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Abstract

Background: eCohort studies offer an efficient approach for data collection. However, eCohort studies are chalenged by
volunteer bias and low adherence. We designed an eCohort embedded in the Framingham Heart Study (eFHS) to address these
challenges and to compare the digital datato traditional data collection.

Objective: The aim of this study was to evaluate adherence of the eFHS app-based surveys deployed at basdline (time of
enrollment in the eCohort) and every 3 months up to 1 year, and to compare baseline digital surveys with surveys collected at
the research center.

Methods: We defined adherence rates as the proportion of participants who completed at least one survey at a given 3-month
period and computed adherence rates for each 3-month period. To evaluate agreement, we compared several baseline measures
obtained in the eFHS app survey to those obtained at the in-person research center exam using the concordance correlation
coefficient (CCC).

Results: Among the 1948 eFHS participants (mean age 53, SD 9 years; 57% women), we found high adherence to baseline
surveys (89%) and a decrease in adherence over time (58% at 3 months, 52% at 6 months, 41% at 9 months, and 40% at 12
months). eFHS participants who returned surveys were more likely to be women (adjusted odds ratio [aOR] 1.58, 95% ClI
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1.18-2.11) and lesslikely to be smokers (aOR 0.53, 95% CI 0.32-0.90). Compared to in-person exam data, we observed moderate
agreement for baseline app-based surveys of the Physical Activity Index (mean difference 2.27, CCC=0.56), and high agreement
for average drinks per week (mean difference 0.54, CCC=0.82) and depressive symptoms scores (mean difference 0.03, CCC=0.77).

Conclusions. We observed that eFHS participants had a high survey return at baseline and each 3-month survey period over
the 12 months of follow up. We observed moderate to high agreement between digital and research center measures for several
types of surveys, including physical activity, depressive symptoms, and alcohol use. Thus, thisdigital data collection mechanism

isapromising tool to collect data related to cardiovascular disease and its risk factors.

(J Med Internet Res 2021;23(1):€24773) doi: 10.2196/24773
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Introduction

eCohorts use new sensor devices and smartphone technology
for longitudina research data collection [1]. Technology permits
the identification of digita biomarkers of health and
improvement in health-related behaviors [2-5]. Mobile apps
may be a promising and feasible tool for health interventions
[6,7], and most previous studies have shown that mobile health
(mHealth) playsanimportant rolein promoting behavior change
for children, adolescents, and young adults [8,9]. However,
eCohorts are challenged by low adherence [10,11] and may
yield substantial volunteer bias[12], raising concerns about the
generalizability of study findings. For example, inthe MyHeart
Counts Cardiovascular Health Study [11] that examined the
feasibility of a smartphone-based assessment of physical
activity, less than 10% of enrolled participants completed the
full 7 days of physical activity data. Because of low adherence
rates and sampling bias, it remains unclear how these previous
study results will reflect the whole community.

Establishing the validity and reliability of new electronic data
collection methods is required before deploying digital
technology in epidemiology settings [13]. A few studies have
investigated the equival ence of questionnaires administered on
different electronic devices versus traditional paper data
collection [14-17]. The electronic modes in these studies
included atablet, touchscreen, interactive voice response system,
and personal digital assistant. A few studies attempted to create
smartphone apps for specific clinical use, which demonstrated
scientific validity [18,19]. However, reliability assessment of
mobile app surveysremains scarce, especially for cardiovascular
phenotypes.

To integrate digital and mHealth data into a traditional
longitudinal cohort, we leveraged an in-person examination as
part of the Framingham Heart Study (FHS) to enroll participants
into an eCohort (eFHS) using a new smartphone app, digital
blood pressure cuff, and smartwatch [20]. Embedding our
eCohort inthe FHS alowed usto compare the digital measures
obtained from a smartphone with the same surveys obtained
during in-person clinical examinations at the FHS Research
Center using research protocols[21]. To that end, the objective
of this study was threefold: (1) to determine the app-based
survey adherence over a 12-month period, (2) to compare
baseline eFHS app survey measurements to research center
measures, and (3) to examine the association of periodic
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app-based survey measures across different time points. We
hypothesized that embedding eFHS in the FHS and leveraging
the in-person exam to enroll participants would result in high
app-based survey adherence at baseline that would decrease
over the 1-year follow-up period. We also hypothesized that
app-based surveyswould be comparable with surveys collected
at the research center.

Methods

Study Sample

Participants of the FHS Third Generation (Gen 3) cohort
(n=4095), Omni Group 2 (n=410), and New Offspring Spouse
(n=103) were recruited from 2002 to 2005, and underwent
periodic research examinations every 6 to 8 years [21]. We
leveraged exam 3 (2016 to 2019) to invite English-speaking
FHS participants who owned a smartphone (including iPhone
4S or higher with at least iOS 8.2, or an Android phone as of
October 30, 2017) to enroll in the eFHS. The eFHS study was
approved by the Ingtitutional Review Board at Boston University
Medical Center. Beginning in June 2016, at the time of the
in-person research examination, participants were invited to
download the eFHS smartphone app from the Apple App Store.
The participants were not required to register and complete the
app-based surveys at baseline at the research center. Some
participants chose to register after leaving the research center.
Participation in the eFHS was voluntary and participants were
not incentivized for participating. All participantswere provided
with a written protocol that includes information of how to
download the app, enter registration information, sign the
electronic consent form, and enable notifications on the phone
(Multimedia Appendix 1). Participants reached the first screen
upon logging into the app after registration. Thelist of surveys
was organized by due date and displayed on the survey screen
(Multimedia Appendix 1). Participants received different types
of notifications such aswelcome messages on enrollment to the
study, notifications when new surveys became available,
reminder notifications to complete surveys, and thank you
messages after completing all surveys (Multimedia Appendix
2). Collected survey datain this study were pushed to a secure
cloud server and transmitted to FHS Research Center servers.
Among the 3521 participants (Multimedia Appendix 3) who
came to the research center (from April 2016 to April 2019),
we excluded 1370 participantswho wereineligible (did not own
a smartphone), did not consent (owned a smartphone but
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declined participation), or had incompatible phones, and those
who enrolled in eFHS but had less than a 12-month follow-up
period (n=203).

eFHS Smartphone App

Health surveyswere distributed at baseline (app downl oad) and
at 3-monthintervalsfor 1 year [20] to collect sociodemographic
data and variables related to cardiovascular disease (CVD).
Corresponding surveyswere administered in the research center
by trained research technicians or physician/nurse practitioners,
except for the sociodemographic survey and health survey
guestions, which were self-administered. A total of 22 surveys
were deployed on the smartphone over the 12-month period
after enrollment. Nine baseline surveys for self-reported data
were deployed in the following order: sociodemographic
information, smoking, medications and self-reported risk factors,
baseline CVD history, baseline non-CVD medical history,
physical activity, alcohol consumption, heath survey, and
depressive symptoms (assessed with the Center for
Epidemiologic-Studies Depression Scale [CES-D]) [22]. Among
the nine baseline surveys, the physical activity survey was
deployed at each 3-month interval after registration. A medical
history update, depressive symptoms (CES-D), and health survey
were gathered at 6 months and 12 months. Surveys for
medication use, self-reported risk factors, and smoking and
alcohol consumption were collected at 12 months after the
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baseline survey. A short description of each survey (Multimedia
Appendix 4) and the number of steps to complete each survey
were provided to the participants. The first step provided the
purpose of the survey, intermediate steps contained one or more
survey questions, and the last step thanked participants for
completing the survey (see Multimedia Appendix 1 for
screenshots of some steps of the Physical Activity Index [PAI]
survey). Detailed descriptions of screens or steps of each of 10
different eFHS app surveys can be found in our previous report
[20].

eFHS Smartphone Survey 3-Month Interval

We evaluated adherence by assessing the return of baseline
survey data within 90 days of registration. To distinguish
returned survey data from baseline or additional follow-up
surveys, we used a time window approach (Figure 1). Thirty
participants were excluded because they returned surveys for
thefirst time after 90 daysfrom the registration. We considered
the survey data as baseline surveysif participants returned data
between 0 to 89 days from registration. If the surveys were
returned between 90 to 179 days from the registration date, we
considered the data as 3-month surveys. Similarly, we
considered surveys as 6-month, 9-month, and 12-month survey
dataif participants returned their surveyswithin 180-269 days,
270-359 days, and 360-449 days from the registration dates,
respectively.

Figurel. Thetimewindow approach for separating baseline and other follow-up surveys (here, completing asurvey means compl eting 75% of questions

in the given survey).
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Survey Return Time and Touch Time

To evaluate survey completion time, we examined the survey
return time and touch time. The survey return time was
calculated by considering the time between the deployment of
the survey and the return of a survey. The touch time was
calculated by taking the time between the start and return of a
survey. We computed the median and IQR of the touch time
and survey return time for each type of survey (Multimedia
Appendix 5). Furthermore, we calculated the step time (time
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taken to complete each step) and question time (time taken to
complete a question).

Survey Adherence

To minimize frustration, we allowed eFHS participants to skip
guestions in a given survey. We defined survey completion
(completing one survey) if a participant completed 75% of all
guestionsin agiven survey (Multimedia Appendix 6). We used
two methods for calculating survey adherence. We first
calculated the proportion of individuals who completed at |east
one survey at agiven 3-month time window. The second method
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calculated the proportion of individuals who completed all
surveysat agiven 3-month timewindow (Multimedia A ppendix
7).

Statistical Analysis

We compared the characteristics of FHS participants who
provided consent for eFHS with those of participants who
declined or were not eligible for this study. All characteristic
variables were collected at research center health examination

3. We used Student t tests for continuous variables and x? tests
for categorical variables. Among the participants who enrolled
in eFHS, we compared the characteristics of participants who
returned smartphone app surveyswith those of participantswho
did not return surveys. We used a multivariable (adjusted)
logistic regression model, which included an indicator variable
(to denote the eFHS parti cipants who returned surveys and those
who did not return) as the dependent variable adjusting for age,
sex, current smoking, and highest education level.

Surveys collected at the research center health examination and
the eFHS app-based surveys provided two sets of measurements
for sociodemographic and medical information. To evaluatethe
agreement of digital survey measures, we compared surveys at
eFHS baseline to surveys collected from research center
examination 3 using the concordance correlation coefficient
(CCC) [23,24] and Bland-Altman plots [25,26]. We used the
measurements in the research center as the gold standard for
the Bland-Altman analysis. Weinvestigated three different types
of surveysdeployed at different timeintervals: PAl, depressive
symptoms surveys (CES-D score), and alcohol consumption
surveys. The PAl surveys were deployed every 3 months,
CES-D surveyswere deployed every 6 months, and the alcohol
surveyswere deployed at basdline and at 12 months. The surveys
collect different health behaviors and mood information that
might be reported differently when administered by a trained
examiner vs self-reported on a smartphone app.

We calculated PAI as a weighted composite score [27-29] of
activity levels with corresponding weights of 1 (for sleep), 1.1
(for sedentary), 1.5 (for dight), 2.4 (for moderate), and 5 (for
heavy activities). The number of hoursfor each physical activity
variable (deep, sedentary, slight, moderate, and heavy) summed
to 24 hours. If an individual had one variable missing, we
imputed the missing value with 24 minusthe sum of hoursfrom
the other four variables (n=77).

http://www.jmir.org/2021/1/e24773/
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We anadyzed depressive symptoms with two variables: a
continuous variable that was the summation of the individual
CES-D scores and abinary variable that was defined as 1 if the
sum of the CES-D score was =16 and 0 otherwise [30,31]. To
calculate the continuous CES-D variable, we considered only
participants who answered all 20 questions. We found that 72
participants skipped at least one question. We imputed the 61
missing values using the following rule [32]: if more than 5
itemswere missing, all observationswere considered asmissing
(n=11); if 1to 5 items were missing, then the average value of
the nonmissing items was multiplied by 20.

For alcohol use, we used average drinks per week calculated
by the number of drinks per day times the number of days a
participant had any type of alcoholic beverage per week.

We used the CCC for continuous measures and the Cohen k
coefficient [33,34] for categorical predictors for agreement
analysis between measures from the same parti ci pants between
eFHS app surveys and research center questionnaires.

We also examined whether three measures (PAI, the sum of
CES-D, and average drinks per week) displayed any trend across
time points. We used linear mixed models to compare means
of PAl and depression symptom measures at each 3-month
period. We used the pared t test to compare alcohol
consumption at baseline and 12 months. We used the R program
(version 3.6.1) for all statistical analyses and considered
two-sided P values <.05 to indicate statistical significance.

Results

Study Sample and Survey Metrics

We included 1948 eFHS participants who met the eligibility
criteria and had a follow-up time of 12 months or longer
(Multimedia Appendix 3) for analysis. Compared to FHS
participantswho werenot enrolled in eFHS, enrolled participants
were more likely to be women, white, married, employed full
time, completed bachelor or higher degrees, report excellent
health, and have more favorable CV D risk factor levels (Table
1). Among the enrolled eFHS participants, 1735 participants
returned surveys. Participants who returned surveyswere more
likely to be women (adjusted odds ratio [aOR] 1.58, 95% ClI
1.18-2.11) and were less likely to be current smokers
(Multimedia Appendix 8).
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Table 1. Characteristics of participantsin the eCohort Framingham Heart Study (eFHS) and Framingham Heart Study (FHS) participants not enrolled

in eFHS?
Variable eFHS participants FHS participants not enrolled in eFHS P value
(n=1948) (n=1566)

Age (years), mean (SD) 52.8 (8.7) 56.6 (9.8) <.001
Female sex, n (%) 1109 (56.93) 782 (49.94) <.001
Race, n (%) .003

White 1813 (93.07) 1414 (90.29)

Black 30 (1.54) 29 (1.85)

Hispanic 45 (2.31) 60 (3.83)

Asian 28 (1.44) 43(2.75)

Other 32 (1.64) 20 (1.28)
BMI (kg/m?), median (IQR) 27.3(24.3-31.3) 28.2 (24.6-32.6) <.001
Systolic blood pressure (mmHg), mean (SD) 119 (14) 121 (15) <.001
Diastolic blood pressure (mmHg), mean (SD) 76 (8) 76 (9) .33
Current smoking, n (%)° 108 (5.55) 125 (7.99) .005
Diabetes mallitus, n (%6)° 122 (6.29) 189 (12.36) <.001
Hypertension, n (9%6)° 511 (26.26) 582 (37.26) <.001
Atrid fibrillation, n (%) 36 (1.85) 52 (3.32) .008
Prevalent cardiovascular disease, n (%) 67 (3.44) 97 (6.19) <.001
Physical Activity Index score, median (IQR) 32.60 (30.10-35.50) 33(30.20-36.40) .004
Highest education level achieved, n (%) <.001

L ess than high school 13 (0.67) 35(2.26)

Completed high school 168 (8.66) 301 (19.46)

Completed some college 467 (24.08) 441 (28.51)

Bachelor's degree 741 (38.22) 479 (30.96)

Graduate or professiona degree 550 (28.37) 291 (18.81)
Married, living as married, living with partner, n (%)¢ 1446 (74.73) 1002 (65.15) <.001
Self-reported health as excellent, n (%)’ 1414 (72.62) 913 (58.60) <.001
Employed full time, n (%)9 1361 (70.19) 913 (59.32) <.001

8Data reflect enrollment up to January 28, 2019.
PeFHS N=1947, FHS n=1564.
CeFHS n=1940, FHS n=1529.
deFHS n=1946, FHS n=1562.
€eFHS n=1935, FHS n=1538.
feFHS n=1947, FHS n=1558.
9eFHS n=1939, FHS n=1539.

There were 1705 participants who returned baseline surveys
within the 3-month interval (Multimedia Appendix 3). Survey
return time, touch time, step time, and time spent for each
question for each survey at each survey wave are presented in
Multimedia Appendix 5. Participants returned baseline and
follow-up surveys within 2 weeks with the exception of the
12-month medical history update that was returned within 30
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days (Multimedia Appendix 9). The actua time taken to
complete surveys (touch time) was less than 5 minutes.

The number of participants who returned a specific type of
survey at each survey waveisdisplayed in Multimedia A ppendix
10. Most participants compl eted 75% of the questions of at |east
one baseline survey (1704/1918, 88.84%; see Multimedia
Appendix 7). Participants continued to return some surveys at
12 months (757/1918, 39.47%; see Multimedia Appendix 7)
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but only a few participants (28/1918, 1.46%; see Multimedia
Appendix 10) completed the 12-month medical history update
guestionnaire.

Survey Adherence/Completion

Among participants who returned surveys, more than 85%
completed more than 75% of the questions across all surveys
at all time windows (Multimedia Appendix 6). Considering the
proportion of individuals who completed at |east one survey at
a given 3-month window (Multimedia Appendix 7), eFHS

Pathiravasan et al

participants had the highest adherence at baseline (89%) and
the adherence decreased over time (58% at 3 months, 52% at 6
months, 41% at 9 months, and 40% at 12 months) (Figure 2).
We observed similar adherence rates based on the proportion
of participants who completed all surveys at a given 3-month
period (72% at baseline, 58% at 3 months, 40% at 6 months,
41% at 9 months). At 12 months, adherence was reduced to 1%
because most participants did not return the 12-month medical
history update survey.

Figure 2. Proportion of eCohort Framingham Heart Study (eFHS) participants who completed at least one survey (left panel) and all surveys (right

panel).
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Comparison of Baseline eFHS App Survey With
Research Center M easurements

The baseline app-based survey data for PAl (n=1545), CES-D
score (n=1628), and average alcohol consumption per week
(n=1513) were used to compute the mean difference between
the mobile app surveys and the questionnaires collected in the
research center. The mobile app survey had a higher PAI
compared to the respective in-research center exam (mean
difference 2.27). We observed high agreement (CCC=0.82, 95%
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Cl 0.81-0.84) between the two alcohol consumption measures
and the two CES-D scores (CCC=0.77, 95% CI 0.75-0.79)
(Figure 3). Moderate agreement was observed between the two
PAl measures (CCC=0.56, 95% CI 0.52-0.59) and the binary
depression variables (Cohen k=0.51, 95% CI 0.44-0.58). The
Bland-Altman plots of PAI, CES-D scores, and alcohol
consumption showed that the spread of the differenceincreased
with increasing mean of the observations (bias increased and
variability was not consistent acrossthe graph), likely reflecting
that the distributions were skewed (Multimedia Appendix 11).
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Figure 3. Comparison of baseline surveys: Physical Activity Index (PAl), depression symptoms scale (Sum of Center For Epidemiologic-Studies
Depression Scale [CES-D] scores), and alcohol consumption (average drinks per week).
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Association of Periodic App-Based Survey M easures
Across Different Time Points

Overadl, 539 participants returned physical activity
guestionnaires at al five time points (basdline, 3 months, 6
months, 9 months, and 12 months), 644 participants returned
depressive symptom surveys at al three time points (baseline,
6 months, and 12 months), and 613 participants returned all
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alcohol consumption surveys (baseline and 12 months). PAl
(for al time effects compared to baseline) and alcohol
consumption (mean difference of baseline to 12-month
guestionnaire—0.03, P=.82) were at similar level sacross several
time points, whereas the CES-D score slightly increased from
baseline to 6 months (slope=1.01, P<.001) and from baseline
to 12 months (slope=0.84, P<.001) (Figure 4).
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Figure4. Boxplotsfor Physical Activity Index (PAI), depressive symptoms scale (Center For Epidemiologic-Studies Depression Scale [CES-D] score),

and average drinks per week across different time points.
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Principal Results

Our findingsin this middle-aged community-based sample are
threefold. First, eFHS study participants had high survey
adherence at baseline. The magjority of participantswho returned
surveys completed more than 75% of the survey questions across
each 3-month period. Adherence decreased over the 12-month
follow-up period but remained high compared with that reported
in previous mHealth studies. Second, eFHS is embedded in the
ongoing prospective FHS, providing us the opportunity to
compare surveys collected on the mobile app to questionnaires
collected in the research center using standardized protocols.
Our data suggest that app-based surveys and research center
questionnaires for physical activity, mood, and alcohol intake
had moderate to high agreement. Finally, among the subgroup
of participants who returned al follow-up surveys, reports of
physical activity (PAI) and a cohol consumption were consistent
across all 3-month timeintervals over the 12-month follow up.

Comparison With Previous Studies

Although digital and mHealth technol ogies have great potential
to improve health, it is essential to understand engagement
challenges with such technologies, as most mHealth studies
have observed substantial participant drop offs within a short
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Health Study [10], more than 40,000 participants downloaded
the app, whereas only 7500 participants enrolled in the study
and only 175 (2.3%) participants continued to contribute data
at the 6-month follow up. Similarly, a study of posttraumatic
stress disorder initially had 166,800 participants download the
app but only 26,110 (15.7%) users remained after 1 week [36].
The Health eHeart Study is another eCohort that combined the
use of social media, smartphones, and wearablesto study heart
disease. In this groundbreaking cardiovascular study, 86% of
consented participants completed at least one survey but 42%
of the surveys had missing values [12]. eFHS participants
demonstrated considerably higher engagement with asubstantial
number of participants returning completed surveys at the
12-month follow up (Multimedia A ppendix 10). Several reasons
may explain the high levels of engagement among eFHS
participants. First, the eFHS is embedded in the FHS that
consists of loyal participants; the original cohort was followed
for more than 70 years, and the present cohort consists of their
grandchildren who have been followed in three cycles since the
early 2000s. Therefore, the eFHS participants have along and
positive relationship with the study and staff. The smartphone
and associated study devices may further connect the participant
to the research staff and allow participants to gain insight into
their health that could potentially impact engagement [37].
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Second, participants received positive notifications, including
notifications of thanks and acknowledgement (“ Thank you for
completing your surveys. Your contribution is a vital part in
our ongoing research efforts!”), which may have encouraged
participation.

Recent studies have tested the equivalence between electronic
and paper administration of patient-reported outcome measures
[14,15]. These studies focused on acceptability of the different
electronic data collection modes, including personal digital
assistants using a tablet or personal computer and interactive
voice response systems (automated telephone questionnaire),
but did not consider mobile apps. Few studies tested the
reliability and validity of mobile apps that were specifically
designed for special research purposes. The Burden of
Obstructive Lung Disease (BOLD) study was conducted to
measure the burden of chronic obstructive lung disease;
researchers compared the smartphone and paper-based data
collection systemsin rural Sudan [19]. A new smartphone app
of the International Prostate Symptom Score was al so devel oped
and tested [18]. These studies demonstrated that smartphone
technology worked well compared to paper-based data
collection. Nevertheless, validation studies are limited, and
more investigation is needed to recommend a mobile app asan
effective method of data collection compared to traditional
paper-based surveys. Our study demonstrated good agreement
between app-based surveysand surveys collected in the research
center using standard protocol s across arange of measurements,
including physical activity, mood, and alcohol intake.
Participants reported a dlightly higher PAI in the app-based
surveys compared to the same questionnaires filled out at the
research center. Another study demonstrated eguivalence
between the paper and smartphone versions of two scales of
depression [38], but some electronic items (such as sad mood
and trouble concentrating) were lower compared to items on
the paper versions even though they had moderate to high
consistency. A randomized study was conducted to compare
paper versus electronic mode of delivery of a health and social
behavior questionnaire [39]. The majority of mode differences
were nonsignificant, but participants reported more exercisein
the paper survey compared to the electronic survey. This
contrasts with our findings in this study as we observed higher
PAI scores in app-based surveys. However, smartphone app
surveys can be an efficient method to collect cardiovascular
risk factor data.

Participants volunteered in the study and there was no mandatary
requirement of answering questions in the smartphone app.
Adherence varied across different types of surveys. The
difficulty of the survey may impact long-term adherence. For
example, we observed adherence rates of 40% even after 12
months of follow up for most surveys (n=757), but lower
completion rateswere obtained for the 12-month medical history
update survey (n=28). It is unclear why participants did not
complete the medical history update survey. However, this
survey was longer than the other surveysin the eFHS app, and
compared to other surveys, the medical history update survey
contained many open-ended questions that may have required
more time and effort to complete. Indeed, unrestricted or
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open-ended questions have been reported asthe major challenge
of app-based surveys[19,40].

We conducted a pilot study using two distinct enrollment
methods to compare adherence for device use and two internet
surveys. The two methods were on-site support (n=101) and
remote (n=93) enrollment [41]. Thebaseline coreinternet survey
consisted of 34 separate partsfor self-reported health outcomes,
which was completed at home after enrollment and consent. To
address the overall study performance, an end-of-study survey
was emailed to the participants at study termination. On-site
support increased the participation and the initial rate of device
use compared to remote support. The pilot study also
demonstrated that on-site research center visit was associated
with higher adherence to the end-of-study survey. However,
on-siteresearch center visit was associated with lower adherence
to the internet survey at baseline compared to the remote arm.
Thus, the pilot study suggests that in-person contact may not
be as important for studies designed to deliver only surveys.
We observed higher adherence to the baseline app-based survey
in the eFHS than reported for other eCohorts. The eFHS is
embedded in the FHS, which consists of loya participants,
potentially leading to higher baseline app-based adherence in
the eFHS [37].

A new, enhanced version of the app was implemented in
February 2019, which includes an interactive health dashboard
to promote participant engagement and facilitate survey
adherence. We did not uniformly collect feedback from users,
but we are planning to assess usability of the new enhanced
version of the app with the Mobile App Rating Scale (MARYS)
[42] as a separate study.

Insights and responses from participants may help to identify
better strategies to improve adherence in mHealth studies[43].
Monitoring and feedback, reminders, goal setting, socia support
features, and rewards aretool sthat can be used to improve short-
and long-term engagement [44-46]. In particular, the just-in-time
adaptive intervention, which aims to provide a proper amount
of support at the appropriate time when it is needed, may lead
to achange in health behavior [47]. In future work, we plan to
establish an advisory panel of eFHS participants to assist with
co-design of the app and engagement methods [48].

Strengthsand Limitations

The eFHSisalarge community-based cohort designed to study
CVD and other risk factors. It is embedded within the ongoing
traditional FHS, and the study design provided the opportunity
to compare FHS parti cipants who consented vs participantswho
declined. It also provided the opportunity to compare baseline
app surveys and surveys collected in the research center.
Importantly, it provided the opportunity to compare eFHS
participants to FHS participants who declined enrollment in
eFHS to understand the generalizability of the sample.

Our study has several limitations. eFHS included predominantly
white, educated, and healthy participantswho own smartphones,
most of whom resided in the New England region of the United
States, thus limiting the ability to generalize the findings from
this study to other racial and ethnic groups, individuals with
less than high school education, smartphone-naive,
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disease-based samples, and other regions/countries. Some
participants downloaded the app (n=203) and enrolled in eFHS
after January 31, 2019. Since these participants did not have
the opportunity to participate in the study for at least 1 year at
the time that we began the analysis, we excluded these
participants from this study. There were slight differences in
the characteristics (Multimedia A ppendix 12) of eFHS enrollees
who had a greater than 1-year follow-up time vs participants
who had a less than 1-year follow-up time (women: 57% vs
50%, married: 75% vs 66%, and median BMI: 27 vs 29), which
may not influence the generalizability of the current study. We
allowed 90 days to complete baseline app-based surveys, but
the participantsreturned digital surveyswithin acouple of weeks
from the enrollment. The median survey return time varied from
1.35 to 2.40 days and the IQR was about 7 days (Multimedia
Appendix 5). Therefore, the survey results relying on
self-reported CVD risk factors may not differ according to the
time of completing the survey, which would not affect the
comparison results of research center measurements (time at
enrollment). Moreover, since our study was observational, we
cannot excluderesidual confounding factorsand cannot establish
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surveys at the 12-month follow up, indicating that the eFHS
app may be apromising tool to collect data. App-based surveys
were comparable to the research center—administered
guestionnaires. Therefore, the eFHS app may serveasareliable
data collection mechanism. Further exploration is needed to
understand the reasons for the higher PAI in the app-based
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This study was supported by an award from the Robert Wood Johnson Foundation (number 74624) and a grant from the National
Heart Lung and Blood Institute (RO1HL 141434). The FHS is supported by a contract from the National Heart, Lung, and Blood
Intitute (principal investigator VR; 75N92019D00031), and investigator time from the following grants: RO1IHL 126911 (EB),
2R01 HL092577 (EB), 1RO1AG066010 (EB), American Heart Association, 18SFRN34110082 (EB), 2U54HL 120163 (EB),
RO1HL 126911 (DM), RO1HL 137734 (DM), RO1HL 137794 (DM), RO1IHL 13660 (DM), U54-HL 143541 (DM).

Conflictsof I nterest

JM was aguest lecturer at Merck Research Laboratories. DM has received research support from Apple Computer, Bristol-Myers
Squibb, Boehringer-1ngelheim, Pfizer, Flexcon, Samsung, Philips Healthcare, and Biotronik, and has received consultancy fees
from Bristol-Myers Squibb, Pfizer, Flexcon, Boston Biomedical Associates, and Rose Consulting. DM aso declares financial
support for serving on the Steering Committee for the GUARD-AF study (NCT04126486) and Advisory Committeefor the Fitbit
Heart Study (NCT04176926). VK is principal, and CN and EM are employees of CareEvolution, Inc, a health care technology
company. Asof 2020, EB was an uncompensated member of the MyHeartL ab Steering Committee, aprincipal investigator—initiated
study from Samsung to University of California San Francisco (principal investigator, Jeffrey Olgin, MD). Other authors have
no relevant disclosures.

Multimedia Appendix 1

(a) eFHS app loading screen and registration steps. (b) The first screen with the list of surveys and steps within the physical
activity questionnaire.
[PDE File (Adobe PDF File), 384 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Notifications.
[PNG File, 48 KB-Multimedia Appendix 2]

Multimedia Appendix 3

eFHS cohort development diagram for the study (app-based survey returns).
[PNG File, 34 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Survey description in the eFHS participant protocol.

http://www.jmir.org/2021/1/e24773/ JMed Internet Res 2021 | vol. 23 | iss. 1 | 24773 | p. 10

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app1.pdf&filename=884dcf6ac08e6104a2287cd08c6158f7.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app1.pdf&filename=884dcf6ac08e6104a2287cd08c6158f7.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app2.png&filename=64cf6143465d9ecc5f74cf26b19d9536.png
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app2.png&filename=64cf6143465d9ecc5f74cf26b19d9536.png
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app3.png&filename=ee88ced3213f52549685ea639d689dc1.png
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app3.png&filename=ee88ced3213f52549685ea639d689dc1.png
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Pathiravasan et &

[PDFE File (Adobe PDF File), 278 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Survey summary.
[PDEF File (Adobe PDF File), 30 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Determining the threshold for survey completion.
[PDE File (Adobe PDF File), 33 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Number and proportion of eligible eFHS participants completing at least one, al, or none of the periodic app-based surveyswithin
the 3-month window.
[PDF File (Adobe PDF File), 185 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Characteristics of participants who returned surveys vs participants who did not return surveys.
[PDE File (Adobe PDF File), 293 KB-Multimedia Appendix 8]

Multimedia Appendix 9

Survey return and touch time.
[PDEF File (Adobe PDF File), 208 KB-Multimedia Appendix 9]

Multimedia Appendix 10

Number of participants who completed 75% of questions of each survey over the 12-month period.
[PDE File (Adobe PDF File), 185 KB-Multimedia Appendix 10]

Multimedia Appendix 11

Bland-Altman plots (mobile-based survey measurements vs research center measurements) of Physical Activity Index (PAI),
depressive symptoms, and alcohol consumption.
[PNG File, 59 KB-Multimedia Appendix 11]

Multimedia Appendix 12

Characteristics of eFHS enrollees by follow-up time.
[PDEF File (Adobe PDF File), 288 KB-Multimedia Appendix 12]

References

1.

2.

Bot BM, Suver C, Neto EC, Kellen M, Klein A, Bare C, et a. The mPower study, Parkinson disease mobile data collected
using ResearchKit. Sci Data 2016 Mar 03;3:160011. [doi: 10.1038/sdata.2016.11] [Medline: 26938265]

Huang Z, Tan E, Lum E, Sloot P, Boehm BO, Car J. A Smartphone App to Improve Medication Adherence in Patients
With Type 2 Diabetes in Asia: Feasibility Randomized Controlled Trial. IMIR Mhealth Uhealth 2019 Sep 12;7(9):e14914
[FREE Full text] [doi: 10.2196/14914] [Medline: 31516127]

Park JYE, Li J, Howren A, Tsao NW, De VeraM. Mobile Phone A pps Targeting Medication Adherence: Quality Assessment
and Content Analysis of User Reviews. IMIR Mhealth Uhealth 2019 Jan 31;7(1):e11919 [FREE Full text] [doi:
10.2196/11919] [Medline: 30702435]

Hsieh W, SuY C, HanH, Huang M. A Novel mHealth Approach for a Patient-Centered M edication and Health Management
Systemin Taiwan: Pilot Study. IMIR Mhealth Uhealth 2018 Jul 03;6(7):e154 [FREE Full text] [doi: 10.2196/mhealth.9987]
[Medline: 29970356]

Morita PR, Yeung M S, Ferrone M, Taite AK, Madeley C, Stevens Lavigne A, et al. A Patient-Centered Mobile Health
System That Supports Asthma Self-Management (breathe): Design, Development, and Utilization. IMIR Mhealth Uhealth
2019 Jan 28;7(1):€10956 [ FREE Full text] [doi: 10.2196/10956] [Medline: 30688654]

Payne HE, Lister C, West JH, Bernhardt JM. Behavioral functionality of mobile apps in health interventions: a systematic
review of the literature. IMIR Mhealth Uhealth 2015 Feb 26;3(1):€20 [FREE Full text] [doi: 10.2196/mhealth.3335]
[Medline: 25803705]

http://www.jmir.org/2021/1/e24773/ JMed Internet Res 2021 | vol. 23 | iss. 1 | e24773 | p. 11

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app4.pdf&filename=7c069fdb6f350dc8ffc95def72f91b30.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app4.pdf&filename=7c069fdb6f350dc8ffc95def72f91b30.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app5.pdf&filename=29e7d9c055d722d107924e2dd771d14a.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app5.pdf&filename=29e7d9c055d722d107924e2dd771d14a.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app6.pdf&filename=29fd0da754349438bacd2a9c5d801166.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app6.pdf&filename=29fd0da754349438bacd2a9c5d801166.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app7.pdf&filename=7bcd35ec71ef1b45831c30424bf218fe.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app7.pdf&filename=7bcd35ec71ef1b45831c30424bf218fe.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app8.pdf&filename=65a288ad3a7107a723b70a002c6786a6.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app8.pdf&filename=65a288ad3a7107a723b70a002c6786a6.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app9.pdf&filename=f05c636bbc093e2c2ea75532c9e55b19.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app9.pdf&filename=f05c636bbc093e2c2ea75532c9e55b19.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app10.pdf&filename=fea5a1caf4827db1de1a82ebcccf1515.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app10.pdf&filename=fea5a1caf4827db1de1a82ebcccf1515.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app11.png&filename=278961f4d003f66f6b3c4f135d9815eb.png
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app11.png&filename=278961f4d003f66f6b3c4f135d9815eb.png
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app12.pdf&filename=37854d526f5ac78a43e93297031239e9.pdf
https://jmir.org/api/download?alt_name=jmir_v23i1e24773_app12.pdf&filename=37854d526f5ac78a43e93297031239e9.pdf
http://dx.doi.org/10.1038/sdata.2016.11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26938265&dopt=Abstract
https://mhealth.jmir.org/2019/9/e14914/
http://dx.doi.org/10.2196/14914
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31516127&dopt=Abstract
https://mhealth.jmir.org/2019/1/e11919/
http://dx.doi.org/10.2196/11919
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30702435&dopt=Abstract
https://mhealth.jmir.org/2018/7/e154/
http://dx.doi.org/10.2196/mhealth.9987
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29970356&dopt=Abstract
https://mhealth.jmir.org/2019/1/e10956/
http://dx.doi.org/10.2196/10956
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30688654&dopt=Abstract
https://mhealth.jmir.org/2015/1/e20/
http://dx.doi.org/10.2196/mhealth.3335
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25803705&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Pathiravasan et &

7.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Badawy SM, Cronin RM, Hankins J, Crosby L, DeBaun M, Thompson AA, et al. Patient-Centered eHealth Interventions
for Children, Adolescents, and Adults With Sickle Cell Disease: Systematic Review. JMed Internet Res 2018 Jul
19;20(7):€10940 [FREE Full text] [doi: 10.2196/10940] [Medline: 30026178]

Ramsey WA, Heidelberg RE, Gilbert AM, Heneghan MB, Badawy SM, Alberts NM. eHealth and mHealth interventions
inpediatric cancer: A systematic review of interventions acrossthe cancer continuum. Psychooncol ogy 2020 Jan;29(1):17-37.
[doi: 10.1002/pon.5280] [Medline: 31692183]

Radovic A, Badawy SM. Technology Usefor Adolescent Health and Wellness. Pediatrics 2020 May;145(Suppl 2):S186-S194.
[doi: 10.1542/peds.2019-2056G] [Medline: 32358210]

Chan Y, Wang P, Rogers L, Tignor N, Zweig M, Hershman SG, et a. The Asthma Mobile Health Study, alarge-scale
clinical observational study using ResearchKit. Nat Biotechnol 2017 Apr;35(4):354-362 [EREE Full text] [doi:
10.1038/nbt.3826] [Medline: 28288104]

McConnell MV, Shcherbina A, Pavlovic A, Homburger JR, Goldfeder RL, Waggot D, et a. Feasibility of Obtaining
Measures of Lifestyle From a Smartphone App: The MyHeart Counts Cardiovascular Health Study. JAMA Cardiol 2017
Jan 01;2(1):67-76. [doi: 10.1001/jamacardio.2016.4395] [Medline: 27973671]

Guo X, Vittinghoff E, Olgin JE, Marcus GM, Pletcher MJ. Volunteer Participation in the Health eHeart Study: A Comparison
with the US Population. Sci Rep 2017 May 16;7(1):1956. [doi: 10.1038/s41598-017-02232-y] [Medline: 28512303]
Roger VL, Boerwinkle E, Crapo JD, Douglas PS, Epstein JA, Granger CB, et al. Strategic transformation of population
studies: recommendations of the working group on epidemiology and popul ation sciences from the National Heart, Lung,
and Blood Advisory Council and Board of External Experts. Am J Epidemiol 2015 Mar 15;181(6):363-368 [FREE Full
text] [doi: 10.1093/aje/lkwv011] [Medline: 25743324]

Muehlhausen W, Doll H, Quadri N, Fordham B, O'Donohoe P, Dogar N, et al. Equivalence of electronic and paper
administration of patient-reported outcome measures. a systematic review and meta-analysis of studies conducted between
2007 and 2013. Health Qual Life Outcomes 2015 Oct 07;13:167 [FREE Full text] [doi: 10.1186/s12955-015-0362-X]
[Medline: 26446159]

Bennett AV, Dueck AC, Mitchell SA, Mendoza TR, Reeve BB, Atkinson TM, National Cancer Institute PRO-CTCAE
Study Group. Maode equivalence and acceptability of tablet computer-, interactive voice response system-, and paper-based
administration of the U.S. National Cancer Institute's Patient-Reported Outcomes version of the Common Terminology
Criteriafor Adverse Events (PRO-CTCAE). Health Qual Life Outcomes 2016 Feb 19;14:24 [FREE Full text] [doi:
10.1186/s12955-016-0426-6] [Medline: 26892667]

Bjorner JB, Rose M, Gandek B, Stone AA, Junghaenel DU, Ware JE. Method of administration of PROMIS scales did not
significantly impact score level, reliability, or validity. J Clin Epidemiol 2014 Jan;67(1):108-113 [FREE Full text] [doi:
10.1016/].jclinepi.2013.07.016] [Medline: 24262772]

Bjorner JB, Rose M, Gandek B, Stone AA, Junghaenel DU, Ware JE. Difference in method of administration did not
significantly impact item response: an |RT-based analysis from the Patient-Reported Outcomes M easurement Information
System (PROMIS) initiative. Qual Life Res 2014 Feb;23(1):217-227 [FREE Full text] [doi: 10.1007/s11136-013-0451-4]
[Medline: 23877585]

Kim JH, Kwon S, Shim SR, Sun HY, Ko YM, Chun D, et al. Validation and reliability of a smartphone application for the
International Prostate Symptom Score questionnaire: arandomized repeated measures crossover study. JMed Internet Res
2014 Feb 10;16(2):€38 [FREE Full text] [doi: 10.2196/jmir.3042] [Medline: 24513507]

Ahmed R, Robinson R, Elsony A, Thomson R, Squire SB, Malmborg R, et al. A comparison of smartphone and paper
data-collection tools in the Burden of Obstructive Lung Disease (BOLD) study in Gezira state, Sudan. PLoS One
2018;13(3):e0193917 [FREE Full text] [doi: 10.1371/journal.pone.0193917] [Medline: 29518132]

McManus DD, Trinquart L, Benjamin EJ, Manders ES, Fusco K, Jung LS, et al. Design and Preliminary Findings From a
New Electronic Cohort Embedded in the Framingham Heart Study. JMed Internet Res 2019 Mar 01;21(3):€12143 [FREE
Full text] [doi: 10.2196/12143] [Medline: 30821691]

Splansky GL, Corey D, Yang Q, Atwood LD, CupplesLA, Benjamin EJ, et al. The Third Generation Cohort of the National
Heart, Lung, and Blood I nstitute's Framingham Heart Study: design, recruitment, and initial examination. Am J Epidemiol
2007 Jun 01;165(11):1328-1335. [doi: 10.1093/aje/lkwm021] [Medline: 17372189]

Mohebbi M, Nguyen V, McNeil JJ, Woods RL, Nelson MR, Shah RC, ASPREE | nvestigator Group. Psychometric properties
of ashort form of the Center for Epidemiologic Studies Depression (CES-D-10) scale for screening depressive symptoms
in healthy community dwelling older adults. Gen Hosp Psychiatry 2018;51:118-125 [FREE Full text] [doi:
10.1016/j.genhosppsych.2017.08.002] [Medline: 28890280]

Lin LI. A concordance correlation coefficient to evaluate reproducibility. Biometrics 1989 Mar;45(1):255-268. [Medline:
2720055]

Lin LI. Assay Validation Using the Concordance Correlation Coefficient. Biometrics 1992 Jun;48(2):599. [doi:
10.2307/2532314]

Redman S, Sanson-Fisher RW, Wilkinson C, Fahey PP, Gibberd RW. Agreement between two measures of alcohol
consumption. J Stud Alcohol 1987 Mar;48(2):104-108. [doi: 10.15288/jsa.1987.48.104] [Medline: 3560945]

http://www.jmir.org/2021/1/e24773/ JMed Internet Res 2021 | vol. 23 | iss. 1 | 24773 | p. 12

(page number not for citation purposes)


https://www.jmir.org/2018/7/e10940/
http://dx.doi.org/10.2196/10940
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30026178&dopt=Abstract
http://dx.doi.org/10.1002/pon.5280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31692183&dopt=Abstract
http://dx.doi.org/10.1542/peds.2019-2056G
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32358210&dopt=Abstract
http://europepmc.org/abstract/MED/28288104
http://dx.doi.org/10.1038/nbt.3826
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28288104&dopt=Abstract
http://dx.doi.org/10.1001/jamacardio.2016.4395
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27973671&dopt=Abstract
http://dx.doi.org/10.1038/s41598-017-02232-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28512303&dopt=Abstract
http://europepmc.org/abstract/MED/25743324
http://europepmc.org/abstract/MED/25743324
http://dx.doi.org/10.1093/aje/kwv011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25743324&dopt=Abstract
https://hqlo.biomedcentral.com/articles/10.1186/s12955-015-0362-x
http://dx.doi.org/10.1186/s12955-015-0362-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26446159&dopt=Abstract
https://hqlo.biomedcentral.com/articles/10.1186/s12955-016-0426-6
http://dx.doi.org/10.1186/s12955-016-0426-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26892667&dopt=Abstract
http://europepmc.org/abstract/MED/24262772
http://dx.doi.org/10.1016/j.jclinepi.2013.07.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24262772&dopt=Abstract
http://europepmc.org/abstract/MED/23877585
http://dx.doi.org/10.1007/s11136-013-0451-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23877585&dopt=Abstract
https://www.jmir.org/2014/2/e38/
http://dx.doi.org/10.2196/jmir.3042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24513507&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0193917
http://dx.doi.org/10.1371/journal.pone.0193917
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29518132&dopt=Abstract
https://www.jmir.org/2019/3/e12143/
https://www.jmir.org/2019/3/e12143/
http://dx.doi.org/10.2196/12143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30821691&dopt=Abstract
http://dx.doi.org/10.1093/aje/kwm021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17372189&dopt=Abstract
http://europepmc.org/abstract/MED/28890280
http://dx.doi.org/10.1016/j.genhosppsych.2017.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28890280&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2720055&dopt=Abstract
http://dx.doi.org/10.2307/2532314
http://dx.doi.org/10.15288/jsa.1987.48.104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3560945&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Pathiravasan et &

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

Giavarina D. Understanding Bland Altman analysis. Biochem Med (Zagreb) 2015;25(2):141-151 [FREE Full text] [doi:
10.11613/BM.2015.015] [Medline: 26110027]

Kannel WB, Belanger A, D'Agostino R, Israel 1. Physical activity and physical demand on thejob and risk of cardiovascular
disease and death: the Framingham Study. Am Heart J 1986 Oct;112(4):820-825. [doi: 10.1016/0002-8703(86)90480-1]
[Medline: 3766383]

Tan ZS, Spartano NL, Beiser AS, DeCarli C, Auerbach SH, Vasan RS, et al. Physical Activity, Brain Volume, and Dementia
Risk: The Framingham Study. J Gerontol A Biol Sci Med Sci 2017 Jun 01;72(6):789-795 [FREE Full text] [doi:
10.1093/gerona/glw130] [Medline: 27422439]

Spartano N, Davis-Plourde K, Himali J, Murabito J, Vasan R, Beiser A, et a. Self-Reported Physical Activity and Relations
to Growth and Neurotrophic Factors in Diabetes Méllitus: The Framingham Offspring Study. J Diabetes Res
2019;2019:2718465. [doi: 10.1155/2019/2718465] [Medline: 30729134]

Radloff LS. The use of the Center for Epidemiologic Studies Depression Scale in adolescents and young adults. J Youth
Adolesc 1991 Apr;20(2):149-166. [doi: 10.1007/BF01537606] [Medline: 24265004]

Stahl D, Sum CF, Lum SS, Liow PH, Chan YH, VermasS, et al. Screening for depressive symptoms: validation of the center
for epidemiologic studies depression scale (CES-D) in amultiethnic group of patients with diabetesin Singapore. Diabetes
Care 2008 Jun;31(6):1118-1119. [doi: 10.2337/dc07-2019] [Medline: 18337303]

Sayetta R, Johnson D. Basic data on depressive symptomatology. United States, 1974-75. Vital Health Stat 11 1980
Apr;i-v(216):1-37 [FREE Full text] [doi: 10.1037/€531192008-001] [Medline: 7385607]

Cohen J. A Coefficient of Agreement for Nominal Scales. Educ Psychol Measure 2016 Jul 02;20(1):37-46. [doi:
10.1177/001316446002000104]

McHugh ML. Interrater reliability: the kappa statistic. Biochem Med (Zagreb) 2012;22(3):276-282 [FREE Full text]
[Medline: 23092060]

Pratap A, Neto EC, Snyder P, Stepnowsky C, Elhadad N, Grant D, et al. Indicators of retention in remote digital health
studies: a cross-study evaluation of 100,000 participants. NPJ Digit Med 2020;3:21. [doi: 10.1038/s41746-020-0224-8]
[Medline: 32128451]

Owen JE, Jaworski BK, Kuhn E, Makin-Byrd KN, Ramsey KM, Hoffman JE. mHealth in the Wild: Using Novel Datato
Examine the Reach, Use, and Impact of PTSD Coach. IMIR Ment Health 2015;2(1):e7 [EREE Full text] [doi:
10.2196/mental.3935] [Medline: 26543913]

Cohen J, Torous J. The Potential of Object-Relations Theory for Improving Engagement With Health Apps. JAMA 2019
Nov 14;322(22):2169. [doi: 10.1001/jama.2019.17141] [Medline: 31725854]

Zhen L, Wang G, Xu G, Xiao L, Feng L, Chen X, et al. Evaluation of the Paper and Smartphone Versions of the Quick
Inventory of Depressive Symptomatol ogy-Self-Report (QIDS-SR16) and the Patient Health Questionnaire-9 (PHQ-9) in
Depressed Patientsin China. Neuropsychiatr Dis Treat 2020;16:993-1001. [doi: 10.2147/NDT.S241766] [Medline: 32368061]
Smigelskas K, LukoSeviciate J, Vaicianas T, Mozaraityte K, lvanaviciate U, Mileviciate |, et al. Measurement of Health
and Social Behaviors in School children: Randomized Study Comparing Paper Versus Electronic Mode. Zdr Varst 2019
Mar;58(1):1-10 [FREE Full text] [doi: 10.2478/sph-2019-0001] [Medline: 30745945]

Njuguna HN, Caselton DL, Arunga GO, Emukule GO, Kinyanjui DK, Kalani RM, et al. A comparison of smartphones to
paper-based questionnaires for routine influenza sentinel surveillance, Kenya, 2011-2012. BMC Med Inform Decis Mak
2014 Dec 24;14:107 [FREE Full text] [doi: 10.1186/s12911-014-0107-5] [Medline: 25539745]

Spartano NL, Lin H, Sun F, Lunetta KL, Trinquart L, Vaentino M, et a. Comparison of On-Site Versus Remote Mobile
Device Support in the Framingham Heart Study Using the Health eHeart Study for Digital Follow-up: Randomized Pilot
Study Set Within an Observational Study Design. IMIR Mhealth Uhealth 2019 Sep 30;7(9):€13238 [FREE Full text] [doi:
10.2196/13238] [Medline: 31573928]

Stoyanov SR, Hides L, Kavanagh DJ, Zelenko O, Tjondronegoro D, Mani M. Mabile app rating scale: a new tool for
assessing the quality of health mobile apps. IMIR Mhealth Uhealth 2015 Mar 11;3(1):e27 [FREE Full text] [doi:
10.2196/mhesalth.3422] [Medline: 25760773]

Badawy SM, Thompson AA, Kuhns LM. Medication Adherence and Technology-Based I nterventions for Adolescents
With Chronic Health Conditions: A Few Key Considerations. JMIR Mhealth Uhealth 2017 Dec 22;5(12):e202 [ FREE Full
text] [doi: 10.2196/mhealth.8310] [Medline: 29273573]

Perski O, Blandford A, West R, Michie S. Conceptualising engagement with digital behaviour change interventions: a
systematic review using principles from critical interpretive synthesis. Transl Behav Med 2017 Jun;7(2):254-267 [FREE
Full text] [doi: 10.1007/s13142-016-0453-1] [Medline: 27966189]

Perski O, Blandford A, Ubhi HK, West R, Michie S. Smokers' and drinkers' choice of smartphone applications and
expectations of engagement: athink aloud and interview study. BMC Med Inform DecisMak 2017 Feb 28;17(1):25 [FREE
Full text] [doi: 10.1186/s12911-017-0422-8] [Medline: 28241759]

Badawy SM, Thompson AA, Liem RI. Technology Access and Smartphone App Preferences for Medication Adherence
in Adolescents and Young Adults With Sickle Cell Disease. Pediatr Blood Cancer 2016 May;63(5):848-852. [doi:
10.1002/pbc.25905] [Medline: 26844685]

http://www.jmir.org/2021/1/e24773/ JMed Internet Res 2021 | vol. 23 | iss. 1| e24773 | p. 13

(page number not for citation purposes)


http://www.biochemia-medica.com/2015/25/141
http://dx.doi.org/10.11613/BM.2015.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26110027&dopt=Abstract
http://dx.doi.org/10.1016/0002-8703(86)90480-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3766383&dopt=Abstract
http://europepmc.org/abstract/MED/27422439
http://dx.doi.org/10.1093/gerona/glw130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27422439&dopt=Abstract
http://dx.doi.org/10.1155/2019/2718465
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30729134&dopt=Abstract
http://dx.doi.org/10.1007/BF01537606
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24265004&dopt=Abstract
http://dx.doi.org/10.2337/dc07-2019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18337303&dopt=Abstract
https://www.cdc.gov/nchs/data/series/sr_11/sr11_216.pdf
http://dx.doi.org/10.1037/e531192008-001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7385607&dopt=Abstract
http://dx.doi.org/10.1177/001316446002000104
http://www.biochemia-medica.com/2012/22/276
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23092060&dopt=Abstract
http://dx.doi.org/10.1038/s41746-020-0224-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32128451&dopt=Abstract
https://mental.jmir.org/2015/1/e7/
http://dx.doi.org/10.2196/mental.3935
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26543913&dopt=Abstract
http://dx.doi.org/10.1001/jama.2019.17141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31725854&dopt=Abstract
http://dx.doi.org/10.2147/NDT.S241766
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32368061&dopt=Abstract
http://europepmc.org/abstract/MED/30745945
http://dx.doi.org/10.2478/sjph-2019-0001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30745945&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-014-0107-5
http://dx.doi.org/10.1186/s12911-014-0107-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25539745&dopt=Abstract
https://mhealth.jmir.org/2019/9/e13238/
http://dx.doi.org/10.2196/13238
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31573928&dopt=Abstract
https://mhealth.jmir.org/2015/1/e27/
http://dx.doi.org/10.2196/mhealth.3422
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25760773&dopt=Abstract
https://mhealth.jmir.org/2017/12/e202/
https://mhealth.jmir.org/2017/12/e202/
http://dx.doi.org/10.2196/mhealth.8310
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29273573&dopt=Abstract
http://europepmc.org/abstract/MED/27966189
http://europepmc.org/abstract/MED/27966189
http://dx.doi.org/10.1007/s13142-016-0453-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27966189&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0422-8
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0422-8
http://dx.doi.org/10.1186/s12911-017-0422-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28241759&dopt=Abstract
http://dx.doi.org/10.1002/pbc.25905
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26844685&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Pathiravasan et &

47.

48.

49,

50.

51.

Nahum-Shani I, Smith SN, Spring BJ, Collins LM, Witkiewitz K, Tewari A, et a. Just-in-Time Adaptive Interventions
(JTAIs) in Mobile Health: Key Components and Design Principles for Ongoing Health Behavior Support. Ann Behav
Med 2018 May 18;52(6):446-462 [ FREE Full text] [doi: 10.1007/s12160-016-9830-8] [Medline: 27663578]

Harrington CN, Wilcox L, Connelly K, Rogers W, Sanford J. Designing health and fitness apps with older adults: Examining
the value of experience-based co-design. In: Proceedings of the 12th EAI International Conference on Pervasive Computing
Technologiesfor Healthcare, Pervasive Health 2018.: Association for Computing Machinery; 2018 May Presented at: 12th
EAI International Conference on Pervasive Computing Technologies for Healthcare, Pervasive Health; 2018; New York
p. 15-24 URL: https://dl.acm.org/doi/pdf/10.1145/3240925.3240929

Trinquart L, McManus DD, Nowak C, Kheterpal V, Manders ES, Fusco K, et a. Increasing Engagement in the Electronic
Framingham Heart Study (eFHS): A Factorial Randomized Trial. In: Circulation.: American Heart Association; 2019
Presented at: Epidemiology, Big Data, and Precision Medicine; November 2019; Philadelphia p. A13084-A13084 URL :
https.//www.ahajournals.org/doi/10.1161/circ.140.suppl _1.13084

Jiang X, Ming W, You JH. The Cost-Effectiveness of Digital Health Interventions on the Management of Cardiovascular
Diseases: Systematic Review. JMed Internet Res 2019 Jun 17;21(6):€13166 [ FREE Full text] [doi: 10.2196/13166] [Medline:
31210136]

Jiang X, Yao J, You JH. Telemonitoring Versus Usual Care for Elderly Patients With Heart Failure Discharged From the
Hospital in the United States: Cost-Effectiveness Analysis. IMIR Mhealth Uhealth 2020 Jul 06;8(7):e17846 [FREE Full
text] [doi: 10.2196/17846] [Medline: 32407288]

Abbreviations

aOR: adjusted odds ratio

CCC: concordance correlation coefficient

CES-D: Center for Epidemiol ogic-Studies Depression Scale
CVD: cardiovascular disease

eFHS: eCohort Framingham Heart Study

FHS: Framingham Heart Study

mHealth: mobile health

PAIl: Physical Activity Index

Edited by G Eysenbach; submitted 14.10.20; peer-reviewed by SBadawy, Y Wu; commentsto author 05.11.20; revised version received
15.12.20; accepted 19.12.20; published 20.01.21

Please cite as:

Pathiravasan CH, Zhang Y, Trinquart L, Benjamin EJ, Borrelli B, McManus DD, Kheterpal V, Lin H, Sardana M, Hammond MM,
Spartano NL, Dunn AL, Schramm E, Nowak C, Manders ES Liu H, Korngj J, Liu C, Murabito JM

Adherence of Mobile App-Based Surveys and Comparison Wth Traditional Surveys: eCohort Study

J Med Internet Res 2021;23(1):e24773

URL: http://www.jmir.org/2021/1/e24773/

doi: 10.2196/24773

PMID: 33470944

©Chathurangi H Pathiravasan, Yuankai Zhang, Ludovic Trinquart, Emelia J Benjamin, Belinda Borrelli, David D McManus,
Vik Kheterpal, Honghuang Lin, Mayank Sardana, Michael M Hammond, Nicole L Spartano, Amy L Dunn, Eric Schramm,
Christopher Nowak, Emily S Manders, Hongshan Liu, Jelena Kornej, Chunyu Liu, Joanne M Murabito. Originally published in
the Journal of Medical Internet Research (http://www.jmir.org), 20.01.2021. Thisis an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/,
aswell asthis copyright and license information must be included.

http://www.jmir.org/2021/1/e24773/ JMed Internet Res 2021 | vol. 23 | iss. 1 | 24773 | p. 14

(page number not for citation purposes)


http://europepmc.org/abstract/MED/27663578
http://dx.doi.org/10.1007/s12160-016-9830-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27663578&dopt=Abstract
https://dl.acm.org/doi/pdf/10.1145/3240925.3240929
https://www.ahajournals.org/doi/10.1161/circ.140.suppl_1.13084
https://www.jmir.org/2019/6/e13166/
http://dx.doi.org/10.2196/13166
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31210136&dopt=Abstract
https://mhealth.jmir.org/2020/7/e17846/
https://mhealth.jmir.org/2020/7/e17846/
http://dx.doi.org/10.2196/17846
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32407288&dopt=Abstract
http://www.jmir.org/2021/1/e24773/
http://dx.doi.org/10.2196/24773
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33470944&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

