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Abstract

Background: The success of a mobile phone app in changing health behavior is thought to be contingent on engagement,
commonly operationalized as frequency of use.

Objective: Thissubgroup analysis of the 2 intervention arms from a 3-group randomized controlled trial aimed to examine user
engagement with a 100-day physical activity intervention delivered via an app. Rates of engagement, associations between user
characteristics and engagement, and whether engagement was related to intervention efficacy were examined.

Methods: Engagement was captured in a real-time log of interactions by users randomized to either a gamified (n=141) or
nongamified version of the same app (n=160). Physical activity was assessed via accelerometry and self-report at baseline and
3-month follow-up. Survival analysis was used to assess time to nonuse attrition. Mixed models examined associations between
user characteristics and engagement (total app use). Characteristics of super users (top quartile of users) and regular users (lowest
3 quartiles) were compared using t tests and a chi-square analysis. Linear mixed models were used to assess whether being a
super user was related to change in physical activity over time.

Results. Engagement was high. Attrition (30 days of nonuse) occurred in 32% and 39% of the gamified and basic groups,
respectively, with no significant between-group differences in time to attrition (P=.17). Users with a body mass index (BMI) in
the healthy range had higher total app use (mean 230.5, 95% CI 190.6-270.5; F,=8.67; P<.001), compared with userswhose BM|
was overweight or obese (mean 170.6, 95% CI 139.5-201.6; mean 132.9, 95% CI 104.8-161.0). Older users had higher total app
use (mean 200.4, 95% CI 171.9-228.9; F,=6.385; P=.01) than younger users (mean 155.6, 95% Cl 128.5-182.6). Super users

were 4.6 years older (t,g;=3.6; P<.001) and less likely to have a BMI in the obese range (x?,=15.1; P<.001). At the 3-month

follow-up, super users were completing 28.2 (95% CI 9.4-46.9) more minutes of objectively measured physical activity than
regular users (F ,7,=4.76; P=.03).

Conclusions: Total app use was high across the 100-day intervention period, and the inclusion of gamified features enhanced
engagement. Participants who engaged the most saw significantly greater increasesto their objectively measured physical activity
over time, supporting the theory that intervention exposureis linked to efficacy. Further research is needed to determine whether
these findings are replicated in other app-based interventions, including those experimentally evaluating engagement and those
conducted in real-world settings.
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Introduction Objectives
Thisstudy therefore sought to contribute to addressing thisneed
Background by applying engagement metrics from commercial settings to

Mobile phone apps have been proposed as a cost-effective
method of delivering wide-scale, appealing interventions,
targeting lifestyle-related health problems, such as physical
inactivity, to prevent chronic diseases [1,2]. However, despite
the rapid growth of these approaches, researchers only started
to develop and examine custom-made apps to deliver physical
activity (PA) interventionsin the past decade[3]. To date, these
have tended to report mixed results [4,5], with meta-analyses
indicating overall modest effects [6,7]. Contributing to overall
modest efficacy are the lower rates of intervention exposure
and compliance and the high levels of attrition that are often
reported [8].

The apparent link between intervention exposure and efficacy
[8-10] highlights the need for detailed understanding of user
engagement, which considers how frequently users access or
use different features of the app or simply log on to the app at
al. To date, engagement has been conceptualized and
operationalized in different ways, and attempts have been made
to reach ashared understanding of approaches[11,12]. Research
studies have tended to focus on frequency of app use and
dropout rates assessed as percentages of users who cease using
the app during the intervention [12,13]. Others take a
user-centric approach, considering the appeal of an app and the
experience of using it reported directly from users themselves,
viainterviews or questionnaires [14]. Commercial companies,
on the other hand, view app engagement differently, focusing
on metricsthat include the number of daily active users (DAUS),
the number of monthly active users (MAUSs), and churn,
measured either as the rate at which nonuse attrition occurs or,
to take into account new app downloads, by dividing the number
of users at the end of a period by the number of users present
at the beginning and expressing this as a percentage [15].
Finally, commercial companiesexaminethe characteristicsand
usage patterns of super users, who use an app the most in terms
of frequency, time spent, or who remain active users for an
extended period. These super users are more likely to rate an
app favorably, shareit with their friends, and engage with most
of its features [16-19]. More recently, as researchers look to
disseminate apps with demonstrated efficacy into natural,
ecologicaly valid settings [20-22], it may be more useful to
adopt these commercia metrics. In this approach, engagement
metrics used to measure the success of for-profit commercial
apps may be more informative or provide unique insights and
could be adopted to allow for comparison between research-
and industry-led PA apps.

http://www.jmir.org/2019/11/e14645/

app usage data collected within a health behavior randomized
controlled trial (RCT) to provide insights regarding usage rates
and associations between user characteristics and app usage.

This study aimed to (1) describe user engagement with a PA
app astotal app use, DAU and MAU, and nonuse attrition (churn
rate), (2) examine whether user characteristics were associated
with engagement (total app use), (3) compare characteristics
between super usersand regular users, and (4) examinewhether
total app use or being a super user was related to intervention

efficacy.
Methods

Research Design

This study is a secondary and subgroup analysis of the 2
intervention arms from a 3-group cluster RCT that evaluated
the efficacy of an app-based intervention in increasing
performance of moderate-to-vigorous PA (MVPA), in
comparison with a waitlist control group. Full details of the
RCT have been published previously [23]. The study received
ethicsapproval from the University of South Australia’s Human
Research Ethics Committee (protocol: 33967), and it was
registered with the Australian and New Zealand Clinical Trial
Registry (protocol: 12617000113358).

Participants and Procedures

Recruitment took placein 2016 and 2017, primarily viaa paid
Facebook advertising campaign and free advertisements placed
in community-based Facebook groups. Participantswereeligible
if they were aged 18 to 65 years, lived anywhere in Australia,
used Facebook weekly, reported as completing less than 150
min of MV PA per week, and were able to sign up to the study
inagroup of at least 3 and amaximum of 8 existing Facebook
friends who also met the study inclusion criteria and were
willing to join the study.

Participant teams were randomized to either the gamified or
basic app (descriptions below) or to the waitlist control group
inal:1:1 alocation ratio. The gamified app included social and
gamified features designed to encourage use of the app and
in-app interaction within teams of friends using the app together,
whereas the basic app was designed to be used by each
participant independently. Participant teams allocated to the
waitlist control group are not included in the current analysis.

Intervention

Users in both app groups received a pedometer (Zencro,
TW64S) to measure their daily step counts, and they received
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aweekly email with a summary of their individual step count
progress. For gamified users, the email also highlighted a
different app feature each week.

Gamified App

The gamified app (Active Team, see Figure 1) encouraged users
to take 10,000 steps per day for 100 days. Thisapp wasdesigned
by the research team (led by CM) and devel oped in conjunction
with a software development company (Portal Australia)
primarily for academic research purposes. Figure 1 shows
screenshots of the app. Full app details and additional images
are available in the study protocol [23]. Within the app, users
could log their steps into a calendar that tracked their progress
over time. Simple gamification (game-like elements included

Edney et d

in nongame settings[24]) featureswereincluded: aleaderboard,
unlockable gifts and medals, a Facebook-style newsfeed, and
mini-PA challenges. The leaderboard displayed a ranked
summary of each teammates’ step count progress. New virtual
gifts and medals were unlocked when users reached
predetermined step counts. The Facebook-style newsfeed
allowed users to share messages with each other, and mini
challenges could be sent between usersto encourage short bursts
of PA (eg, to take 2000 stepsin the next 20 min or to take 12,000
steps per day for 3 consecutive days). Users received a daily
push notification reminding them to log their step counts, and
users received push notifications when a teammate interacted
with them within the app.

Figure 1. Screenshots of the Active Team app Showing (left to right): splashscreen, step calendar, and virtual gifts.
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Basic App

Users of the basic app received a pared down version of the
Active Team app that allowed them to enter and monitor their
own steps in the calendar, and they received a daily push
notification reminding them to enter their step counts. This
version of the app contained no gamified or social features.

Outcomes

This study used demographic and PA data, aswell as app usage
data from the 100-day intervention period.

Demographics

Demographic characteristics were collected within aWeb-based
survey at baseline. Users reported their sex (male and female),

age—median=41 and categorized into older (>41) or younger
(<40)—the highest level of education they had achieved (high

http://www.jmir.org/2019/11/e14645/

RenderX

school or less, some college or further education institution,
and university degree or higher), and height and weight, from

which body mass index (BMI; kg/m?) was calculated and
converted into categories: healthy weight (<24.9), overweight
(25-29.9), obese (>30).

Physical Activity

PA was assessed at baseline (before being randomized to the
gamified or basic app) and 3-month follow-up (to coincidewith
the end of the 100-day intervention period), using GENEActiv
accelerometer. At both time points, participants received an
accelerometer, instructions to wear the device for 7 days, and
areply-paid envelope, viathe Australian postal system. These
datawere classified into MV PA by using cut points established
by Esliger et al [25]. Self-reported PA was collected via the
Active Australia Survey (AAS) [26], delivered electronically.
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The AAS coallects details of minutes spent in walking and
moderate and vigorous activity in the past week and calculates
MV PA from moderate and vigorous activity.

Engagement

Engagement data were collected using a real-time log of each
user's interactions with the app, which was automatically
uploaded to the study’s server over the 100-day intervention
period. The operationalization of the engagement metrics used
in this study is provided below.

Total App Use

The primary engagement metric used in this study isthe number
of times the app features were used (total app use) during the
100-day intervention period. To calculate this individual-level
engagement metric, each interaction with a feature of the app
(ie, step calendar, newsfeed, challenge page, gift page, and
friends page) was included as a single use. Where the server
recorded multiple interactions with a single app feature within
a 15-min period, this was counted once only.

Daily Active Users

This sample-level engagement metric was calculated as the
number and percentage of gamified and basic app users who
accessed the app each day.

Monthly Active Users

This sample-level engagement metric was calculated as the
number and percentage of gamified and basic app users who
accessed the app at least once every 30 days.

Nonuse Attrition

Attrition was defined as occurring once the user ceased
accessing the app for 30 consecutive days or more; the nonuse
attrition rate is a sample-level engagement metric. The 30-day
threshold is often used to describe the use of commercial apps
[15,27]. A sensitivity analysiswas performed using the threshold
of 14 days of nonuse, atime frame, which has been previously
applied in research studies [22,28,29].

Superusers

Super users were defined as users whose total app use fell into
thetop quartile of al users(individual-level engagement metric).

Step Calendar Use

The number of unique visitsto the step calendar (step calendar
use) was aso calculated as an individual-level engagement
metric, and this has been presented descriptively.

DAU, MAU, nonuse attrition, and super users of the step
calendar were calculated, as users of both apps could access
this feature, whereas users of the gamified app had access to
additional gamified and social features, which could potentially
increase their total app use (and were designed to achievethis).
The results from the 2 metrics (total app use and step calendar
use) were near identical; therefore, the results pertaining to step
calendar use are provided in Multimedia Appendix 1.

Statistical Analysis

Demographic characteristics, baseline PA levels, total app use,
DAU, and MAU are presented descriptively. Kaplan-Meier

http://www.jmir.org/2019/11/e14645/
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survival curves [30] were used to assess the time at which
attrition (30 consecutive days of nonuse; sensitivity analysis:
14 consecutive days of nonuse) from each app occurred. The
number of days of app use was the time variable, and the event
variable was specified as being when the user ceased using the
app for 30 or more consecutive days (or 14 or more consecutive
days for the sensitivity analysis). Observations were classified
as censored when the app was still being used by the end of the
100-day intervention period. The log-rank test was used to
determine whether the time until nonuse attrition occurred was
statistically significantly different between groups (gamified or
basic app group).

Associ ations between user characteristics (sex, education, BMI,
age, and group [gamified or basic app] and engagement [total
app use]) were examined using the general linear model
procedure. Significant interactions for categorical variables
(education and BM1) were followed up with post hoc pairwise
comparisons (Kruskal-Wallistestswith Bonferroni correction),
where appropriate. Demographic characteristics and patterns
of app usage by super users (top quartile of users) and regular
users (lowest 3 quartiles) are presented descriptively.
Between-group differences were analyzed using independent t
testsfor continuous variables (age, objective, and self-reported
PA) and chi-square tests for categorical and binary variables
(education, BMI category, and sex). Linear mixed modelswere
used to examine whether total app use or being asuper user was
related to changes in objective or self-reported PA over time.
Total app use, time, and atotal app use-by-timeinteraction were
entered as fixed effects in the first model, and superuser status
(ie, yesor no), time, and a superuser status-by-time interaction
were entered as the fixed effects in the second model. In both
models, individual and team were entered as random effects.
Adjustments were made for demographic characteristics (sex,
education, BMI, and age) by entering these variables into the
model. There were no substantial differences between the
adjusted and unadjusted model s, and the unadjusted modelsare
presented. All analyses were undertaken in SPSS version 25
(IBM Corp).

Results

User Characteristics

A total of 301 users were randomized to either the gamified
(n=141) or basic (n=160) version of the app. Users in both
groupswere predominantly female (73.8%, 222/301), university
educated (53.2%, 159/301), overweight or obese (35.8%,
107/301 and 43.1%, 129/301), and with an average age of 42
(SD 12) years. Therewere no statistically significant differences
in baseline characteristics between the 2 groups. Overall use of
both apps was high. On an average, tota app use for the
gamified group was 239 (SD 202) compared with 120 (SD 94)
for basic app users. Users accessed the step calendar on an
average of 44 (SD 32) and 36 (SD 29) times for the gamified
and basic apps, respectively. Full details of user characteristics
and app usage are presented in Table 1.
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Table 1. Participant baseline characteristics, total app use, and total step calendar use.

Edney et d

Participant characteristic Gamified (n=141) Basic (n=160) All (N=301)
Sex, n (%)

Female 106 (75.2) 116 (72.5) 222 (73.8)
Education level, n (%)

High school or less 26 (18.7) 25 (15.6) 51(17.1)

Some college 36 (25.9) 53(33.1) 89 (29.8)

University degree 77 (55.4) 82 (51.3) 159 (53.2)
Body massindex, n (%)

Healthy weight 26 (18.7) 37(23.1) 63 (21.1)

Overweight 52 (37.4) 55 (34.4) 107 (35.8)

Obese 61 (43.9) 68 (42.5) 129 (43.1)
Age (years), mean (SD) 43.3(11.5) 40.4 (12.2) 41.8 (11.9)
Objective MVPA® minute per day, mean (SD) 106.7 (52.9) 102.7 (50.6) 104.6 (51.6)
Self-reported MV PA minute per week, mean (SD) 243.6 (211.7) 262.1 (264.2) 253.5 (240.9)
Total app use, mean (SD) 239.0 (202.0) 120.17 (94.3) 175.3 (165.2)
Step calendar use, mean (SD) 43.6 (32.4) 36.1(28.5) 39.5 (30.6)

MV PA: moderate-to-vigorous physical activity.

Daily Active Users

Figure 2 shows the sample-level engagement metric of number
of users accessing the app each day. The number of DAUs
declined over the 100-day intervention period. At day 7, 68.0%
(96/141) of the gamified and 64.4% (102/160) of the basic group

Figure 2. Daily active users and total app use.
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Monthly Active Users

The sample-level engagement metric, number of MAUS,
remained high across the 3-month intervention period. In the
first 30 days, 93.7% (282/301) of al users accessed the app
(94.3%, 133/141) and 93.1% (149/160) of the gamified and
basic groups, respectively). Thisnumber declined dightly across
theintervention period, but it remained high at 76.4% (230/301)
for both groups (75.9%, 107/141) and 76.9% (123/160) of the
gamified and basic groups, respectively). Differencesin MAUs
between the 2 groups were not statistically significant (P=.99).

Edney et d

NonuseAttrition

When assessed using the 30 days of nonuse threshold, nonuse
attrition occurred for 31.9% (96/141) and 39.4% (97/160) of
the gamified and basic groups, respectively, with no significant
differences between groups in the time to attrition (log-rank
test, P=.17; see Figure 3). Sensitivity analysis applied the 14
days of nonuse threshold and found that nonuse attrition
occurred for 48.9% (69/141) and 58.7% (94/160) of the gamified
and basic groups, respectively, and differences were not
statistically significant (log-rank test, P=.12; see Figure 4).

Figure 3. Kaplan-Meier survival estimates showing time to nonuse attrition, 30-day nonuse threshold, and total app use.
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Figure 4. Kaplan-Meier survival estimates showing time to non-use attrition 14-day non-use threshold - total app use.
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User Characteristicsand Total App Use

Associations between user characteristics and total app use
(individual-level engagement metric) were examined using
genera linear models. Resultsindicated that BMI, age, and app
group (gamified or basic) were each associated with total app
use. Post hoc pairwise comparison (Kruskal-Wallis test)
indicated total app use varied on the basis of BMI (x,=12.8,
P=.001), driven by differences between those with a BMI

http://www.jmir.org/2019/11/e14645/

RenderX

classified ashealthy (median total app use=194), compared with
obese (median total app use=112; P=.001). Older users had
higher total app use (mean 200.4, 95% CI 171.9-228.9; F,=6.39;
P=.01) than younger users (mean=155.6, 95% Cl 128.5-182.6).
Users of the gamified app aso had more total app use (mean=
236.5, 95% Cl 207.9-265.1; F,=45.12; P<.001), when compared
with those using the basic app (mean=119.5, 95% ClI
93.0-146.0). Full details of al associations are presented in
Table 2.
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Table 2. Associations between user characteristics and total app use.

Characteristics Total, n Total app use
Mean (95% Cl) F test (df) P value

Sex

Male 78 163.7 (129.1-198.2) 2.10 (1) 15

Female 221 192.3 (170.1-214.6) _a —
Education level

High school or less 51 170.8 (128.7-212.9) 2.21(2) A1

Some college 89 162.0 (128.0-195.0) — —

University degree 159 201.2 (174.9-227.5) — —
Body massindex

Healthy weight 63 230.5 (190.6-270.5) 8.67(2) <001

Overweight 107 170.6 (139.5-201.6) — —

Obese 129 132.9 (104.8-161.0) — —
Age (years)”

Younger 149 155.6 (128.5-182.6) 6.39 (1) 01

Older 150 200.4 (171.9-228.9) — —
Group

Gamified 141 236.5 (207.9-265.1) 4512 (1) <.001

Basic 160 119.5 (93.0-146.0) — —

3ot applicable.

Btalics indicates statistical significance.
CAge: younger=<40; older=>41.

There were no significant differences between super and regular

Super Versus Regular Users users for either objectively measured or self-reported PA data

Super users used the app an average of 401 (SD 160; range 248
t0 1062) times compared with 100 (SD 71; range 0 to 239) times
for regular users. Super userswere more likely to be agamified
rather than basic app user ()(21:29.4; P<.001), were 4.6 years
older (t,g;=3.6; P<.001), and were more likely to have a BMI
that placed them within the healthy or overweight, rather than

at baseline; however, super users had greater increasesin their
objectively measured PA change scores (t,39=4.1; P<.001),
when compared with regular userswhose PA decreased dlightly
from baseline. Full details of differences between super and
regular users with regard to baseline characteristics and PA
change over time can be found in Table 3.

obese, range (x21:15.1; P<.001), when compared with regular
users.
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Table 3. Baseline characteristic and physical activity change score comparisons between super and regular users.

Characteristics Total app use
Super Regular P value
Sex, n (%)
Male 15 (19.7) 64 (28.4) 14
Female 61 (80.3) 161 (71.6) _a
Education level, n (%)
High school or less 9(12.0) 42 (18.8) .09
Some college 18 (24.0) 71 (31.7) —
University degree 48 (64.0) 111 (49.6) —
Body massindex, n (%)
Healthy weight 22(29.3) 41 (18.3) <001b
Overweight 35(46.7) 72(32.1) —
Obese 18 (24.0) 111 (49.6) —
Age (years), mean (SD) 46.0 (11.5) 40.4 (11.8) <.001
Group, n (%)
Gamified 56 (73.7) 85 (37.8) <.001
Basic 20(26.3) 140 (62.2) —
Objective PA® minute per day at baseline, mean (SD) 107.0(45.7) 103.7 (53.6) .63
Self-reported PA minute per week at baseline, mean (SD) 244.0 (211.2) 256.7 (250.5) .69
Objective PA minute per day change score, mean (SD) 18.4 (45.0) -8.1(47.1) <.001
Self-reported PA minute per week change score, mean (SD)d 239.7 (424.4) 157.3(388.0) 14
3ot applicable.
bitalics indicates statistical significance.
®PA: physical activity.
dPhysi cal activity change scores from baseline to 3-month follow-up (end of intervention).
Total App Use and Changesto Physical Activity Discussion

Therewas aweak, significant total app use-by-time interaction
effect for objective PA (Fy,7,=4.5; P=.04) and self-reported
PA  (Fy304=6.56, P=.01), where higher total app use
(individual-level engagement metric) was associated with greater
increasesin PA at 3-month follow-up.

Super Usersand Changesto Physical Activity

At the 3-month foll ow-up, objective MV PA had increased from
baselinefor super users of the app, whereasit decreased dlightly
for regular users. There was a significant group by time
interaction, where super users were completing 28.2 (SE 9.5,
95% Cl 9.4-46.9) more min of MVPA than regular users
(F127,=4.76, P=.03). Differences between super and regular
users for self-reported MV PA favored the super users (mean
89.7, SE 43.4, 95% CI 4.4-175.1); however, did not reach
statistical significance (F; ,;=3.31; P=.07).

http://www.jmir.org/2019/11/e14645/

Principlal Findings

The aim of this study was to examine user engagement with an
app-based PA intervention. Use of the app was high, and
although thistrended downward, the low attrition ratesindicate
that most users were returning to the app at least once every 30
days throughout the intervention. Rates of use differed on the
basis of demographic characteristics, where older users and
those with a BMI in the healthy range used the app more.
Unsurprisingly, engagement was higher for users of the gamified
app, which included additional features designed to encourage
this. Super users (top quartile of users) aso tended to be older
and were lesslikely to be obese. Super usersincreased their PA
over time, whereas regular users decreased.

Engagement with the app was high compared with both
research- and industry-led apps. In the gamified and basic app
groups combined, users accessed the app features on an average
of 175 (SD 165) times during the 100 days. In comparison, a
systematic review reported rates of engagement ranging between
5 and 55 times (5%-15% of intended engagement) within
Web-based health behavior interventions, ranging in duration

JMed Internet Res 2019 | vol. 21 | iss. 11 | 14645 | p. 9
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

from 3 monthsto 26 weeks[8]. Although engagement datafrom
commercia apps are not readily available, a study of over a
million users of a commercial weight loss app (Lose It!) that
operationalized engagement as number of days of use found
mean engagement of 29 days, which increased to 172 days for
users accessing customizable features in the app (eg,
personalized PA plan) [31]. Other reports examining all apps
available in the Apple and Google Play app stores suggest that
21% of all downloaded apps are engaged with just once in the
first 6 months [32]. Declining rates of engagement over time
are often reported by researcher-led Web-based health
interventions [8,9,33,34]; however, athough our daily
engagement dropped from a high of 70.8% (213/301) to alow
of 13.3% (40/301), we found that most users (76.4%, 230/301)
were still engaging with the app at least once every 30 days.

Rates of nonuse attrition in this study were low (<40%)
compared with previous research and commercial apps. A
similar RCT found that 80% of participants ceased using a
Web-based PA intervention by week 80 [28], although this
study duration is substantially longer than this study. In the
Web-based 10,000 steps Australia study [29], 74.84%
(8720/11,651) of app-only users had stopped using the
intervention by day 43, although this higher rate is because the
study occurred in a real world rather than controlled setting.
Another real-world study of the 10,000 stepsAustraliawebsite
found that nonuse attrition occurred for 78% of participants
after just 2 weeks[22]. Notethat each of these studies[22,28,29]
used 14 days of nonuse as their threshold, which is likely to
have inflated their attrition rate compared with the 30-day
threshold we used. When we applied the 14-day threshold in
the sensitivity analysis, the attrition rate increased to 50% for
the gamified group and 59% for the basic group across the
100-day period, which still compares favorably to the 10,000
steps studies [22,29]. However, our rate of attrition compared
favorably with commercia apps, used in real-world settings,
which experience an average rate of 62% [35] and which use
the 30 consecutive days of nonuse threshold. That nonuse
attrition was low in this study, and in that by Kolt et al [28],
may be because of the fact that participants were using the app
within the context of an RCT [36,37], compared with someone
using an app under more ecologically valid circumstances. From
our results, we cannot comment on engagement or attrition
beyond the 100-day intervention period, as previous research
reports increasingly rapid decline of usage as time passes
[8,9,38-40].

Consistent with previous research [11], participant
characteristics, namely being older and not being obese, were
associated with increased engagement. Active Team was
designed to be simple and easy to use, and it may have appealed
to older users who are potentialy less savvy in their use of
technology or who may be more health conscious, asthey tend
to face more health problems[41-43]. Other intervention studies
[29,44,45] have found higher engagement among older users,
and a systematic review [11] reported a trend toward age and
engagement being positively correlated. At first, the fact that
userswith higher BMI engaged with the app lessis discouraging,
and other studies have reported a similar negative association
[11], as this suggests people who would benefit from the
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program the most were the least engaged, which is a common
challengefor health promoters, whereby groupswith the highest
needs tend to be the hardest to recruit and engage [46,47].
However, in this study, a high percentage of overweight and
obese users (78.4%, 236/301) compared with approximately
63% of the population) [48] were recruited; however, the
engagement data show these users engaged less across the
intervention period, perhaps as risks associated with PA, such
as joint and respiratory problems [49-51], become more
pronounced for people with higher BMIs, which does make
engaging in PA moredifficult. In contrast, an intervention using
Fitbits found that overweight participants were more likely to
engage and increase their PA [52], and more work should be
undertaken to understand how best to engage different groups.
Regardless, it should be noted that PA holds many health
benefits beyond the control of body weight, including improved
mood [53,54] and cardiorespiratory fitness [55], which means
the higher engagement reported by participants who reported a
BMI in the healthy or overweight rangeis still beneficial.

Users of the gamified app had higher rates of engagement (as
measured by each of our metrics), and they were more likely
to be super users (74%, 56/76 of super users had the gamified
app). This suggests the social and gamified features enhanced
engagement [56,57]. In this study, this is consistent with our
intent at the outset, as the social and gamified features and
prompts were specifically designed and included to increase
engagement, these users al so received push notifications when
someone interacted with them in the app, which were intended
to draw them back to the app. As all of our gamified features
were social in nature, this network effect likely influenced rates
of app use; use by 1 team member (or lack thereof) may have
had a flow on effect, through the team, which either promoted
or inhibited use. Although our current analysis does not allow
us to comment on which social and gamified features resulted
in increased engagement, our results suggest that future apps
could benefit from including gamified features to promote
comparison and competition among users. Moreover, some
reviews [58,59] suggest the inclusion of more sophisticated
gamified features (eg, personalized avatars, storylines) could
enhance usage further. This should be considered with the caveat
that thereis ongoing debate around whether external motivation
provided by gamification undermines intrinsic motivation for
participating in PA [60-64]. This is particularly true for the
gamified Active Team app, where continued usage may be
dependent on usage by others, which could further undermine
theintrinsic motivation. Although gamification does need to be
implemented carefully to support establishment of and
commitment to a PA regimen, the provision of an extrinsic
motivator (to begin) is preferable to lacking any motivation.

Despite similar baseline PA levels, super users saw statistically
significant increasesin their objectively measured PA over time,
when compared with regular users. These results held true after
controlling for demographic characteristics likely to influence
engagement (ie, age, BMI, sex, and education level [34]).
Although promising, this does mean that regular users, who
made up the majority of users (74.8%, (225/301), had PA levels
that, on average, decreased dightly, 8 (SD 47) min, over the
3-month period. Taken together, these results suggest that
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app-based interventions can work, perhaps only for a small
group of people or only when engagement can be maximized
[8,65]. Although users of the gamified app had more features
to engage with, these results are near identical when engagement
was assessed using step calendar use, afeature that both groups
had access to (see Multimedia Appendix 1). This suggests that
self-monitoring of behavior may have been an engaging and
potent enough mechanism for change for some users [66].

Together, these findings highlight the complexities of the
theorized dose-response relationship between intervention
exposure (engagement) and efficacy [8-10,65] and support the
theory of an optimum dosage or exposure threshold [67]
required for intervention efficacy, which is potentially different
for each user. Given super users saw statistically significant
increases to their PA over time, whereas those who used the
app less did not, also suggests ongoing efforts to understand
and boost engagement [12,13,68] are warranted to enhance
appeal so that as many users as possible receive the optimum
exposure for intervention benefits.

Strengths, Limitations, and Future Directions

Thefindings presented here should beinterpreted in the context
of the study’s limitations. First, only user engagement during
the 100-day intervention duration is included; we have relied
on objective engagement metrics from the study’s server, and
we have used the term gamification to refer to a particular set
of game design elements (ie, newsfeed, challenges, virtual gifts,
and leaderboard), all of which are socia in nature. Furthermore,
this study has not considered psychologica aspects of
engagement, such as participant perceptions or the interplay
between personality and engagement [12,40]. In this study,
super users were a priori defined as those whose app use fell
within the top quartile of al users; however, we acknowledge
that other definitions of thisnovel term would have been equally
justified. Moreover, no single engagement metric can wholly
capture and explain user engagement, as such, there will be
limitations associ ated with any engagement metric. For example,
the concept of nonuse attrition may be blunt, as it does fail to
adequately capture usage that diminishes over time in those
who continue to engage with the program. Our choice of
engagement metric was guided by the metrics reported by
industry-led apps, and it is important to note that such apps
often view uptake and use as benchmark for success rather than
behavior change. However, in research and public health
settings, engagement is considered important, as it mediates
user exposure to the intervention and therefore has important
implicationsfor efficacy. Causal claims cannot be made, asthis
study is a secondary and subgroup analysis of RCT data that
did not experimentally test the impact of varying levels of
engagement on PA outcomes. Reverse causation is equaly
possible; the relationships between app usage and PA may be
because users who were able to increase their PA over time
were more satisfied with their experience of the intervention;
therefore, they used the app more. The sample is aso subject
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to aself-selection bias and, typical of health behavior research,
well-educated women are overrepresented [46].

Strengths of this study include the large sample size (n= 301)
and the inclusion of objective measurements of app usage and
PA. Although we acknowledge participants signing up to an
RCT may be highly motivated, our intervention was delivered
entirely via an app with no in-person contact between study
staff and participants. However, the inclusion of eligibility
criteria, baseline, and 3-month follow-up assessments signifies
thisapproach isdistinct from real-world settings, and we do not
know whether our high rates of engagement are potentially
influenced by a Hawthorne effect (where awareness of being
under observation results in modified behavior [69,70]).
Tranglation of researcher-led appsinto real-world trialsislikely
to become more commonplace [7,21,22,71], and the ability to
make comparisons to available industry-led apps will be
increasingly important. Thisstudy has used engagement metrics
commonly reported by industry-led apps, and the method and
findings may be useful to future studies seeking to make direct
comparisons between research- and industry-led apps.

A real-world trial of the app used in this study isnow underway,
and once complete, it can confirm whether the findings reported
here hold true in a setting comparable to how we would expect
peopleto use commercially available apps. Our findings support
the inclusion of social and gamified features to increase
engagement. Interventions are increasingly incorporating
gamification and socia features [45,72-75], and it will be
interesting to seewhether our engagement results arereplicated
in these studies. Moreover, athough consensus on how
engagement is operationalized has not yet eventuated, the field
of engagement science can continueto progressif future studies
publish analyses of app engagement that are similarly, or more,
detailed (ie, to consider each gamified feature separately) than
this study. These analyses should seek to evaluate the role of
engagement levels on intervention efficacy in both instances
where interventions are able to demonstrate overall efficacy
and those that do not. In this way, engaging features can be
identified, refined, and incorporated into future interventions
to enhance their potential for positive behavior change effects.

Conclusions

Taken together, our resultsindicate app-based interventions can
sustain user engagement across a 100-day intervention period,
and the inclusion of social and gamified features can enhance
engagement. Users who were older or with aBMI classified as
healthy or overweight (rather than obese) engaged more, and
those who engaged the most (ie, super users, the top quartile of
users) reported statistically significant increases to their
objectively measured PA over time, supporting the theory that
intervention exposure is linked to efficacy. Further research is
now needed to determine whether these findings are replicated
in other app- and Web-based behavior change studies and in
ecologically valid rea-world settings.
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Step calendar use.
[PDE File (Adobe PDF File), 406 KB-Multimedia Appendix 1]

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Kohl LF, Crutzen R, de Vries NK. Online prevention aimed at lifestyle behaviors. a systematic review of reviews. JMed
Internet Res 2013 Jul 16;15(7):e146 [FREE Full text] [doi: 10.2196/jmir.2665] [Medline: 23859884]

LeeM, LeeH, KimY, Kim J, Cho M, Jang J, et al. Mobile app-based health promotion programs. a systematic review of
theliterature. Int JEnviron Res Public Health 2018 Dec 13;15(12):pii: E2838 [FREE Full text] [doi: 10.3390/ijerph15122838]
[Medline: 30551555]

Miller AM, Maher CA, Vandelanotte C, Hingle M, Middelweerd A, Lopez ML, et a. Physical activity, sedentary behavior,
and diet-related eHealth and mHealth research: bibliometric analysis. JMed Internet Res 2018 Apr 18;20(4):e122 [FREE
Full text] [doi: 10.2196/jmir.8954] [Medline: 29669703]

Maher C, Ferguson M, Vandelanotte C, Plotnikoff R, de Bourdeaudhuij I, Thomas S, et al. A web-based, social hetworking
physical activity intervention for insufficiently active adults delivered via Facebook app: randomized controlled trial. J
Med Internet Res 2015 Jul 13;17(7):e174 [FREE Full text] [doi: 10.2196/jmir.4086] [Medline: 26169067]

Wing RR, Pinto AM, Crane MM, Kumar R, Weinberg BM, Gorin AA. A statewide intervention reduces BMI in adults:
Shape Up Rhode Island results. Obesity (Silver Spring) 2009 May;17(5):991-995 [FREE Full text] [doi:
10.1038/0by.2008.655] [Medline: 19180068]

Gal R, May AM, van Overmeeren EJ, Simons M, Monninkhof EM. The effect of physical activity interventions comprising
wearabl es and smartphone applications on physical activity: a systematic review and meta-analysis. Sports Med Open 2018
Sep 3;4(1):42 [FREE Full text] [doi: 10.1186/s40798-018-0157-9] [Medline: 30178072]

Romeo A, Edney S, Plotnikoff R, Curtis R, Ryan J, Sanders|, et al. Can smartphone apps increase physical activity?
Systematic review and meta-analysis. JMed Internet Res 2019 Mar 19;21(3):€12053 [ FREE Full text] [doi: 10.2196/12053]
[Medline: 30888321]

Maher CA, LewisLK, Ferrar K, Marshall S, de Bourdeaudhuij |, Vandelanotte C. Are health behavior change interventions
that use online socia networks effective? A systematic review. JMed Internet Res 2014 Feb 14;16(2):e40 [FREE Full text]
[doi: 10.2196/jmir.2952] [Medline: 24550083]

Laranjo L, Arguel A, NevesAL, Gallagher AM, Kaplan R, Mortimer N, et al. The influence of socia networking sites on
health behavior change: a systematic review and meta-analysis. JAm Med Inform Assoc 2015 Jan;22(1):243-256 [FREE
Full text] [doi: 10.1136/amiajnl-2014-002841] [Medline: 25005606]

Cavallo DN, Tate DF, Ward DS, DeVellis RF, Thayer LM, Ammerman AS. Socia support for physical activity-role of
Facebook with and without structured intervention. Transl Behav Med 2014 Dec;4(4):346-354 [FREE Full text] [doi:
10.1007/s13142-014-0269-9] [Medline: 25584083]

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]

Short CE, DeSmet A, Woods C, Williams SL, Maher C, Middelweerd A, et a. Measuring engagement in eHealth and
mHealth behavior change interventions: viewpoint of methodologies. JMed Internet Res 2018 Nov 16;20(11):€292 [FREE
Full text] [doi: 10.2196/jmir.9397] [Medline: 30446482]

Pham Q, Graham G, Carrion C, Morita PP, Seto E, Stinson JN, et al. A library of analytic indicators to evaluate effective
engagement with consumer mHealth apps for chronic conditions: scoping review. IMIR Mhealth Uhealth 2019 Jan
18;7(1):€11941 [FREE Full text] [doi: 10.2196/11941] [Medline: 30664463]

Dennison L, Morrison L, Conway G, Yardley L. Opportunities and challenges for smartphone applications in supporting
health behavior change: qualitative study. J Med Internet Res 2013 Apr 18;15(4):e86 [FREE Full text] [doi:
10.2196/jmir.2583] [Medline: 23598614]

Bonnie E. CleverTap. 2017. Churn Rate: How to Define and Calculate Customer Churn. URL: https:.//clevertap.com/blog/
churn-rate/ [accessed 2019-07-25] [WebCite Cache ID 78AG7rQi8]

Global App Testing. 2019. 6 Secrets of App Stickiness. URL: https:.//www.global apptesting.com/blog/

the-6-secrets-of -app-stickiness [accessed 2019-07-25] [WebCite Cache ID 78DD3WxDJ)

NewGenApps. 2017. 10 Key Metrics to Measure User Engagement in Mobile Apps. URL: https://www.newgenapps.com/
bl og/mobil e-app-anal ytics-10-key-metrics-to-measure-user-engagement [accessed 2019-06-25] [WebCite Cache ID
78FhtZC4x]

Valdellon L. CleverTap. 2018. How to Measure Your App’s Health with User Engagement Metrics. URL : https.//clevertap.
com/blog/measure-app-heal th-with-user-engagement-metrics/ [accessed 2019-06-25] [WebCite Cache ID 78Fi6zISv]
Rojek R. Influencive. 2017. Recognize Your Super Users and Accelerate Your App Growth. URL: https:.//www.
influencive.com/recognize-super-users-accel erate-app-growth/ [accessed 2019-06-25] [WebCite Cache ID 78DDL GI33]

http://www.jmir.org/2019/11/e14645/ JMed Internet Res 2019 | vol. 21 | iss. 11 | 14645 | p. 12

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v21i11e14645_app1.pdf&filename=c8013386b4b04909bcb05200af40be63.pdf
https://jmir.org/api/download?alt_name=jmir_v21i11e14645_app1.pdf&filename=c8013386b4b04909bcb05200af40be63.pdf
https://www.jmir.org/2013/7/e146/
http://dx.doi.org/10.2196/jmir.2665
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23859884&dopt=Abstract
http://www.mdpi.com/resolver?pii=ijerph15122838
http://dx.doi.org/10.3390/ijerph15122838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30551555&dopt=Abstract
https://www.jmir.org/2018/4/e122/
https://www.jmir.org/2018/4/e122/
http://dx.doi.org/10.2196/jmir.8954
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29669703&dopt=Abstract
https://www.jmir.org/2015/7/e174/
http://dx.doi.org/10.2196/jmir.4086
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26169067&dopt=Abstract
https://doi.org/10.1038/oby.2008.655
http://dx.doi.org/10.1038/oby.2008.655
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19180068&dopt=Abstract
http://europepmc.org/abstract/MED/30178072
http://dx.doi.org/10.1186/s40798-018-0157-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30178072&dopt=Abstract
https://www.jmir.org/2019/3/e12053/
http://dx.doi.org/10.2196/12053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30888321&dopt=Abstract
https://www.jmir.org/2014/2/e40/
http://dx.doi.org/10.2196/jmir.2952
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24550083&dopt=Abstract
http://europepmc.org/abstract/MED/25005606
http://europepmc.org/abstract/MED/25005606
http://dx.doi.org/10.1136/amiajnl-2014-002841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25005606&dopt=Abstract
http://europepmc.org/abstract/MED/25584083
http://dx.doi.org/10.1007/s13142-014-0269-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25584083&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://www.jmir.org/2018/11/e292/
https://www.jmir.org/2018/11/e292/
http://dx.doi.org/10.2196/jmir.9397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30446482&dopt=Abstract
https://mhealth.jmir.org/2019/1/e11941/
http://dx.doi.org/10.2196/11941
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30664463&dopt=Abstract
https://www.jmir.org/2013/4/e86/
http://dx.doi.org/10.2196/jmir.2583
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23598614&dopt=Abstract
https://clevertap.com/blog/churn-rate/
https://clevertap.com/blog/churn-rate/
http://www.webcitation.org/

                                            78AG7rOi8
https://www.globalapptesting.com/blog/the-6-secrets-of-app-stickiness
https://www.globalapptesting.com/blog/the-6-secrets-of-app-stickiness
http://www.webcitation.org/

                                            78DD3WxDJ
https://www.newgenapps.com/blog/mobile-app-analytics-10-key-metrics-to-measure-user-engagement
https://www.newgenapps.com/blog/mobile-app-analytics-10-key-metrics-to-measure-user-engagement
http://www.webcitation.org/

                                            78FhtZC4x
http://www.webcitation.org/

                                            78FhtZC4x
https://clevertap.com/blog/measure-app-health-with-user-engagement-metrics/
https://clevertap.com/blog/measure-app-health-with-user-engagement-metrics/
http://www.webcitation.org/

                                            78Fi6zlSv
https://www.influencive.com/recognize-super-users-accelerate-app-growth/
https://www.influencive.com/recognize-super-users-accelerate-app-growth/
http://www.webcitation.org/

                                            78DDLGl33
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Edney et d

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

Vandelanotte C, Miller AM, Short CE, Hingle M, Nathan N, Williams SL, et al. Past, present, and future of eHealth and
mHealth research to improve physical activity and dietary behaviors. JNutr Educ Behav 2016 Mar;48(3):219-228.€l. [doi:
10.1016/j.jneb.2015.12.006] [Medline: 26965100]

Vandelanotte C, Maher CA. Why we need more than just randomized controlled trials to establish the effectiveness of
online social networks for health behavior change. Am JHealth Promot 2015;30(2):74-76. [doi:

10.4278/ajhp.141204-CI T-605] [Medline: 26517586]

Vandelanotte C, Kolt GS, Caperchione CM, Savage TN, Rosenkranz RR, Maeder AJ, et al. Effectiveness of aweb 2.0
intervention to increase physical activity in rea-world settings: randomized ecological trial. JMed Internet Res 2017 Nov
13;19(11):€390 [FREE Full text] [doi: 10.2196/jmir.8484] [Medline: 29133282]

Edney S, Plotnikoff R, Vandelanotte C, Olds T, de Bourdeaudhuij I, Ryan J, et al. "Active Team" a social and gamified
app-based physical activity intervention: randomised controlled trial study protocol. BM C Public Health 2017 Nov 2;17(1):859
[FREE Full text] [doi: 10.1186/s12889-017-4882-7] [Medline: 29096614]

Deterding S, Dixon D, Khaled R, Nacke L. From Game Design Elements to Gamefulness: Defining '‘Gamification'. In:
MindTrek'11. 2011 Presented at: Proceedings of the 15th International Academic MindTrek Conference: Envisioning Future
Media Environments; September 28-30, 2011; Tampere, Finland p. 9-15. [doi: 10.1145/2181037.2181040]

Esliger DW, Rowlands AV, Hurst TL, Catt M, Murray P, Eston RG. Validation of the GENEA accelerometer. Med Sci
Sports Exerc 2011 Jun;43(6):1085-1093. [doi: 10.1249/M SS.0b013e31820513be] [Medline: 21088628]

Australian Institute of Health and Welfare. The Active Australia Survey: A Guide and Manual for Implementation, Analysis
and Reporting. Canberra: AIHW; 2003.

Igbal M. Business of Apps. 2019. Pokémon GO Revenue and Usage Statistics (2019). URL : https://www.bus nessofapps.com/
data/pokemon-go-statistics/ [accessed 2019-06-30]

Kolt GS, Rosenkranz RR, Vandelanotte C, Caperchione CM, Maeder AJ, Tague R, et al. Using Web 2.0 applicationsto
promote health-related physical activity: findings from the WALK 2.0 randomised controlled trial. Br J Sports Med 2017
Oct;51(19):1433-1440 [ FREE Full text] [doi: 10.1136/bjsports-2016-096890] [Medline: 28049624]

Guertler D, Vandelanotte C, Kirwan M, Duncan MJ. Engagement and nonusage attrition with a free physical activity
promotion program: the case of 10,000 steps Australia. JMed Internet Res 2015 Jul 15;17(7):e176 [FREE Full text] [doi:
10.2196/jmir.4339] [Medline: 26180040]

Kaplan EL, Meier P. Nonparametric estimation from incomplete observations. JAm Stat Assoc 1958 Jun;53(282):457-481.
[doi: 10.1080/01621459.1958.10501452]

Serrano KJ, CoaKIl, Yu M, Wolff-Hughes DL, AtienzaAA. Characterizing user engagement with health app data: a data
mining approach. Transl Behav Med 2017 Jun;7(2):277-285 [FREE Full text] [doi: 10.1007/s13142-017-0508-y] [Medline:
28616846]

Statista. 2019. Percentage of Mobile Apps That Have Been Used Only Once During the First Six Months of Ownership
From 2010 to 2018. URL : https://www.stati sta.com/stati stics/271628/percentage-of -apps-used-once-in-the-us/ [accessed
2019-06-30] [WebCite Cache ID 78DDkCwcal

Thrul J, Klein AB, Ramo DE. Smoking cessation intervention on Facebook: which content generates the best engagement?
JMed Internet Res 2015 Nov 11;17(11):e244 [FREE Full text] [doi: 10.2196/jmir.4575] [Medline: 26561529]

Ryan J, Edney S, Maher C. Engagement, compliance and retention with a gamified online social networking physical
activity intervention. Transl Behav Med 2017 Dec;7(4):702-708 [EREE Full text] [doi: 10.1007/s13142-017-0499-8]
[Medline: 28523603]

Rodde T. Localytics. 2018. 21% of Users Abandon an App After One Use. URL : http://info.localytics.com/blog/
21-percent-of -users-abandon-apps-after-one-use [accessed 2019-06-30] [WebCite Cache ID 78DDPGWED]

Eysenbach G. The law of attrition. JMed Internet Res 2005 Mar 31;7(1):e11 [FREE Full text] [doi: 10.2196/jmir.7.1.e11]
[Medline: 15829473]

Kelders SM, Kok RN, Ossebaard HC, van Gemert-Pijnen JE. Persuasive system design does matter: a systematic review
of adherence to web-based interventions. JMed Internet Res 2012 Nov 14;14(6):e152 [FREE Full text] [doi:
10.2196/jmir.2104] [Medline: 23151820]

Shin G, Jarrahi MH, Fei Y, Karami A, Gafinowitz N, Byun A, et a. Wearable activity trackers, accuracy, adoption,
acceptance and health impact: a systematic literature review. J Biomed Inform 2019 May;93:103153. [doi:
10.1016/}.jbi.2019.103153] [Medline: 30910623]

Clawson J, Pater J, Miller A, Mynatt E, Mamykina L. No Longer Wearing: Investigating the Abandonment of Personal
Health-tracking Technologies on Craigdlist. In: Proceedings of the 2015 ACM International Joint Conference on Pervasive
and Ubiquitous Computing. 2015 Presented at: UbiComp'15; September 7-11, 2015; Osaka, Japan p. 07-11. [doi:
10.1145/2750858.2807554]

Maher C, Ryan J, Ambrosi C, Edney S. Users experiences of wearable activity trackers: a cross-sectional study. BMC
Public Health 2017 Nov 15;17(1):880 [FREE Full text] [doi: 10.1186/s12889-017-4888-1] [Medline: 29141607]
Venkatesh V, Thong JY, Xu X. Consumer acceptance and use of information technology: extending the unified theory of
acceptance and use of technology. MIS Quarterly 2012;36(1):157-178. [doi: 10.2307/41410412]

http://www.jmir.org/2019/11/e14645/ JMed Internet Res 2019 | vol. 21 | iss. 11 | €14645 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.jneb.2015.12.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26965100&dopt=Abstract
http://dx.doi.org/10.4278/ajhp.141204-CIT-605
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26517586&dopt=Abstract
https://www.jmir.org/2017/11/e390/
http://dx.doi.org/10.2196/jmir.8484
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29133282&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-017-4882-7
http://dx.doi.org/10.1186/s12889-017-4882-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29096614&dopt=Abstract
http://dx.doi.org/10.1145/2181037.2181040
http://dx.doi.org/10.1249/MSS.0b013e31820513be
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21088628&dopt=Abstract
https://www.businessofapps.com/data/pokemon-go-statistics/
https://www.businessofapps.com/data/pokemon-go-statistics/
http://bjsm.bmj.com/cgi/pmidlookup?view=long&pmid=28049624
http://dx.doi.org/10.1136/bjsports-2016-096890
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28049624&dopt=Abstract
https://www.jmir.org/2015/7/e176/
http://dx.doi.org/10.2196/jmir.4339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26180040&dopt=Abstract
http://dx.doi.org/10.1080/01621459.1958.10501452
http://europepmc.org/abstract/MED/28616846
http://dx.doi.org/10.1007/s13142-017-0508-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28616846&dopt=Abstract
https://www.statista.com/statistics/271628/percentage-of-apps-used-once-in-the-us/
http://www.webcitation.org/

                                            78DDkCwca
https://www.jmir.org/2015/11/e244/
http://dx.doi.org/10.2196/jmir.4575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26561529&dopt=Abstract
http://europepmc.org/abstract/MED/28523603
http://dx.doi.org/10.1007/s13142-017-0499-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28523603&dopt=Abstract
http://info.localytics.com/blog/21-percent-of-users-abandon-apps-after-one-use
http://info.localytics.com/blog/21-percent-of-users-abandon-apps-after-one-use
http://www.webcitation.org/

                                            78DDPGwEb
https://www.jmir.org/2005/1/e11/
http://dx.doi.org/10.2196/jmir.7.1.e11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15829473&dopt=Abstract
https://www.jmir.org/2012/6/e152/
http://dx.doi.org/10.2196/jmir.2104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23151820&dopt=Abstract
http://dx.doi.org/10.1016/j.jbi.2019.103153
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30910623&dopt=Abstract
http://dx.doi.org/10.1145/2750858.2807554
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-017-4888-1
http://dx.doi.org/10.1186/s12889-017-4888-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29141607&dopt=Abstract
http://dx.doi.org/10.2307/41410412
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Edney et d

42.

43.

44,

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Carpenter BD, Buday S. Computer use among older adultsin anaturally occurring retirement community. Comp Hum
Behav 2007 Nov;23(6):3012-3024 [FREE Full text] [doi: 10.1016/j.chb.2006.08.015]

Nigg CR, Burbank PM, Padula C, Dufresne R, Rossi JS, Velicer WF, et al. Stages of change across ten health risk behaviors
for older adults. Gerontologist 1999 Aug;39(4):473-482. [doi: 10.1093/geront/39.4.473] [Medline: 10495586]

Davies C, Corry K, van Italie A, Vandelanotte C, Caperchione C, Mummery WK. Prospective associations between
intervention components and website engagement in apublicly available physical activity website: the case of 10,000 Steps
Australia. JMed Internet Res 2012 Jan 11;14(1):e4 [FREE Full text] [doi: 10.2196/jmir.1792] [Medline: 22260810]
Kappen D, Mirza-Babael P, Nacke L. Gamification of Older Adults Physical Activity: An Eight-Week Study. In: Proceedings
of the 51st Hawaii International Conference on System Sciences. 2018 Presented at: HICSS'18; January 3-6, 2018; Hawaii
URL: http://hdl.handle.net/10125/50036 [doi: 10.24251/hicss.2018.149]

Plotnikoff RC, Costigan SA, Williams RL, Hutchesson MJ, Kennedy SG, Robards SL, et al. Effectiveness of interventions
targeting physical activity, nutrition and healthy weight for university and college students: a systematic review and
meta-analysis. Int JBehav Nutr PhysAct 2015 Apr 1;12:45 [FREE Full text] [doi: 10.1186/s12966-015-0203-7] [Medline:
25890337]

Bonevski B, Randell M, Paul C, Chapman K, Twyman L, Bryant J, et al. Reaching the hard-to-reach: a systematic review
of strategiesfor improving health and medical research with socially disadvantaged groups. BMC Med Res Methodol 2014
Mar 25;14:42 [FREE Full text] [doi: 10.1186/1471-2288-14-42] [Medline: 24669751]

Australian Institute of Health and Welfare. Australia's Health 2018. Australiac AIHW; 2018.

Berg FM. Health risks associated with weight | oss and obesity treatment programs. J Soc | ssues 2002 Dec 17;55(2):277-297
[FREE Full text] [doi: 10.1111/0022-4537.00116)]

Bazelmans C, CoppietersY, Godin |, Parent F, Berghmans L, Dramaix M, et al. |s obesity associated with injuries among
young people? Eur J Epidemiol 2004;19(11):1037-1042. [doi: 10.1007/s10654-004-0158-5] [Medline: 15648597]
Sallinen J, Leinonen R, Hirvensalo M, LyyraT, Heikkinen E, Rantanen T. Perceived constraints on physical exercise among
obese and non-obese older people. Prev Med 2009 Dec;49(6):506-510. [doi: 10.1016/j.ypmed.2009.10.001] [Medline:
19833148]

Vandelanotte C, Duncan MJ, Maher CA, Schoeppe S, Rebar AL, Power DA, et al. The effectiveness of a web-based
computer-tailored physical activity intervention using fitbit activity trackers: randomized trial. JMed Internet Res 2018
Dec 18;20(12):€11321 [FREE Full text] [doi: 10.2196/11321] [Medline: 30563808]

Annesi JJ, Porter KJ, Hill GM, Goldfine BD. Effects of instructional physical activity courses on overall physical activity
and mood in university students. Res Q Exerc Sport 2017 Sep;88(3):358-364. [doi: 10.1080/02701367.2017.1336280]
[Medline: 28636503]

Penedo FJ, Dahn JR. Exercise and well-being: areview of mental and physical health benefits associated with physical
activity. Curr Opin Psychiatry 2005 Mar;18(2):189-193. [doi: 10.1097/00001504-200503000-00013] [Medline: 16639173]
Warburton DE, Nicol CW, Bredin SS. Health benefits of physical activity: the evidence. Can Med Assoc J 2006 Mar
14;174(6):801-809 [FREE Full text] [doi: 10.1503/cmaj.051351] [Medline: 16534088]

Looyestyn J, Kernot J, Boshoff K, Ryan J, Edney S, Maher C. Does gamification increase engagement with online programs?
A systematic review. PLoS One 2017;12(3):e0173403 [FREE Full text] [doi: 10.1371/journal .pone.0173403] [Medline:
28362821]

Patel MS, Benjamin EJ, Volpp KG, Fox CS, Small DS, Massaro JM, et a. Effect of a game-based intervention designed
to enhance social incentivesto increase physical activity among families: the Be Fit randomized clinical trial. JAMA Intern
Med 2017 Nov 1;177(11):1586-1593 [FREE Full text] [doi: 10.1001/jamainternmed.2017.3458] [Medline: 28973115]
Sardi L, Idri A, Fernandez-Aleman JL. A systematic review of gamification in e-Health. JBiomed Inform 2017 Jul; 71:31-48
[FREE Full text] [doi: 10.1016/}.jbi.2017.05.011] [Medline: 28536062]

Johnson D, Deterding S, Kuhn K, StanevaA, Stoyanov S, Hides L. Gamification for health and wellbeing: a systematic
review of the literature. Internet Interv 2016 Nov;6:89-106 [FREE Full text] [doi: 10.1016/j.invent.2016.10.002] [Medline:
30135818]

Deci EL, Koestner R, Ryan RM. A meta-analytic review of experiments examining the effects of extrinsic rewards on
intrinsic motivation. Psychol Bull 1999 Nov;125(6):627-68; discussion 692. [doi: 10.1037/0033-2909.125.6.627] [Medline:
10589297]

SuhA, Wagner C, Liu L. Enhancing user engagement through gamification. JComput Inform Syst 2016 Oct 3;58(3):204-213.
[doi: 10.1080/08874417.2016.1229143]

Attig C, Franke T. | track, therefore | walk — exploring the motivational costs of wearing activity trackersin actual users.
Int JHum-Comput St 2019 Jul;127:211-224. [doi: 10.1016/j.ijhcs.2018.04.007]

Kyewski E, Kramer NC. To gamify or not to gamify? An experimental field study of the influence of badges on motivation,
activity, and performance in an online learning course. Comput Educ 2018 Mar;118:25-37. [doi:
10.1016/j.compedu.2017.11.006]

Murray JM, French DP, Patterson CC, Kee F, Gough A, Tang J, et al. Predicting outcomes from engagement with specific
components of an internet-based physical activity intervention with financial incentives: process analysis of a cluster

http://www.jmir.org/2019/11/e14645/ JMed Internet Res 2019 | vol. 21 | iss. 11 | 14645 | p. 14

(page number not for citation purposes)


https://doi.org/10.1016/j.chb.2006.08.015
http://dx.doi.org/10.1016/j.chb.2006.08.015
http://dx.doi.org/10.1093/geront/39.4.473
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10495586&dopt=Abstract
https://www.jmir.org/2012/1/e4/
http://dx.doi.org/10.2196/jmir.1792
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22260810&dopt=Abstract
http://hdl.handle.net/10125/50036
http://dx.doi.org/10.24251/hicss.2018.149
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-015-0203-7
http://dx.doi.org/10.1186/s12966-015-0203-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25890337&dopt=Abstract
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/1471-2288-14-42
http://dx.doi.org/10.1186/1471-2288-14-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24669751&dopt=Abstract
https://doi.org/10.1111/0022-4537.00116
http://dx.doi.org/10.1111/0022-4537.00116
http://dx.doi.org/10.1007/s10654-004-0158-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15648597&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2009.10.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19833148&dopt=Abstract
https://www.jmir.org/2018/12/e11321/
http://dx.doi.org/10.2196/11321
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30563808&dopt=Abstract
http://dx.doi.org/10.1080/02701367.2017.1336280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28636503&dopt=Abstract
http://dx.doi.org/10.1097/00001504-200503000-00013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16639173&dopt=Abstract
http://www.cmaj.ca/cgi/pmidlookup?view=long&pmid=16534088
http://dx.doi.org/10.1503/cmaj.051351
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16534088&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0173403
http://dx.doi.org/10.1371/journal.pone.0173403
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28362821&dopt=Abstract
http://europepmc.org/abstract/MED/28973115
http://dx.doi.org/10.1001/jamainternmed.2017.3458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28973115&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(17)30106-5
http://dx.doi.org/10.1016/j.jbi.2017.05.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28536062&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(16)30038-0
http://dx.doi.org/10.1016/j.invent.2016.10.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30135818&dopt=Abstract
http://dx.doi.org/10.1037/0033-2909.125.6.627
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10589297&dopt=Abstract
http://dx.doi.org/10.1080/08874417.2016.1229143
http://dx.doi.org/10.1016/j.ijhcs.2018.04.007
http://dx.doi.org/10.1016/j.compedu.2017.11.006
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Edney et d

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

randomized controlled trial. JMed Internet Res 2019 Apr 19;21(4):e11394 [ FREE Full text] [doi: 10.2196/11394] [Medline:
31002304]

Vandelanotte C, Spathonis KM, Eakin EG, Owen N. Website-delivered physical activity interventions areview of the
literature. Am J Prev Med 2007 Jul;33(1):54-64. [doi: 10.1016/j.amepre.2007.02.041] [Medline: 17572313]

Samdal GB, Eide GE, Barth T, Williams G, Meland E. Effective behaviour change techniques for physical activity and
healthy eating in overweight and obese adults; systematic review and meta-regression analyses. Int J Behav Nutr PhysAct
2017 Mar 28;14(1):42 [EREE Full text] [doi: 10.1186/s12966-017-0494-y] [Medline: 28351367]

Nelson LA, Coston TD, Cherrington AL, Osborn CY. Patterns of user engagement with mobile- and web-delivered self-care
interventions for adults with T2DM: areview of the literature. Curr Diab Rep 2016 Jul;16(7):66 [FREE Full text] [doi:
10.1007/s11892-016-0755-1] [Medline: 27255269]

Danaher BG, Brendryen H, Seeley JR, Tyler MS, Woolley T. From black box to toolbox: outlining device functionality,
engagement activities, and the pervasive information architecture of mHealth interventions. Internet Interv 2015 Mar
1;2(1):91-101 [FREE Full text] [doi: 10.1016/j.invent.2015.01.002] [Medline: 25750862]

Wickstrom G, Bendix T. The 'Hawthorne effect'--what did the original Hawthorne studies actually show? Scand JWork
Environ Health 2000 Aug;26(4):363-367 [FREE Full text] [doi: 10.5271/sjweh.555] [Medline: 10994804)]

Sedgwick P, Greenwood N. Understanding the Hawthorne effect. Br Med J 2015 Sep 4;351:h4672. [doi: 10.1136/bmj.h4672]
[Medline: 26341898]

Vandelanotte C, Duncan MJ, Kolt GS, Caperchione CM, Savage TN, van ItallieA, et al. More real-world trials are needed
to establish if web-based physical activity interventions are effective. Br J Sports Med 2018 Jul 3:- (forthcoming). [doi:
10.1136/bjsports-2018-099437] [Medline: 29970409]

Boekhout IM, Peels DA, Berendsen BA, Bolman CA, Lechner L. An eHealth intervention to promote physical activity and
social network of single, chronically impaired older adults: adaptation of an existing intervention using intervention mapping.
JMIR Res Protoc 2017 Nov 23;6(11):e230 [EREE Full text] [doi: 10.2196/resprot.8093] [Medline: 29170146]

Lee D, Frey G, Cheng A, Shih PC. Puzzle Walk: A Gamified Mobile App to Increase Physical Activity in Adults with
Autism Spectrum Disorder. In: Proceedings of the 10th International Conference on Virtual Worlds and Games for Serious
Applications. 2018 Presented at: VS-Games'18; September 5-7, 2018; Wurzburg, Germany. [doi:
10.1109/vs-games.2018.8493439]

Corepal R, Best B, O'Nelll R, Tully MA, Edwards M, Jago R, et al. Exploring the use of a gamified intervention for
encouraging physical activity in adolescents: a qualitative longitudinal study in Northern Ireland. BMJ Open 2018 Apr
20;8(4):e019663 [FREE Full text] [doi: 10.1136/bmjopen-2017-019663] [Medline: 29678971]

van Woudenberg TJ, Bevelander KE, Burk WJ, Smit CR, BuijsL, Buijzen M. A randomized controlled trial testing asocial
network intervention to promote physical activity among adolescents. BMC Public Health 2018 Apr 23;18(1):542 [FREE
Full text] [doi: 10.1186/s12889-018-5451-4] [Medline: 29685112]

Abbreviations

AAS: ActiveAustralia Survey

BMI: body massindex

DAU: daily active user

MAU: monthly active user

MVPA: moderate-to-vigorous physical activity
PA: physica activity

RCT: randomized controlled trial

Edited by G Eysenbach; submitted 09.05.19; peer-reviewed by S Baptista, M Patel, T Cahill; comments to author 21.06.19; revised
version received 30.07.19; accepted 30.08.19; published 03.11.19

Please cite as:

Edney S, Ryan JC, Olds T, Monroe C, Fraysse F, Vandelanotte C, Plotnikoff R, Curtis R, Maher C

User Engagement and Attrition in an App-Based Physical Activity Intervention: Secondary Analysis of a Randomized Controlled Trial
J Med Internet Res 2019;21(11): 14645

URL: http://www.jmir.org/2019/11/e14645/

doi: 10.2196/14645

PMID:

©Sarah Martine Edney, Jillian C Ryan, Tim Olds, Courtney Monroe, Frangois Fraysse, Corneel Vandelanotte, Ronald Plotnikoff,
Rachel Curtis, Carol Maher. Originally published in the Journal of Medical Internet Research (http://www.jmir.org), 21.11.2019.

http://www.jmir.org/2019/11/e14645/ JMed Internet Res 2019 | vol. 21 | iss. 11 | €14645 | p. 15

(page number not for citation purposes)


https://www.jmir.org/2019/4/e11394/
http://dx.doi.org/10.2196/11394
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31002304&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2007.02.041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17572313&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-017-0494-y
http://dx.doi.org/10.1186/s12966-017-0494-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28351367&dopt=Abstract
http://europepmc.org/abstract/MED/27255269
http://dx.doi.org/10.1007/s11892-016-0755-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27255269&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(15)00003-2
http://dx.doi.org/10.1016/j.invent.2015.01.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25750862&dopt=Abstract
http://www.sjweh.fi/show_abstract.php?abstract_id=555
http://dx.doi.org/10.5271/sjweh.555
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10994804&dopt=Abstract
http://dx.doi.org/10.1136/bmj.h4672
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26341898&dopt=Abstract
http://dx.doi.org/10.1136/bjsports-2018-099437
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29970409&dopt=Abstract
https://www.researchprotocols.org/2017/11/e230/
http://dx.doi.org/10.2196/resprot.8093
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29170146&dopt=Abstract
http://dx.doi.org/10.1109/vs-games.2018.8493439
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=29678971
http://dx.doi.org/10.1136/bmjopen-2017-019663
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29678971&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-018-5451-4
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-018-5451-4
http://dx.doi.org/10.1186/s12889-018-5451-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29685112&dopt=Abstract
http://www.jmir.org/2019/11/e14645/
http://dx.doi.org/10.2196/14645
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/

JOURNAL OF MEDICAL INTERNET RESEARCH Edney et d

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, isproperly cited. The complete bibliographic

information, alink to the original publication on http://www.jmir.org/, as well as this copyright and license information must be
included.

http://www.jmir.org/2019/11/e14645/ JMed Internet Res 2019 | vol. 21 | iss. 11 | €14645 | p. 16

(page number not for citation purposes)


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

