk scores with a
Medicare members’ dataset, allowing users to identify
appropriate risk scores for each subgroup to achieve equality
of opportunity [30]; and (3) a tool called “FairLens” capable of
identifying and explaining biases, which was tested using a
fictitious black box model serving as a decision support system
[36]. Empirically validated by injecting biases into this fictitious
decision support system, this tool outperformed other standard
measures and enabled experts to identify problematic groups
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or affected patients, thereby allowing for the detection of
potential misclassification [36].

Attempts at Identifying Ethical Principles for Informed
Decision-Making
We identified 2 empirical studies that attempted to mitigate
biases by identifying ethical principles for informed
decision-making [33,34].

To assess the potential missingness of EHR data from
phenotyping technology, a Delphi study was conducted to
address ethical challenges and reach a consensus on the
importance of privacy, transparency, consent, accountability,
and fairness [33]. In addition, a user-centered design study was
conducted to identify user requirements, mainly intended for
health managers and clinicians, to support informed
decision-making and confidence in using a hepatitis C severity
illness predictive model prototype [34].

Discussion

Principal Findings
The reviewed studies illustrate a multifaceted approach to
mitigating bias in primary care AI models. Strategies include
retraining, reweighing, relabeling, adding more diversity, and
attempting to replicate existing modeling data
[19,20,27,35,37,39], as well as algorithmic recalibration applied
to an existing prediction model [28]. Other strategies involve
the development and application of fairness metrics to ensure
equitable distributions in previously published databases [26],
and the identification of missingness in EHRs datasets by
rebalancing class labels or adding information [31,32,38].
Another group of strategies includes the introduction of visual
interactive tools for human-in-the-loop bias auditing [29,30,36].
All these attempts cover a broad spectrum of interventions,
ranging from data preprocessing and algorithmic modification
to post hoc analysis, demonstrating the complexity and variety
of approaches needed to address bias in AI models in primary
health care.

The studies collectively address a wide range of protected
attributes [1,8], including race or ethnicity [19,26,28-37], sex
[19,20,26-31,36,39], age [19,26,27,29-31,36], socioeconomic
status (SES) [27,29,31,33,36], and other demographic variables
such as place of residence [38,40]. This underlines the
recognition of the multifaceted nature of bias, which can
intersect across various dimensions of identity and social
determinants of health [9,42]. However, we have identified
disparities in the number of protected attributes studied. Race
(White vs Black) and sex (male vs female) are most frequently
investigated, whereas other attributes, such as disability and
gender, are underresearched or not studied at all.

Bias mitigation efforts reveal a nuanced landscape where
attempts to reduce bias across protected attributes can result in
complex trade-offs with model performance. For example, a
decrease in overall model performance accompanied by
significant reductions in bias was observed following the
implementation of constrained optimization [19]. Similarly,
improvements in calibration for specific groups came at the cost

of increased disparities in false positive and false negative rates
between groups [28]. Despite these trade-offs, the efforts have
largely been successful in reducing bias, as evidenced by a study
that achieved fairer distributions in synthetic data [26], and in
another study where human-in-the-loop interventions
significantly reduced bias while maintaining utility [29].

These empirical findings reinforce theoretical insights that
emphasize the importance of health equity between protected
and unprotected attributes [1,8]. To mitigate bias in AI health
models, distributive justice options for ML have been proposed:
(1) equal patient outcomes; (2) equal performance; and (3) equal
allocation of resources [1]. Since these different types of fairness
options are often incompatible, optimizing all these parameters
seems challenging, as demonstrated by an identified study [28].
Trade-offs are essential, and a participatory process involving
key stakeholders, including ethicists, clinicians, and
marginalized populations, is strongly encouraged [1]. While
striving to create ethically robust AI models, selected studies
often reveal tension, as efforts to reduce bias can sometimes
lead to a decrease in the model’s overall performance. This
presents a critical challenge: balancing the imperative of fairness
with the need to maintain high accuracy and efficiency in
algorithmic outputs.

Comparison With Previous Work
Initiatives focused on the fair use of AI in health care and the
assessment of bias risk in AI predictive models have been
published in recent years. Notable initiatives include
Consolidated Standards of Reporting Trials-Artificial
Intelligence (CONSORT-AI) and Standard Protocol Items
Recommendations for Interventional Trials-Artificial
Intelligence (SPIRIT-AI) [43], which provide guidelines for the
ethical presentation of the results of trials conducted with AI in
the health care field. To assess the risk of bias in diagnostic and
prognostic prediction model studies, the “Prediction Model Risk
of Bias Assessment Tool” (PROBAST) [44] can be used.
PROBAST consists of a list of signaling questions grouped into
4 categories: participants, predictors, outcomes, and analysis.
This tool was used in a systematic scoping review to assess the
quality of primary studies reporting applications of AI in
CBPHC [45].

However, the objective of our scoping review differs; it is not
to identify biases in the AI prediction models themselves, but
rather to examine biases toward groups that are underrepresented
or misrepresented in these AI models. An identified review has
used and adapted PROBAST to assess related protected
attributes, but the AI predictive models studied were
hospital-based and not relevant to primary care [11]. We also
identified a scoping review protocol that focused on bias toward
diverse groups in AI systems in primary care; however, unless
we are mistaken, the results of this protocol have never been
published [10]. Another identified review aimed to assess
age-related bias in AI but did not focus on primary health care
[46]. Finally, we identified another systematic review
investigating health inequities in primary care, but it adopted a
system-wide perspective, focusing on aspects such as patient
consultation and effects on health systems [47].
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To our knowledge, no other published review has the objectives
of identifying (1) the bias mitigation strategies or methods in
primary health care, (2) the diverse groups that are
underrepresented or misrepresented, and (3) the results of bias
mitigation and AI model performance.

Strengths and Limitations
The strengths of this review include results that can be translated
into recommendations for various stakeholders, such as AI
developers, researchers, and decision makers. However, we
acknowledge some limitations. First, we limited our search
strategy to the last 5 years before November 2022 and focused
on 4 databases, which may have excluded some relevant studies.
Second, the extraction of studies and quality assessment were
conducted only once, although all of them were validated by at
least one senior researcher. Third, due to the heterogeneity of
the studies, we were unable to combine results through a
quantitative synthesis and remained at a narrative level of
reporting. Finally, our review primarily identified research from
a North American setting, which reduces its transferability to
other continents.

Future Directions and Dissemination Plan
This scoping review serves as the initial phase of the iterative
project “Protecting and Engaging Vulnerable Populations in
the Development of Predictive Models in Primary Health Care
for Inclusive, Diverse, and Equitable AI” (PREMIA).

Following the results of this review, we have developed a
framework currently validated by a diverse group of experts,
including clinicians, public health managers, primary care
researchers, data scientists, and patient and citizen partners.

This group is concentrating on existing AI predictive models
and the bias mitigation strategies identified in our scoping
review. Diverse populations, such as older adults, individuals
with disabilities, and people from various racial and ethnic
backgrounds, are actively involved in this second phase of
PREMIA. We plan to prepare and submit a manuscript based
on the findings of this Delphi study.

In addition, in recognition of the rapid advancements in this
field, we plan to update this literature review in 2027 using a
similar search strategy. This iterative approach will allow us to
refine our framework and track the progress of bias mitigation
in AI models within primary health care. Indigenous peoples
in Canada represent a group historically underrepresented in
health research, leading to inequities [3]. Since no other study
has addressed bias related to Indigenous status, we collaborate
with Indigenous representatives to develop methods for
mitigating this bias in CBPHC algorithms.

Conclusion
This review identifies strategies and methods for mitigating
bias in primary health care algorithms, considers diverse groups
based on their personal or protected attributes, and examines
the results of bias attenuation and model performance. The
findings suggest that biases toward diverse groups can be more
effectively mitigated when data are open-sourced, multiple
stakeholders are involved, and during the preprocessing stage
of algorithm development. More empirical studies are needed,
with a focus on including participants who embrace greater
diversity, such as nonbinary gender identities or Indigenous
peoples in Canada.
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Abstract

Background: Nowadays, optimal patient care should be based on data-driven decisions. In the course of digitization, hospitals,
in particular, are becoming complex organizations with an enormously high density of digital information. Ensuring information
security is, therefore, essential and has become a major challenge. Researchers have shown that—in addition to technological
and regulatory measures—it is also necessary for all employees to follow security policies and consciously use information
technology (compliance), because noncompliance can lead to security breaches with far-reaching consequences for the organization.
There is little empirical research on information security–related behavior in hospitals and its organizational antecedents.

Objective: This study aimed to explore the impact of specific job demands and resources on resident physicians’ information
security–related compliance in hospitals through the mediating role of work engagement and information security–related
awareness.

Methods: We used a cross-sectional, survey-based study design to collect relevant data from our target population, namely
resident physicians in hospitals. For data analysis, we applied structural equation modeling. Our research model consisted of a
total of 7 job demands and resources as exogenous variables, 2 mediators, and information security–related compliance as the
endogenous variable.

Results: Overall, data from 281 participating physicians were included in the analyses. Both mediators—work engagement and
awareness—had a significant positive effect on information security–related compliance (β=.208, P=.001 vs β=.552, P<.001).
Quality of leadership was found to be the only resource with a significant indirect effect on physicians’ compliance, mediated
by work engagement (β=.086, P=.03). Furthermore, awareness mediated the relationships between information security–related
communication and information security–related compliance (β=.192, P<.001), as well as between further education and training
and the endogenous variable (β=.096, P=.02). Contrary to our hypothesis, IT resources had a negative effect on compliance,
mediated by awareness (β=–.114, P=.02).

Conclusions: This study provides new insights into how a high standard of information security compliance among resident
physicians could be achieved through strengthening physicians’ security work engagement and awareness. Hospital management
is required to establish an information security culture that is informative and motivating and that raises awareness. Particular
attention should be paid to the quality of leadership, further education and training, as well as clear communication.

(J Med Internet Res 2025;27:e46257)   doi:10.2196/46257
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Introduction

Information Security–Related Issues in Hospitals
Nowadays, direct, easy, and quick access to and transmission
of information are essential factors for health professionals to
provide optimal patient care based on data-driven diagnosis and
treatment. In the course of digitization, hospitals, in particular,
are becoming complex organizations with an enormously high
density of such information, which comes from a wide variety
of sources and is available in different information systems. In
order to make the decision-making process in hospitals more
efficient, increasingly more (medical) devices are being digitally
connected to hospital networks, providing health care
professionals with data from multiple sources at a central access
point. In a recently published study, the average number of
active medical devices in large university hospitals in Germany
was 25,150, with 4500 (17.9%) of them being digitally
connected, a rate that is expected to increase rapidly in the near
future [1]. Despite their major benefits in terms of the enhanced
quality and efficiency of patient care, the use and high variety
of connected devices poses potential information security risks
to hospitals. Many of the devices used in hospitals are not only
connected to local networks but also directly or indirectly
connected to the internet or other external systems. For example,
patient data can be transitioned to other stakeholders outside
the local network or a cloud where they will be further processed
[2,3]. Adding to this, with the increasing usage of personal
mobile devices for work purposes by health care professionals,
the issue becomes even more complex and difficult to handle
for hospital management [4-6].

Information security in hospitals refers to the state of full
functionality of all information systems, processes, and
components and, therefore, the protection of all information
required for optimal patient care. It must be guaranteed at all
times. Continuous monitoring, as well as rapid responses to
breaches and attacks, are essential. Due to the immense impact
of poor information security on patient care, as well as the
critical standard of security due to years of underinvestment
and neglect of this issue, hospitals around the world have
recently become targets of cyberattacks, with massive increases
each year [7-10]. A study from 2020 shows how vulnerable the
German hospital landscape is to ransomware attacks: the authors
analyzed the publicly visible system attack surface of hospitals
located in Germany and found that more than 1 in 3 hospitals
analyzed had vulnerabilities, including those that were part of
the critical infrastructure at the time [11]. In times of scarce
financial and human resources, ensuring information security
is an enormous challenge [4]. In addition to technological and
regulatory measures, research literature also highlights and
discusses organizational measures to enhance information
security in hospitals [2,8,9]. The reason for this is that a large
proportion of information security breaches still occur internally
as a result of employee misconduct [2,9,12]. German politicians
have already recognized that a high level of information security
in hospitals can only be achieved with holistic measures at a
human, technological, and organizational level. In addition to
providing the technological basis, employees must be made
aware of security-relevant issues and obliged and motivated to

comply with policies. The hospital management must revise
information and communication processes and create appropriate
support structures (eg, responsibilities, IT, and training) [13].

Empirical research on information security–related behavior of
employees at work and its supporting organizational and
individual factors is a relatively new field. Several researchers
have found that in addition to the technological equipment of
the organization to ensure information security, it is also
necessary for the employees to follow security policies and
consciously use information technology (compliance), because
noncompliance can lead to security breaches with far-reaching
consequences for the organization.

To explain information security–related behavior within the
organization, various behavioral theories and frameworks have
been used, including the Theory of Planned Behavior (TPB),
Organizational Behavior (OB), and the Job Demands-Resources
Model (JDRM) [14]. Hu et al [15] used the TPB to investigate
the role of top management, organizational culture, and
individual cognitive beliefs on information security–related
behavior among alumni of Management Information Systems
and Master of Business Administration programs, finding
significant effects. D’Arcy and Greene [16] combined different
theories for their research model and examined the influence
of security culture, job satisfaction, and perceived organizational
support on security compliance intentions among
computer-using professionals, finding positive effects on
security culture and job satisfaction. Solomon and Brown [17]
used the TPB and showed relationships between organizational
culture, information security culture—as an organizational
subculture—and compliance. They further argued that goal
orientation among employees has a stronger influence on
compliance than rule orientation.

There is little empirical research on information security
behavior in hospitals. Yeng et al [18] recently conducted a study
in a paperless hospital in Ghana and assessed the security
behavior of health care staff. In their study, the authors covered
different individual, psychosocial, cultural, and work factors
and found several significant correlations with participants’
security behavior [18]. In their case studies, Hedström et al [19]
showed that employees in health care organizations are exposed
to different value conflicts, for example, health care values
versus information security values, which they have to resolve
quickly for each situation during their practice. This poses
security risks that need to be considered by hospital management
[19]. In our first article on information security published in
2022, we examined specific security-related practices of
physicians when using smartphones and medical apps in
everyday clinical practice. Among the apps examined, some
were found to pose a certain risk to data protection, information
security, and patient safety. A large majority of the participating
physicians who communicated by their smartphone did not use
General Data Protection Regulation (GDPR)–compliant
messenger services and paid little attention to some
security-relevant criteria (such as manufacturer information,
information on data protection, and information security) when
selecting medical apps for professional use [20]. Both the papers
from 2022 described above and the following paper are based
on the same dataset. While our first paper focused on specific
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security-related practices, this paper builds on this and examines
the underlying constructs of this behavior.

Due to the particular threat of cyberattacks, the ongoing
digitization, increasing regulatory requirements and the existing
research gap on information security–related behavior in
hospitals, the aim of this study was to explore the impact of job
demands and job resources on resident physicians’ information
security–related compliance.

Theoretical Framework
To develop our research model, we used elements from the
Extended JDRM as well as the OB research field.

JDRM Framework
The JDRM by Demerouti et al [21] postulates that working
conditions can be divided into 2 categories—demands and
resources—and are associated with different job-related
outcomes. Demerouti et al [21] originally intended to use the
JDRM to explain the development of burnout: in one of their
studies, they confirmed the links between high demands and
exhaustion and between a lack of resources and disengagement
[21]. Three years later, a revised version was presented by
Schaufeli and Bakker [22]. Their model included burnout and
engagement as mediators between different predictors and
different possible consequences. Since then, the JDRM has
served as a theoretical basis in many studies in industrial and
organizational psychology [23]. The JDRM has proven to be

flexible, with researchers adapting it to their specific study
context regarding the outcomes, demands, and resources to be
considered, as well as the presumed mediators and moderators
[24]. Pham et al [25] used the JDRM for their qualitative
research on the information security–related behavior of
employees in Vietnam, finding 3 security resources, 3 security
demands, and 2 personal resources that affected security
engagement and security compliance burnout as the mediators
of security compliance [25].

OB Framework
OB research has been around for about 100 years now [26].
There are 3 levels at which OB can be studied: the individual,
the group, and the organizational level [27]. By analyzing
information security–related compliance, our study focuses on
how resident physicians behave as individuals in the
organization and which job-related antecedents promote or
inhibit compliance. Amankwa et al [28] chose—among
others—concepts from OB research to explain information
security–related compliance, showing that supportive
organizational culture and end-user involvement had a
significant effect on employees’ attitudes toward compliance,
which in turn had a positive effect on their behavioral intentions.

Research Model and Hypotheses
Our initial research model is presented in Figure 1. The relevant
constructs, definitions, and corresponding items of the
questionnaire can be found in Multimedia Appendix 1.

Figure 1. Research model.
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As the first mediator, we have chosen work engagement
(“WENG”). In a revised version of the JDRM presented by
Schaufeli and Bakker [22], work engagement is considered to
be a mediator of the relationship between job resources and
job-related outcomes. The authors explained their findings
through an underlying motivational process. Next to quality of
leadership (“LEAD”), education and training (“EDUC”), and
IT resources (“ITRE”), we chose trust and fairness (“TRFA”)
as the fourth potential resource. Unlike Schaufeli and Bakker
[22], we also assumed a negative effect of certain job
demands—quantitative demands (“QUAD”) and role conflicts
(“ROLC”)—on work engagement. Here, we wanted to refer to
the specific working conditions of physicians in hospitals, which
are in general associated with high quantitative demands, but
also—as Hedström et al [19] showed—different value conflicts.

Awareness (“AWAR”), as the second mediator, is one of the
most commonly investigated variables related to information
security–related behavior [29-32]. It is mostly considered to
play a mediating role between the exogenous variables and the
endogenous compliance variable (“COMP”). In our research
model, it also acts as a mediator and reports on physicians’
awareness of the risks, threats, policies and responsibilities
related to information security in their hospital. In addition to
information security–related communication (“COMM”), for
which a relationship with information security–related behavior
has already been shown in several studies [16,17,28,32], we
added EDUC as well as ITRE as potential exogenous variables
in our model. Here, the assumption was that both job resources
the provision of adequate IT resources and good education and
training could lead to greater information security–related
awareness. A summary of our research hypotheses is provided
in Table 1.

Table 1. Research hypotheses.

Hypotheses#

Work engagement is positively related to information security–related compliance.H1a

Information security–related awareness is positively related to information security–related compliance.H1b

There is a negative relationship between quantitative demands and information security–related compliance mediated by work engage-
ment.

H2a

There is a negative relationship between role conflicts and information security–related compliance mediated by work engagement.H2b

There is a positive relationship between trust and fairness and information security–related compliance mediated by work engagement.H2c

There is a positive relationship between quality of leadership and information security–related compliance mediated by work engagement.H2d

There is a positive relationship between further education and training and information security–related compliance mediated by work
engagement.

H2e

There is a positive relationship between IT resources and information security–related compliance mediated by work engagement.H2f

There is a positive relationship between further education and training and information security–related compliance mediated by
awareness.

H3a

There is a positive relationship between IT resources and information security–related compliance mediated by awareness.H3b

There is a positive relationship between information security–related communication and information security–related compliance
mediated by awareness.

H3c

Methods

Study Design
We used a cross-sectional, survey-based study design. A
structured questionnaire in German was developed and designed
with the free online survey tool LimeSurvey, whereby the first
page contained information on the target group, the research
project, the content of the questionnaire, and the estimated
processing time. After accepting the privacy policy, participants
were taken to the second page with demographic questions.
These were followed by the main part including seven sections:
(1) working conditions; (2) resilience; (3) job satisfaction and
work engagement; (4) IT resources, information security, and
data protection; (5) information security–related awareness and
compliance; (6) technical affinity and innovative work behavior;
and (7) mobile device usage. At the end of the survey,
participants had the opportunity to share their comments with
us. The sections relevant to this report are explained below.

• Working conditions: To assess working conditions, we used
the following scales from the Copenhagen Psychosocial
Questionnaire (COPSOQ): Quantitative Demands,
Predictability, Role Conflicts, Quality of Leadership, Social
Support, Feedback, Sense of Community, Trust and
Fairness, and Appreciation. The COPSOQ is an
internationally established instrument to measure
psychosocial work factors, with good to very good validity
and reliability for most of its scales [33]. In Germany, the
third version of the questionnaire, which we used in our
study, was published in 2019 [34]. In contrast to the original
questionnaire, we divided the Social Support and Feedback
scales into 2 subscales each (supervisors versus colleagues)
to separate social support and feedback from supervisors
from social support and feedback from colleagues, which
could be rated differently, especially in hierarchical
organizations. In addition, we used 2 scales (Uncertainty,
and Further Education and Training) and 2 individual
questions on working hours and shifts from the German
instrument for stress-related job analysis for hospital
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physicians (ISAK) [35,36]. We also included 4
self-developed items regarding IT resources in the hospital
because we could not find a suitable scale in the research
literature.

• Information security–related awareness and compliance:
In addition to state-of-the-art technical information security
solutions, employees of an organization should be aware
of the importance of information security and trained
accordingly to behave in a compliant manner [31,37]. The
items that we used to assess information security–related
communication, awareness, self-efficacy, top management
commitment, and compliance are based on the works of
Hu et al [15], D’Arcy and Greene [16], Karlsson et al [30],
and Solomon and Brown [17]. We adapted the items to the
clinical situation. Overall, this resulted in 4 items on
communication and awareness, 2 on self-efficacy, 1 on top
management commitment, and 4 on compliance.

The Work Engagement scale is also part of the COPSOQ and
comprises 3 items. All English scales and single items were
translated into German, checked independently by 2 bilinguals,
and then adapted based on their comments. We used 5-point
Likert scales, spanning from “To a very high degree” to “To a
very low degree,” from “Not true” to “Completely true,” from
“Always” to “Never/almost never,” and from “Strongly
disagree” to “Strongly agree,” respectively.

We followed the Checklist for Reporting Results of Internet
E-Surveys (CHERRIES; Multimedia Appendix 2) [38]. To
ensure content validity, the survey was reviewed by faculty
members and statisticians and modified accordingly. It was then
piloted with a group of residents, who highlighted and took
notes on any remaining ambiguities, which we corrected in the
final questionnaire. We also tested the usability and technical
functionality of the questionnaire before fielding it.

Determining the sample size for structural equation modeling
(SEM) is difficult due to its flexibility. There are no generalized
guidelines regarding sample size requirements [39]. Therefore,
we used the rule of thumb of N≥200 [40].

Data Collection
Data were collected between March and June 2022. Our target
group comprised physicians who are currently undergoing
medical specialist training/residency training in hospitals in
Germany (henceforth referred to as “residents” or “resident
physicians”). We focused on residents because they
predominantly belong to Generation Y and, compared with
older generations, have been used to using digital technologies
and especially mobile devices since childhood or youth;
therefore, they represent a homogeneous target group in terms
of this characteristic. An invitation with a link to the
questionnaire was sent directly to the residents by email or social
media channels, or indirectly by our contacts in the medical
field. Important contacts were chief physicians, senior
physicians, university professors, hospital managers, alumni
networks, as well as presidents of the German medical societies.
In addition, we asked medical experts with significant influence
on social media platforms to share the link. The Hartmannbund,
an important association of physicians in Germany, forwarded
the link to its resident members.

Data Analysis
In total, we examined 2 job demands (QUAD and ROLC) and
5 job resources (TRFA, LEAD, EDUC, ITRE, and COMM) as
exposure variables, 2 mediators (WENG and AWAR), and 1
outcome variable (COMP). All variables were measured using
Likert scales and are interval scaled. A summary of our research
hypotheses is provided in Table 1. To be statistically precise,
we would like to highlight that the hypotheses are always
intended to analyze the unique effects of the variables in the
model and not the bivariate correlations.

For the analysis of our collected data, we applied SEM using
the free software environment for statistical computing and
graphics R (R Foundation for Statistical Computing) and the
lavaan package. SEM refers to a family of data analysis
techniques for complex relationships between multiple variables
in a single research model and has become popular in the social
and behavioral sciences [41,42]. Based on our research model
and hypotheses, we followed the widely adopted 2-step approach
to SEM by Anderson and Gerbing [43], in which the assessment
of the measurement model is followed by the analysis of the
structural model including tests of the research hypotheses.
While the measurement model describes how the latent variables
are measured by the indicator variables, the structural model
shows how the latent variables are related. In the first step, a
confirmatory factor analysis was performed to determine
whether the initially proposed measurement model fits the data
or needs to be respecified accordingly. Various fit indices exist
for evaluating the global model fit. In accordance with Hu and
Bentler [44], we used the standardized root mean squared
residual (SRMR), the comparative fit index (CFI), and the root
mean squared error of approximation (RMSEA). The authors
recommended the following thresholds for fit indices that
characterize a good global fit: SRMR<.08, CFI≥.95, and
RMSEA<.06 [44]. Modification indices were also analyzed to
determine the local fit. Here, we only made changes that were
theoretically sensible in terms of our model. In addition, the
results obtained were assessed regarding reliability, validity,
and plausibility. If respecification was indicated, the entire
evaluation process was repeated until a good model fit was
achieved. In the second step, the relationships between the latent
variables are analyzed by again evaluating the model fit and
afterward interpreting the path coefficients β and the coefficient
of determination R². To calculate the results, we used the robust
WLSMV (weighted least squares means and variance adjusted)
estimator. To ensure model identification, we only used factors
with 3 or more items in the initial measurement model.

Ethical Considerations
Ethical review and approval were waived for this study. We are
thus following the guidelines of the German Research
Foundation (DFG) and the German Data Forum (RatSWD).
The RatSWD is an independent body of empirically working
scientists and representatives of the most important public
institutions for data collection in Germany. It recommends a
careful self-examination of research ethics in order to decide
whether an ethical review by a committee is necessary for the
planned research project. After careful self-examination, we
were able to classify our research project as unobjectionable in
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terms of research ethics: neither patients nor other vulnerable
groups took part in the study. Also, our study was not likely to
trigger powerful emotions or cause severe psychological stress
or traumatic experiences. It did not involve physical risks to the
participants or result in physical pain. Furthermore, the
participants were informed of the study. Potential risks of
participation (such as social risks, risks of criminal or civil
liability, financial loss, professional disadvantages, or damage
to reputation; risk due to a difficult security situation in the
study room) did not exist. Participation in the study did not
involve any type of deception [45,46]. No compensation was
provided.

Results

Sample Characteristics
A total of 611 people entered the survey, of whom 349
completed it. An exact statement on the response rate cannot
be made because we do not have information on the number of
residents who received the questionnaire indirectly through our
contacts. Data from 6 participants had to be excluded due to
conspicuous response patterns (n=4), work in a hospital abroad
(n=1), and specific information in the comment section (n=1).
Furthermore, only data from participating physicians who had
a clear understanding of information security as distinct from
data protection were included. This was checked with the help

of a single comprehension item. Overall, data from 281
participants could be used for our analyses.

Table 2 shows the sociodemographic characteristics of the study
participants. A large majority of the participants were female
(173/281, 61.6%). The two age groups with the highest
frequency were 31-35 years (114/281, 40.6%) and 26-30 years
(108/281, 38.4%). There was a total of 16 specialties represented
by at least two participants. Most participants were part of a
residency program for internal medicine (62/281, 22.1%),
followed by anesthesiology (47/281, 16.7%), surgery (43/281,
15.3%), and pediatrics and adolescent medicine (30/281, 10.7%).
Participants were distributed across all residency levels, with
the fewest residents in their fourth year (43/281, 15.3%) and
most residents in their fifth year or above (82/281, 29.2%). The
majority of the participants worked in a public hospital (174/281,
61.9%), while approximately one-fifth (62/281, 22.1%) worked
in a nonprofit hospital and 14.2% (40/281) in a private hospital.
Most of the participants were employed in a university/teaching
hospital (230/281, 81.9%). The size of the hospitals (measured
by the number of beds) in which the residents underwent their
training varied, whereby most of them worked in a hospital with
more than 800 beds (109/281, 38.8%), followed by hospitals
with 300-800 beds (104/281, 37%). Fewer than one-fifth
(52/281, 18.5%) of the residents had a job in a hospital with
less than 300 beds.
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Table 2. Sample characteristics (n=281).

Value, n (%)Variable

Gender

173 (61.6)Female

108 (38.4)Male

0 (0)Other

Age group (years)

7 (2.5)21-25

108 (38.4)26-30

114 (40.6)31-35

30 (10.7)36-40

22 (7.8)40 or older

Specialty

62 (22.1)Internal medicine

47 (16.7)Anesthesiology

43 (15.3)Surgery

30 (10.7)Pediatrics and adolescent medicine

99 (35.2)Other

Residency level

59 (21)First year

47 (16.7)Second year

50 (17.8)Third year

43 (15.3)Fourth year

82 (29.2)Fifth year or higher

Hospital sponsorship

40 (14.2)Private

174 (61.9)Public

62 (22.1)Nonprofit

5 (1.8)I don’t know

University or teaching hospital

230 (81.9)Yes

48 (17.1)No

3 (1.1)I don’t know

Hospital size (beds)

52 (18.5)Fewer than 300

104 (37)300-800

109 (38.8)More than 800

16 (5.7)I don’t know

Evaluation of the Measurement Model
We analyzed the model fit, the reliability, and the validity of
the measurement model and respecified it accordingly until we
received sufficient results. We began with an assessment of the

global fit of our original measurement model. Table 3 shows
the measurement model fit indices for the initial and the final
models. It revealed that the CFI was below the recommended
threshold, whereas the RMSEA and SRMR already showed
acceptable values.
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Table 3. Fit indices of the measurement model (N=281).

SRMRcRMSEAbCFIaP valueChi-square (df)Model

.070.055.933<.0011217.7 (657)Initial measurement model

.055.044.965<.001794.3 (514)Respecified final measurement model

<.08<.06≥.95≥.05—dRecommended thresholds

aCFI: comparative fit index.
bRMSEA: root mean squared error of approximation.
cSRMR: standardized root mean squared residual.
dNot applicable.

Looking at Cronbach α of the latent variables of the initial
measurement model, we received a poor value (<0.70) for the
latent variable AWAR. Here, we decided to drop the first two
items (AWAR1 and AWAR2) because, compared to the third
and fourth items, they seem to be too special and an own latent
variable, asking about concrete information security–related
knowledge. One reason could be that at the time of the survey,
information security policies and officers were not yet
implemented in most hospitals and could, therefore, not be
known to the physicians. After removing those 2 items, the
Spearman-Brown coefficient was acceptable.

We further respecified the model according to the modification
indices and added an error covariance between QUAD1 and
QUAD2. We then dropped items with loadings <.50 (TRFA1

and ITRE1). Although the χ2 goodness-of-fit statistic was still
significant (P<.001), these respecifications resulted in global
fit indices above the thresholds, as shown in Table 3, meaning

that the measurement model can be considered to be an
acceptable approximation of the empirical data. According to
the Fornell-Larcker [47] criterion, we also compared the square
root of the average variance extracted (AVE) for each variable
with the corresponding correlations of all other constructs [47].
Since the square root of the AVE was higher than the
correlations on the respective horizontal and vertical lines, as
shown in Table 4, the discriminant validity of the variables can
be confirmed. In addition, the AVE of each variable should be
higher than .50 to achieve acceptable convergent validity. All
AVEs were above this threshold. Afterward, we looked again
at Cronbach α and the composite reliability of each latent
variable. All values were higher than the recommended threshold
of .70, indicating acceptable reliability of the latent variables.
In summary, we obtained acceptable model fit, reliability, and
validity for the measurement model. A summary of the quality
indicators of the measurement model is presented in Table 5.
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Table 4. Mean, SD, and correlations after item exclusion (N=281).

10987654321Mean (SD)Latent variable

3.672 (0.688)1. QUAD

.778ar

P value

3.172 (0.781)2. ROLC

.746.422r

<.001P value

2.961 (0.688)3. TRFA

.732-.393-.225r

<.001<.001P value

2.897 (0.857)4. LEAD

.822.348-.391-.341r

<.001<.001<.001P value

2.898 (0.897)5. EDUC

.820.627.300-.463-.389r

<.001<.001<.001<.001P value

2.367 (0.910)6. ITRE

.813.141.138.398-.231-.166r

.005.013<.001<.001.002P value

2.686 (0.901)7. COMM

.792.350.254.173.313-.199-.155r

<.001<.001.001<.001<.001.005P value

3.471 (0.674)8. WENG

.808.118.086.277.379.184-.261-.135r

.027.226<.001<.001.001<.001.033P value

3.835 (0.971)9. AWAR

.904.121.256-.004.182.188.076-.076-.087r

.036<.001.797.001.002.197.244.141P value

3.563 (0.731)10. COMP

.776.502.219.337.084.239.201.175-.196-.080r

<.001<.001<.001.129<.001<.001.002<.001.234P value

aBold values on the diagonal are the square root of the corresponding average variance extracted (AVE).
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Table 5. Measurement model quality indicators (n=281).

AVEaComposite reliabilityCronbach αLoadingsLatent variable

.605.8830.854Quantitative demands

———b.644QUAD1

———.710QUAD2

———.899QUAD3

———.888QUAD4

———.715QUAD5

.557.7890.743Role conflicts

———.827ROLC1

———.711ROLC2

———.693ROLC3

.536.7740.720Trust and fairness

———DroppedTRFA1

———.689TRFA2

———.835TRFA3

———.661TRFA4

.676.8920.861Quality of leadership

———.884LEAD1

———.872LEAD2

———.806LEAD3

———.716LEAD4

.672.8910.853Further education and training

———.784EDUC1

———.910EDUC2

———.721EDUC3

———.852EDUC4

.661.8510.776IT resources

———DroppedITRE1

———.831ITRE2

———.934ITRE3

———.647ITRE4

.627.8700.826Information security–related communication

———.761COMM1

———.731COMM2

———.788COMM3

———.880COMM4

.652.8460.777Work engagement

———.658WENG1

———.969WENG2

———.765WENG3

.817.8990.855cInformation security–related awareness

———DroppedAWAR1
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AVEaComposite reliabilityCronbach αLoadingsLatent variable

———DroppedAWAR2

———.866AWAR3

———.940AWAR4

.602.8530.789Information security–related compliance

———.896COMP1

———.801COMP2

———.842COMP3

———.504COMP4

aAVE: average variance extracted.
bNot applicable.
cSpearman-Brown coefficient.

Analysis of the Structural Model and Hypotheses
Testing
The initial structural model already showed a good global fit
(Table 6). Nevertheless, we followed a proposed modification
index and added a direct effect of COMM on COMP, resulting
in the final structural model. The R² value for the endogenous
variable COMP was .512, indicating that 51.2% of the variance
of this variable can be explained by our structural model (Figure
2). The R² values for the mediators were .229 (WENG) and .154
(AWAR).

Figure 2 also presents the significant direct effects and
standardized path coefficients (β). A summary of the hypotheses
tested is provided in Multimedia Appendix 3. The results show
a significant relationship between LEAD and WENG (β=.414,
P=.001). There were no significant unique effects of the other
exogenous variables tested (QUAD, ROLC, TRFA, EDUC, and
ITRE) on WENG (all P>.05). Furthermore, we found a
significant positive relationship between EDUC and AWAR
(β=.173, P=.01), as well as between COMM and AWAR

(β=.349, P<.001). In addition, there was a significant negative
relationship between ITRE and AWAR (β=–.206, P=.01). Both
mediators WENG (β=.208, P=.001) and AWAR (β=.552,
P<.001) were significantly associated with the endogenous
variable COMP, which supports H1a and H1b.

In order to test the mediation hypotheses, we calculated the
partial indirect effects. A summary of the results is also
presented in Multimedia Appendix 3. The results showed that
WENG significantly mediated the relationship between LEAD
and COMP (P=.03), supporting hypothesis H2d. The positive
indirect effect resulted from the positive direct effects between
LEAD and WENG and between WENG and COMP. AWAR
mediated the relationships between the exogenous variables
EDUC (P=.02), ITRE (P= .02), and COMM (P<.001) and the
endogenous variable COMP, which supports H3a and H3c.
Since we expected a positive indirect effect of ITRE on COMP,
H3b could not be confirmed. The positive indirect effects of
EDUC and COMM resulted from the positive direct effects
involved.

Table 6. Fit indices of the structural model (n=281).

SRMRcRMSEAbCFIaP valueChi-square (df)Model

.059.043.966<.001799.1 (527)Initial structural model

.056.041.970<.001769.5 (526)Respecified final structural model

<.08<.06≥.95≥.05—dRecommended thresholds

aCFI: comparative fit index.
bRMSEA: root mean squared error of approximation.
cSRMR: standardized root mean squared residual.
dNot applicable.
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Figure 2. Structural model and standardized direct effects. *P<.05, **P<.01. Dashed gray arrows indicate statistically nonsignificant effects.

Discussion

Principal Findings and Comparison With Previous
Work
With this study, we could statistically prove the influence of
resident physicians’ job resources and job demands on their
information security–related compliance through the mediating
roles of work engagement and awareness. This is one of the
first studies to empirically analyze organizational antecedents
of physicians’ information security–related behavior in hospitals.
Intensified research activities in this field are of great importance
given that increasing digitization in hospitals and the associated
risks from cybersecurity attacks require—in addition to technical
solutions—well-considered organizational measures to enhance
information security.

It was shown from the results that the information
security–related compliance of resident physicians is
significantly related to their work engagement. The assumed
positive effect from our hypothesis was, therefore, confirmed.
Pham et al [25] already described this relationship in their
explorative study using interview analyses, which could be now
supported by our results. In line with the findings of the study
by Schaufeli and Bakker [22] and their revised version of the
JDRM, in which they stated that “engagement is exclusively
predicted by available job resources,” we did not find unique
relationships between the job demands involved (quantitative
demands and role conflicts) and work engagement. Both

demands also had no significant indirect effect on compliance.
It can be, therefore, assumed that decreasing job demands would
not be the most effective strategy in enhancing physicians’
information security–related compliance, which would need to
be further investigated by subsequent studies. Instead, our study
highlights the importance of the job resource “quality of
leadership,” which had a significant indirect effect on
information security–related compliance mediated by work
engagement. Based on that, we can conclude that supervisors
have the power to increase resident physicians’ compliance
through the motivational path: a good relationship with their
direct supervisors, who are mostly senior physicians, increases
resident physicians’ work engagement, which leads to better
compliance with the hospital's information security measures.
According to our study, this relationship can be supported by
the supervisor’s efforts in the areas of staff development, job
satisfaction, work planning, and conflict-solving. In light of the
increasing digitization, this should be accompanied by digital
and change management competencies [48].

Besides work engagement, awareness was the second mediator
in our model, and based on our results, it is also significantly
related to information security compliance. Here, our findings
are in line with the results of several other studies, analyzing
the role of awareness as a mediator in various industries
[22,31,32]. We found 2 job resources with a unique positive
effect on awareness and also a significant indirect effect on
compliance: information security–related communication and
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further education and training. Communication is a highly
effective factor in improving information security–related
compliance, as has been shown in other studies [16,17]. Regular,
comprehensible information security–related communication
increases physicians’awareness of potential information security
risks and threats. Here, we see a particular responsibility on the
part of the hospital management. A communication strategy
should be developed that makes all employees aware of the
risks and threats and their particular information security
responsibilities. In addition, information security–related
communication had a direct effect on compliance. It could be
assumed here that good communication also triggers automatic
mechanisms for resolving critical situations. Furthermore, our
results show that awareness can be created not only by
communication but also by good education and training. Modern
training concepts take a holistic approach and use various
methods to raise awareness, for example, through personalized
phishing simulations for training purposes and classic learning
sessions with subsequent skills tests and personalized follow-up
training based on individual results. Contrary to our hypothesis,
IT resources are negatively related to awareness. One possible
explanation could be that digitization and technologization
increase confidence in the security of the tools used. On the
other hand, if only outdated IT resources are available,
physicians might be more sensitive to possible security risks.

Overall, our study provides initial insights into how the hospital
as an organization could influence the individual information
security–related behavior of resident physicians during clinical
practice. In our opinion, the core element is the creation of an
information security culture as a subculture of the organizational
culture, which increases both the work engagement and the
awareness of resident physicians through good leadership,
information, and training.

Limitations
A few limitations should be taken into account when considering
and evaluating our results, one of which pertains to the study
design. First, since our study was conducted in Germany, it is
not possible to directly apply the results to other countries.
However, our study is intended to create incentives to conduct
studies in hospitals in other countries to explore organizational
factors for improving information security–related behavior.
Second, when using a survey, comprehension problems on the
part of the participants cannot be identified and addressed.
However, we believe that the approach was the most suitable
for the aim of the study and the selected target group as—for
example—interviews would have resulted in a much smaller
sample, which might have reduced the validity of the results.
Third, the cross-sectional design does not allow us to form
causal relationships between organizational antecedents, work
engagement, awareness, and compliance, but only correlations.
Any alterations in physicians’ behavior due to changes in
organizational factors can only be assessed with a longitudinal
design. Nevertheless, we assume causal relationships based on
logical considerations.

Even though it was an anonymous questionnaire, the risk of
social desirability bias remains, with participants trying to be
much more positive about their job-related attitudes and

behavior. Furthermore, the fact that we cannot precisely
determine the response rate represents another limitation. Since
we do not have information on the number of residents who
received the questionnaire indirectly through our contacts, for
example, through chief physicians or the hospital management,
we are not able to make an exact statement on the number of
residents being invited, which is the basis for calculating the
response rate. However, based on the information available to
us, we estimate that fewer than 10% of those who received the
questionnaire actually responded. If there are systematic
differences between the responders and nonresponders, the
results of our survey may not be representative of the target
population. This so-called nonresponse bias may threaten the
external validity of our study by reducing the representativeness
of the results. However, previous research suggests that
physician surveys are less susceptible to nonresponse bias than
general population studies because they are a more
homogeneous study population [49]. Furthermore, it is not
always the case that a low response rate automatically reduces
the representativeness, which is why the response rate should
not be considered in isolation [50]. We believe the main reason
for the low response rate was the heavy workload, which did
not allow physicians the time to participate. Another indicator
of the representativeness of a study is the sampling method [51].
The approach chosen for the data collection, in which residents
were invited through different channels, may have led to a
selection bias. For example, it is possible that digitally active
and networked physicians were primarily addressed. The high
proportion of physicians who received the questionnaire through
the Hartmannbund may also contribute to the selection bias.
Our study may have appealed to physicians with a higher
average digital affinity than in the target population. To sum
up, statistical conclusions on the entire target population should,
therefore, always be drawn, taking into account the supposedly
limited representativeness.

Future studies could use a longitudinal design to investigate the
specific introduction of information security–related measures
and the associated change in behavior. Furthermore, objective
criteria, such as the number of breaches, could also be used as
a measure of compliance instead of subjective self-reports. In
addition, qualitative studies in the form of interviews are suitable
for recording specific activities, opinions, perceptions, and
concerns of physicians. It would also be interesting to conduct
a study among senior physicians who have been working in
hospitals for significantly longer and may need other measures
to ensure that they behave in accordance with information
security. For example, existing habits may be more difficult to
change by adjusting resources and demands, and the resource
“quality of leadership” may play a weaker role than for resident
physicians.

Conclusions
A high standard of information security can only be achieved
holistically through coordinated technical and organizational
measures. In hospitals, this includes achieving a great level of
work engagement among physicians through good leadership,
but also creating awareness of the risks and threats relating to
information security through communication and training.
Hospital management is required to establish an information
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security culture that is informative and motivating and that raises awareness.
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Abstract

Background: The rapid shift to video consultation services during the COVID-19 pandemic has raised concerns about exacerbating
existing health inequities, particularly for disadvantaged populations. Intersectionality theory provides a valuable framework for
understanding how multiple dimensions of disadvantage interact to shape health experiences and outcomes.

Objective: This study aims to explore how multiple dimensions of disadvantage—specifically older age, limited English
proficiency, and low socioeconomic status—intersect to shape experiences with digital health services, focusing on video
consultations.

Methods: Following familiarization visits and interviews with service providers, 17 older people with multiple markers of
disadvantage (older age, low socioeconomic status, and limited English proficiency) were recruited in the Redbridge borough of
London. Data collection included narrative interviews and ethnographic observations during home visits. Field notes captured
participants’ living conditions, family dynamics, and technological arrangements. Guided by intersectionality theory and digital
capital concepts, interviews explored participants’ experiences accessing health care remotely. Intersectional narrative analysis
was used to identify key themes and examine how different forms of disadvantage interact. We developed theoretically informed
narrative portraits and user personas to synthesize findings.

Results: Analysis revealed that the digitalization of health care can exacerbate existing inequities, erode trust, compound
oppression, and reduce patient agency for multiply disadvantaged patient populations. Examining intersectionality illuminated
how age, language proficiency, and socioeconomic status interact to create unique barriers and experiences. Key themes included
the following: weakened presence in digital interactions, erosion of therapeutic relationships, shift from relational to distributed
continuity, increased complexity leading to disorientation, engagement shaped by previous experiences of discrimination, and
reduced patient agency.

Conclusions: This study provides critical insights into how the digitalization of health care can deepen disparities for older
patients with low income and limited English proficiency. By applying intersectionality theory to digital health disparities, our
findings underscore the need for multifaceted approaches to digital health equity that address the complex interplay of disadvantage.
Recommendations include co-designing inclusive digital services, strengthening relational continuity, and developing targeted
support to preserve agency and trust for marginalized groups in an increasingly digital health care landscape.

(J Med Internet Res 2025;27:e65690)   doi:10.2196/65690
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Introduction

Overview
While existing research has explored digital health disparities
[1-5] and the application of intersectionality theory in health
care [6-8] separately, there remains a critical gap in
understanding how multiple dimensions of disadvantage
intersect specifically in the context of digital health services.
Previous studies have largely focused on single-axis analyses
of digital exclusion [9-11]. For example, Ramsetty and Adams
[9] examined socioeconomic status as a determinant of digital
health access through quantitative analysis of technology
ownership and internet connectivity rates. Eberly et al [10] used
a large-scale quantitative study to analyze telemedicine access
solely through the lens of age, finding lower video visit
completion rates among older adults. Similarly, Donaghy et al
[11] investigated the acceptance of video consultations primarily
through the single dimension of technological literacy using
survey data. While these quantitative studies provide valuable
insights into individual factors, they have not adequately
examined the compounded effects of age, language proficiency,
and socioeconomic status on experiences with digital health
technologies, particularly video consultations. Furthermore,
there is a lack of in-depth, qualitative research that captures the
lived experiences of multiply disadvantaged patients navigating
these digital health spaces [12]. This study aimed to address
this gap by applying an intersectional lens to explore how
various forms of disadvantage interact and manifest in the
context of video consultations, providing a more nuanced and
comprehensive understanding of digital health disparities among
susceptible populations.

We adopted an intersectional perspective from feminist studies
to highlight the intersection and entanglement between digital
technology, structural stratifications, and ingrained tendencies
of “othering” in societies. This approach allowed us to move
beyond simplistic notions of digital divisions to examine how
digital technology is implicated in complex and intersectional
systems of power. Drawing on narrative interviews with older,
low-income individuals with limited English proficiency, we
examined intersectionality and how video consultations can
exacerbate existing inequities for multiply disadvantaged patient
populations.

Our analysis revealed that digital health disparities operate at
the intersection of multiple fracture lines of difference that
mediate various spaces of inclusion and exclusion. We argue
that addressing digital health disparities requires moving beyond
single-axis analyses to consider how different aspects of
disadvantage intersect in individual lives. This paper contributes
to information systems (ISs) literature by providing a richer
theorization of digital inequity, highlighting the need for
intersectional approaches to digital health equity. We propose
a research agenda that calls for IS scholars to reconceptualize
actors beyond simplistic notions of “users,” to consider
positioning rather than contextualizing, and to examine how
digital health technologies are intertwined with producing and
reproducing social orders and stratifications. Our findings have
important implications for policy and practice in designing and

implementing more inclusive and equitable digital health
services.

Background and Literature Review

Overview
In the United Kingdom, video consultation uptake has increased
significantly since the COVID-19 pandemic. National Health
Service (NHS) England reported that before the pandemic, <1%
of primary care appointments used video, but this number rose
sharply during early 2020 to approximately 13% as part of the
NHS Long Term Plan to expand digital-first care [13]. By 2023,
about 9% of consultations in general practice continued to use
video, reflecting an enduring shift toward remote health care
delivery despite a return to face-to-face appointments as the
dominant mode (65%) [14,15]. However, the use of video
consultations varies significantly across demographic groups.
Research indicates that older patients (aged >65 years) are less
likely to use video services, with adoption rates around 7%,
compared to 20% among younger adults aged between 18 and
34 years. Similarly, individuals from lower socioeconomic
backgrounds and those with limited English proficiency face
notable barriers, demonstrating uptake rates <10% [14,16].

Digital Health Inequalities and the Digital Divide
The IS literature has long engaged with the concept of the digital
divide, traditionally focusing on accessibility, literacy, and
adoption of digital technologies [17]. This discourse often
conceptualizes individuals as “users” of technology, assigning
them to specific group categories such as “the excluded” or
based on binary divisions of “haves” and “have-nots” [18].
However, this notion of the digital divide fails to account for
the multifaceted and compounded nature of digital inequality
[12,19]. Recent scholarship has recognized that digital exclusion
is a complex and dynamic phenomenon influenced by various
factors beyond access to technology, including age, gender,
education, and socioeconomic status [20-25]. As health care
becomes increasingly digitalized, there is a growing need to
understand how these broader digital inequalities manifest in
health contexts. The concept of digital health equity has emerged
as a critical area of study, examining how social determinants
of health intersect with digital access and skills to shape health
outcomes. This evolving field calls for more nuanced,
intersectional approaches to understanding and addressing
disparities in digital health access and use.

Intersectionality Theory
To address the limitations of single-axis analyses of digital
exclusion, we turn to the concept of intersectionality from
feminist studies. Originally proposed by Crenshaw [26] to
expose the marginalization of Black women under both sexism
and racism, intersectionality stands against the tendency in
critical social theorizing to treat individuals in independent
categories. It emphasizes that systems of oppression are
inherently bound together, creating singular social experiences
for people who bear the force of multiple systems [27]. While
IS research has explored the relationship between IT and identity
[28,29], most studies focus on the individual or group level,
investigating how IT mediates or shapes identities. However,
an intersectional perspective views subjectivity as emerging
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from differential experiences produced by multiple and
intersecting power structures [26]. This approach moves beyond
a behavioral, individualistic sense of identity to one of the
“social positioning” of individuals within social structures [30].
Applying intersectionality to digital health inequalities allows
us to examine how various dimensions of disadvantage—such
as age, language proficiency, and socioeconomic status—interact
and compound to shape individuals’ experiences with digital
health services.

Digital Capital Theory
The concept of digital capital by Ragnedda and Ruiu [31], an
extension of the cultural capital theory by Bourdieu [32], offers
another valuable lens for examining digital health disparities.
Bourdieu [32] applied the idea of capital to signify the internal
(eg, abilities and attitudes) and external (possessions and
attributes) resources that people mobilize to achieve their goals
in social life. He highlighted cultural capital as a form of capital
that can be accumulated and transformed into other forms of
capitals. Digital capital is made up of both digital competencies
and digital technologies, which Ragnedda and Ruiu [31] argue
is a form of capital in its own right and is essential for building
up social, economic, and cultural resources in the digital world
we live in today. Disparities involving digital skills originate
in inequalities of access but are mediated by orientations that
can only be understood in relation to total life contexts (eg,
education, income bracket, age, location, and social support all
influence a person’s access to digital technologies and the level
of digital skills they can acquire) [33]. Digital capital is a
relatively new concept that scholars have begun to explore
empirically through various methodological approaches [34].
Digital capital may be estimated, for example, at the individual
level by assessing a person’s digital literacy and skills, at the
organizational level by measures of digital infrastructure
(including the digital competence of personnel), and at the
locality level in terms of the quality of the area’s IT
infrastructure.

Digital capital theory points us to the hypothesis that traditional
forms of capital (such as economic, cultural, and social) are
converted into digital capital and vice versa and provides the
conceptual tools to examine how and to what extent this occurs,
thereby illuminating how social inequality relates to digital
inequality. If digital spaces—due to social inequality and
underlying power structures—become increasingly stratified,
there will be significant impacts on how individuals from
differing backgrounds gain accumulated forms of capital through
the digital realm. In other words, digital capital theory offers
an explanation as to why people who already face systemic
inequities find that these disparities widen when services are
digitalized.

Recent studies have begun to explore how digital capital
interacts with other forms of capital to influence health outcomes
and access to digital health services [35]. However, there
remains a need for more in-depth, theoretically informed
research on how digital capital intersects with other dimensions
of disadvantage in shaping experiences with digital health
technologies.

In the context of this study, intersectionality works as an overall
guiding principle for understanding how people’s lives and
characteristics stem from and lead to multiple axes of
disadvantage, while digital capital theory helps us understand
how these axes of disadvantage play out in terms of access to
and use of digital resources.

Research Gap and Objectives
Our previous narrative review [12] highlighted that while
existing literature recognizes the multifaceted nature of digital
inequality, there is a critical lack of in-depth, theoretically
informed studies examining how different dimensions of
disadvantage combine to affect digital health disparities. The
review found the available literature on digital health disparities,
particularly in relation to video consultations, to be sparse and
primarily descriptive rather than explanatory. Most research
has focused on identifying barriers and enablers without
adequately exploring the complex interplay of factors
contributing to these disparities.

Importantly, our review revealed no theoretically informed
studies that examined how different dimensions of disadvantage
combined to affect digital health disparities. This gap in the
literature limits our understanding of how multiple disadvantages
intersect and compound to shape individuals’ experiences with
digital health services.

Building on these findings and responding to the
recommendations of our narrative review, this study aims to
address these critical gaps. By doing so, we seek to move beyond
the descriptive accounts that have dominated the field and
provide a richer, more nuanced theorization of digital health
disparities. This approach allows us to explore the complex
ways in which different aspects of disadvantage interact,
compound, and manifest in the context of digital health services.
Our goal is to contribute to the development of more inclusive
and equitable digital health services by offering insights into
the lived experiences of multiply disadvantaged individuals, as
called for in our previous work.

This study represents a direct response to the research agenda
proposed in our narrative review, aiming to deepen our
understanding of digital health disparities and inform more
effective, equitable strategies for digital health implementation.

Methods

Overview
This study used a qualitative, interpretive approach to explore
the intersecting effects of age, socioeconomic status, and limited
English proficiency on experiences with digital health services.
The focus on age, language proficiency, and socioeconomic
status was informed by our aforementioned narrative review
[12], indicating these as key predictors of lower digital service
uptake and barriers to access. We adopted narrative inquiry [36]
as our primary methodology, which aligns with our aim to center
the voices and experiences of marginalized patients. The study
was conducted in Redbridge, one of London’s most diverse
boroughs. It has >65% of its residents from Black and minority
ethnic communities, predominantly Asian (42%). Over 90
different languages are spoken in the borough, with nearly a
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quarter of residents having a first language other than English.
The borough includes several areas ranked among the 20% most
deprived in England, with an unemployment rate (8%) exceeding
London’s average. This demographic and socioeconomic profile
made Redbridge an ideal setting to examine intersecting
dimensions of disadvantage in digital health care access.
Participants were recruited through the Redbridge Respiratory
Service within the North East London NHS Foundation Trust,
community organizations, and snowball sampling.

Inclusion criteria for participants were as follows: (1) aged ≥65
years, (2) limited English proficiency (self-reported or identified
by health care providers), (3) living within an Index of Multiple
Deprivation decile of 1 to 5, (4) having attempted ≥1 video
consultation, and (5) residing within the Redbridge borough.

As this was a doctoral research project, the primary investigator,
LH, conducted all interviews and primary analysis, with regular
supervision and analytical discussions with her supervisory
team to challenge interpretations and biases throughout the
research process. Semistructured narrative interviews were
conducted with 17 participants between July 2022 and January
2023. All (17/17 100%) study participants had access to health
care through the NHS despite being multiply disadvantaged.
The interview guide was designed to elicit rich narratives about
participants’experiences with digital health services, particularly
video consultations. Questions explored their overall health care
journey; experiences with digital technologies; and perceptions
of how their age, language abilities, and financial situation
affected their access to and use of digital health services. As a
multilingual researcher fluent in Hindi, Urdu, and English, LH
conducted all interviews directly in participants’ preferred
languages. Participants could freely switch between languages
during interviews, which many did. This linguistic flexibility
allowed participants to express themselves more fully and
comfortably when discussing their experiences. All non-English
segments were translated to English during transcription by LH,
while “broken English” was transcribed verbatim when the
meaning was clear. In addition to interviews, LH conducted
ethnographic observations with 9 (53%) of the 17 participants,
including home visits and participation in daily routines. These
observations provided valuable contextual insights into
participants’ living conditions, family environments, and
technological exposure. The ethnographic data were analyzed
alongside interview transcripts to provide richer context to
participants’ narratives and to understand how their home
environment and daily routines influenced their experiences
with digital health care.

LH used thematic narrative analysis [37] using an
intersectionality lens to identify key themes while preserving
the integrity of individual stories. The analysis process involved
the following: (1) familiarization with the data through repeated
reading of transcripts, (2) open coding to identify initial themes
and patterns, (3) development of a coding framework informed
by intersectionality theory, (4) axial coding to explore
relationships between themes, and (5) selective coding to refine
and integrate themes into a coherent narrative.

To enhance the intersectional analysis, a modified version of
the Equity Design Collaborative’s meta-empathy mapping

approach was incorporated [38]. This approach focuses on
understanding users’ needs through transformative empathy,
moving beyond surface-level observations to deeply understand
how systemic barriers and power structures affect user
experiences. This modified approach shaped the analysis in 3
key ways.

First, it guided us to examine both immediate barriers (ie,
language difficulties) and deeper structural challenges (ie, how
health care systems may inadvertently privilege certain cultural
norms). Second, it helped identify power dynamics in health
care relationships. Third, it informed how outputs such as user
personas (discussed in subsequent sections) were structured to
capture both individual circumstances and systemic influences
on participants’ experiences. This methodological lens helped
ensure findings reflected not only individual experiences but
also broader systemic factors affecting remote care access.

Several strategies were used to ensure the trustworthiness of
findings [39], including prolonged engagement with participants
through multiple interactions, triangulation of data sources,
member checking with participants to verify our interpretations,
and maintaining a reflexive journal to document the
decision-making process and potential biases.

Particular attention was paid to ensuring that participants fully
understood the nature of the research and their rights, given
potential language barriers and vulnerabilities. As researchers,
we also acknowledge our own positionalities and how they may
influence the research process. LH is a female Muslim of South
Asian descent, which facilitated trust building with many
participants but also required ongoing reflexivity to avoid
assumptions based on shared cultural backgrounds. To
synthesize findings, LH developed 4 [40] theoretically informed
narrative portraits and user personas that captured key
intersecting dimensions of disadvantage, including how age,
language barriers, socioeconomic status, cultural factors, and
health conditions combined to shape participants’ experiences
with digital health care. These are reported in detail in our
previous paper [40] and serve as complementary outputs that
distill key themes into accessible archetypal stories, balancing
the need to honor individual perspectives with extracting
cross-cutting insights about the interplay of technology and
disadvantage.

Ethical Considerations
The study received ethics approval from the NHS Research
Ethics Committee and the University of Oxford’s Central
University Research Ethics Committee. Informed consent was
obtained from all participants, and pseudonyms were used to
protect their identities. Ethical approval was obtained from East
Midlands—Leicester South Research Ethics Committee and
UK Health Research Authority (September 2021, reference
number: 21/EM/0170; Integrated Research Application System
project ID 300719).

Results

Overview
The analysis revealed 8 key themes that illuminate how multiple
dimensions of disadvantage intersect to shape experiences with
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digital health services, particularly video consultations. These
themes highlight the complex ways in which the digitalization
of health care can exacerbate existing inequities, erode trust,
compound oppression, and reduce patient agency for multiply
disadvantaged patient populations.

Digital Interactions May Have a Weak Presence
The concept of “absent presence,” originally developed by
Gergen [41] to describe technology-induced distraction in
face-to-face interactions, takes on new significance in the
context of digital health care. The analysis found that
participants consistently reported a sense of diminished presence
in digital health care interactions, particularly in video
consultations. This weakness of presence manifested in 3 key
ways: delayed responses, mechanical intonation, and perceived
motionlessness.

Delayed responses were frequently noted by participants as a
sign of disengagement. Maneshi, an Indian immigrant aged 83
years, articulated this experience as follows:

If my doctor is doing twenty other things on his side
of the screen while I’m talking, even if he is
technically listening, it just doesn’t feel like a genuine
conversation to me...When I go to the GP [general
practitioner] in person, those distractions aren’t
there. I know the GP is looking at me and having a
conversation with me.

This account illustrates how the perceived divided attention of
health care providers during video consultations can erode the
sense of a genuine, engaging interaction. The lack of immediate
responsiveness disrupts the natural rhythm of conversation,
leading to a feeling of disconnection.

Mechanical intonation was another aspect that contributed to
the sense of weak presence. Fowzia, a recently widowed
immigrant from Pakistan, expressed this concern as follows:

The absence of eye contact and non-verbal cues makes
you feel...I don’t know it’s off putting. It feels like I’m
talking to a computer program instead of a real
doctor. They used to, the doctors, they would bring
a lot of comfort and assurance; now, it’s replaced
with a sense of disinterest. It just makes you think you
know? Do they even care?

Participants described feeling as though they were interacting
with a “computer program” rather than a real person, noting the
flat, unemotional tone often used by health care providers during
video consultations. Recent research in general practice has
shown that video-mediated communication affects sensory
conditions in clinical interactions, technical issues such as
delayed facial expressions and sound can disrupt natural
conversation flow, and the screen interface limits health care
providers’ ability to read and respond to patient cues [42]. This
lack of vocal vitality, as conceptualized by Stern [43], can
significantly impact the patient’s perception of the provider’s
engagement and empathy.

The third manifestation of weak presence was perceived
motionlessness. Abed, a recently retired repairman aged 69
years, highlighted this issue as follows:

His movements don’t signal any interest. I mean I
guess that could just be because I’m seeing his face
and can’t tell over video call how much he’s actually
moving. But I’m not seeing hand movements or his
head moving much you know.

In face-to-face interactions, body language and subtle
movements play a crucial role in conveying attention and
engagement. However, in video consultations, the limited visual
field and potential technical constraints can result in an
appearance of stillness that patients interpret as a lack of
involvement or interest. Basmah, a Bangladeshi immigrant aged
73 years with arthritis and limited mobility, noted the following:

Back in the day, a doctor’s touch and a comforting
pat on the back meant so much. Now, it’s different,
you just hear typing with those hands.

This triad of delayed responses, mechanical intonation, and
perceived motionlessness collectively contributed to a sense of
“absent presence” in digital health care interactions. Therefore,
many (11/17, 65%) participants reported feeling disconnected
and unheard during video consultations, potentially impacting
the quality of care and patient satisfaction. Mohammad, a Sri
Lankan immigrant aged 70 years with multiple chronic
conditions and living with his extended family, starkly put the
following:

Facial expression and body language is so important.
When you talk to people you can see what’s wrong
and things like that and some of the things you don’t
know whether when the GP say things, how they mean
it because I can’t tell over remote. I don’t think the
whole system is fracturing, I think it’s completely
collapsing.

While all patients may experience reduced presence in video
consultations, this sense of disconnection is particularly
problematic for patients with limited English proficiency, who
rely heavily on nonverbal cues and physical presence to support
communication and understanding. The technical barriers to
presence can additionally compound existing language barriers,
potentially leading to misunderstandings or missed clinical
information.

Digital Encounters May Weaken Relationships
Analysis revealed that digital encounters, particularly when
there was no previous in-person relationship, often weakened
the therapeutic relationship between patients and health care
providers. Participants consistently expressed difficulty in
forming bonds through screens, highlighting the importance of
relational foundations for ethical care.

Rajpreet, a first-generation Indian woman experiencing
economic hardship and multiple chronic conditions, articulated
this challenge as follows:

Doing this by video makes it harder. If I met her in
person, maybe we could connect more...but I know
women like her, that’s not to say in a bad way, just
that she doesn’t really struggle with the same things
that I do, it’s very different when two women come
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from...I don’t know how to say...just that...she’s of a
different social class...if that makes sense.

This quote illustrates how the lack of physical presence can
exacerbate perceived social and cultural differences, making it
more difficult to establish a connection and mutual
understanding.

The importance of preexisting relationships was emphasized
by many (14/17, 82%) participants. Fatima, an Afghan woman
aged 81 years with diabetes and heart conditions, who relies on
her children for translation, explained the following:

I think it [video consultation] was easier because I
had met Dr. Samari before. So I already had that
initial relationship with her. I’ve seen her a few times.
I felt comfortable with her. I think it would have been
a bit more awkward if it had been like a first meeting.

Conversely, participants who had video consultations with
unfamiliar clinicians often reported fewer positive experiences.
Ramnik, an Indian immigrant aged 78 years with hypertension
and diabetes, who lives alone and relies on community support
services, explained the following:

You stay in the online waiting room being all confused
and then they let you into the call. And its someone
you’ve never seen before. And he just wants yes or
no. Then it’s finished. You can go. That’s it. You
know? So I don’t know. I don’t like it. I don’t. This is
why I don’t want to see the GP unless it’s really bad.
When I did it [video consultation] with my own
specialist it wasn’t like this. That time was good
because he knew me and I knew him.

This account highlights how the lack of a prior relationship can
lead to a sense of disconnection and dissatisfaction with the
consultation process.

Some (5/17, 29%) participants stressed the need for occasional
in-person visits to establish and maintain a connection:

It’d be nice if they could see a person like myself every
three months or normal patients at least once every
six months. Yeah, so you know, so then you know
them. So that builds up some, like, friendship as well.
Now there’s no friendship. But that’s why, you know,
it’s important we get to know who the person is. Here
there’s no chance to do that.

This suggestion underscores the perceived value of face-to-face
interactions in building and sustaining therapeutic relationships.

The findings indicate that even when participants had successive
video consultations with the same health care provider, they
rarely developed a sense of building a strong and positive
therapeutic relationship. This contrasts with face-to-face
environments, where the patient-provider relationship typically
strengthens with each encounter. Some (4/17, 23%) participants
even described a deterioration in their relationship over repeated
remote encounters, unless preceded by face-to-face meetings.

The weakening of therapeutic relationships through video
consultations has consequences for marginalized older adults
who often rely on trusted health care provider relationships to
maintain engagement with health services. Limited English

speakers face additional barriers to relationship building in
digital settings, where language difficulties are compounded by
technical constraints.

The Shift From Relational to Distributed Continuity
The analysis also revealed a significant shift from relational to
distributed continuity as digitalization increased after the
COVID-19 pandemic. This transition often left patients feeling
lost, unsupported, and struggling to navigate their care
effectively. The loss of relational continuity was particularly
pronounced for marginalized older adults who had previously
relied on long-standing relationships with health care providers.

Tasneem, a Bengali immigrant aged 75 years, expressed this
loss as follows:

Dr. Talib has seen me through so much. I could speak
to her about anything, and she really listened and
understood me.... [Now] I don’t even know my
doctor’s name. How can I trust someone I don’t even
know?

This quote encapsulates the profound impact of losing a trusted
health care relationship and the challenge of building trust in a
system of distributed care.

The fragmentation of care was a recurring theme among
participants. Arjun, a retiree aged 72 years, described his
frustration with the depersonalization of care as follows:

It’s becoming less and less personal. It’s like you are
not a person there you are just a face. For example,
the company I work for we went through the same
sort of process, I joined in ’87 with BT and then in
1993 they brought this employee individual
identification numbers they’re called right, so you’re
given a nine digit number and then after that
whenever you wanted to talk to the HR department
or pay group or something like that, that’s the thing
that you gave them and that’s it. So you only become
a number, in this case you’re only becoming a face
to the GP, always a new number, new face, new GP,
it’s not who you are or what you are.

This shift to distributed continuity often resulted in
communication breakdowns and potential risks to patient care.
Priya, a Punjabi woman aged 71 years with diabetes, expressed
her concerns as follows:

Ordering repeat medicine with the GP always main
problem. They are, you know, taking so long and even
sometimes they don’t know your condition there
because communication, everything is so broken.
They just forget everything. Like you are the new
person to them. You know that’s the problem with the
GP always.

They don’t know my history or me. I feel scared they’ll
make a mistake with the dosage but what can I do?

The loss of community connections was another significant
aspect of this shift. Another participant highlighted how digital
triaging erased the familiarity and efficiency of previous care
arrangements:
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[B]efore, you know, they knew everything already.
They knew you. And they had my history. Whereas.
Where I am now, as I said, the first five minutes of
any session are taken up with me explaining who I
am, what my situation is. And then, you know,
explaining what the problem is, why I’m seeing them
all the rest. And this is repeating after filling out a
whole econsult first. It’s a right shame.

The fragmentation of care extended beyond primary care to
specialist services. Najma, a Pakistani immigrant aged 66 years
with limited English proficiency and respiratory conditions,
living in council housing, described her frustration with
revolving specialists and poor communication:

Now my specialist has also now changed. Three of
them I went through. At the moment one, I think one
is they know she’s the main one. She was good, but
now I don’t know which one. Last two weeks ago they
giving me one medicine which is a high dose they
asked me to stop and they my daughter she sent a lot
of e-mail to her but she don’t reply anything here so
this one [the new specialist] I think she’s not so good.
Communication is not good. You keep chasing them,
you know?

These experiences highlighted how the shift to distributed
continuity has disrupted the holistic, coordinated care that many
patients, especially those from marginalized communities, relied
upon. The fragmentation of care across digital platforms has
created new challenges in maintaining consistent, personalized
health care relationships and effective communication between
health care providers and patients.

Digital Interactions May Compound Oppression
Findings revealed that digital health services often compounded
existing forms of oppression and discrimination, particularly
for participants with limited English proficiency and low digital
literacy. These individuals faced multiple, intersecting barriers
in accessing and navigating digital health platforms, which
exacerbated their existing challenges in health care settings.

Rajpreet, a first-generation Indian woman aged 74 years living
in council housing with multiple chronic conditions, articulated
this challenge:

I told her, don’t mind me saying this Dr. Kaur, but
you don’t really know what it’s like, you come from
a different background or world whatever you want
to call it [laughs], you know medically sure, but over
video you can’t grasp it, you won’t understand
because you don’t have it either, my condition, what
surrounds it, that sort of thing...

This quote illustrates how digital interactions can amplify
cultural and experiential gaps between patients and health care
providers, making it more challenging to discuss sensitive health
issues.

Language barriers were particularly problematic in digital
settings. Samiyah, a Pakistani grandmother aged 69 years, with
limited English proficiency and chronic pain conditions who
recently moved in with her son’s family, noted the following:

It’s already hard to explain my symptoms in English,
but over video, it’s even worse. I can’t use gestures
or show them exactly where it hurts. Sometimes I feel
like they don’t understand me at all.

Low digital literacy compounded these challenges. Tasneem
shared the following:

I struggle with technology, and now I have to figure
out how to use these apps just to see my doctor. It
makes me feel stupid and left behind. Sometimes I just
give up.

The shift to video consultations also highlighted existing
inequalities in access to technology. Mohan, living on a basic
pension in social housing with diabetes and heart disease,
explained the following:

They tell us to do video calls, but I don’t have a
smartphone or good internet. It’s like they’re saying
healthcare is only for people who can afford fancy
gadgets.

Participants from marginalized groups often found themselves
at the intersection of multiple disadvantages—language barriers,
cultural differences, low digital literacy, and limited access to
technology—all of which were amplified with video
consultations.

Digitalization May Erode Trust in Health Providers
and Systems
Findings revealed that the shift to video consultations also
frequently eroded participants’ trust in health care providers
and systems. This erosion of trust was often rooted in a sense
of depersonalization and lack of continuity in care, particularly
for marginalized and susceptible populations. Research has also
documented how marginalized communities may have lower
trust in health care providers due to several factors, including
historical medical mistreatment, documented disparities in
quality of care, and systemic barriers to culturally and
linguistically appropriate services [44,45]. In this study, this
broader context of health care mistrust appeared to be
exacerbated by the shift to video consultations, particularly
when patients could not establish consistent relationships with
health care providers.

Hasan, with his multiple chronic conditions and previous
negative health care experiences, articulated this sentiment
strongly in the following manner:

You don’t wanna be a part of this system. Like you
can’t trust these people in the NHS... Because I need
the GP, but to be honest, I don’t trust that like you
know, she’s not very good and she she doesn’t really
care, right? That’s the impression I get so I try not
to go but then it gets worse.

This quote illustrates how the perceived lack of care and
attention in digital interactions can lead to a cycle of
disengagement and worsening health outcomes.

The impersonal nature of video consultations was a recurring
theme. As Fowzia explained the following:
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The personal connection is not the same. I miss the
stuff that didn’t require words, stuff you could just
see and feel and the comfort of being physically there
in the same room. It’s harder to build that trust
through a screen.

This highlighted the importance of nonverbal cues and physical
presence in building trust, which many felt was lacking in digital
interactions.

The erosion of long-standing relationships with health care
providers was particularly distressing for some participants.
Fatima shared the following:

Thing is you can’t even think about trusting the GP
now even if you wanted to this way [over video
consults]. These things take a lot of time, beta, my
old GP, I knew him for 10 years, every small flu, back
ache, little cold he knew it all. I don’t even know if I
have another 5 years left in me and if I keep seeing
a different GP over a different platform where does
that leave me, beta?

This account underscores how the fragmentation of care across
multiple health care providers and platforms can disrupt the
accumulation of shared knowledge and understanding that forms
the basis of trust in health care relationships.

The erosion of trust sometimes led to nonadherence to medical
advice. Zainab, a Pakistani immigrant aged 73 years with heart
disease, who had previously experienced dismissive treatment
from health care providers, explained the following:

I mean why should I take it [the medication], ok yeah
they prescribe it but they don’t even bother listening
to me, click clacketing away at their keyboard, not
even looking at the screen, they think they know
what’s wrong with me just like that? I don’t trust it
one bit course I’m not gonna take it.

For some, the distrust in the health care system led to anxiety
and avoidance. Hamida, a Bangladeshi mother aged 75 years
living with her daughter’s family and experiencing both physical
health conditions and growing anxiety about health care
interactions, shared the following:

My daughter thinks I have anxiety because I don’t
want to deal with the NHS. I don’t know, maybe I do.
But to me it’s more about the fact that they can’t be
trusted.

However, it is important to note that not all participants
experienced an erosion of trust. In a notable disconfirming case,
1 participant reported high levels of trust in video consultations
due to a preexisting, long-term relationship with her general
practitioner. This suggests that strong, preexisting therapeutic
relationships may buffer against the potential erosion of trust
in digital interactions.

These findings highlight the complex relationship between
digitalization and trust in health care. Video consultations can
risk eroding the personal connections and continuity of care
that many patients, particularly those from marginalized groups,
rely on to build trust with their health care providers. This
erosion of trust can have serious implications for patient

engagement, adherence to treatment, and overall health
outcomes.

Digitalization Increases Complexity, Which May Lead
to Disorientation
The analysis highlighted that the introduction of multiple digital
platforms and access points often led to increased complexity
and disorientation for participants. Many (12/17, 70%) struggled
to navigate the various digital pathways and processes, leading
to frustration and, in some cases, disengagement from health
care services.

Mukesh, a man aged 85 years with cognitive challenges,
articulated this complexity in the following manner:

The health system as a whole there is a lack of
communication and sharing between the different
functions. I mean I’ve got access to a long COVID
clinic. Then I also deal with my GP and there should
be some information exchange between the two. Not
me filling them both in on my own. And then with the
hospital, they’re not connected in a way that they can
get anything from my GP to the hospital and it has
been very frustrating.

This quote highlights how the fragmentation of digital systems
can place an additional burden on patients, particularly those
with complex or multiple health conditions.

The sense of being overwhelmed by digital options was a
common theme. Ramnik expressed the following:

I felt like I was drowning in all the options, do I call
the practice, do I do this econsult thing, do I use the
NHS app, do I first check the website, but then the
website it too complicated anyways and then I’m back
to square one. It’s overwhelming, especially when
you’re already struggling with other things, this is
the last thing I should have to worry about.

This account illustrates how the proliferation of digital access
points, while intended to improve accessibility, can
paradoxically create barriers for some patients.

The disorientation experienced in digital health care settings
was often compounded by language barriers and limited digital
literacy. As Samiyah shared the following:

I wouldn’t know the first thing about doing a video
call. He [son] set it up for me, clicked some stuff, and
had it up and running and I just sat there. They did
all the talking without me, but it probably was for the
best anyways because I don’t know if I could’ve even
said what I needed to properly, the language issue,
the screen issue, just looking at it all was too much
for me.

This quote underscores how digital health care can inadvertently
exclude patients who lack the necessary language skills or
technological proficiency, potentially exacerbating existing
health inequalities.

The complexity of digital systems also led to challenges in
maintaining continuity of care. Mohammad noted the following:
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Look I’ve got more health issues than I can count on
both of my hands, navigating through different
services and providers, half remote, half in person,
half on the phone, I just feel like I’m lost in a maze.
I’m constantly juggling between appointments with
different specialists, trying to piece together the whole
story for myself and for the providers too because
they themselves don’t know the full story. It’s
exhausting and overwhelming.

This account highlights how the fragmentation of care across
various digital and in-person platforms can create a significant
cognitive and emotional burden for patients, particularly those
managing multiple health conditions.

The disorientation caused by digital complexity was often
exacerbated by socioeconomic factors. As Maneshi explained
the following:

Not having the money to go private adds another layer
of hard to the mix. I can’t afford the luxury of
choosing the most convenient healthcare option. No.
Instead, I’m forced to navigate through a patchwork
of NHS resources that takes weeks, months, even years
and it’s just getting worse because they’re trying to
move things online now and my brain is already just
scattered from long-covid first and then the mess that
is the NHS trying to be something they aren’t so this
is just the cherry on top.

This quote illustrates how the digitalization of health care, when
not adequately supported or implemented, can compound
existing health inequalities and create additional barriers for
those already struggling to access care.

Engagement With Digital Services May be Shaped by
Previous Experiences of Racism and Discrimination
Findings revealed that participants’ willingness to engage with
digital health services was often profoundly influenced by their
previous experiences of racism and discrimination within the
health care system. These past negative experiences created a
foundation of mistrust that often extended to new digital health
initiatives.

Hamida, with her growing anxiety, articulated this heightened
vigilance as follows:

So I’m literally now I’m very vigilant. I will check
every single medication. I will read the leaflet 3 times,
I will Google it because I don’t trust these people they
already prescribed the wrong one [medication] to me
once before.

This quote illustrates how past negative experiences can lead
to a deep-seated mistrust that influences future interactions with
health care services, including digital platforms.

The intersection of racial identity and socioeconomic status in
shaping health care experiences was highlighted by Abed in the
following manner:

Well, yes. At the end of the day, yes, I do think that if
I was a white person from a rich background, instead

of brown and poor, I might have been treated
differently.

This perception of differential treatment based on race and class
extended to video consultations, with participants expressing
concern that these biases would persist in digital interactions.

Some (9/17, 53%) participants described a resigned acceptance
of interpersonal racism from health care staff:

You know, sometimes you can tell they’re a little bit...
racist, but it’s OK, you know, it’s not a big deal.

And sometimes you get certain doctors who are racist.
But it’s whatever, I’m used to that.

These statements reveal a troubling normalization of
discriminatory treatment, which may influence patients’
expectations and engagement with digital health services.

Language barriers were identified as a particular challenge in
video consultations, often intersecting with perceptions of racial
discrimination:

They make it such that you know she’s not given one
[appointment for his wife]. If you know what I mean.
It’s I think it’s easier for them to treat people who,
for example, who they can see is very much quite
different. For example, if you have really great
English and you’re able to communicate, you’re able
to get your points across, you won’t deal with it
[racism] as much as you will for example, if, it’s just
ok.

This quote highlights how language proficiency can intersect
with racial bias to create additional barriers to accessing health
care, including digital services.

Some (6/17, 35%) participants, like Mukesh, expressed concern
that video consultations might amplify existing biases:

Not too long ago my wife she had a video appointment
because she had an issue with the hand. So the doctor
like any questions we asked, he was just reluctant to
answer and he had the, you know, the sarcasm.... So
you just know where some doctors, you don’t know
whether it’s racist or not, but like because we call it
that because we feel that way.

This account suggests that the physical distance in video
consultations may exacerbate perceptions of dismissive or
discriminatory treatment.

The cumulative effect of these experiences led participants like
Tasneem to express extreme distrust in the health care system:

This is what I mean. And that’s why I can’t trust these
people with your life. You can’t. You can’t. You you’d
rather die than trust some idiot with your life because
you’re gonna die anyway.

This level of distrust poses significant challenges to the adoption
and effective use of digital health services among marginalized
communities.

Digital Interactions May Reduce Patient Agency
The study revealed that the cumulative effect of the previously
discussed factors often resulted in reduced patient agency. Many
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(14/17, 82%) participants, particularly those facing multiple
disadvantages, felt disempowered and unable to effectively
advocate for themselves in digital health care interactions:

I’m not very happy with the new GP, but I’m scared
to change. The next one might be even worse.

This quote illustrates how the lack of options and fear of further
negative experiences can trap patients in unsatisfactory care
arrangements, reducing their ability to seek better alternatives.

The complexity of digital systems often led to confusion and
reliance on others, as Najma described the following:

I can’t tell you how many times I’ve tried using the
website or app and just ended up more confused.
Which link was I supposed to click? How do I even
describe my symptoms properly in writing? I don’t
know half these medical terms they’re asking. My
English is no good. Eventually I just give up and tell
my son to figure it out for me instead.

This account highlights how language barriers and limited digital
literacy can significantly undermine patients’ ability to
independently navigate their care.

The lack of physical presence in video consultations was also
cited as a factor reducing patient agency. Mukesh, who
experiences complex neurological symptoms, shared the
following:

I mean doctors have it tough now seeing us all
through video calls. But it almost feels pointless for
me. He’s just staring at notes on some other screen
barely listening. I can’t really show him what’s going
on with my body in a genuine way. And to be quite
honest it just feels like he’s already decided before
properly hearing me out.

This quote underscores how the limitations of video
consultations can leave patients feeling unheard and unable to
effectively communicate their concerns.

The reliance on family members further eroded the personal
agency of participants like Samiyah, who explained the
following:

At my age, it’s impossible to keep track of the different
numbers to call or steps to do appointments online.
My children handle everything now—they email test
results, book consultations, order medications for me.
I feel so helpless relying entirely on them, but I don’t
really have much of a choice.

This dependence on others for health care management
significantly diminishes patients’ autonomy and control over
their own care.

Some participants, like Mohammad, felt entirely excluded from
digital health care due to lack of access to necessary technology:

We don’t have good internet like that or one of those
fancy smartphones they keep saying to use, you see
that phone? [points to older Samsung phone with
cracked screen] That’s what I have and it only works
when we can pay for the you know [data]. My nephew
always talking about this gadget and that, we just

can’t afford it. I know they started some phone video
service during corona, but it wasn’t for me. It feels
like they are saying either we have to use this stuff or
else we don’t deserve to get treatment.

This quote highlights how socioeconomic factors can create
barriers to accessing digital health services, further reducing
patient agency.

These 8 themes collectively illustrate the complex and
intersecting ways in which the digitalization of health care can
exacerbate existing inequities for multiply disadvantaged
patients.

Discussion

Principal Findings

Overview
This study provides critical insights into how multiple
dimensions of disadvantage intersect to shape experiences with
digital health services, particularly video consultations, among
older, low-income, individuals with limited English proficiency.
The findings revealed a complex interplay of factors that
contribute to digital health disparities, extending beyond notions
of access and skills to encompass issues of presence, trust,
continuity, oppression, complexity, and agency. The analysis
revealed that the digitalization of health care can exacerbate
existing inequities, erode trust, compound oppression, and
reduce patient agency for multiply disadvantaged patient
populations. Video consultations often created dynamics of
“absent presence,” where patients perceived health care
providers as distracted or disengaged, leading to a sense of
disconnection. The lack of previous in-person rapport negatively
shaped patients’ perceptions of subsequent video consultations
with unfamiliar clinicians, which led to weakened relationships.
The shift eroded established continuities of care for some, with
the fragmentation of relational continuity becoming apparent.
Digital interactions compounded experiences of oppression for
patients navigating multiple, intersecting forms of structural
disadvantage, such as age, ethnicity, and socioeconomic status.
The complexity of navigating multiple digital platforms and
pathways led to profound disorientation and fragmentation of
care, especially for those with limited digital literacy or language
proficiency. Experiences of racism and discrimination within
health care settings shaped patients’ engagement with digital
services, often leading to disengagement and mistrust. The
cumulative effect of these factors resulted in a significant
reduction in patient agency, particularly for marginalized
individuals, undermining their ability to effectively navigate
their care and make informed decisions.

The experiences of our participants suggest that digital health
technologies, rather than being neutral tools, act as both mirrors
and magnifiers of existing social inequalities. This aligns with
the concept of the “digital poorhouse” by Eubanks [46], where
technology reinforces and exacerbates existing patterns of
marginalization. In this study, the shift to video consultations
not only reflected existing disparities in health care access but
also often amplified them, creating new barriers for those
already struggling to navigate the health care system. This
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finding challenges the often-optimistic rhetoric surrounding
digital health innovations [47,48]. While proponents argue that
digital technologies can democratize access to health care
[49,50], our results suggest a more nuanced reality. For multiply
disadvantaged patients, the digitalization of health care services
can create a cascade of exclusionary experiences, from
difficulties in accessing technology to challenges in effectively
communicating health needs in a digital environment.

Extending Intersectionality Theory in Digital Health
Contexts
This research extends intersectionality literature by applying
its insights to the study of digital health disparities, revealing
specific mechanisms through which the increasing digitization
of health care creates new forms of inequity and exclusion. The
findings highlight how digital access disparities effectively
excluded individuals with low digital literacy from video
consultation, while limited English proficiency significantly
reduced older adults’ engagement with health services in the
digital space. Importantly, we found that digital competency
and digital access do not always go hand in hand, demonstrating
how digitalization, while improving health care access for some,
simultaneously creates new vectors of exclusion that intersect
with and exacerbate existing social inequities. Moreover, while
earlier intersectionality research has focused primarily on
traditional axes of oppression such as race, class, and gender,
this study highlights the emergence of new vectors of
disadvantage related to digital access, literacy, capital, and
competency. This underscores the need for an expanded
understanding of intersectionality that accounts for the growing
centrality of digital technologies in shaping health outcomes
and experiences.

This study shows that digital health disparities do not operate
along independent axes of division but often overlap, interlink,
and interact, demonstrating how patterns of dominance and
vulnerability intersect to shape people’s experiences with digital
health care. We argue that inequity and digital health exclusion
are relational and occur along multiple fracture lines, which
differentiate people’s spaces of opportunities, well-being, and
level of agency. These disparities are produced and reinforced
through complex social relationships and interactions within
health care systems and broader societal structures. The
COVID-19 pandemic may have brought out new instantiations
and shed light on what was less visible before; however, the
roots of digital health inequity are deeply entrenched in systems
of power and social order.

The Constellation of Challenges for Multiply
Disadvantaged Patients
The findings from this study revealed that video consultations
created a constellation of challenges for older patients with
multiple disadvantages. Participants described feeling
profoundly disoriented in digital spaces, struggling to navigate
unfamiliar platforms and processes. This disorientation was
compounded by disrupted continuity of care, as they cycled
between health care providers in fragmented digital encounters.
The remote modality also engendered a weak sense of presence
and connection—many (13/17, 76%) felt their health care
providers were not fully attentive or did not understand their

needs. Crucially, the digital interfaces exacerbated feelings of
disempowerment and loss of agency. Participants felt adrift,
unable to steer the direction of their care. Intersecting barriers
reinforced the following: limited economic, social, and linguistic
resources; social and cultural isolation; low digital, health, and
health care system literacy; and physical impairments of illness
and age. Some (9/17, 53%) perceived the digital challenges as
yet another form of discrimination. These intersecting factors
fed into a cycle of growing disengagement and mistrust toward
individual providers and the health care system as a whole.

Digital Capital and Health Equity
Our results also contribute to the emerging literature on digital
capital [35] by illustrating how disparities in digital
competencies and access intersect with other forms of
disadvantage to shape health outcomes. The struggles of our
participants to navigate complex digital health systems reflect
not only a lack of technical skills but also a broader deficiency
in the social and cultural capital needed to effectively engage
with digitalized health care. This finding aligns with the theory
of capital conversion by Bourdieu [32], suggesting that
disadvantages in 1 domain (eg, socioeconomic status) can
translate into disadvantages in another (eg, digital health access).

Trust, Presence, and the Digitalization of Care
Relationships
Our findings on the erosion of trust and the sense of “absent
presence” in video consultations raise important questions about
the nature of care relationships in digital environments. Drawing
on the work by Giddens [30] on trust in modern societies, we
can interpret these experiences as reflective of the disembedding
of social relations that occurs with increased digitalization. The
loss of physical copresence in health care interactions appears
to disrupt established mechanisms for building and maintaining
trust, particularly for patients who may already have reasons to
distrust health care institutions.

This erosion of trust and presence challenges dominant
narratives about the efficiency and convenience of digital health
services. While video consultations may offer logistical benefits,
our findings suggest they may come at the cost of the relational
aspects of care that are particularly important for susceptible
patients. This aligns with the critique of the logic of choice in
health care by Mol [51], suggesting that the move toward digital
health services may prioritize a transactional model of care over
a relational one.

Compounding Oppression and Reduced Agency
Perhaps the most concerning finding is that digital health
interactions can compound existing forms of oppression and
reduce patient agency. This aligns with critical perspectives on
technology that view it not as a neutral tool but as a social force
that can reinforce existing power structures [52]. In the context
of health care, where power imbalances between health care
providers and patients are already pronounced [53], the addition
of digital interfaces appears to further tilt the scales against
marginalized patients. The reduction in patient agency observed
in this study has important implications for patient-centered
care and shared decision-making, which are increasingly
recognized as crucial elements of high-quality health care [54].
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Our findings suggest that current approaches to digital health
may be undermining these important principles for certain
patient populations.

Methodological Contributions
This research also makes significant methodological
contributions to intersectionality literature by demonstrating
the value of qualitative and narrative-based approaches to
studying the lived experiences of marginalized groups. While
quantitative approaches have dominated much of the existing
research on digital health disparities, our research draws on
feminist and critical race theories that emphasize the importance
of storytelling and counternarratives as forms of epistemic
resistance [55,56]. By using in-depth narrative interviews and
persona development as key methodological tools [40], we
provide a more nuanced and contextualized understanding of
how digital health disparities are experienced and navigated by
multiply disadvantaged individuals.

Implications for Practice and Policy
Viewed through the lens of health equity and social justice, our
findings suggest that the rapid digitalization of health care risks
exacerbating existing health disparities. This aligns with the
concept of “digital redlining” proposed by Gilliard and Culik
[57], where digital systems create new forms of discriminatory
exclusion. The compounding of oppression and reduction in
patient agency experienced by our participants raise serious
concerns about the potential for digital health technologies to
undermine principles of equity and patient-centered care.

However, these findings also point to potential avenues for
intervention. Through reconditioning the intersectional nature
of digital health disparities, policy makers and health care
providers can develop more flexible, targeted approaches to
support susceptible patients. This might involve not only
addressing technical barriers to access but also working to build
the broader forms of capital needed to effectively navigate
digital health systems. For example, offering a range of
communication options, including in-person visits, and
providing additional support for patients navigating digital
systems.

In addition, our results underscore the importance of maintaining
and strengthening relational continuity in health care, even as
care becomes increasingly digitalized. This might involve
strategies to ensure patients can maintain relationships with
preferred health care providers across digital and in-person
interactions. Third, our findings point to the need for greater
attention to issues of structural competency in the design and
implementation of digital health systems. This could involve
training health care providers in culturally competent digital
communication and the development of digital health interfaces
that are more inclusive and culturally sensitive. Finally, our
results suggest that efforts to address digital health disparities
must go beyond simply providing access and skills training to
address deeper structural inequalities. This aligns with calls for
a “digital determinants of health” framework that recognizes
the broader social, economic, and political factors shaping digital
health equity [58].

Limitations and Future Research
While this study offers valuable insights, several methodological
limitations warrant consideration. The relatively small sample
size (N=17) and geographical confinement to Redbridge,
London, limit the generalizability of our findings. Our reliance
on narrative interviews may have introduced recall and social
desirability biases, potentially skewing participants’ accounts
of their digital health experiences. The inclusion criterion of
having attempted ≥1 video consultation may have inadvertently
excluded those facing the most severe barriers to digital health
access. In addition, our study focused primarily on video
consultations, potentially overlooking other forms of digital
health interventions.

Looking ahead, several key areas warrant further investigation
to address these limitations and expand our understanding of
digital health equity. Longitudinal studies are needed to track
the long-term impacts of digital health services on marginalized
populations, providing insights beyond the snapshot our study
offers. Intervention studies should evaluate targeted approaches
to address identified barriers, such as building digital capital
and fostering trust, which could help overcome some of the
access issues noted in our limitations.

To address the geographical limitations of our study,
comparative analysis across different health care systems and
cultural contexts could identify transferable principles and
context-specific challenges in promoting digital health equity.
This broader perspective would enhance the generalizability of
findings and inform more universally applicable strategies.

From a policy perspective, there is a pressing need to examine
how existing health policies and digital strategies impact health
disparities. The study analysis could provide valuable context
for understanding the systemic factors influencing digital health
equity, beyond the individual experiences captured in our study.

Finally, to complement this study’s qualitative insights and
address the limitations of our small sample size, future work
should focus on developing and validating quantitative measures
for intersectional digital health disparities. This would enable
population-level tracking and more comprehensive evaluations
of digital health interventions, providing a broader evidence
base to complement in-depth qualitative studies like our study.

These research directions will contribute to a more nuanced
understanding of digital health equity and inform evidence-based
strategies for inclusive health care digitalization. By addressing
the limitations of this study and expanding the scope of the
investigation, future research can build a more comprehensive
picture of the challenges and opportunities in promoting
equitable access to digital health services.

Conclusions
This study provides critical insights into how the digitalization
of health care can deepen disparities for older, low-income,
individuals with limited English proficiency. By applying an
intersectional lens to the study of digital health inequalities, our
research reveals the complex, overlapping, and mutually
reinforcing nature of digital exclusion. Our findings underscore
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the need for intersectional approaches to digital health equity
that address the multifaceted nature of disadvantage.

This study makes several unique contributions to the field. First,
it extends the application of intersectionality theory to digital
health disparities, demonstrating how multiple dimensions of
disadvantage interact to shape experiences with digital health
services, particularly video consultations. This approach has
revealed nuanced insights into how different forms of
marginalization compound to create unique barriers to accessing
and benefiting from digital health innovations.

Second, our development of theoretically informed user personas
[40], grounded in intersectionality and digital capital theories,
offers a novel methodological approach for representing the
complex lived experiences of multiply disadvantaged patients.
These personas provide a powerful tool for humanizing research
findings and informing patient-centered service design in digital
health contexts.

Finally, by centering the voices of marginalized patients, our
research exposes how the rapid shift to video consultations has

inadvertently exacerbated existing inequities and eroded trust
for some susceptible groups. This challenges prevailing
narratives about the universally positive impact of digital health
innovations and highlights the need for more nuanced,
context-sensitive approaches to digital health implementation.

Furthermore, our findings on the erosion of trust, the sense of
“absent presence” in digital consultations, the shift from
relational to distributed continuity of care, the weakening of
patient-provider relationships, the compounding of oppression,
the increased complexity leading to disorientation, the influence
of previous experiences of discrimination on engagement, and
the reduction in patient agency contribute new insights to the
ongoing discourse on the impact of health care digitalization.

In conclusion, as health care continues to digitalize, it is
imperative that we remain vigilant to the unintended
consequences of technological change and work to ensure that
the benefits of innovation are equitably distributed. This will
require a fundamental rethinking of how we design, deploy,
and evaluate digital health interventions, as well as a renewed
commitment to the principles of social justice and health equity.
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Abstract

Background: In recent years, health care has undergone a rapid and unprecedented digital transformation. In many fields of
specialty care, such as rheumatology, this shift is driven by the growing number of patients and limited resources, leading to
increased use of digital health technologies (DHTs) to maintain high-quality clinical care. Previous studies examined user
acceptance of individual DHTs in rheumatology, such as telemedicine, video consultations, and mHealth. However, it is essential
to conduct cross-technology and continuous analyses of user acceptance and DHT use to maximize the benefits for all relevant
stakeholders.

Objective: This study aimed to explore the current acceptance, use, and preferences regarding DHTs among patients in
rheumatology care in Germany.

Methods: Rheumatology patients from 3 clinics in Germany were surveyed to understand their perspectives on DHTs. The
survey included main themes, including acceptance, preferences, COVID-19’s impact, potential, and barriers related to DHTs.
The data were analyzed using descriptive statistics and correlation analysis.

Results: Out of 337 participants, 53% (179/337) reported using DHTs. Specific technologies included wearables (72/337, 21%),
mHealth apps (71/337, 21%), digital therapeutics (32/337, 9%), electronic prescriptions (30/337, 9%), video consultations (15/337,
4%), and at-home blood self-sampling (3/337, 1%). Nearly two-thirds (220/337, 65%) found DHTs useful, and 69% (233/337)
held a generally positive attitude toward DHTs. Attitudes shifted positively during the COVID-19 pandemic for 40% (135/337)
of participants. Higher education was more prevalent among DHT users (114/179, 63.7%) compared with nonusers (42/151,
27.8%; P=.02). The main potential benefits identified were location-independent use (244/337, 72%) and time-independent use
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(216/337, 64%). Key barriers included insufficient user knowledge (165/337, 49%) and limited information on DHTs (134/337,
40%).

Conclusions: Patient acceptance and use of DHTs in rheumatology is increasing in Germany. A prospective, standardized
monitoring of digital transformation in rheumatology care is highly needed.

(J Med Internet Res 2025;27:e52601)   doi:10.2196/52601

KEYWORDS

telemedicine; digital health technologies; rheumatology; COVID-19; questionnaire; telehealth; eHealth; digital health; survey;
rheumatism; Germany; Europe; national; use; experience; attitude; opinion; perception; perspective; acceptance; preference;
correlation

Introduction

Health care is undergoing a multidisciplinary digital
transformation, which refers to “a process that aims to improve
an entity by triggering significant changes to its properties
through combinations of information, computing,
communication, and connectivity technologies” [1].

Within the realm of rheumatology care, a notable surge in digital
technologies has transpired in recent years [2,3]. This occurrence
stems from the existing global disparity between the increasing
number of patients with rheumatic and musculoskeletal disease
(RMD) [4] and the static or even decreasing availability of
human resources in the field of rheumatology care [5,6].

Consequently, Miloslavsky and Bolster [7] have discerned the
amplified use of telemedicine as a prospective remedy to ensure
the continuity of rheumatological care in the future [7].
Concurrently, and accelerated by the COVID-19 pandemic, the
European Alliance of Associations for Rheumatology (EULAR)
has recently published points to consider for remote care in
RMD [8].

In Germany, a country struggling with a shrinking and aging
population and a shortage of health care professionals, digital
health technologies (DHTs) in rheumatology care have proven
effective in improving rheumatology care [2,9]. Prominent
among the prevailing DHTs are video consultations, sensors,
wearables, digital health applications, and digital therapeutics
with varied objectives (symptom checkers, ePRO [electronic
patient-reported outcome] documentation, or patient education),
social media platforms or messenger platforms [10], which can
also be combined with home-based self-sampling [11-13].

Past studies have assessed patients’ and physicians’ acceptance
of DHTs in the domain of rheumatology within Germany. These
investigations primarily centered on individual digital
modalities, such as telemedicine [13,14], mHealth [15], and
video consultations [16,17]. Following the onset of the
COVID-19 pandemic, the influence of this global crisis on the
adoption of DHTs was also scrutinized [3,17]. It remains
essential to continuously analyze the digital transformation in
rheumatology to maximize the benefits for all relevant
stakeholders. In particular, the patient perspective is critical to
ensuring that DHTs actually improve health care, meets patient
needs, and builds patient trust in the use of DHTs. Thus, the
aim of this study was to explore the current acceptance, use,
and preferences regarding DHTs among patients in
rheumatology care in Germany.

Methods

Overview
To explore the patients’ perspectives and preferences regarding
digital health systems in rheumatology care, we recruited
rheumatology patients in 3 outpatient clinics. Inclusion criteria
were being aged ≥18 years, literate in German, having the
physical and mental ability to fill out a paper-pencil
questionnaire, and having a diagnosis of RMD. The survey was
conducted between February 2023 and April 2023. The 3 clinics
were sent 125 questionnaires with the request to distribute the
questionnaires to eligible patients.

The questionnaire was created based on a literature review and
the results of a qualitative study with health care providers
(HCPs) and nurses. The questionnaire addressed the following
topics: acceptance of DHTs, use of DHTs, preferences for
DHTs, the impact of COVID-19 on digital transformation,
potential benefits, and barriers regarding DHTs, and
sociodemographic characteristics. The survey was pilot-tested
with 10 patients to detect necessary formatting and wording
changes. Minor revisions were made accordingly. Please refer
to Multimedia Appendix 1 for the German version of the
questionnaire and Multimedia Appendix 2 for the translated
version in English.

Data were analyzed using quantitative descriptive analysis and
correlation analysis supported by SPSS (version 23.0; IBM).
For correlation analyses, the data were converted into scores,
and the Spearman rank correlation coefficient was calculated.
The α error distribution was chosen to be 2-sided, as an
undirected correlation is assumed to be open to hypotheses.
These correlations had a correlation coefficient higher than 0.29.

Ethical Considerations
This study was approved by the ethics committee of
Brandenburg Medical School (E-02-20211028). All patients
provided informed consent. The rheumatology clinics received
an expense allowance of €150 (US $ 158) for the distribution
and return of the questionnaires. The study data are anonymous.
The questionnaires were digitized and then stored at the Center
for Mental Health at Brandenburg Medical School.
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Results

Patient Characteristics
In total, 337 patients with RMD completed the questionnaire.
The number of patients rejecting participation was not measured.
The study sample’s demographics are shown in Table 1. The

mean age was 52.5 (SD 14.2) years; 64% (219/337) were female,
32% (108/337) were male, 1% were (3/337) nonbinary, and 2%
(7/337) did not give any information on gender. On average,
participants had been receiving rheumatologic treatment for a
median 8 years (mean 9.35 years, SD 7.63; range: 1 month-399
months), and the median time with the diagnosis was 8.9 years
(mean 10.2 years, SD 8.33; range: 3 months-579 months).

Table 1. Characteristics of participants.

Participants (N=337), n (%)Characteristics

Sex

219 (65)Female

108 (32)Male

3 (1)Nonbinary

7 (2)No data

Diagnosis

13 (4)Axial spondyloarthritis

7 (2)Fibromyalgia

40 (12)Psoriatic arthritis

182 (54)Rheumatoid arthritis

10 (3)Sjörgren syndrome

21 (6)Spondyloarthritis

9 (3)Systemic lupus erythematosus

39 (12)Other

16 (5)No data

Education level

156 (46)>10 years of school completed

163 (48)9-10 years of school completed

2 (1)Student

2 (1)No formal schooling

14 (4)No data

Vocational training

188 (56)Apprenticeship

109 (3)Bachelor’s, master’s, or magister’s degree, diploma

6 (2)Started an apprenticeship

11 (3)Without apprenticeship

23 (7)No data

Place of residence (number of inhabitants)

70 (21)Rural region (<5000)

73 (22)Small city (>5000-20,000)

63 (19)Medium city (>20,000-100,000)

28 (8)Large city (>100,000-1,000,000)

93 (28)Metropolis city (>1,000,000)

10 (3)No data
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Attitudes Toward DHTs
About half of the patients used DHTs overall (179/337, 53%)
(Table 2). Overall, most patients (220/337, 65%) rated DHTs
as useful, while a third remained neutral in their assessment of
usefulness. Almost two-thirds of the patients (233/337, 69%)

were positive or rather positive toward DHTs. Among all
participants, 55% (185/377) stated that their attitude toward
DHTs had not changed due to the COVID-19 pandemic.
However, 40% (135/337) mentioned that their attitude had
become more positive.

Table 2. Attitudes toward digital health technologies.

Participants (N=337), n (%)Items

Do you use digital health technologies?

179 (53)Yes

151 (45)No

7 (2)No data

Digital health technologies are useful.

99 (29)Strongly agree

121 (36)Agree

99 (29)Neutral

5 (1)Disagree

7 (2)Strongly disagree

6 (2)No data

How do you rate your attitude towards digital health services?

118 (35)Positive

115 (34)Rather positive

77 (23)Neutral

17 (5)Rather negative

4 (1)Negative

6 (2)No data

Did you change your attitude due to the COVID-19 pandemic?

135 (40)Yes, the attitude has become more positive

8 (2)Yes, the attitude has become more negative

185 (55)No

9 (3)No data

Use of DHTs
Almost half of the patients (143/337, 42%) were already using
email for communication with physicians before the COVID-19
pandemic (Table 3). Currently, this value has increased to 58%
(195/337). The number of patients using video consultations
was very low: 4% (15/337). However, 14% (48/337) stated that

they would use video consultations in the future. We found that
9% (32/337) were using reimbursed digital health applications
(German: Digitale Gesundheitsanwendung; DiGA). Overall,
21% (71/337) were using other mobile health apps. Only 1%
(3/337) had used blood self-sampling. Almost a quarter (78/337,
23%) stated that they wanted to use electronic prescriptions in
the future.
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Table 3. Digital health technology use.

I don’t know, n
(%)

I don’t use, n
(%)

I am not inter-
ested, n (%)

I will use in the fu-
ture, n (%)

I currently
use, n (%)

Used before
COVID-19, n (%)

53 (16)191 (57)14 (4)48 (14)15 (4)7 (2)Video consultation

86 (26)154 (46)10 (3)38 (11)32 (9)14 (4)Digital therapeutics (DiGAa)

54 (16)152 (45)10 (3)40 (12)71 (21)19 (6)mHealth apps (not DiGA)

43 (13)175 (52)19 (6)21 (6)72 (21)19 (6)Wearables

99 (29)187 (55)50 (15)9 (3)3 (1)2 (1)Blood self-sampling at home

75 (22)147 (44)5 (1)78 (23)30 (9)7 (2)Electronic prescription

aDiGA: digital health application.

Potential Benefits of and Barriers to DHTs
Independence in terms of location (244/337, 72%) and time
(216/337, 64%) and generally increased flexibility (170/337,
50%) were cited most often by patients as potential benefits of
digital health. The detailed results are displayed in Table 4.

The biggest barrier at present is the lack of information. Thus,
49% (165/337) stated that they do not have sufficient
knowledge, and 40% (134/337) stated that they are not
sufficiently informed about DHTs. A third (118/337, 35%)
stated that technical equipment is a barrier to using the tools.

Table 4. Potential benefits and barriers of digital health technologies.

Participants (N=337), n (%)Items

Potential benefits

244 (72)Location independent use

216 (64)Time-independent use

139 (41)Detailed documentation of the course of the disease

134 (40)Cost savings

125 (37)More options for accessing information, diagnostics, and therapy

85 (25)Accessibility

170 (50)More flexibility

139 (41)Better preparation for the physician-patient consultation

68 (20)Needs-based care

32 (9)No potential benefits

Barriers

134 (40)Limited information about digital health services

39 (12)Insufficient evidence of the benefits of the offers

32 (9)Poor quality of current offers

92 (27)Gaps in data protection

84 (25)Lack of user-friendliness

12 (4)Lack of accessibility

12 (4)High costs

118 (35)Lack of technical equipment (eg, poor Internet connection, old end devices)

165 (49)Lack of knowledge among users

57 (17)No need because satisfied with the current analogue solutions

Correlation Analyses
While correlation analysis revealed some relationships between
content items (Table 5), no significant correlations between the
content items and sociodemographic data were observed.
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Table 5. Results of the correlation analyses.

P values (2-tailed)Spearman ρContent items

Current use

<.0010.458Positive attitude

Number of months diagnosed

<.0010.777Number of months in rheumatology treatment

Potential benefits

Location-independent use

<.0010.355Detailed documentation of disease progression

<.0010.328Accessibility

<.0010.331More flexibility

<.001–0.525No

Detailed documentation of disease progression

<.0010.330More options for accessing information, diagnostics, and therapy

<.0010.336More flexibility

<.0010.400Better preparation for the doctor-patient consultation

<.0010.330Needs-based care

Cost savings

<.0010.380Accessibility

<.0010.320More flexibility

<.0010.302Needs-based care

More possibilities to access information, diagnostics, therapy

<.0010.346Accessibility

<.0010.405More flexibility

<.0010.305Better preparation for the doctor-patient consultation

Accessibility

<.0010.357More flexibility

<.0010.338Needs-based care

More flexibility

<.0010.380Needs-based care

<.001–0.307None

Better preparation for the doctor-patient consultation

<.0010.360Needs-based care

Barriers

Lack of technical equipment

<.0010.307Lack of knowledge among users

Discussion

To explore the current patient acceptance, use, and preferences
for DHTs in rheumatology care, we performed a paper-pencil
questionnaire survey among patients with RMD in Germany.

Principal Findings
More than half (179/337, 53%) of 337 patients reported that
they use DHTs. Overall, 21% (72/337) used wearables, 21%
(71/337) used mHealth apps, 9% (32/337) used digital

therapeutics (DiGA), 9% (30/337) used electronic prescriptions,
4% (15/337) used video consultations, and 1% (3/337) used
at-home blood self-sampling. Nearly two-thirds of the patients
with RMD (220/337, 65%) rated DHTs as useful. While 69%
(233/337) reported a generally positive attitude toward DHTs,
about 40% (135/337) mentioned their attitudes became more
positive due to the COVID-19 pandemic. The main potential
benefits of DHTs reported by the patients were
location-independent use (244/337, 72%) and time-independent
use (216/337, 64%). The main barriers included insufficient
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knowledge among users (165/337, 49%) and limited information
about digital health services (134/337, 40%).

Comparison With Previous Work
Our findings are aligned with previous studies that have
examined patients’ acceptance of DHTs in rheumatology
[3,14-19]. Comparing our results with previous findings, clear
trends emerge that further underscore the growing acceptance
of DHTs among patients with RMD.

In a survey conducted from September 2019 to December 2019
among 766 German patients with RMD [18], only 51%
(364/718) of participants indicated familiarity with the term
“telemedicine.” A mere 30% (210/690) expressed intentions to
try telemedicine in the future, and a total of 21% (139/663)
expressed a desire for their rheumatologist to offer telemedicine.
In this study, conducted from February 2023 to April 2023, that
is, after the COVID-19 period, 53% (179/337) of participants
reported using DHTs. It should be noted, however, that while
the terms telemedicine and DHTs are closely related, they are
not synonymous.

In the 2019 survey, 0.3% of patients with RMD reported having
experienced a video consultation with a physician. The current
results reveal a 4% (15/337) use rate of video consultations,
still representing a modest figure, suggesting that video
consultations in rheumatology care remain an exceptional
practice. These findings corroborate the outcomes observed by
Richter et al [17]. In a survey of rheumatologists in Germany,
27% (55/205) reported offering video consultations during
COVID-19 lockdown phases, with the frequency of provided
video conferences diminishing as the pandemic progressed.

Knitza et al [15] reported that in 2018/2019, most patients with
RMD (68%) believed that using medical apps could be
beneficial for their own health [15]. However, out of 193
patients, only 8 (4%) were currently using medical apps. In the
fall of 2020, Kernder et al [3] explored patient and
rheumatologist attitudes toward digital technologies, particularly
digital health applications. Even a higher rate of patients
(222/299, 74%) and also rheumatologists (98/129, 76%) believed
that digital health apps were valuable for managing RMDs.
Compared with Knitza et al [15], our results reveal that digital
health app use increased notably (71/337, 21%). In our study,
a distinction was made between certified and prescribed digital
therapeutics (DiGA) and other nonreimbursed digital health
apps. Interestingly, patients reported less use of prescribed
DiGAs (32/337, 9%) compared with other noncertified mHealth
apps (21%). This discrepancy could be attributed to the absence
of DiGAs explicitly tailored for RMDs, whereas non-DiGA
mHealth apps fill this gap. A first pilot study evaluating DiGA
use in rheumatology [20] revealed high patient acceptance and
some clinical benefits, yet poor adherence as a major limiting
barrier.

According to Kernder et al [3], 38% (112/299) of patients
reported a positive change in attitude due to COVID-19,
comparable to 40% (135/337) in this study. The most commonly
cited advantages of DHAs were their independence from time
and place, which were also expressed by participants in our
study.

Our study also inquired about the use and acceptance of blood
self-sampling, a prospect that has recently gained significance
in future rheumatological care [11-13]. However, our results
suggest that self-sampling currently remains largely confined
to research settings.

In a recent secondary data analysis [21], we demonstrated that,
specifically, older patients with RMD residing in rural areas,
who could potentially benefit from telemedicine, currently lack
the motivation to embrace it and appear to require additional
support. However, these relationships were not confirmed by
this study. Nevertheless, our data reaffirm the profound
relevance of knowledge in the use of digital technologies in
rheumatology care. In line with earlier findings [3,14,19,21],
our participants identified “lack of knowledge among users” as
the main barrier to use. Besides the patient perspective, the
viewpoint of HCPs is also pertinent to the implementation of
digital technologies. Lack of knowledge among rheumatologists
was previously identified as a major barrier to implementing
ePROs in routine care [22]. Conveniently, recent surveys also
indicated a positive inclination of HCPs toward digital
technologies in rheumatology [3,14,16,19].

Limitations
Our study has several limitations. Despite our best efforts, it is
possible that our survey did not capture all important emerging
technologies relevant to rheumatology. In addition, the
terminology used in this survey for DHTs may have caused
confusion among participants, potentially leading to information
bias. In addition, our survey reached a selected population from
3 outpatient clinics. This also applies to the selection of study
participants, as we assume that individuals with a specific
interest in digital health were more likely to have completed
our questionnaire. A strength of previous surveys
[3,16,17,19,22] is that the survey was paper-pen–based (instead
of digital) to minimize selection bias.

Finally, it is essential to acknowledge that numerous research
groups are focusing on measuring the use and acceptance in the
domain of digital rheumatology. However, these studies often
use varying approaches and terminologies and refer to different
study populations. Therefore, the comparability of data across
studies for the purpose of continuous monitoring of the digital
transformation in rheumatology remains limited.

Implications
Considering the heterogeneity regarding digital rheumatology
surveys and fast transformation, we advocate for a standardized,
regular, survey-based monitoring of the digital transformation
in rheumatology from the perspectives of both patients with
RMD and HCPs. Ideally, this monitoring should be conducted
on an international level, including dedicated societies such as
EULAR and the Digital Rheumatology Network. Furthermore,
the specific digital technologies, their nomenclature, and other
questionnaire content should be harmonized through Delphi
studies in collaboration with an international expert board
involving input from patients.

The results depict high acceptance regarding DHTs, which is
currently limited mainly by a lack of knowledge. Dedicated
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education for patients with RMD and the treating HCPs is
necessary to foster implementation in routine clinical practice.

Conclusions
The digital transformation in rheumatology care in Germany is
progressing. Patient acceptance and use is increasing. This

provides hope that, despite the rising burden of disease and
stagnating human resources, digital health can continue to ensure
high-quality care for patients with RMD in the future. A
prospective, standardized monitoring of digital transformation
in rheumatology care is highly needed.
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Abstract

Background: With the increasing interest in the application of large language models (LLMs) in the medical field, the feasibility
of its potential use as a standardized patient in medical assessment is rarely evaluated. Specifically, we delved into the potential
of using ChatGPT, a representative LLM, in transforming medical education by serving as a cost-effective alternative to standardized
patients, specifically for history-taking tasks.

Objective: The study aims to explore ChatGPT’s viability and performance as a standardized patient, using prompt engineering
to refine its accuracy and use in medical assessments.

Methods: A 2-phase experiment was conducted. The first phase assessed feasibility by simulating conversations about
inflammatory bowel disease (IBD) across 3 quality groups (good, medium, and bad). Responses were categorized based on their
relevance and accuracy. Each group consisted of 30 runs, with responses scored to determine whether they were related to the
inquiries. For the second phase, we evaluated ChatGPT’s performance against specific criteria, focusing on its anthropomorphism,
clinical accuracy, and adaptability. Adjustments were made to prompts based on ChatGPT’s response shortcomings, with a
comparative analysis of ChatGPT’s performance between original and revised prompts. A total of 300 runs were conducted and
compared against standard reference scores. Finally, the generalizability of the revised prompt was tested using other scripts for
another 60 runs, together with the exploration of the impact of the used language on the performance of the chatbot.

Results: The feasibility test confirmed ChatGPT’s ability to simulate a standardized patient effectively, differentiating among
poor, medium, and good medical inquiries with varying degrees of accuracy. Score differences between the poor (74.7, SD 5.44)
and medium (82.67, SD 5.30) inquiry groups (P<.001), between the poor and good (85, SD 3.27) inquiry groups (P<.001) were
significant at a significance level (α) of .05, while the score differences between the medium and good inquiry groups were not
statistically significant (P=.16). The revised prompt significantly improved ChatGPT’s realism, clinical accuracy, and adaptability,
leading to a marked reduction in scoring discrepancies. The score accuracy of ChatGPT improved 4.926 times compared to
unrevised prompts. The score difference percentage drops from 29.83% to 6.06%, with a drop in SD from 0.55 to 0.068. The
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performance of the chatbot on a separate script is acceptable with an average score difference percentage of 3.21%. Moreover,
the performance differences between test groups using various language combinations were found to be insignificant.

Conclusions: ChatGPT, as a representative LLM, is a viable tool for simulating standardized patients in medical assessments,
with the potential to enhance medical training. By incorporating proper prompts, ChatGPT’s scoring accuracy and response
realism significantly improved, approaching the feasibility of actual clinical use. Also, the influence of the adopted language is
nonsignificant on the outcome of the chatbot.

(J Med Internet Res 2025;27:e59435)   doi:10.2196/59435
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Introduction

Background
In recent decades, large language models (LLMs) have
experienced significant advancements [1,2]. LLMs are artificial
intelligence (AI) models designed to comprehend and process
natural human language, as well as generate it [1,3]. Concurrent
with the progression of AI, LLMs have exhibited substantial
potential in executing tasks involving natural language
processing [4]. LLM applications range from article synthesis
to summarization to patient diagnosis, illustrating their flexibility
in providing valuable assistance [5-9]. Among the various types
of LLMs such as the generalist language model, Flamingo, and
Minerva [10], ChatGPT stands out as one of the critical
milestone models, which is the primary focus of this study.

ChatGPT, developed by OpenAI, a US-based company,
represents a significant advancement in language models
[11,12]. This model facilitates user interaction with follow-up
questions and is fine-tuned for controlled output [13,14].
Additionally, it can be integrated into custom applications via
an application programming interface, allowing developers to
craft chatbots and virtual assistants with tailored behavior [13].
Built on GPT architecture, ChatGPT currently comprises 2
primary variants, GPT-3.5 and GPT-4. A key characteristic of
ChatGPT is that its output is significantly influenced by the
input prompt and can be fine-tuned by modifying this prompt.
Consequently, prompt engineering is essential for optimizing
ChatGPT’s performance [15]. Despite ChatGPT and other
LLMs, as well as the broader field of AI, being in developmental
stages, they have demonstrated great potential in assisting human
activities and may substitute human in certain tasks due to their
low cost and high efficiency [16]. In the realm of medical
education, traditional tests using standardized patients are no
exception, involving substantial human labor and training costs
[17-20].

The concept of a standardized patient, initially introduced by
Barrows and Abrahamson [21], has become a widely recognized
method in medical training and assessment [22,23]. In this
context, “standardized” implies that the patient in a standardized
patient scenario is trained to consistently portray a specific set
of symptoms, medicine allergies, and medical history. Here,
“patient” refers to an individual acting as if seeking medical
care, unlike real patients, these are trained doctors or individuals
simulating the diagnosis process to access medical professionals

[23,24]. Consequently, a standardized patient is an individual
trained to simulate a real patient, accurately portraying a set of
symptoms or conditions. Medical students or doctors interact
with standardized patients to practice and evaluate their clinical
skills [22]. A critical aspect of this procedure is conversing with
the standardized patient to obtain essential information for
diagnosis, which is known as history-taking tasks. As the entire
training process for an SP is both time-consuming and
expensive, rural hospitals may even fail to provide such medical
training due to poor access to high-quality health care services
[25-27]. Our research aims to fill this research gap by applying
LLMs, such as ChatGPT, in the assessment process involving
standardized patients to tackle these problems. A critical factor
influencing ChatGPT’s response is the prompt input given to
the model [28,29]. Nevertheless, ChatGPT’s accuracy and
precision require enhancement for medical applications [30,31].
Therefore, this study explored a novel approach to standardized
patients in medical training evaluation by substituting human
standardized patients with ChatGPT, as well as maintaining
relatively high accuracy and precision. The study is conducted
along 2 distinct dimensions. Initially, the capability and
feasibility of ChatGPT functioning as a standardized patient are
investigated. Subsequently, this study explores prompt
engineering and revisions to enhance ChatGPT’s performance.
Finally, this study examines the differences in scores and
wording between original and revised prompt (RP) results
generated by ChatGPT.

Objectives
This study applied an exploratory approach to standardized
patients in medical training evaluation by substituting human
standardized patients with ChatGPT, as well as maintaining
relatively reasonable accuracy and precision. The main objective
can be divided into 2 stages of experiment. Initially, the
capability and feasibility of ChatGPT functioning as a
standardized patient are investigated. Subsequently, exploring
prompt engineering and revisions to enhance ChatGPT’s
performance, and also examining the differences in scores and
wording between the original prompt (OP) and RP results
generated by ChatGPT.

Methods

Standardized Patient Resource
The West China Medical Simulation Center of West China
Hospital of Sichuan University has released a comprehensive

J Med Internet Res 2025 | vol. 27 | e59435 | p.371https://www.jmir.org/2025/1/e59435
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/59435
http://www.w3.org/Style/XSL
http://www.renderx.com/


standardized patient training script, encompassing a
scenario-based conversational analysis and a specific
performance criterion for participants, detailed in Table 1. This
criterion emphasizes a procedure-oriented approach, where
interactions with the standardized patient are critically evaluated
and graded. The criterion comprises 2 principal aspects for
evaluation: inquiry skills and humanistic care. The inquiry skills
evaluation encompasses 4 dimensions, conversation
arrangement, type of question, verifications, and use of
professional jargon. In the domain of humanistic care, 2

dimensions are considered: speech and amiable behavior. Each
dimension has 5 tiers, from tier 1 to tier 5, with ascending levels
of performance. Comprehensive judgment criteria are illustrated
in Table 1. ChatGPT exhibits limitations concerning criteria
based on subjective judgment, as it lacks emotional response
and is not fully adaptable to subjective grading. Therefore, this
study focuses solely on the objective grading criteria. For
example, an evaluation point could be whether the user inquired
about the medicine history or not. Such criteria can be
objectively assessed based on the conversation.

Table 1. Standardized patient consultation skills grading and scoring criteria. This scoring sheet can be used in standardized patient assessments to
quantitatively evaluate the performance of candidates, where 5= best performance.

Ranking tiersSkills

1-tier2-tier3-tier4-tier5-tier

Inquiry skills

The consultation
lacks coherence and
organization.

Between 3-point and
1-point

Most of the consulta-
tion is conducted in
an orderly fashion,
but the beginning
and ending are not
clearly defined.

Between 5-point and
3-point

The beginning, mid-
dle, and end of the
consultation are
clear and precise,
with questions asked
in an orderly man-
ner.

Conversation arrangement

Frequently uses se-
quential and leading
questions.

Between 3-point and
1-point

No open-ended
questions, directly
asking with closed-
ended questions.

Between 5-point and
3-point

Reasonable use of
open-ended or
closed-ended ques-
tions.

Question types

Did not conduct ver-
ification and refer-
ence.

Between 3-point and
1-point

The verification and
reference are incom-
plete and not suffi-
cient.

Between 5-point and
3-point

Conduct a compre-
hensive and thor-
ough verification
and reference.

Verifications

Frequently uses
complicate medical
terminology.

Between 3-point and
1-point

The explanation is
understandable, with
minimal use of com-
plex medical termi-
nology.

Between 5-point and
3-point

The explanation is
clear and easy to un-
derstand, not using
complicated medical
terminology.

Professional jargon

Humanistic care

The speech speed
and tone are notice-
ably uncomfortable.

Between 3-point and
1-point

The speech speed
and tone are mildly
uncomfortable.

Between 5-point and
3-point

Appropriate speech
speed and tone.

Speech

No response or com-
fort.

Between 3-point and
1-point

Provides responses
and comfort.

Between 5-point and
3-point

Appropriate re-
sponse and comfort.

Amiable behavior

Study Design
To date, ChatGPT has introduced 2 versions of its language
model: GPT-3.5 and GPT-4. OpenAI reports that GPT-4 exhibits
improved word processing and memory retention capabilities.
These advancements make GPT-4 particularly suitable for the
aims of our research [32]. The preliminary step involves
ascertaining the feasibility of ChatGPT functioning as a
standardized patient in medical training evaluations. To gain
preliminary insights, we conduct a preliminary, exploratory
conversation with ChatGPT-4. We chose inflammatory bowel
disease (IBD), a relatively rare condition with multiple
symptoms that can be easily confused with other diseases
[33,34]. In this experiment, the chatbot was given only the name
of the disease, without detailed criteria, and was asked to

perform as a standardized patient to assess users’ performance
as if taking a standardized patient examination.

We asked a series of questions regarding IBD’s symptoms to
determine if ChatGPT could respond appropriately like a real
standardized patient. Subsequently, ChatGPT was requested to
provide a score for our inquiry process, along with its criteria
for assessment. The chatbot was evaluated using 3 different
approaches: using poor, medium, and good inquiries. The criteria
were as follows: in the poor inquiry approach, no questions
pertinent to IBD were posed, and the language was
unprofessional and overly casual. The medium inquiry approach
exhibited a combination of relevant and irrelevant questions,
with varying degrees of accuracy. Conversely, the good inquiry
approach demonstrated both linguistic precision and a
consistently accurate focus on relevant topics. Each level
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underwent 3 consecutive tests, and in each test, the chatbot
generated the answer 10 times, from which an average score
out of 30 (5 scores each × 6 groups) was calculated for each
level.

For further exploration, a second phase of the experiment was
designed. In this subsequent experiment, we used a detailed
script accompanied by clear criteria provided by our clinical
skill training center. An example from the script, featuring a
perfect, full-score conversation between a standardized patient
and a medical student, was used to test the chatbot. By
modifying the dialog, including additions and deletions, the
final score could vary. To initiate the conversation, the chatbot
was provided with a patient’s medical record, along with a
prompt outlined in Table 2. During the subsequent conversation,
the questions on the script list were asked respectively to assess
if the chatbot can extract information from the medical record
precisely. Each answer was checked and compared to identify
the flaws in responses, which were considered as key points for
future improvement. At last, a score based on the given criteria
was assigned by ChatGPT, along with a detailed analysis of the
score. Repeated experiments (OP-1 to OP-5) were conducted
5 times, for each experiment, ChatGPT was asked to generate
the score 30 times to obtain an average error rate for this overall
preliminary experiment. From OP-1 to OP-5, the questions
asked differed; therefore, the total standard score also varied.
The questions asked and the total score were different, but the
criterion was the same. From OP-1 to OP-5, the total score was
in increasing order: 20/100, 60/100, 75/100, 85/100, and 90/100,
respectively. A score of 20/100 is classified as “poor inquiry,”
while scores of 60/100 and 75/100 are classified as “medium
inquiry,” and 85/100 and 90/100 are classified as “good inquiry.”
Given that the total score varied across each trial, we used a
metric known as the score difference percentage (SDP) to
quantify ChatGPT’s performance. This metric represents the
error rate in terms of the percentage difference between expected
and actual scores. The formula used is as follows.

After the preliminary experiment was done, a full inspection of
the entire conversation was given. ChatGPT’s performance on
the following key points is focused on: the degree of
anthropomorphism, clinical accuracy, and adaptability.
Considering the degree of anthropomorphism, ensuring
ChatGPT mimics a real patient accurately is crucial for its
validity as a standardized patient, the chatbot should emulate
the tone, behavior, and emotional responses typical of a real
patient. In an authentic standardized patient assessment, to
simulate a real-life patient, standardized patients may pose
questions driven by anxiety, for instance, “Doctor, why does
my stomach ailment keep recurring? Will it eventually lead to
cancer?” [35]. It is acknowledged that ChatGPT may not initiate

such inquiries due to its inherent limitations; however, we will
investigate whether integrating a predesigned prompt enables
the chatbot to generate these types of questions [36]. Moreover,
the chatbot needs to communicate the symptoms effectively,
maintaining a balance between being too vague and excessively
detailed. It should provide information that is similar to what a
real patient may disclose. For clinical accuracy, it is essential
that the chatbot delivers precise information aligned with the
provided medical record, which is a critical aspect of using
ChatGPT in standardized patient assessments. The response
from the chatbot must align with the corresponding description
in the medical record. ChatGPT is expected to recall previous
responses and consistently adhere to the documented medical
history. For adaptability, in actual standardized patient tests,
medical students may request information from the standardized
patient that is not provided in the script or medical history;
therefore, ChatGPT must be capable of inferring unspecified
information. Following each evaluation, ChatGPT’s performance
would be evaluated based on the earlier criteria, subsequently
generating a list of issues. Based on the identified issues, the
prompt was modified. Subsequently, a new series of experiments
began, using RP. The final version of the prompt is determined
when ChatGPT demonstrates satisfactory performance in terms
of anthropomorphism, clinical accuracy, consistency in
responses, and adaptability, among other factors. Additionally,
the scores provided were closely inspected. We designed a
comparative experiment involving the OP group. RP-1 to RP-5
were crafted correlating with OP-1 to OP-5. For each paired
experiment, the questions posed and the total score were
identical. The only difference between the OP and RP groups
was the variation in the prompts provided. For each group, 30
runs were conducted to minimize the potential bias. Ultimately,
the error rates will be compared with results from OPs to assess
the efficacy of RP. A sample dialogue with ChatGPT is included
in Multimedia Appendix 1.

Finally, the performance of the RPs was evaluated using a
different standardized patient script to verify generalizability.
In preliminary experiments, the dialogues with the chatbot were
conducted in Chinese to minimize potential errors introduced
by translation and the prompt provided was in English. However,
according to a previous study on Chinese National Medical
Licensing Examination questions, the translation of Chinese
questions into English resulted in only a minor improvement
(P=.16) [37]. To validate this research, the test group would be
divided into 4 subgroups, representing all possible combinations
of 2 languages used in prompts and dialogues, which were
prompts in English (PE) + dialogue in English (DE); prompts
in Chinese (PC) + dialogue in English (DE); prompts in English
(PE) + dialogue in Chinese (DC); and prompts in Chinese +
dialogue in Chinese (DC). All the tests in each group would be
conducted 15 times to minimize the deviation caused by the
inconsistency of the chatbot responses.
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Table 2. Initial prompt given to ChatGPTa.

ConsiderationPrompt

InitializationI'm a first-year medical student. Please help me with an interactive test case. Are you familiar with the
procedure of a standardized patient assessment? Now, I want you to play the role of a standardized patient,
while I play the role of the student. Follow these steps.

Set up specific scenarioYour basic situation: [The detailed medical history is provided to ChatGPT based the script]

Restrict the free response of ChatGPTYou need to answer the questions I'm asking you based on the facts.

Grade with detailed criteriaAt the end of my consultation, you need to rate my consultation process, based on following criteria:
[The specific scoring rules are provided]

aThis is the initial, unrevised prompt used for interactions with ChatGPT in the phase 2 study design, prior to prompt engineering.

Data Analysis
The analysis software used in this research is R (version 4.3.3;
R Foundation for Statistical Computing). For the first phase of
the experiment, a 2-tailed t test is performed on the results to
ascertain whether ChatGPT can differentiate between varying
levels of problem relevance. In the second phase, the
Shapiro-Wilk normality test was conducted to examine whether
the data collected were normally distributed. For data not
normally distributed, the Mann-Whitney U test was used to
evaluate the significance of the differences in ChatGPT scores
and standard scores, as well as between the OP and RP groups,
thereby ascertaining the enhancements postprompt engineering.
The data were collected during November 2023, December
2023, and August 2024.

Results

Feasibility Test
In the feasibility test, upon receiving the keyword “IBD,”
ChatGPT automatically generated a virtual medical record, in
subsequent interactions, it adhered to the information within
the record, simulating a real patient’s behavior. For each inquiry

quality group, 30 runs were conducted. Subsequently, ChatGPT
provided an average score of 74.7/100 (SD 5.44) for a poor
inquiry, an average score of 82.7 (SD 5.30) for a medium
inquiry, and an average score of 85.0 (SD 3.27) for a good
inquiry. These statistical data are presented in Table 3.

To demonstrate ChatGPT’s ability to distinguish the results, 2
inquiry model groups were established. The score differences
between the poor and medium inquiry groups, between the
medium and good inquiry groups, and between the poor and
good groups were respectively examined. Both the score
differences between the poor and medium inquiry groups
(P<.001), between the poor and good groups (P<.001) were
significant at a significance level of α=.05, while the score
differences between the medium and good inquiry groups were
not statistically significant (P=.16).

The density diagram of the scores is illustrated in Figure 1.
Along with each score, the chatbot provided a detailed rating
scale. Across various trials, ChatGPT’s criteria varied slightly,
yet the core remained consistent: it consisted of 5 components:
relativeness, inquiry into medical history, clinical reasoning,
professionalism, and problem-solving.

Table 3. Scores given by ChatGPT in feasibility testa.

Mean (SD)Inquiry quality

74.7 (5.44)Poor

82.67 (5.30)Medium

85.00 (3.27)Good

aThe table displays the mean (SD) scores provided by ChatGPT for different inquiry qualities related to inflammatory bowel disease symptom questions.
The test involved three levels: “poor” (irrelevant questions and casual language), “medium” (mixed relevance), and “good” (precise and relevant). For
each level, 30 interactions were conducted, and ChatGPT adhered to a virtual medical record generated for inflammatory bowel disease throughout the
conversation, simulating a standardized patient.
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Figure 1. Scores given by ChatGPT in feasibility test. This figure illustrates the density distribution of scores given by ChatGPT when evaluating
different levels of inquiry quality (poor, medium, and good) regarding IBD symptoms. Each quality level reflects varying degrees of relevance in
questioning, with ChatGPT adhering to an IBD standardized patient scenario. The distribution shows how ChatGPT assessed each inquiry type. IBD:
inflammatory bowel disease.

Performance Enhancement
The results from the preliminary experiment of the second phase
demonstrated that ChatGPT can accurately replicate the clinical
symptoms recorded in medical records; however, the scores it
provided showed significant divergences compared to the
standard scores. The results are presented in Figure 2. The upper
band of each bar indicates the mean value of the SDP for each
dataset, while the vertical line denotes SD. The data collected
from the OP experiments are compared with the RP group
subsequently.

To enhance performance, we focused on the following key
aspects: degree of anthropomorphism, clinical accuracy, and
adaptability. Regarding the degree of anthropomorphism, some
responses provided by ChatGPT were notably overly
professional with medical jargon. For instance, when inquired
“Where do you feel unwell?” ChatGPT responded with
“Processus xiphoideus.” This term is rarely used in everyday
language, typically, one might say “My chest hurts.”
Consequently, the chatbot was instructed to “Please perform
like an ordinary person that does not have much professional
knowledge in the medical field and avoid using professional
jargons” to adjust its behavior. Moreover, without prompts,
ChatGPT cannot replicate real-life standardized patients who
may ask certain questions due to anxiety. To address this, the
OP was enhanced with “When I present a summary of symptoms
and seek your confirmation, please first respond to my inquiry.”
Subsequently, simulate a patient tone characterized by anxiety,
posing questions like “Can my illness be treated?” or “Is this a
serious or minor illness?” Concerning clinical accuracy, several
issues were identified. When queried, “Do you have any
vomiting symptoms?” ChatGPT responded “Yes, basically
undigested food. And my stools are normal, no black stools
appeared” (this response originated from the provided medical
history). The chatbot specifically inquired about the vomit

habits; however, it responded with details on vomit habits and
additionally mentioned the stool condition, which was
documented in the medical record subsequent to the vomiting
information. This indicates that ChatGPT may provide
premature and overly comprehensive responses. A prompt can
be introduced to address this issue: “Just answer the question
each time I gave you, do not provide information that is not
related to my question.” Furthermore, ChatGPT provided
responses not aligning with the medical records. This issue,
although infrequent, emerged several times during our
experiment, when asked “Where are you feeling discomfort,”
ChatGPT replied “head” instead of “stomach.” Although the
chatbot can follow the content in medical records strictly in
most situations, clinical accuracy is greatly favored, the chatbot
must not make mistakes in this part. Additional prompts like
“Please follow strictly with the information in medical record
I provided you, do not compile information already provided
in the medical record” can be added. When grading, ChatGPT
sometimes did not focus on the conversation about standardized
patients. After providing the criteria, the chatbot would just
assume the conversation has happened. This could result in a
high-scoring error rate. However, when initially adding the
prompt “When scoring, please concentrate solely on the dialogue
that took place during the standardized patient simulation. For
each criterion listed, review our conversation history to
determine whether I asked the specified question. If I did not,
please assign a zero for that criterion.” Regarding adaptability,
when ChatGPT was asked about diseases or symptoms not
provided in the medical record, the chatbot was unable to answer
these questions accurately, while the correct response should
be “No.” For instance, when being asked “Have you experienced
a heart attack,” ChatGPT responded with “Sorry, I cannot
confirm this, as it is not indicated in the medical record.” As a
medical record serves as a checklist for the patients’ disease
history and symptoms experienced to date, it should be a
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complete reflection of the patients’medical situation. Therefore,
when asked about the symptoms or disease that is not provided
in the medical record, ChatGPT’s answer should be “No, I do
not have this symptom or disease.” Additional prompt can be
added to ascertain the adaptability: “The patient’s all disease
history and symptoms are as described in the medical record.
The patient does not have any disease or symptoms not
mentioned.” Our results are shown in the circular diagram in
Figure 3. Combining all the revisional prompts, new prompts
are listed in Table 4.

The results of the RP group are shown in Figure 2. We first
used the Shapiro-Wilk normality test to determine whether the
data in each experiment were normally distributed. The results
show that all the data we got, both in OP and RP groups, were
not normally distributed (all P<.001). Then Mann-Whitney U
test was used to determine the significance between the mean
of each dataset and the standard score. For instance, considering
the OP-1 group, the standard score is 20/100, we used the
Mann-Whitney U test to test if the difference between the mean
of real scores ChatGPT provided in OP-1 and number of 60 has

significance. Then, Mann-Whitney U tests were conducted
between each paired OP and RP groups, respectively, to
determine if RP indeed improved the performance of ChatGPT.
The detailed result is shown in Table 5.

Using another new patient script, a total of 60 experiments were
conducted on 4 test groups. The results are shown in Figure 4.
The PE+DC group exhibited the highest performance, achieving
an average SDP value of 3.21%. The PC+DE group
demonstrated the lowest performance, recording an average
SDP value of 4.2%. The average SDP values achieved by the
PC+DC and PE+DE groups were generally identical
(SDP=3.46%). However, the PE+DE group showed superior
performance over the PC+DC group, as evidenced by a smaller
deviation in results. Meanwhile, the results from the
Mann-Whitney U tests, conducted across all groups, indicated
no significant differences (P=.65, between PC+DC and PE+DC;
P=.46, between PC+DC and PC+DE; P=.98, between PC+DC
and PE+DE; P=.29, between PE+DC and PC+DE; P=.51
between PE+DC and PE+DE; and P=.37, between PC+DE and
PE+DE).

Figure 2. Error bar histogram of RP and OP experiments. This figure displays SDP across 5 experiments (OP-1 to OP-5 and RP-1 to RP-5) comparing
OP and RP used for ChatGPT’s evaluation as a standardized patient. Each experiment involved 30 interactions, measuring the deviation of ChatGPT's
provided scores from the standard scores. The blue bars represent the mean SDP for each OP group, and the orange bars indicate the corresponding RP
group. Error bars denote the SD of SDP, highlighting variations in accuracy across prompt types. OP: original prompt; RP: revised prompt; SDP: score
difference percentage.
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Figure 3. Prompt revision for ChatGPT in standardized patient assessment. This diagram summarizes key areas for prompt revision aimed at improving
ChatGPT’s performance as a standardized patient. Focus areas include clinical accuracy, degree of anthropomorphism, and adaptability. Each segment
outlines specific issues identified during initial tests—such as premature answers, use of professional jargon, and deviation from medical records—and
corresponding prompt modifications. These adjustments were designed to enhance ChatGPT’s ability to simulate realistic patient behavior, adhere to
medical records, and respond consistently during medical interactions.
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Table 4. The revised prompt given to ChatGPTa.

ConsiderationPrompt

InitializationI'm a first-year medical student. Please help me with an interactive test case. Are you familiar with the
procedure of a standardized patient assessment? Now, I want you to play the role of a standardized patient,
while I play the role of the student. Follow these steps:

Set up specific scenarioYour basic situation: [The detailed medical history is provided to ChatGPT based the script]

Restrict the free response of ChatGPTYou need to answer the questions I'm asking you based on the facts.

Avoid professional jargonPlease perform like an ordinary person that does not have much professional knowledge in medical field.
Avoid using professional jargons.

Set up question due to anxietyWhen I present a summary of symptoms and seek your confirmation, please first respond to my inquiry.
Subsequently, simulate a patient tone characterized by anxiety, posing questions like 'Can my illness be
cured?' or 'Is this a serious or minor illness?'

Avoid premature and excessive answerJust answer the question each time I gave you, do not provide information that is not related to my
questions.

Avoid wrong informationPlease follow strictly with the information in medical record I provided you, do not compile information
that is already provided in medical record.

Improve grading accuracyWhen giving score, please only focus on the conversation happened in standardized patient simulation,
for each list in criteria, review our conversation history to check if I have ever asked this question, if
not, then you give me a zero for this list.

Improve adaptabilityThe patient’s all disease history and symptoms are as described in medical record. The patient does not
have any disease or symptoms not mentioned.

Grade with detailed criteriaAt the end of my consultation, you need to rate my consultation process, the specific scoring rules are
as follows: [The specific scoring rules are provided]

aThis is the revised prompt used for interactions with ChatGPT in the phase 2 study design, after prompt engineering.

Table 5. Statistical data for experiment, using SDPa,b.

Real scoreExperiment order

P valueAccurate scoreMean ChatGPT scoreMean (SD), %

<.001712.63380.476 (1.058)OPc-1

.2877.03310.952 (0.123)RPd-1

<.0012126.56728.731 (0.212)OP-2

<.0012120.3335.397 (0.041)RP-2

<.001263224.103 (0.131)OP-3

<.0012624.0337.564 (0.039)RP-3

<.0013032.1347.111 (0.051)OP-4

.813029.83.556 (0.021)RP-4

<.0013234.88.750 (0.013)OP-5

<.0013232.8332.813 (0.021)RP-5

———e29.834 (0.550)OP-overall

———6.056 (0.068)RP-overall

aSDP: score difference percentage.
bThe table presents the accuracy of ChatGPT’s scoring during standardized patient assessments, comparing the OPs and RPs. The scoring measures
how well ChatGPT’s responses align with predefined standard scores for each scenario. Metrics include the mean and SD of the SDP, indicating the
deviation between ChatGPT’s scores and the expected standards. The table also provides accurate scores and P values from Mann-Whitney U tests,
evaluating the significance of differences between ChatGPT’s scoring and the expected results.
cOP: original prompt.
dRP: revised prompt.
eNo data.
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Figure 4. Experiment results using new script. This figure displays the performance of ChatGPT using revised prompts on another script across 4
language combinations: PC+DC, PC+DE, PE+DC, and PE+DE. Each group underwent 15 trials, and the results were analyzed based on the SDP metric,
which measures the accuracy of ChatGPT’s scoring. The Mann-Whitney U tests indicated no significant differences between any group pairs, suggesting
similar performance across language combinations. PC: prompts in Chinese; PE: prompts in English, DC: dialogue in Chinese; DE: dialogue in English.
SDP: score difference percentage.

Discussion

Principal Findings

Phase 1: Preliminary Experiment
In this study, we conducted an exploratory study to examine
the potential of using ChatGPT as standardized patients in
medical education. Also, the performance enhancement after
RP was evaluated. The knowledge of ChatGPT is not updated
every day, therefore the precision and accuracy of the chatbot
may decrease when it comes to new diseases and medicine
[30,38]. All the papers designed in this study for ChatGPT
evaluation do not include diseases newly found, as all the
analyses and questions provided to ChatGPT were conducted
between November 2023 to December 2023. We found that
with refined prompts, ChatGPT could simulate patient
interactions effectively, demonstrating improvements in realism,
clinical accuracy, and adaptability. The use of ChatGPT as a
standardized patient offers a cost-effective alternative to
traditional human standardized patients, potentially enhancing
access to medical training, especially in resource-limited
settings.

Our results suggest that, in the preliminary experiment, poor
inquiry is most dense in a relatively high score of around 75,
this score seems to be higher than expected as all 4 questions
inputted to ChatGPT are basically irrelevant to the standardized
patient test. However, ChatGPT is an LLM that is finetuned by
humans, it is finetuned to minimize offense to humans [39,40]
It is understandable that ChatGPT tends to give the user a higher
score even if all the questions are wrong. As to the chatbot, it
may seem to be offensive if providing a low score to human
users while not having a detailed criterion. This problem

disappeared in the later experiments where detailed criterion
was provided. As for the medium inquiry way, ChatGPT
provided an average score higher than that of a poor inquiry
model. Our results suggest that the score of the medium inquiry
group is the most spread, as well as the largest data range among
the 3 models. This reflects that in the field of standardized
patient assessment, ChatGPT can distinguish between a relevant
question and an irrelevant one, but its performance is not stable
and easily affected without proper definition and restriction.

Even though the average score difference between medium and
good inquiries is not significant, good inquiry has the smallest
variance with the highest data density. As our results suggest,
the difference between poor and medium groups is significant,
while the difference between medium and good is not
statistically significant. Considering other trends, however, the
increase in the average score, along with other data features,
with respect to the increase and difference in inquiry question
relevance, indicate that ChatGPT is aware of which question
does not belong to a standardized patient assessment process
and which question belongs to it. Although it cannot distinguish
clearly without a concrete prompt, the chatbot is familiar with
the process of standardized patient assessment. However, its
criterion is different from the criterion provided by experts, and
the scores it provides are erroneous. This is sufficient to provide
evidence for the feasibility of using ChatGPT to perform
standardized patient training.

Phase 2: Prompt Engineering
The preliminary experiment of the performance enhancement
set up a blueprint of the whole experiment. As illustrated in
Figure 2, in the first few experiments, the improvement of RP
is quite significant. For instance, in the OP-1 experiment, the
mean score has the SDP around 0.8 which means that the score
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provided by ChatGPT is 1.8 times higher than the accurate
score. With an overall average SDP of 29.834%, this shows that
ChatGPT’s behavior is highly unpredictable and unreasonable,
and thus not feasible for application based on the current
method. One noticeable trend from Figure 2 is that, when the
experiment continues, the SD and average score become more
accurate. This is not because of the fact that the performance
of ChatGPT improves as the experiment is conducted, rather,
literature suggests ChatGPT falls short when handling similar
tasks. Without prompt limitation, the chatbot tends to include
the content of the whole conversation into grading, beyond the
user’s query. For example, if the user asked 1 question that
addressed 1 key point in the criteria, but ChatGPT’s reply went
beyond the scope of this question, its answer may cover two or
more key points in the criteria. Therefore, even though the user
did not explicitly inquire about certain key points, ChatGPT’s
expansive response might still count these unasked points during
grading. Consequently, this feature will let ChatGPT tend to
provide a higher overall score.

To ensure a stable, accurate performance in standardized patient
assessment, prompt engineering plays a critical role. ChatGPT’s
output can be generally modified and controlled by changing
prompts, thus a good prompt with many restrictions can
constrain ChatGPT to guide the chatbot to our ideal output. The
enhancement and revision of prompts become pivotal, which
is the most significant and pivotal contribution of this study.
The reasons why choosing the degree of anthropomorphism,
clinical accuracy, and adaptability as our evaluation key point
is based on ChatGPT’s prompt optimizing key features [41,42].
In the context of standardized patient training, the chatbot is
required to perform like a real person, moreover, it must adhere
more closely to the behaviors of a real-life patient, which is the
essence of the test. In achieving so, the fundamental requirement
for the chatbot is to have a high level of anthropomorphism
which consists of 2 major problems discovered in this research:
barrier to subjective expression and imperfect answers. For the
former aspect, ChatGPT tends to use professional medical jargon
to illustrate symptoms in medical reports which do not
accurately reflect its role as a real patient. Also, in only 1 of 5
experiments, ChatGPT responded to a question as if it were
experiencing anxiety. In OP-3, when asked “Have you ever
been to the hospital before for this disease?” ChatGPT first
answered the question objectively, then subjectively added, “I
fear that this disease has lasted for too long, so I came here to
consult you.” Although the case that ChatGPT has an anxiety
tone is rare, this demonstrates that the chatbot can imitate this
tone, requiring only some constraints in the prompt. Future
studies may explore the possible prompts engineering to improve
its performance in simulating human emotions. In essence, the
performance of ChatGPT in the preliminary experiment is
unstable and poor; however, it possesses the capability for
preliminary testing yet lacks guidance, thereby necessitating
optimization via prompt engineering [43], underscoring the
significance and necessity of the second-phase experiment.

Ultimate Performance Enhancement
After applying RP, ChatGPT used descriptive words to answer
questions like “Where is your discomfort,” instead of detailed
medical jargon, and the chatbot asked questions like “Why my

symptoms persist?” “Can my disease be cured?” After the user
has summarized the conversation. Though the chatbot’s tone
may seem “mechanical,” it indicates that RP indeed works. For
the latter aspect, the imperfect answers here refer to the chatbot’s
premature and excessive answers, which significantly influence
grading. This part has a great influence on grading. For instance,
when asked “Have you ever had other diseases in stomach?”
the chatbot first answered yes, and explained when diagnosed
and with what diseases. After providing sufficient information
for the question, ChatGPT added “I have been to the hospital
for the first time for this 2 months ago.” The answer may seem
reasonable. Yet, during grading, ChatGPT automatically
awarded full marks for “Asking about information on previous
hospital visits,” justifying that the user had inquired about it.
However, no question related to this was asked in that
conversation. When asked for more detailed information,
ChatGPT responded that since the content of the conversation
mentioned the patient had gone to the hospital 2 months ago, it
should count; even though this information was provided by
the chatbot subjectively, not in response to the user’s question.
Therefore, premature and excessive questions not only influence
degrees of anthropomorphism but also contribute dramatically
to grading errors. Subsequently, clinical accuracy is also a
concern [44]. When restrictive prompts such as “Focus on my
question” and “Answer only what is asked” are used, ChatGPT
began to use plain, short answers to respond, from one extreme
to another, but the answer contains the essence without
premature questions, making these responses preferable. During
the preliminary experiments, ChatGPT can strictly follow the
medical record, only once mistaking a stomachache for a
headache. Additionally, in 1 conversation, the chatbot provided
compiled information on the medical history. Therefore, to
assure accuracy, a restrictive prompt asking ChatGPT to base
answers only on the record is crucial. Also, the chatbot must be
accurate when giving the score, as this is the only quantitative
reflection of ChatGPT’s performance in correctly evaluating
medical students’ performance who are taking the standardized
patient examination.

With RP, the chatbot now focuses on the content that appears
in the standardized patient training conversation, before that, it
sometimes mistook the content of the criteria as part of the
judgment, resulting in full mark. Adaptability is also important,
RP made a ChatGPT response with “No” for the symptoms
asked but not in medical history in the following experiment.
After applying RP, ChatGPT’s performance improves
dramatically. One of the most serious problems in using
ChatGPT is that the answer it provides has a high level of
randomness and this is hard to avoid. The average SDP
improved to 20 times higher than OP results. Considering the
high randomness in answers provided by the chatbot, this result
is quite acceptable. Also, the score deviation for each experiment
is quite small, the average SD decreased to 0.068 from 0.55 in
the original group results. By adding these prompts, we reduce
SD to nearly one-fifteenth of its original value. Massive
differences in average value and SD indicate that by giving our
extra, RP, the performance of ChatGPT as a standardized patient
improves significantly. The significant difference between the
OP and RP results indicates that RP improved ChatGPT’s
performance significantly. RP-2, RP-3, and RP-5 generally have
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lower SD with a lower mean SDP, which represents a higher
accuracy and precision than their corresponding OP groups. To
fully use ChatGPT in a standardized patient training process,
good accuracy and consistency in responses are required. After
applying our RP, ChatGPT has an overall SDP of 6.056%. This
score is closer to 0% and improves a lot compared to the un-RP
group (29.834%), even though there still remains space to
improve. The results also indicate that ChatGPT’s performance
can be fine-tuned through the revision of prompts provided to
it. Future studies may conduct a more comprehensive
examination to reduce the SDP further.

The efficacy of RP was confirmed through its universal
applicability when tested on another script, achieving a similar
average SDP to our preliminary script. Furthermore, validation
tests conducted on the new script also indicated that the impact
of language on chatbot performance is insignificant (P>.05, for
all groups). The observed performance deviation is within
acceptable limits. However, the highest accuracy rate was
observed in the test group that used English prompts and
Chinese dialogues.

Limitations
There are several limitations in this study. First, to minimize
errors associated with word translation, we conducted the
simulated standardized patient test dialog with ChatGPT in
standard simplified Chinese [45]. Nevertheless, the prompt
provided to ChatGPT was in English to ensure accuracy.
Although a separate experiment was conducted to confirm the

minor impact of language used on the performance of ChatGPT,
future studies may test the performance of ChatGPT on
standardized patients in other languages and corresponding
prompt engineering to improve its performance. Secondly, the
criteria provided to ChatGPT involved only objective key points.
In real standardized patient tests, some subjective judgments
may also be made accordingly. Finally, the prompt revision we
provided represents the optimal approach. Further research is
necessary to use ChatGPT more effectively in standardized
patient training.

Conclusions
ChatGPT, as a representative LLM, has much potential
application in medical assessment. Our study suggests that it is
feasible to use ChatGPT as a simulated patient for standardized
patient evaluation and scoring. The output performance concerns
introduced by the randomness of ChatGPT could be improved
by adding detailed, restrictive prompts. By using prompts
revised in this study, the accuracy of ChatGPT’s scoring
significantly improved to an acceptable level that could be used
in actual standardized patients involved in medical training.
Additionally, ChatGPT’s responses during the conversation
became more accurate and lifelike. It is worth noting that, in
this application scenario, the influence of the adopted language
on the chatbot’s outcome is nonsignificant. Overall, ChatGPT’s
accuracy and performance in standardized patient assessment
are acceptable, but they highlight the need for continuing
improvement before it can be used as a fully trustworthy clinical
assessment method.

 

Acknowledgments
The authors used the generative artificial intelligence tool ChatGPT by OpenAI to examine the potential use of LLMs in replacing
the role of standardized patients, mainly focusing on their feasibility and accuracy. A sample dialogue with ChatGPT is made
available in Multimedia Appendix 1. This study was funded by the Aier Eye Hospital-Sichuan University Research Grant
(23JZH043). This study was supported by Training Programs for Innovation and Entrepreneurship of Sichuan University (project
20241039L); the Interdisciplinary Crossing and Integration of Medicine and Engineering for Talent Training Fund, West China
Hospital, Sichuan University; and the 1·3·5 project for disciplines of excellence, West China Hospital, Sichuan University
(ZYYC21004). The sponsor had no role in the study design; in the collection, analysis, and interpretation of data; in the writing
of the report; or in the decision to submit the paper for publication. The views expressed are those of the authors and not necessarily
those of the West China Hospital and Sichuan University.

Data Availability
The datasets generated during and/or analyzed during this study are not publicly available due to institutional case privacy and
a large number of interaction dialogs but are available from the corresponding author on reasonable request. Other than the sample
dialogue provided in the Multimedia Appendix 1, additional detailed dialogues with ChatGPT may be available by contacting
the corresponding author.

Authors' Contributions
RY conceptualized the study, curated the data, performed formal analysis, and managed the project. YH and XW contributed to
the conceptualization of the study. GQ also conceptualized the study, acquired funding, and managed the project. CW developed
the methodology, curated the data, performed formal analysis, conducted the investigation, prepared the original draft of the
manuscript, and contributed to visualization. SL and NL developed the methodology, conducted the investigation, and prepared
the original draft of the manuscript. DL, XT, and XZ contributed to the visualization and preliminary manuscript revision. KL
acquired funding, supervised the project, and managed the project. DP supervised the project and managed the project. All authors
reviewed and edited the manuscript and have read and agreed to the published version.

J Med Internet Res 2025 | vol. 27 | e59435 | p.381https://www.jmir.org/2025/1/e59435
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Conflicts of Interest
None declared.

Multimedia Appendix 1
A sample interaction dialogue with ChatGPT for RP-2 (revised prompts) group (standard score=21).
[DOCX File , 26 KB - jmir_v27i1e59435_app1.docx ]

References
1. Thirunavukarasu AJ, Ting DSJ, Elangovan K, Gutierrez L, Tan TF, Ting DSW. Large language models in medicine. Nat

Med 2023;29(8):1930-1940. [doi: 10.1038/s41591-023-02448-8] [Medline: 37460753]
2. Rane NL, Tawde A, Choudhary SP, Rane J. Contribution and performance of ChatGPT and other large language models

(LLM) for scientific and research advancements: a double-edged sword. Int Res J Modernization Eng Technol Sci
2023;5(10):875-899. [doi: 10.56726/irjmets45213]

3. Shen Y, Heacock L, Elias J, Hentel KD, Reig B, Shih G, et al. ChatGPT and other large language models are double-edged
swords. Radiology 2023;307(2):e230163. [doi: 10.1148/radiol.230163] [Medline: 36700838]

4. Mattas PS. ChatGPT: a study of AI language processing and its implications. Int J Res Publication Rev 2023;04(02):435-440.
[doi: 10.55248/gengpi.2023.4218]

5. Fui-Hoon Nah F, Zheng R, Cai J, Siau K, Chen L. Generative AI and ChatGPT: applications, challenges, and AI-human
collaboration. J Inf Technol Case Application Res 2023;25(3):277-304. [doi: 10.1080/15228053.2023.2233814]

6. Huang H, Zheng O, Wang D, Yin J, Wang Z, Ding S, et al. ChatGPT for shaping the future of dentistry: the potential of
multi-modal large language model. Int J Oral Sci 2023;15(1):29 [FREE Full text] [doi: 10.1038/s41368-023-00239-y]
[Medline: 37507396]

7. Kung TH, Cheatham M, Medenilla A, Sillos C, De Leon L, Elepaño C, et al. Performance of ChatGPT on USMLE: potential
for AI-assisted medical education using large language models. PLOS Digit Health 2023;2(2):e0000198 [FREE Full text]
[doi: 10.1371/journal.pdig.0000198] [Medline: 36812645]

8. Lee P, Bubeck S, Petro J. Benefits, limits, and risks of GPT-4 as an AI chatbot for medicine. N Engl J Med
2023;388(13):1233-1239. [doi: 10.1056/NEJMsr2214184] [Medline: 36988602]

9. Al-Worafi YM, Goh KW, Hermansyah A, Tan CS, Ming LC. The use of ChatGPT for education modules on integrated
pharmacotherapy of infectious disease: educators' perspectives. JMIR Med Educ 2024;10:e47339. [doi: 10.2196/47339]
[Medline: 38214967]

10. Parikh PM, Shah DM, Parikh KP. Judge juan manuel padilla garcia, ChatGPT, and a controversial medicolegal milestone.
IJMS 2023;75:3-8. [doi: 10.25259/ijms_31_2023]

11. ChatGPT. OpenAI. URL: https://help.openai.com/en/articles/6825453-chatgpt-release-notes [accessed 2023-12-18]
12. Eysenbach G. The role of ChatGPT, generative language models, and artificial intelligence in medical education: a

conversation with ChatGPT and a call for papers. JMIR Med Educ 2023;9:e46885 [FREE Full text] [doi: 10.2196/46885]
[Medline: 36863937]

13. Wu T, He S, Liu J, Sun S, Liu K, Han QL, et al. A brief overview of ChatGPT: the history, status quo and potential future
development. IEEE/CAA J Automatica Sin 2023;10(5):1122-1136. [doi: 10.1109/jas.2023.123618]

14. Roumeliotis KI, Tselikas ND. ChatGPT and open-AI models: a preliminary review. Future Internet 2023;15(6):192. [doi:
10.3390/fi15060192]

15. Short CE, Short JC. The artificially intelligent entrepreneur: ChatGPT, prompt engineering, and entrepreneurial rhetoric
creation. J Bus Venturing Insights 2023;19:e00388. [doi: 10.1016/j.jbvi.2023.e00388]

16. Kasneci E, Sessler K, Küchemann S, Bannert M, Dementieva D, Fischer F, et al. ChatGPT for good? On opportunities and
challenges of large language models for education. Learn Individual Differ 2023;103:102274. [doi:
10.1016/j.lindif.2023.102274]

17. Keiser MM, Turkelson C. Using students as standardized patients: development, implementation, and evaluation of a
standardized patient training program. Clin Simul Nurs 2017;13(7):321-330. [doi: 10.1016/j.ecns.2017.05.008]

18. Sallam M. ChatGPT utility in healthcare education, research, and practice: systematic review on the promising perspectives
and valid concerns. Healthcare 2023;11(6):887 [FREE Full text] [doi: 10.3390/healthcare11060887] [Medline: 36981544]

19. Lee H. The rise of ChatGPT: exploring its potential in medical education. Anat Sci Educ 2024;17(5):926-931. [doi:
10.1002/ase.2270] [Medline: 36916887]

20. Wong RSY, Ming LC, Raja Ali RA. The intersection of ChatGPT, clinical medicine, and medical education. JMIR Med
Educ 2023;9:e47274 [FREE Full text] [doi: 10.2196/47274] [Medline: 37988149]

21. Barrows HS, Abrahamson S. The programmed patient: a technique for appraising student performance in clinical neurology.
J Med Educ 1964;39:802-805 [FREE Full text] [Medline: 14180699]

22. Barrows HS. An overview of the uses of standardized patients for teaching and evaluating clinical skills. AAMC. Acad
Med 1993;68(6):443-451. [doi: 10.1097/00001888-199306000-00002] [Medline: 8507309]

J Med Internet Res 2025 | vol. 27 | e59435 | p.382https://www.jmir.org/2025/1/e59435
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v27i1e59435_app1.docx&filename=2ff26f0a7b3db530e6e1a74bd2a50323.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e59435_app1.docx&filename=2ff26f0a7b3db530e6e1a74bd2a50323.docx
http://dx.doi.org/10.1038/s41591-023-02448-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37460753&dopt=Abstract
http://dx.doi.org/10.56726/irjmets45213
http://dx.doi.org/10.1148/radiol.230163
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36700838&dopt=Abstract
http://dx.doi.org/10.55248/gengpi.2023.4218
http://dx.doi.org/10.1080/15228053.2023.2233814
https://doi.org/10.1038/s41368-023-00239-y
http://dx.doi.org/10.1038/s41368-023-00239-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37507396&dopt=Abstract
https://europepmc.org/abstract/MED/36812645
http://dx.doi.org/10.1371/journal.pdig.0000198
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36812645&dopt=Abstract
http://dx.doi.org/10.1056/NEJMsr2214184
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36988602&dopt=Abstract
http://dx.doi.org/10.2196/47339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38214967&dopt=Abstract
http://dx.doi.org/10.25259/ijms_31_2023
https://help.openai.com/en/articles/6825453-chatgpt-release-notes
https://mededu.jmir.org/2023//e46885/
http://dx.doi.org/10.2196/46885
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36863937&dopt=Abstract
http://dx.doi.org/10.1109/jas.2023.123618
http://dx.doi.org/10.3390/fi15060192
http://dx.doi.org/10.1016/j.jbvi.2023.e00388
http://dx.doi.org/10.1016/j.lindif.2023.102274
http://dx.doi.org/10.1016/j.ecns.2017.05.008
https://www.mdpi.com/resolver?pii=healthcare11060887
http://dx.doi.org/10.3390/healthcare11060887
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36981544&dopt=Abstract
http://dx.doi.org/10.1002/ase.2270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36916887&dopt=Abstract
https://mededu.jmir.org/2023//e47274/
http://dx.doi.org/10.2196/47274
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37988149&dopt=Abstract
https://www.scirp.org/reference/referencespapers?referenceid=1093493
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14180699&dopt=Abstract
http://dx.doi.org/10.1097/00001888-199306000-00002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8507309&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


23. Ainsworth MA, Rogers LP, Markus JF, Dorsey NK, Blackwell TA, Petrusa ER. Standardized patient encounters. a method
for teaching and evaluation. JAMA 1991;266(10):1390-1396. [doi: 10.1001/jama.266.10.1390] [Medline: 1880869]

24. Plaksin J, Nicholson J, Kundrod S, Zabar S, Kalet A, Altshuler L. The benefits and risks of being a standardized patient:
a narrative review of the literature. Patient 2016;9(1):15-25. [doi: 10.1007/s40271-015-0127-y] [Medline: 26002043]

25. King AM, Perkowski‐Rogers LC, Pohl HS. Planning standardized patient programs: case development, patient training,
and costs. Teach Learn Med 1994;6(1):6-14. [doi: 10.1080/10401339409539636]

26. Petrusa ER. Taking standardized patient-based examinations to the next level. Teach Learn Med 2004;16(1):98-110. [doi:
10.1207/s15328015tlm1601_19] [Medline: 14987183]

27. Tong Y, Tan CH, Sia C, Shi Y, Teo HH. Rural-urban healthcare access inequality challenge: transformative roles of
information technology. MIS Q 2022;46(4):1937-1982. [doi: 10.25300/misq/2022/14789]

28. Kocoń J, Cichecki I, Kaszyca O, Kochanek M, Szydło D, Baran J, et al. ChatGPT: jack of all trades, master of none. Inf
Fusion 2023;99:101861. [doi: 10.1016/j.inffus.2023.101861]

29. Lee U, Jung H, Jeon Y, Sohn Y, Hwang W, Moon J, et al. Few-shot is enough: exploring ChatGPT prompt engineering
method for automatic question generation in English education. Educ Inf Technol 2023;29(9):11483-11515. [doi:
10.1007/s10639-023-12249-8]

30. Haze T, Kawano R, Takase H, Suzuki S, Hirawa N, Tamura K. Influence on the accuracy in ChatGPT: differences in the
amount of information per medical field. Int J Med Inform 2023;180:105283. [doi: 10.1016/j.ijmedinf.2023.105283]
[Medline: 37931432]

31. Muftić F, Kadunić M, Mušinbegović A, Abd Almisreb A. Exploring medical breakthroughs: a systematic review of ChatGPT
applications in healthcare. Southeast Eur J Soft Comput 2023;12(1):41 [FREE Full text]

32. GPT-4. Chatbot App. URL: https://tinyurl.com/bdhpmh7p [accessed 2023-12-18]
33. Pithadia AB, Jain S. Treatment of inflammatory bowel disease (IBD). Pharmacol Rep 2011;63(3):629-642 [FREE Full

text] [doi: 10.1016/s1734-1140(11)70575-8] [Medline: 21857074]
34. Yin R, Neyens DM. Online health resource use by individuals with inflammatory bowel disease: analysis using the National

Health Interview Survey. J Med Internet Res 2020;22(9):e15352 [FREE Full text] [doi: 10.2196/15352] [Medline: 32969831]
35. King JJC, Das J, Kwan A, Daniels B, Powell-Jackson T, Makungu C, et al. How to do (or not to do) using the standardized

patient method to measure clinical quality of care in LMIC health facilities. Health Policy Plan 2019;34(8):625-634 [FREE
Full text] [doi: 10.1093/heapol/czz078] [Medline: 31424494]

36. Liu J, Wang C, Liu S. Utility of ChatGPT in clinical practice. J Med Internet Res 2023;25:e48568 [FREE Full text] [doi:
10.2196/48568] [Medline: 37379067]

37. Fang C, Wu Y, Fu W, Ling J, Wang Y, Liu X, et al. How does ChatGPT-4 preform on non-English national medical
licensing examination? An evaluation in Chinese language. PLOS Digit Health 2023;2(12):e0000397 [FREE Full text]
[doi: 10.1371/journal.pdig.0000397] [Medline: 38039286]

38. Goodman RS, Patrinely JR, Stone CA, Zimmerman E, Donald RR, Chang SS, et al. Accuracy and reliability of chatbot
responses to physician questions. JAMA Netw Open 2023;6(10):e2336483 [FREE Full text] [doi:
10.1001/jamanetworkopen.2023.36483] [Medline: 37782499]

39. Ray PP. ChatGPT: a comprehensive review on background, applications, key challenges, bias, ethics, limitations and future
scope. Internet Things Cyber Phys Syst 2023;3:121-154. [doi: 10.1016/j.iotcps.2023.04.003]

40. Liu B, Xiao B, Jiang X, Cen S, He X, Dou W. Adversarial attacks on large language model-based system and mitigating
strategies: a case study on ChatGPT. Secur Commun Netw 2023;2023:1-10. [doi: 10.1155/2023/8691095]

41. Henrickson L, Meroño-Peñuela A. Prompting meaning: a hermeneutic approach to optimising prompt engineering with
ChatGPT. AI Soc 2023;39(5). [doi: 10.1007/s00146-023-01752-8]

42. Giray L. Prompt engineering with ChatGPT: a guide for academic writers. Ann Biomed Eng 2023;51(12):2629-2633. [doi:
10.1007/s10439-023-03272-4] [Medline: 37284994]

43. Lubiana T, Lopes R, Medeiros P, Silva JC, Goncalves ANA, Maracaja-Coutinho V, et al. Ten quick tips for harnessing the
power of ChatGPT in computational biology. PLoS Comput Biol 2023;19(8):e1011319 [FREE Full text] [doi:
10.1371/journal.pcbi.1011319] [Medline: 37561669]

44. Johnson D, Goodman R, Patrinely J, Stone C, Zimmerman E, Donald R, et al. Assessing the accuracy and reliability of
AI-generated medical responses: an evaluation of the Chat-GPT model. Res Sq 2023. [doi: 10.21203/rs.3.rs-2566942/v1]
[Medline: 36909565]

45. Li L, Zhang H, Li C, You H, Cui W. Evaluation on ChatGPT for Chinese language understanding. Data Intell 2023;5(4):903.
[doi: 10.1162/dint_a_00232]

Abbreviations
AI: artificial intelligence
DC: dialogue in Chinese
DE: dialogue in English
IBD: inflammatory bowel disease

J Med Internet Res 2025 | vol. 27 | e59435 | p.383https://www.jmir.org/2025/1/e59435
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1001/jama.266.10.1390
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1880869&dopt=Abstract
http://dx.doi.org/10.1007/s40271-015-0127-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26002043&dopt=Abstract
http://dx.doi.org/10.1080/10401339409539636
http://dx.doi.org/10.1207/s15328015tlm1601_19
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14987183&dopt=Abstract
http://dx.doi.org/10.25300/misq/2022/14789
http://dx.doi.org/10.1016/j.inffus.2023.101861
http://dx.doi.org/10.1007/s10639-023-12249-8
http://dx.doi.org/10.1016/j.ijmedinf.2023.105283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37931432&dopt=Abstract
https://web.archive.org/web/20231001111753/http://scjournal.ius.edu.ba/index.php/scjournal/article/view/252
https://tinyurl.com/bdhpmh7p
http://www.if-pan.krakow.pl/pjp/pdf/2011/3_629.pdf
http://www.if-pan.krakow.pl/pjp/pdf/2011/3_629.pdf
http://dx.doi.org/10.1016/s1734-1140(11)70575-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21857074&dopt=Abstract
https://www.jmir.org/2020/9/e15352/
http://dx.doi.org/10.2196/15352
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32969831&dopt=Abstract
https://europepmc.org/abstract/MED/31424494
https://europepmc.org/abstract/MED/31424494
http://dx.doi.org/10.1093/heapol/czz078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31424494&dopt=Abstract
https://www.jmir.org/2023//e48568/
http://dx.doi.org/10.2196/48568
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37379067&dopt=Abstract
https://europepmc.org/abstract/MED/38039286
http://dx.doi.org/10.1371/journal.pdig.0000397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38039286&dopt=Abstract
https://europepmc.org/abstract/MED/37782499
http://dx.doi.org/10.1001/jamanetworkopen.2023.36483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37782499&dopt=Abstract
http://dx.doi.org/10.1016/j.iotcps.2023.04.003
http://dx.doi.org/10.1155/2023/8691095
http://dx.doi.org/10.1007/s00146-023-01752-8
http://dx.doi.org/10.1007/s10439-023-03272-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37284994&dopt=Abstract
https://dx.plos.org/10.1371/journal.pcbi.1011319
http://dx.doi.org/10.1371/journal.pcbi.1011319
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37561669&dopt=Abstract
http://dx.doi.org/10.21203/rs.3.rs-2566942/v1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36909565&dopt=Abstract
http://dx.doi.org/10.1162/dint_a_00232
http://www.w3.org/Style/XSL
http://www.renderx.com/


LLM: large language model
OP: original prompt
PC: prompts in Chinese
PE: prompts in English
RP: revised prompt
SDP: score difference percentage

Edited by A Coristine; submitted 11.04.24; peer-reviewed by A Ciftci Sisman, Y Wang, H Huang; comments to author 09.08.24; revised
version received 24.08.24; accepted 11.11.24; published 01.01.25.

Please cite as:
Wang C, Li S, Lin N, Zhang X, Han Y, Wang X, Liu D, Tan X, Pu D, Li K, Qian G, Yin R
Application of Large Language Models in Medical Training Evaluation—Using ChatGPT as a Standardized Patient: Multimetric
Assessment
J Med Internet Res 2025;27:e59435
URL: https://www.jmir.org/2025/1/e59435 
doi:10.2196/59435
PMID:

©Chenxu Wang, Shuhan Li, Nuoxi Lin, Xinyu Zhang, Ying Han, Xiandi Wang, Di Liu, Xiaomei Tan, Dan Pu, Kang Li, Guangwu
Qian, Rong Yin. Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 01.01.2025. 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 (ISSN 1438-8871), 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 2025 | vol. 27 | e59435 | p.384https://www.jmir.org/2025/1/e59435
(page number not for citation purposes)

Wang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2025/1/e59435
http://dx.doi.org/10.2196/59435
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Publisher:
JMIR Publications
130 Queens Quay East.
Toronto, ON, M5A 3Y5
Phone: (+1) 416-583-2040
Email: support@jmir.org

https://www.jmirpublications.com/

XSL•FO
RenderX

mailto:support@jmir.org
http://www.w3.org/Style/XSL
http://www.renderx.com/

