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Abstract

Background: Cancer survivors are at an elevated risk for several negative health outcomes, but physical activity (PA) can
decrease those risks. Unfortunately, adherence to PA recommendations among survivors is low. Fitness mobile apps have been
shown to facilitate the adoption of PA in the genera population, but there are limited apps specifically designed for cancer
survivors. This population has unique needs and barriersto PA, and most existing PA apps do not address these issues. Moreover,
incorporating user preferences has been identified as an important priority for technology-based PA interventions, but at present
there is limited literature that serves to establish these preferences in cancer survivors. Thisis especially problematic given the
high cost of app development and because the majority of downloaded apps fail to engage users over the long term.

Objective: The aim of this study was to take a qualitative approach to provide practical insight regarding this population’s
preferences for the features and messages of an app to increase PA.

Methods: A total of 35 cancer survivors each attended 2 focus groups, a moderator presented slide shows on potentia app
features and messages and asked open-ended questions to elicit participant preferences. All sessions were audio recorded and
transcribed verbatim. Three reviewers independently conducted thematic content analysis on all transcripts, then organized and
consolidated findings to identify salient themes.

Results: Participants (mean age 63.7, SD 10.8, years) were mostly female (24/35, 69%) and mostly white (25/35, 71%).
Participants generally had access to technology and were receptive to engaging with an app to increase PA. Themes identified
included preferencesfor (1) acasual, concise, and positive tone, (2) tools for personal goal attainment, (3) a prescription for PA,
and (4) an experience that is tailored to the user. Participants reported wanting extensive background data collection with low
data entry burden and to have a trustworthy source trandate their personal data into individualized PA recommendations. They
expressed adesire for app functions that could facilitate goal achievement and articulated a preference for a more private social
experience. Finaly, results indicated that PA goals might be best established in the context of personally held priorities and
values.

Conclusions: Many of the desired features identified are compatible with both empirically supported methods of behavior
change and the relative strengths of an app as a delivery vehicle for behaviora intervention. Participating cancer survivors
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preferences contrasted with many current standard practices for mobile app development, including value-based rather than
numeric goals, private socialization in small groups rather than sharing with broader social networks, and interpretation of PA
datarather than merely providing numerical data. Taken together, these insights may help increase the acceptability of theory-based

mHealth PA interventions in cancer survivors.

(JMIR Mhealth Uhealth 2017;5(1):€3) doi:10.2196/mheslth.6970
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Introduction

Because of advances in early detection and treatment, the
number of cancer survivors in the United States is increasing
dramatically. In 2014 this number was an estimated 14.5 million,
and by 2024 it is expected to increase to 19 million [1]. Despite
advancements regarding cancer-related mortality, cancer
survivors still face significant long-term health challenges,
including an increased risk of all-cause mortality, obesity, type
2 diabetes, osteoporosis, anxiety, and depression [2]. Cancer
survivors also face the risk of cancer recurrence and second
cancers, sequelae like lymphedema and fatigue, and decreases
in physical functioning that can impede the ability to conduct
activitiesof daily living [2]. Physical activity for this population
isgenerally safe and can play avital role in ameliorating these
physical and psychological challenges [2]. Despite this, most
cancer survivors do not meet the minimum level of physical
activity recommended by the American Cancer Society [3]. A
study that interviewed anationally representative samplefound
that only 30% of cancer survivorsreport meeting recommended
levels of aerobic physical activity [4]. Innovative behavior
change efforts are needed to increase physical activity in cancer
survivors.

Mobile health (mHealth), utilizing mobile devices for
health-related applications, has emerged as an important tool
for health-related behavioral interventions[5]. The use of mobile
devices has many potential advantages for such interventions,
including the propensity for widespread dissemination,
cost-effectiveness, the potential to minimize participant burden,
sophisticated on-board sensors, the ability to provideimmediate
feedback, and the ability to provide experiences that are
inherently enjoyableto users[6]. Importantly, cancer survivors
are typicaly older adults, and technology use in this segment
of the populationisincreasing rapidly [ 7]. Indeed, anincreasing
body of evidence indicates that technol ogy-based interventions
may be well received by cancer survivors and hold promise for
physical activity promotion initiatives[8,9].

Whilethere are many fithessand physical activity appscurrently
available for download, the majority of these apps are centered
on measuring and improving athletic performance [10]. Such
apps are generally not well suited for the majority of cancer
survivors, who may be less motivated to engage in physical
activity [11] and who face unique barriers to engaging in
recommended levels of physical activity [12-14]. Using
theory-based behavior change methods may be a particularly
useful approach to increase physical activity in this population;
however, most existing apps are not grounded in behavior
change theory [15-17].

http://mhealth.jmir.org/2017/1/e3/

Incorporating users' preferences has been identified asimportant
for delivering technology-based physical activity promotion
programs to older adults [18]. However, at present there is
limited research to offer insight as to the practical preferences
of cancer survivors for an app designed to increase physical
activity levels. Puszkiewicz et a [19] conducted individual
interviews with 11 cancer survivors regarding their experience
with an existing physical activity app designed for the genera
population. Participants in this study reported that the app was
generally well received but did not adequately address anumber
of factors relevant to understanding physical activity patterns
in this population; these included fatigue, receipt of trusted
information, cancer-related limitations, and social support. The
authors of this study highlight the benefits of addressing such
factors, as well as the utility such an app could provide as a
means to facilitate physical activity—related communication
between health care providers and cancer survivors.

Given the substantial resources required for software
development, and the daunting reality that 23% of mobile apps
are abandoned by the user after only oneuse[20], it isimportant
to appropriately address the practical points regarding how an
app may be well received and able to provide lasting value to
the priority population. The purpose of this study was to use
focus groups to generate insight as to cancer survivors
preferences regarding the features and types of messages of an
app to increase physical activity. Identified preferences were
then applied to established behavior change methods [21-23],
such as enactive mastery experiences|[24] and verbal persuasion
[25], to provide recommendations for future app development.

Methods

Recruitment

Inclusion criteria were that each participant be a survivor of
stage I-111 breast, colorectal, prostate, or endometrial cancer;
be at least 18 years of age; have completed primary treatment;
and have the ability to read and speak English. Participantswere
recruited (1) from survivorship clinics and support groups at
MD Anderson (through a media-based approach that included
distributing flyers, in-person presentations, and advertisements
in MD Anderson’s internal and external publications), (2) in
person at an MD Anderson Cancer Survivorship Conference,
and (3) by sending aletter and placing a phone call to eligible
individualsidentified in the MD Anderson patient database.

Focus Group Interviews

Datacollection took place from November 2013 to March 2014.
Each participant agreed to attend 2 focus group sessions at the
MD Anderson Behavioral Research and Treatment Center and
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was compensated with a US $15 gift card at the completion of
each session. Participants provided informed consent before the
beginning of the study; this study was approved by the MD
Anderson Ingtitutional Review Board (protocol number
2013-0501). All focus group interviews were moderated by a
master’s level senior research coordinator (female) with more
than 3 years experience, trained in qualitative research methods;
she conducted the interviews with the assistance of a
semistructured interview guide and a colleague who took field
notes (female, master’s level senior research coordinator with
more than 10 years experience and trained in qualitative
research methods). A demographic questionnaire, ameasure of
physical activity, and a questionnaire on technology use were
administered at the beginning of thefirst focus group. Physical
activity was assessed using a modified short-form version of
the International Physical Activity Questionnaire (IPAQ-SF);
this is a widely used measure with good test-retest reliability
(.80) and acceptable criterion validity when compared with
accelerometer data (median Spearman correlation =.30) [26].

Each participant attended 2 focus groups, and each focus group
consisted of 2 parts. An outline of the content covered is
presented below (Multimedia Appendix 1). The first part of
both focus groups was a discussion in which the moderator
asked open-ended questions and followed with conversational
probes as appropriate. These questions were derived from a

Robertson et d

combination of Social Cognitive Theory constructs (eg, goal
setting) and practical questions (eg, texting preferences) [27].
The second part of both focus groups consisted of a slide show
presentation, during which the moderator asked participantsto
share their thoughts and opinions on the featured content. In
the first round of focus groups, the slide show featured various
physical activity app features (Multimedia Appendices 2 and
3), such as receiving tailored text messages (Figure 1). In the
second round of focus groups, the slide show featured 18
exampl e text messages (Multimedia Appendices 4 and 5).

The researchers held weekly meetingsin which they discussed
the focus groups and reviewed field notes; additional focus
groupswere conducted until the researchers were confident that
data saturation regarding the study’s research questions had
been achieved. This was determined to be the case after atotal
of 13 focus groups had been conducted (8 focus groups in the
first round were consolidated into 5 for the second round).
Among the participants who attended the first focus group, 7
did not go on to attend the second. On average, each focus group
had about 5 participants. All sessions were recorded with a
digital audio recorder and professionally transcribed verbatim.
Participants were asked to not use names during the focus
groups, and surveys and transcripts were de-identified; all data
were stored on encrypted, password-protected computers.

Figure 1. Example of a presented app feature: sending tailored text messages.

THE UNIVERSITY OF TEXAS

MDAnderson
Laneer Center

Making Cancer History”

Tailored text messages

Is there a reason you did
not exercise today? Too
busy, too tired, too cold

» Get tailored

Part of making specific
goals is monitoring them
and giving yourself
feedback. This could be as

tside? Try t t |
et pnee g} i text simple as marking your
minutes tomorrow. Plan activity on a calendar to
tonight when you can messages make sure you are

exercise tomorrow and
nothing will stop you!

sent directly

exercising on enough days
during the week.

to your phone

Even short bursts of
exercise provide benefits.
Getting to 30 minutes each
day will help you see
positive results!

Miranda - moderate

http://mhealth.jmir.org/2017/1/e3/

exercise can help reduce
your fatigue - try to fit | a
brisk walk today, even if

it's just 15 minutes.

Great job - you met your
step goal for today -
congratulations!
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Data Analysis

Transcripts were imported into the qualitative data analysis
management program ATLASt (version 7.0, Scientific
Software Development GmbH, Berlin, Germany) [28]. Data
analysis was conducted by 3 independent reviewers and
consisted of both a deductive and an inductive phase. During
the deductive phase, conducted first, for all transcripts 2 coders
(ET and MCR) independently matched codes determined a
priori to each comment that introduced a substantive point
germane to this study’s topic. For the purposes of this study,
this step served to allow the coders to become familiar with the
data and screen out content that was not relevant. For the
inductive phase, thematic content analysiswas performed [29].
Codes were created and assigned to each discrete point made
by each participant for al transcripts, and consolidated and
organized in an iterative process to identify recurring themes
and subthemes. A meeting (KMB-E, EJL, MLB, SS, and MCR)
was held to resolve any differences in coding. Preliminary

Figure 2. Accessto technology.
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results were then presented to a third coder (SS), who verified
the accuracy and exhaustiveness of the findings against all
completefocus group transcripts. Finally, illustrative quotesfor
each subtheme were identified.

Results

Participant Characteristics

The age of the 35 participants ranged from 41 to 84 years, with
a mean of 63.7 (SD 10.8) years. Demographic characteristics
arepresented in Table 1. Participantswerewell educated, mostly
female, and mostly white. Most (21/35, 60%) had been
diagnosed with breast cancer. IPAQ-SF scores indicated that
41% (14/34) of participants did not meet recommended physical
activity levels (Table 1). Most participants reported being very
interested in technology (Table 1) and most participants (=69%)
reported having ready access to technological devices, a
computer, and high-speed Internet (Figure 2).

T'ablet

Laptop

Smartphone

Video camera

Health tracking device

Digital/Phone Camera

Desktop

High-speed Internet

[ I
0 20

I I I 1
40 60 80 100

Percentage who own or have frequent access to technology
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Table 1. Participant characteristics.

Characteristic n (%)
Race
Black 5(14)
Asian 4(11)
White 25(71)
Other 1(3)
Education
<High school 1(3)
Some college or 2-year degree 12 (34)
Bachelor’s degree 7 (20)
Master's degree 12 (34)
MD, PhD, or other advanced degree 3(9
Cancer type®
Breast 21 (60)
Colorecta 4(11)
Endometrial 3(9
Prostate 9 (26)
Other 13
Gender
Male 11 (31)
Female 24 (69)

Current employment status®

Employed full-time 11(31)
Employed part-time 1(3)
Not employed for pay, not seeking paid employment 5(14)
Not employed for pay but seeking paid employment 3(9
Retired 18 (51)
Homemaker 4(11)
Student 13

Physical activity level (IPAQ-SF® )°

High 5(15)
Moderate 15 (44)
Low 14 (41)

Interest in mobile and I nternet technology

Very interested 21 (60)
Somewhat interested 13 (37)
Not at all interested 13

Self-reported skill with technology

Very skillful or pretty skillful 14 (40)
Somewhat skillful 17 (49)
Not very or not at all skillful 4(12)

“I like to experiment with ne'wtechnology"d
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Characteristic n (%)
Agree or strongly agree 24 (73)
Neutral 8(24)
Disagree or strongly disagree 1(3)

Parti cipants could indicate more than one option.

by PAQ-SF: International Physical Activity Questionnaire-Short Form.
®Measure was completed by 97% (34/35) of participants.

9item was completed by 94% (33/35) of participants.

Themes

We identified 4 themes regarding participants' preferences for
an app to increase physical activity in cancer survivors: tone
preferences, toolsfor personal goal attainment, prescription for
physical activity, and a tailored experience. Subthemes within
each overarching theme are presented along with illustrative
guotesin Tables 2-5.

Tone Preferences

Thefirst theme that arose wasrel ated to preferencesfor thetone
of messages. Participants indicated that they would prefer
messages to be casual, concise, and positive (Table 2). A casual
tone was preferred to a clinical one; participants indicated that
messages that are familiar, warm, friendly, and even funny
would be more agreeable than those that were more formal.

Table 2. Tone preferences.

Proposed example messages were criticized as being too long,
and participants frequently made comments explicitly stating
that short messages are preferable to longer ones. Participants
also indicated a preference for messages to exhibit a nurturing
and supportivetone; they cautioned that, if not worded carefully,
messages could be off-putting or even damaging. M essages that
were perceived to be negative in any way were almost uniformly
rejected. For example, a message that attempted to highlight
the fact that walking is an excellent form of physical activity
started with “While running or playing tennis might not be
enjoyable...” and, as a result of this negative framing, was not
well received. Finally, some participants expressed a preference
for using a tablet to interface with an app. This was indicated
asan easier way to access app content and manage frequent app

messaging.

Subtheme Illustrative quotations

Casual
of boost your spirits up.” [P31]

“Casud.” [P13]
“Casua.” [P19]
“1 would do casua.” [P23]

Concise

“1 don't think you should be clinical with this, | think you should be funny, jovial, comical...something lighthearted to kind

“It'slike, God, if | see amessage that long, | don’t know if | want to read it!” [P33]

“Short, sweet. Remember, we don’t have along attention span.” [P9]

“The maximum length is a tweet.” [P8]
Positive
get” [P2]

“They should sound positive...We'd want encouragement because every day we start over, and we need all the help we can

“1 would love to get alittle inspirational thing from some—especially when you're in that position where you're down. | like

that” [P31]

“1 mean, there was definitely atheme. We dl like the positive versus the negative.” [P9]

Receptivity tousinga “1 use my iPad for texting and receiving. So | tend to look at it in the morning, midday, and evening. So I’m not constantly

tablet responding...| find it easier.” [P25]

Tool for Personal Goal Attainment

A second theme that was identified was that the app serve asa
tool for personal physical activity—related goal attainment (Table
3). Participants indicated that physical activity goals tended to
be manifestations of personally held values. For example, some
participants wanted to be physically fit so as to be able to play
with their grandchildren. Participants expressed a desire to be
able to input personally held goals into the app, then be able to
utilize the app as atool for accomplishing them. Participants

http://mhealth.jmir.org/2017/1/e3/

indicated they were more likely to engage in action planning if
they had made a commitment to their peers, and the ability to
usean app to enlist social support wasidentified asanoteworthy
subtheme. Participants al so talked about the potential utility of
an app to provide periodic reminders to be physically active.
They indicated that such periodic cues could help them to get
on track for goal attainment, particularly if the reminder
messages were delivered at opportune times. Such reminders
were usually discussed in the context of a wearable device's
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ability to detect prolonged bouts of inactivity and automatically
send a cue to break up sedentary time.

Role model narratives emerged asapotentially powerful feature
to empower cancer survivors to live a more physically active
lifestyle. The notion of being presented with stories from
individuals who had overcome salient obstacles was well
received. One oft-cited caveat to featuring role model narratives
wasthat such stories need to be relevant to the user; participants
wanted to be matched to storiesfrom individual swho had faced
similar barriers. Were such matching not feasible, participants
suggested allowing the user to individually browse for stories
that they feel may be relevant to him or her. Participants
cautioned against unwittingly presenting someone with the

Table 3. Toolsfor personal goal attainment.

Robertson et d

success story of acancer survivor who wastoo physically active
or did not face similar adversity.

Participants generally articulated a preference for either no
social connection at al or amore private social experience that
would allow them to enlist social support from those they know
intimately and trust. Most participants said they did not want a
social networking feature that would involve the public posting
of information, such asone’' s step count achievementsor calories
burned; instead, participants indicated that a social networking
feature would be most attractiveif such information were shared
privately with asmall group of user-selected friends or family.
Using personal physical activity data as a means to compete
with friends was not well received.

Subtheme Illustrative quotations

Value-based goals

“One of my goalswasto be able to keep being able to pick up my granddaughter, who is now five. And it was very important.

And so now |I'm using eight pound weights. | can still do it. And she’sbig!” [P2]

“Every time | exercise like I'm supposed to, | feel like there's alot more likelihood that I'll live to see my grandkids married

and all that” [P5]

Ability to enlist social
support

“When I’'m with other cancer patients, I’m more motivated...So the exercise program would betied into that support group...you
know how you play Words with Friends and things like that?’ [P7]

“And that iswhat | need, is accountability to someone.” [P17]

Action planning for
set goals

“Well, I’'m more successful when | have it scheduled in my life...I definitely need that structure” [P9]

“So that would be an excellent message to say, ‘In your goa planning, plan aplan B and aplan Cif plan A doesn’t work out

for that day.’” [P34]

Reminders from app
this 10-minute deal " [P7]

“1 think just that areminder like...sending some kind of atext of, ‘ Here's some exercises to do for today. Seeif you can do

“Remind methat | had to do it. It would be the last little kick when I'm sitting there getting ready to pour the next glass of

wine, or thefirst glass of wine before dinner.” [P8]

“Just saying, you know, ‘What's going on? I’ ve noticed that you've not been logging on. Is there a problem? or, ‘Isthere
some way we can help you get back on track?” [P15]

Rolemodel narratives

“| think that's very encouraging because each and every patient has their own story and how and why they have cancer, and

how they can succeed and move on and live a healthy life” [P18]

“It’'s always nice to hear about people who have done it and how they struggled and how they overcame their struggle to get

to their successful point.” [P6]

“Stories that you can opt in or out of or read or not read...so you read a story and go, ‘ Oh, that’s really nice, except it doesn’t

apply tome’” [P34]
Socia networking

“No. That's too personal. | don't post anything personal, really.” [P26]

“1 agree, | mean | don't like just to put progress on my weight or whatever to everybody, all my friends or whoever. But if

there is some group...” [P4]

“No. | don't like to compete with anybody. | mean | like to compete. But I'm always competing against myself. And to put it
next to somebody €lse, that would defeat me.” [P17]

Prescription for Physical Activity

Another overarching theme concerned the presentation of a
prescription for healthy typesand levels of physical activity for
cancer survivors (Table 4). Participants indicated a desire to be
presented with concrete, short-term goals for physical activity
that would ultimately help them realize their more abstract,
value-based goals. Participants stressed the importance that
recommended goals be attainable and come from a trusted
source (eg, their cancer hospital or an authoritative health

http://mhealth.jmir.org/2017/1/e3/

agency). Furthermore, participants reported wanting app features
that could help the users appreciate progress and visualize
incremental improvementsrelated to their recommended goals.

Participants also expressed a desire to be presented with new
ways of being physically active and to be educated about how
to perform new exercises safely. To this end, participants
expressed a strong preference for video demonstrations over
text or pictures. Participants also indicated adesirefor receiving
a summary of the relevant literature on physical activity and
cancer survivorship presented in layman’s terms; they noted
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that such information could be very motivating and that some
confusion exists over what is perceived to be inconsistent
recommendationsfor physical activity in cancer survivors. Many
participants voiced surprise at the fact that physical activity can

Robertson et d

reduce the risk of cancer recurrence for some types of cancer.
Again, an important qualifier identified for receiving this kind
of information was that it come from a reputable and trusted
source.

Table 4. Prescription for physical activity.

Subtheme

Illustrative quotations

Goal suggestions

Novel physicd activ-

ity suggestions

Physical activity
demonstration

Digest of research
literature

“If you're arunner or arunner wannabe...then maybe in your app you say, ‘What kind of activities are you doing or you want
to be doing? ...your suggestion could be like...' Have you been thinking about doing a5k? or, ‘If you want to do a5k, here's
what you need to do.’” [P33]

“So if this machine knows that you've been sitting, maybe it can suggest some exercises you can do when you're sitting, or
mention that you've been sitting for an hour, and after an hour you should get up and just walk around for ten minutes or
something like that.” [P6]

“Or tightening your stomach while you're sitting in achair in the office kind of thing, or standing instead of sitting when you're
doing an activity.” [P7]

“Or something like, ‘ Do you know there's free programs at the park? or something, or like, ‘ Do you know most gyms you can
get free membership to try out different classes? Stuff like that.” [P33]

“So have avideo that says ‘here’show you do a sguat.’ If you're not able, ‘here, it shows you how to do amodified squat...or,
‘here’s how you get up out of your chair and do a stretch: here's the modified stretch, here'sthe full stretch,’” because people
are at different levels of ahility.” [P6]

“1 think video is helpful just for demonstrating the whole thing for somebody who may not have ever done it before, it'd be
good to see” [P7]

“Information, though, about—true information about, let’s say something new came out that if you do X, X number of times
aday, your risk of whatever would go down by... ‘ Research has shown that...” that would probably motivate me more than a
reward or punishment.” [P15]

“1 would like some research that's been done. So what do we need to do? What does research show, generally speaking? What

do we need to do before we get started?’ [P5]

Tailored Experience

A final theme identified from the focus group interviews was
a preference that an app provide an experience that is highly
tailored to the individual user (Table 5). This emerged as an
important parameter of usefor many of the subthemes presented
above. Frequently cited factors to incorporate for
individualization included cancer-related information, age,
personal health concerns, physical limitations, physical activity
preferences, location, weather, current physical activity levels,
and trends over time.

Participants indicated wanting to be recognized and
congratulated for activity-related achievements and presented
with information about how such achievements trandate into
physiological processes (eg, caloriesburned). They talked about
wanting to be able to see and track changes in activity levels
over time, along with corresponding changesin health indicators
(such as waist measurement, body mass index, cholesteral,
blood pressure, and heart rate). Thiswas often discussed in the
context of incorporating awearable fitness tracker. Participants
emphasized a strong preference for information to flow from
the app to the user and not the other way around. They stressed
that a burdensome process of inputting datawould pose a great
threat to sustained use of the app. Participants reported wanting
rich, personalized data, especially to inform such features as
physical activity goal suggestions and personalized role model
narratives. Generally, suggested weekly step count goals should

http://mhealth.jmir.org/2017/1/e3/

be based on an incrementa increase from the user’s previous
week’s step count, and role model narratives from especially
active individuals should not be presented to individuals who
areless active.

Participants expressed the importance of receiving information
that is relevant for their unique health profile; they suggested
that the app offer content that is sensitive to user-identified
information, such as cancer diagnosis, persona health
considerations, age, and physical limitations. For example, they
reported wanting exercise demonstrations that are sensitive to
the user’'s physical limitations and novel ways to perform
physical activity that would not aggravate such limitations.
Also, participants expressed a preference to be ableto interface
with the app to indicate health-related changes. If, for example,
an injury were to occur, participants indicated that they would
like to be able to note this in the app and receive a temporary
reduction in message frequency or atered message content.

Finally, participants made suggestions for tailoring content
based on the user’s location. Participants appreciated the idea
of being presented with nearby opportunities to engage in
physical activity. Walking paths, public parks, outdoor events,
and yogaor Pilates studioswereidentified as some opportunities
that an app might inform the user of. Poor weather was
repeatedly cited as a barrier for engaging in physical activity,
and it was suggested that the app might addressthisby providing
recommendations for alternative activities if this was the case.
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Table5. Tailored experience.

Subtheme

Illustrative quotations

Extensive yet passive
data collection

“1 don't want an app...where you have to record every ounce of food that you eat. |'ve tried one of those before, and they're
really painful to use, actually, where you record everything that you eat and everything you do. | just want an app that records
how much | exercise and when | exercise and the results of that exercise, how much-what my weight is, and maybe what my

waist measurement might be.” [P8]

Recognition of physi-
cal activity

“1 think it isimportant too to get acknowledged on adaily basis” [P7]
“Something, that if you achieved a particular goal, it would be great to get a text message saying you've reached your goal.

Or that you've taken 10,000 steps daily for the last six weeks or whatever it is” [P8]

Individualized data
about progressand bi-
ological processes

(P8l

Input personal health
concerns
naire, perhaps, before you start.” [P26]

“How much that you did...So then you'd be able to go back historically and look by the week or by the month at what you're
able to do. And then feel good about what you did, or maybe not so good.” [P17]

“1t would aso be useful...(to) keep track of thingslike (heart rate) blood pressure and cholesterol and BMI, waist measurement.”

“1 think you haveto think about physical restrictions. Some people have back issues. You know, some people have kneeissues,
shoulders. And | don’t know if there’'saway to individualize that so you can build that in for each individual with aquestion-

“So like | said, there may just be categories by age or by limitation, because there could be ajuvenile person who had leg
cancer. | mean that's a possibility. So you pick the category that best fits you or best describes your limitations. And then
maybe the exercises or the suggestions are focused on that. And | agree with you. Most of us probably are 30 and older.”

[P19]

Personalized role
model narratives

“So more about overcoming some barriers with it and feeling the success stories about how it worked for one person that
might not necessarily apply to us because—one of the focus groups | wasin, there was alady who's arunner. | mean she's

running miles and miles and it'slike, ‘Ugh.’ Her situation doesn’t apply to me personally.” [P34]

“And whatever other cancers that there might be, | think you should have it specific for them and say, ‘ Okay, thisiswhat |
did because | was going through this. And thisis how | felt when | went through this.” [P31]

Nearby physical activ-
ity resourcesbased on
the user’slocation

“Soif you have it location-specific, where the patients are and what's available in their neighborhoods and their areas, it's not
within afive-mile or atwelve-mile radius of them, that is something that they can go to.” [P31]

“Or there is free yoga classes out in the park or like Discovery Green or something. Then you don't have to pay and you can
go try it. You don't have to really sign up with ayoga studio or something. So there are alot of options out there.” [P25]

Discussion

Principal Findings

In this study, we conducted focus groups to ascertain cancer
survivors' preferences for the features and types of messages
of an app to increase physical activity. We identified 4
overarching themes for desired app content: (1) clear, positive,
and concise messages, (2) various tools for persona goal
attainment, (3) an appropriate prescription for physical activity,
and (4) an experience that is tailored to the individual. Taken
together, our results indicate that participants want an informal
interface with an app that provides a highly individualized
experienceto facilitate engagement in healthy levels of physical
activity. This can be achieved by an app that providesreal-time
feedback and personalized content sensitiveto the user’sunique
health concerns and physical activity preferences.

Comparison With Prior Work

In their study, Puszkiewicz and colleagues [19] conducted
in-depth interviews and used thematic analysis to identify
themesrelated to cancer survivors feedback on an app designed
to increase physical activity. The 4 themes identified in this
study included (1) barriers to physical activity, (2) receiving
advice about physical activity from a reliable source, (3)
tailoring the app to one’s lifestyle, and (4) receiving socia
support from others. Our study complements these findings.
Similarities include the importance of the perceived
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trustworthiness of aphysical activity app and the ability of the
app to provide tailored content to the user. Puszkiewicz and
colleagues also identified a preference for receiving social
support from others. Resultsfrom our study qualify thisfinding
by highlighting privacy concerns,; oneway to addressthiswould
be to avoid public social network postings in favor of more
carefully matched, private connections. Puszkiewicz and
colleagues also point out the potential utility aphysical activity
app may have for health care providers, who often are unable
to adequately discuss physical activity with patients owing to
competing demands for time.

In accordance with the findings of this study, in areview of the
literature Higgins [30] found that tailored physical activity
feedback is associated with apps that are more effective at
inducing behavior change, and that decreasing participant burden
tends to increase adherence rates. However, qualitative work
done by Miyamoto et al [31] found that simply tracking and
presenting data may not be sufficient to lead to long-term
behavior change maintenance, and that the context of this
feedback iscritical. Findings from our study provideinsight on
some contextual issues that may improve acceptability and,
ultimately, efficacy of such apps (eg, presenting physical activity
feedback alongside the implications of meeting recommended
physical activity levels on one's risk of cancer recurrence, or
personal health concerns such as lymphedema).
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Results of this study are consistent with previous research
findings for the preferences of a physical activity app in the
general adult population. Similarities found by Dennison and
colleagues [32] include preferences for minimal user burden,
backing by a trusted source (eg, hospital), inclusion of a goal
setting and monitoring component, feedback and advice on how
to change behavior, accurate information and tracking features,
messages that have a positive tone and are not too frequent, and
privacy protection. In formative research for the development
of an app to increase physical activity in the sedentary adult
population, Rabin and Bock [33] identified participant
preferences that included automatic tracking of steps, feedback
on physical activity accomplishments, goal setting, and
suggestions for how to overcome barriers. Dennison and
colleagues[32] found some additional preferences not directly
identified in our study: participants expressed a desire for an
app that is free, can be easily turned off, does not negatively
affect other device uses, has clarity about what it will do, and
does not present undue surprises. These additional findings may
hold true for cancer survivors.

In their formative development of iCanFit, a Web-based app to
increase physical activity in older cancer survivors, Hong and
colleagues[34] presented 6 key functions. Thesewere“ L ocator,
Goals, Community, Healthy Tips, Library, and Support”
features, which served to provide atailored experienceregarding
local resources for physical activity, the ability to input
short-term and long-term goals, social networking features,
advice providing a prescription for healthy living, access to
relevant literature, and technical support, respectively. These
features are concordant with the findings of our study. Technical
support was not an explicitly identified theme in our study but
may be particularly important given that older cancer survivors
may not be astech-savvy asthe general population; indeed, this
study found that most (21/35, 60%) rated themselves as
somewhat, not very, or not at all skillful with technology.

Cancer survivorsare generally older adults, so an app toincrease
physical activity in this population may face challenges due to
lower rates of technology use in this population. A study
conducted by Martin and colleagues [35] found that cancer
survivors' interest in interventions delivered by a mobile phone
was relatively low. However, this study used data from 2010,
and older adults' use of technology is increasing rapidly [7].
Part of areported lack of interest of mobile phone use in this
population may be due to age-related declines in vision and
manual dexterity. Martin and colleagues did find a relatively
high interest in older adults for interventions delivered via
computer, but they did not explore cancer survivors' perceptions
and interest in tablets. The use of tablets may circumvent some
of the physical challenges faced by older adults due to having
larger screens that offer higher visibility and a larger touch
screen. There also may be a difference in perception: some
evidence indicates that older adults may tend to view
smartphones as especially complex phones, while on the other
hand viewing tablets asrelatively simple computers[36]. Indeed,
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several comments made by participantsin thisstudy corroborate
this notion, and a recent survey showed that tablet and e-book
reader ownership in older adults is higher than smartphone
ownership [7]. Future studies should explore cancer survivors
interest in this intervention modality.

Implications for Research and Practice

Our findings suggest that presenting goal-setting exercises in
the context of participants' personally held prioritiesand values
may be a particularly useful approach to dlicit intrinsically
motivating goals. Self-determination theory posits that greater
internalization of goalsismorelikely to lead to lasting behavior
change[37], and empirical testsin physical activity support this
notion [38]. This may be accomplished by a program that has
the users reflect on and identify their values and then generate
physical activity—related goalsin light of this content; thisinput
could then be periodically leveraged in order to maximize
participants' physical activity adherence. An app may be
especialy well suited for this owing to onboard technological
components, such as a camera that could capture values (eg,
pictures of grandchildren), and an onboard accel erometer or the
ability to sync to wearable activity tracking sensors that could
responsively register changesin physical activity levels.

Importantly, many of the desired features articulated are
compatible with both empirically supported methods of behavior
change and the rel ative strengths of an app asadelivery vehicle
for behavioral intervention [21-23]. For example, participants
talked about being presented with stories from other cancer
survivors who have overcome similar obstacles and also being
presented with instructional videos demonstrating how to
perform various physical exercises. These preferences align
well with behavioral change methods (behavioral journalism
and demonstration of behavior, respectively) theorized by
Bandura's Social Cognitive Theory to influence behavior via
observational learning [27]. Table 6 presents our suggestions
for how an app might incorporate behavior change methods.
We arrived upon these suggestions by applying the preferences
identified in this study to empirically supported behavior change
methods drawn from both the Intervention Mapping approach
[21,22] and Michie and colleagues’ [23] Behavior Change
Technique Taxonomy.

Future formative research for the development of an app to
increase physical activity levels in this population might
corroborate these findings with quantitative data and provide
insight as to the relative rank-ordered preferences of desired
app features and messages. It would a so be useful to ascertain
what qualities of a physical activity—related app are associated
with higher rates of participant engagement (eg, messaging or
notification frequency, type of content featured, social
networking features). Additional studiesare needed to determine
whether an app-delivered intervention can lead to increased
physical activity initiation and maintenancein cancer survivors
and, if so, which behavior change methods might be the
mechani sms through which these outcomes are achieved.
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Table 6. Behavior change recommendations that may improve acceptability.

Behavior change methods [21-23]

Recommendations

Enactive mastery experiences [24]; set tasks
on agradient of difficulty [25]

Consciousness raising [39]

Goal setting [40]; self and environmental
reevaluation [39]

Tailoring [39,41]

Self-monitoring or feedback on behavior [42]
Stimulate communication to mobilize social
support [43]

Behavioral journalism [25,44]

Guided practice [23]

Providing cues to action [45]

Verbal persuasion about capability; improv-

Havethe user start with aphysical activity—related goal (eg, step count) that iscomfortably accomplished
and have goalsincrementally increase over time

Dispel commonly held misconception regarding barriers to physical activity by offering a digest of
relevant literature (eg, address the misconception that physical activity is contraindicated if oneisat
risk for lymphedema)

Encourage usersto reflect on personal valuesduring goal setting and the potential outcomes of behavior
change from multiple perspectives; encourage users to create value-based goals for physical activity

Maximize mHealth program potential to provide specific, personaized information relevant to the user;
minimize participant data entry burden

Go beyond simply presenting physical activity summary information; provideinterpretation of personal
physical activity data relevant to users' health concerns and cancer experience

Feature private sharing outlet with personal friends and family, or match user to others who have expe-
rienced a similar cancer journey; avoid sharing indiscriminately to broader social network

Offer role model narratives that demonstrate that others, like the user, can overcome salient barriers
and experience real benefits regarding physical activity

Provide videos for recommended exercises that demonstrate proper technique and address personal
physical limitations and health concerns; provide individualized feedback regarding user’s performance

Offer periodic prompts to influence behavior by making it more salient in the mind of the user; allow
the frequency of messaging to be determined by the user to minimize perceived burden

Assume a casual tone from atrusted source; provide positive reinforcement by celebrating successes,

ing physical and emotional states [25]

and provide minimal negative content

Strengths

A strength of this study’s focus group qualitative approach is
the ability to generate rich datato provide insight that extended
beyond the preconceived notions of the researchers. Thisstudy’s
use of 3 coders to analyze the data in a systematic, iterative
process was a strength, as was the use of 2 phases of data
analysisto strengthen the authors’ familiarity and understanding
of the content.

Limitations

A potential limitation of this study includes the use of
recruitment methods that may have introduced self-selection
bias, individuals who agreed to participate may have been
especialy active or interested in technology. However, results
indicate that this threat may not be particularly salient, as
I PAQ-SF scores categorized nearly 42% (14/34) of participants
as exhibiting “low” physical activity levels. Still, our sample’s
educational level and racial/ethnic diversity does not match that
of the larger priority population, which may limit the
generalizahility of our findings. Furthermore, the generalizability
of our findings is limited by the fact that the majority of
participants were female, breast cancer survivors. Different
types of cancer can lead to unique patient experiencesregarding
physical limitation and psychological chalenges [46]. For
example, breast cancer survivors may be more likely to suffer
from depression than lung cancer survivors but less likely than
those diagnosed with brain cancer or females diagnosed with
genital cancers [47]. Preferences for forms of mabile or
Web-based support may &l so differ across cancer types, possibly
owing to these different experiences[35,48]. Indeed, quantitative
and qualitative studies of individualswith different cancer types
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have found different experiences and different preferences for
online support [49-51]. Accordingly, our findings may not be
applicable for survivors of certain types of cancer. Another
limitation was that the focus groups were not homogeneous
with respect to participants physical activity level. This may
have had the effect of systematically influencing the dynamic
of the sessions and created abiasin the data. While qualitative
research methods can be especially effective at generating a
comprehensive breadth of information on a particular topic, as
they were conducted here, little insight was provided on the
relative rank of preferencesfor the many app featuresidentified.
Given the resources required for app development generally,
and the inherent challenge of providing an app that is able to
satisfy all identified preferences, narrowing thislist in order to
focus on priority app features may be necessary.

Conclusions

Given the dramatic uptake in technology use, utilizing an app
as a modality for behaviora intervention holds promise for
increasing physical activity in cancer survivors. Presenting rich
physical activity dataand feedback, while minimizing user data
entry burden, would beacritical feature of such an app. Results
of this study provide preferences that may be used to enrich the
context in which an app provides physical activity feedback.
Useful approaches may beto capitalize on personally held values
during the goal-setting process, to present an individualized
prescription for physical activity from atrusted source, and to
provide tools that facilitate goa fulfillment. Future studies
should incorporate the perspectives of oncologists and other
health care providers, as well as test these findings in a pilot
version of an app to increase physical activity in cancer
Survivors.
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Abstract

Background: Although the number of alcohol-related treatments in app stores is proliferating, none of them are based on a
psychological framework and supported by empirical evidence. Cue exposure treatment (CET) with urge-specific coping skills
(USCY) is often used in Danish treatment settings. It is an evidence-based psychological approach that focuses on promoting
“confrontation with alcohol cues’ as a means of reducing urges and the likelihood of relapse.

Objective: Theobjective of thisstudy wasto describe the design and devel opment of a CET-based smartphone app; aninnovative
delivery pathway for treating alcohol use disorder (AUD).

Methods: The treatment is based on Monty and coworkers manual for CET with USCS (2002). It was created by a
multidisciplinary team of psychiatrists, psychologists, programmers, and graphic designers as well as patients with AUD. A
database was developed for the purpose of registering and monitoring training activities. A final version of the CET app and
database was developed after several user tests.

Results. The final version of the CET app includes an introduction, 4 sessions featuring USCS, 8 alcohol exposure videos
promoting the use of one of the USCS, and aresults component providing an overview of training activitiesand potential progress.
Real-time urges are measured before, during, and after exposure to a cohol cues and are registered in the app together with other
training activity variables. Data packages are continuously sent in encrypted form to an externa database and will be merged
with other data (in an internal database) in the future.

Conclusions: The CET smartphone app is currently being tested at a large-scale, randomized controlled trial with the aim of
clarifying whether it can be classified as an evidence-based treatment solution. The app has the potential to augment the reach
of psychological treatment for AUD.

(JMIR Mhealth Uhealth 2017;5(1):€5) doi:10.2196/mhealth.6500
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Introduction

Alcohol usedisorder (AUD) contributesto a substantial number
of contacts with the treatment system [1,2], given that relapse
isthemost likely outcome of treatment [3-5]. Apart from being
asource of suffering for affected individualsand their rel atives,
AUD places a significant burden on the health care system
[1,2,6]. This burden is particularly prominent in the Nordic
counties, Denmark being among those with the most liberal
alcohol culture, leading to pervasive exposure to alcohol and
associ ated situations. Such pervasive exposure may consequently
lead to more individual s devel oping AUD and induce urges that
canincreaserates of relapse after the treatment hasended [7-9].

Within the Danish treatment system, individualswith AUD are
most commonly treated with motivational interviewing,
cognitive behavior therapy and family therapy, classified as
evidence-based treatments[10,11]. In several Danish treatment
institutions, additional cue exposure treatment (CET) is often
used to reduce urges and prevent relapse in order to prepare
AUD individuals to navigate in the Danish society. During
conventional CET, patients are exposed to alcohol or related
stimuli in vivo while their habitual drink response is hindered,
so that conditioned automatic responses can be extinguished
[12-14]. CET is often combined with the use of urge-specific
coping skills (USCS), as there is evidence to suggest that this
method provides better treatment outcomes [15-17].

When addressing the need for AUD treatment (such as CET),
it isevident that the duration of the treatment is decreasing and
that itisincreasingly being used in group—rather than individual
sessions were found appropriate and reasonable[11]. However,
more individuals could potentially benefit from individual—as
well as continued treatment [18,19]. There are also many
individuals with AUD who never enter the treatment system
[19-21], which may, in the future, cause severe collateral
damage and exacerbate the burden on the health care system
[1,6,9,18,20]. The implementation of e-health interventions
through devices such as computers, tablets, and smartphones
represents a new pathway for treatment delivery, one which
overcomes some of these issues and assures accessibility to as
many patients as possible nationwide [22-24]. Yet, very few of
the currently available eHealth interventions are based on a
theoretical framework and experimental evidence [22,25-27].
Less is known about evidence-based mobile devices, such as
smartphone apps [26,28,29]. Dedert et a (2015) recently
conducted asystematic review on eHealth interventionstargeting
AUD, revealing a huge gap in experimental evidence; they
identified only a single randomized controlled study that
investigated a mobile device [26,30].

Mobile eHealth interventions have the potential to play acrucia
role in the future provision of continuing care and relapse
prevention helping to lower the socioeconomic burden on the
health care system by decreasing the number of contactsit gets,
aswell as augmenting the reach of relevant treatment. However,
there is aneed for more transparency regarding the underlying
psychological framework of mobile eHealth interventions, their
design, and development, as well as the provision of evidence
to gain more knowledge about their effectiveness.

http://mhealth.jmir.org/2017/1/e5/
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In order to add to the evidence base for mobile eHealth
interventions, a CET smartphone app that mimics CET with
USCSwas designed and developed and is currently being tested
inalarge-scale, randomized controlled trial (Clinical Trials.gov
NCT02298751) [31,32].

The objective of this paper was to describe the design and
development of a manual-based smartphone app that mimics
CET with USCS, which is currently being delivered in Danish
inpatient and outpatient clinics. The CET app has the potential
to contribute to the reach of evidence-based psychological
treatment for AUD.

Methods

CET features in treatment programs being used in Danish
alcohoal clinicsin both inpatient and outpatient treatment settings.
CET is most commonly used in combination with various
urge-specific coping-strategies (USCS), due to the promising
outcomes shown [15-17]. When developing the CET app, we
applied Monti and colleagues (2002) treatment manual for CET
with USCS, which emphasizesthe importance of “ confrontation
with alcohol” in diminishing cue reactivity. According to the
treatment manual, patients were introduced to a USCS during
each CET session and were thereafter required to train the
learned strategy while being exposed to acohal in vivo [33].
Dueto the highly structural properties of thistreatment and our
clinical experiencewith using it, we were ableto convert it into
a smartphone app.

The initial plan for the structure and content of the app was
devel oped by agroup of psychiatrists and apsychologist relying
on the aforementioned manual. When converting the manual,
designing the app assimply, intuitively, and feasibly as possible
was of utmost importance, given that the target population may
have very different cognitive profiles[34-36]. Although patients
with severe cognitive impairments are not candidates for this
type of treatment, some of our patients might have had mild to
moderate cognitive impairments after years of suffering from
AUD. In accordance with the plan, programmers and graphic
designersdeveloped apreliminary version of the CET app. After
several modifications and user tests with the involved
psychiatrists, psychologist, and programmers, a more detailed
structure of the program was confirmed. Hereafter, the app was
presented to 2 patient focus groups (2xn=5) who gave feedback.
All patients found the app to be simple, intuitive, and feasible.
Suggestions for improvements centered mainly on the used
terminology. A final version of the CET app was developed
based on the patients’ feedback and is currently being tested in
the previously mentioned Cue Exposure study [31], which is
part of the RESCueH studies[32].

Along with the smartphone app, an online database was designed
and developed in the system which can monitor patients’ data
in real-time.

The open-source Linux-based operating system Android was
selected as the platform for devel oping the smartphone app. A
customized version of Javain Eclipse (Oracle Corporation) was
used as the main programming language. An online server is
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registered for the database and monitoring of the treatment
process remotely.

Results

The Structure and Content

Figure 1 illustrates the structure of the app and its main content
comprising the following components: introduction, 4 sessions
with USCS, 8 alcohol exposure videos featuring guidance for

Figure 1. Structure of the cue exposure treatment (CET) app.
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applying one of the USCS, and a results component providing
an overview of training activities and potential progress.

Theinformation in the app is presented in text format and read
out loud simultaneously.

The software requires patients to train on a regular basis and
sends a text reminder for this. As little is known about the
effectiveness of intensive CET [15-17,37-42], patients are
allowed to train only once a day for a maximum of 4 weeksin
order to prevent overexposure. The specific components of the
app are outlined in the following sections.

Login page
L

Introduction

) T — 1

1
—

My progress

—

Alternative
food or
beverage

J Waiting it out 1

Think about Think about
negative positive
consequences | || consequences

1 [S alcnhnlwdens} [ Strategies 1 [

Training

calender acrass

strategies

- 5
Best results
across sessions

Measures }

Delivery and Access to the App

A CET therapist provides patients with both oral and written
information about the app prior to the commencement of
treatment. Patients can download the app directly onto their
smartphones if they already have one. Otherwise, they can
borrow a smartphone from the a cohol treatment clinic.

Ascan be seen onthe Log-in page (part A), patientsare provided
with a user ID that is easy to remember and that assures
anonymity, permitting them to login to the CET treatment
program (Figure 2, part A). We predefine all user IDs in the

http://mhealth.jmir.org/2017/1/e5/

—

Database

form of a combination of ciphers and letters, for example,
001001aa, 002002bb. Considering that some patients may have
mild to moderate cognitiveimpairments (eg, impaired memory),
we designed the login procedure to incorporate a user |D that
doesn’t require a password, thus simplifying the login process.
User IDs do not resemble one another so as to avoid double
usage by patients logging in on another patient’s user ID. In
addition, phone stickers displaying contact numbersfor technical
and treatment support are given to patients in case they forget
their user 1D, or if other technical or therapeutic issues arise
during treatment.
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Figure2. Log-in page (part A), introduction (part B and C), and main menu (part D).
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ALCOHOL CUE EXPOSURE
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Introduction to CET

The Introduction to CET component plays automatically the
first time the app is activated and a patient is logging in. The
purpose of the Introduction is to inform patients about the
purpose and content of the CET with USCS, technical functions,
as well as key safety functions (Figure 2, parts B and C). The
Introduction to CET emphasizesthat it may indeed be difficult
to avoid being exposed to alcohol in Denmark, and that the
purpose of using the app is to learn how to cope with
cue-induced alcohol urges and associated situationsin order to
prevent relapses when outside the treatment setting. Hence, the
treatment consists of teaching coping strategiesto reduce urges,
and, by exposing patients to alcohol in vivo, it trains them to
tolerate urges by using the USCS.

Thetechnical functions such as audio/video replay, audio/video
pause/start, and continue to next page, are illustrated through
arrows explaining how they work (Figure 2, part B). The safety
function’s main component consists of acall icon (at the upper
right-hand side of the screen) connecting to a CET therapist
(Figure 2, part C), which becomes available whenever the app
is activated. The call icon provides the same contact numbers
asdisplayed on the phone stickers, hereby assuring that patients
can still get in touch with a therapist even if they lose their
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sticker or for any other reason are not able to use the call icon.
The therapist is available Monday to Friday from 9:00 am to
18:00 pm, and should be consulted in the event of experiencing
uncontrollable urges. For practical and safety reasons, the app
is closed for use on weekdays from 18:00 pm to 9:00 am and
during the weekend, that is, when the therapist is out of reach.

If patientswish to replay the Introduction, they can click on the
icon illustrated in the Main menu (see Figure 2, part D), which
isalso wherethey are directed to when logging-in in the future.
Patients are ready to proceed to the USCS sessions after the
Introduction has played.

Sessions With USCS

As shown in Figure 3 (part A), the Strategy icon comprises 4
sessions, each promoting the use of 1 of the 4 USCS
recommended in the manual. Each session starts with an
introduction to the USCS and an explanation for how to apply
it during alcohol exposure (Figure 3, part B). Patients are then
required to select an exposure video (Figure 3, part C). At the
end of the exposure video, asummary of the USCStraining and
how to use the USCS in the future is provided (Figure 3, part
D).

T he recommended strategies are as follows:
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Figure 3. Strategies (part A); session 1: waiting it out, introduction to the USCS (part B), selection of exposure video (part C), and session 1: waiting

it out, summary of the USCS (part D). USCS: urge-specific coping skills.
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Waiting It Out

This is used as a cognitive strategy, whereby patients are
explained what to expect when waiting out an urge. It is
elucidated that they perhaps haven't ever waited for a strong
urge to pass naturally, and that urges actually reduce quite
quickly to a manageable level. The urge passesif one waits. It
can be expected to peak within 4 min, start to decline after
approximately 8 min, and fall completely within 10-15 min.
Moreover, the urge declines faster each time exposure occurs
without resulting in acohol consumption. Thisapproach stands
in contrast to the exclusively behaviora version of CET inwhich
no information is provided about what to expect.

Thinking About the Negative Consequences of Drinking

Patients are encouraged to imagine the most negative future
consequences associated with resuming alcohol abuse. In order
to systemize and register the negative consequences in the
database, patients are required to select between 1 and 3
consequence categories from alist comprising physical health,
mental health, family and friends, work and education, economy,
offences, and loss of control. To the best of our knowledge,
these categories incorporate the vast majority of negative
consequences that individuals with AUD may experience
[43-46]. After selecting the consequence categories, patients
are guided in rehearsing the USCS. It is emphasized that the
USCS has proven to be particularly effective when one is
experiencing predominantly positive emotions and feelings,
leading to permissive thoughts about alcohol consumption. It
may be useful inthissituation to think carefully about the future
negative consegquences associated with reverting to old bad
habits.

Thinking About the Positive Consequences of Sobriety

Patients are encouraged to imagine the positive future
consequences associated with restraining from alcohol abuse.
In accordance with session 2, patients are required to select
between 1 and 3 consequence categories from alist comprising

http://mhealth.jmir.org/2017/1/e5/
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the same domains, and are al so guided in rehearsing the USCS.
In contrast to the prior USCS, it is explained that this strategy
is effective when negative emotions and feelings prevail, and
when one has the urge to drink in order to distance oneself. In
such a situation, it may be useful to think of the positive
consequences that lie ahead if the urge is resisted.

Alternative Food and Beverage

In this last session, patients are encouraged to consume
alternative food and drink during exposure in order to reduce
urges. It is explained that people have a tendency to prefer the
food and drink that is most readily available in risky situations,
and that it is agood idea to distinguish between 2 types of risk
situations: (1) Alone or alone at home after work, watching TV,
bored, and (2) Social events: after work, with friends, or
celebration. Patients are encouraged to choose healthy
alternatives that will form the basis for new habits.

Inthe Summary of every session, itisrecommended that patients
use the associated coping strategy when confronted with alcohol
and risk situationsin real life; however, in line with the safety
functions featured in the Introduction to CET component, they
are also advised against actively seeking out risk situations.

To ensure that each strategy is trained at least once, it is not
possible for patients to proceed to the next session until they
have completed the previous session. While the strategies are
being trained, the Session icons change their colors from red to
yellow and then from yellow to green, to indicate not trained,
moderately trained, and trained.

The Exposureicon remainslocked until al strategieshave been
trained.
Exposure

Asillustrated in Figure 4, exposure to alcohol is simulated by
alcohol videos.
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The app contains 8 different alcohol videos comprising the
following categories: ordinary beer, strong beer, alchopops, red
wine, whitewine, brown spirits (eg, whiskey and cognac), white
spirits (eg, vodkaand rum), and hard liquor. One of these should
be selected. Patients can select for their preferred beverage to
feature in the exposure material or vary the beverage used from
one session to the next. The acohol video is selected from the
list presented in Figure 3, part C. The alcohol exposure videos
imitate ons with atherapist, and the alcohol in the videos
becomes increasingly more appetizing during the exposure
session so as to induce cue-controlled urges. A variety of the
most common brands in Denmark are presented, asindividuals
with AUD have different alcohol preferenceswithin the alcohol

Figure 4. Examples of the alcohol exposure videos.

Méllentin et al

categories. The duration of each exposurevideo is15 min. After
4 min of exposure, patients are guided in how to usethelearned
USCS in order to reduce the cue-induced urge. When the urge
decreases to a manageable level (urge level<2), the exposure
can end, and patients can then proceed to the summary session.
However, aminimum of 8 min of exposureis required.

It is possible for patients to go directly to the exposure videos
after they have been trained for all the USCS, as there is no
need to repeat the abovementioned information to them every
time they watch a video. When patients click on the Exposure
icon, they must register which USCS they want to train. They
can then proceed to the exposure on.

Real-Time Measures of Cue-lnduced Urges

Real-time cue-induced urges are measured at 3 time points: (1)
at the baseline (before exposure), (2) when the urgeis expected
to peak (during exposure/4 min), and (3) at the endpoint (after
exposure). Urges are measured on an 11-point Likert scale,
ranging from O (no urges) to 10 (severe urges). As can be seen
in Figure 5, we chose to use an unconventional glass-Likert
scaleto animate theratingsmore. Theliquid in the glass changes
color in accordance with urge ratings. The cut-offs are 0-2 for
Green, 3-6 for Yellow, and 7-10 for Red.

http://mhealth.jmir.org/2017/1/e5/
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Based on these measures, 3-point graphic illustrations of urge
devel opment during exposure can be produced. Proxy measures
of the intensity of the urge induced by the selected exposure
video and the effectiveness of the selected USCS in reducing
the urge can also be calculated. The first measure is calculated
by subtracting the baseline measure from the peak measure.
The effectiveness of the USCS is calculated by subtracting the
endpoint measure from the peak measure. These agorithms
together with other training activity variables are used to
calculate the resultsin My progress.
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Figure5. Real-time measures of cue-induced cravings.
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My Progress

Asillustrated in Figure 1: Main menu, the final icon is named
My progress. My progress displays several measuresand graphs
allowing patients to keep track of their training activities and
potential advances in controlling cue reactivity.

A sshown in Figure 6, the menu is similar to that in Figure 2:
Sessions. Patients can click on 1 of the 4 USCS and view
real-time measures and graphs related to the chosen strategy.
There are 3 icons below the bars: (1) A calendar, displaying
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information about exposure training; (2) best results across
strategies, providing information on which 3 USCS have had
the best effect till date; and (3) measures across strategies,
allowing accessto recommendationsfor potential improvements
regardless of the chosen strategy.

Data from these measures are recorded in the database in order
to register and monitor training activities. The data would be
used to measure the extent to which each USCS is applied by
patients, aswell asthe effectiveness of each USCS and the CET
intervention in general.

Figure 6. My progress (part A), calendar (part B), best results across strategies (part C), and measures across strategies (part D).
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Monitoring Use and Urges

Along with the smartphone app, an online database was designed
and developed in the system which can monitor patients’ data
in real-time. After the patients have used aUSCS, the app saves
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the data package locally on their phones and directs them
automatically to the online database (aslong asthereisInternet
connection). The data package includes user 1D, time of using
the app, applied strategy, and the real-time urge data. As
already mentioned, the user IDsthat we useto identify patients
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do not contain any personal information and are encrypted when
being transferred through the Web domain to the database. The
external webhosting provider, DanDomain A/S, DK, is
responsible for the server and the database, and has signed an
agreement with the hosts of the project to ensure that rules
regarding safety and ethics are met. The database cannot be
accessed by any members of the research group before all data
have been collected; only contracted data managers have access
to the database at this time. Any access and changes made to
the database is recorded and documented.

The user IDswill be used to merge data from the database with
data from other sources (in an internal database) suitable for
personal identifiers.

Discussion

Principal Findings
This paper describes the design and development of a

smartphone app that mimics the CET treatment delivered to
AUD patients in Danish inpatient and outpatient clinics.

Although CET aong with USCS is widely used in Denmark,
studies providing evidence for the eff ectiveness of thistreatment
are yet to be conducted. If we draw on the evidence from
international studies, CET has, initsconventional delivery form,
demonstrated superior performance to meditation and relaxation
techniques [15-17,38], and equivalent or even superior
performance to cognitive behavior therapy [37,39,41,42]. Some
of the best results for the effectiveness of applying CET with
USCS have been reported by Monti and colleagues [15-17],
and are based on the same manual that is used in most Danish
treatment settings, and which this study is built on [33]. CET
with USCS has been shown to work in both individua and
group sessions [15,17,42].

The critical question, then, iswhether this evidence-based AUD
intervention demonstrates an effect when converted into a
smartphone app. To answer this question, we based the present
app on abehavioristic psychol ogical framework and embedded
the examination of it in a large-scale, randomized controlled
trial. About 300 AUD individuals were randomized into 1 of
thefollowing 3 aftercare treatment groups: (1) CET asamobile
phone app (n=100); (2) CET as a group therapy (n=100); and
(3) treatment as usual (N=100). The 2 experimental CET
conditions were based on the same manual, and the treatment
as usual consisted of asingle follow-up session to observe how
patients were doing and whether further treatment was needed.
The real-time urge measures were applied in both experimental
CET conditions, and a number of effect measures were
conducted for all enrolled participants [31,35].

The experimental design allows for comparison between the
experimental groups and the nonactive controls, which addsto
the general knowledge base pertaining to the effectiveness of
CET targeting AUD. Of more importance is the fact that the
study design alows for a comparison between the 2
experimental conditions on USCS, rea-time urges and effect
measures, which clarifies whether it is beneficial for patients
to progressfrom CET group sessionsto using aCET smartphone

app.

http://mhealth.jmir.org/2017/1/e5/
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It is hypothesized that the experimental groups will achieve
better outcomes compared with controls on primary and
secondary effect measures, including alcohol consumption,
urgesor cravingsand coping skills. It isamore of an explorative
research question that answers whether similar or improved
results for one of the CET conditions will be found. Thus, the
study context will either validate or falsify the app as an
evidenced-based treatment form.

Obvioudly, the app might have a number of disadvantages
compared with CET group sessions, which may hinder its
effectiveness as a pathway for treatment delivery. First, the
alcohol exposurevideosaim to target possibly all theindividuals
inthe study popul ation, hereby including several a cohol brands
at the expense of the individually tailored exposure. Second,
patients cannot smell the alcohol shown in the videos, and we
know that smell is the only sense that is linked directly to the
frontolimbic reward system [47-49]. Third, the time point for
using the USCS during the exposure is based on an average for
when the urges are expected to peak. Although this may be the
best proxy measure, an averageisan abstract value and the peak
may have a broad range, hence, not capturing the real peak in
many cases. Indeed, variations in the average peak have been
reported across studies[14-17]. Nevertheless, both the real peak
measure and the average peak measure have been reported in
our CET group comparisons. This will give an estimation of
the validity of the peak measure within the study population.
Finally, although the app was designed to be assimpl e, intuitive,
and feasible aspossible (also for patientswith minor or moderate
cognitive impairments due to drinking) and a contact number
for a CET therapist is provided, treatment may be affected if
patients have no personal interaction with the therapist [27,50].
However, CET in app form aso has several advantages. First,
the CET app may facilitate extinction learning as it enablesthe
patient to train in a variety of situationsin real life. Compared
with the CET treatment currently delivered in Danish alcohol
clinics, this approach may increase the likelihood that extinction
learning will generalize to various other contexts outside the
usua treatment setting [51]. Second, the CET app isindependent
of time and place, and patients do not need to show up at specific
timesfor treatment, but can instead train whenever and wherever
they find it convenient. Thus, patients who have busy work
schedules and family lives, live in rura areas, or have other
challenges that impede them showing up regularly at the clinic
may find thistype of treatment more suitable. Third, apart from
providing a forum for meeting the needs of AUD patientsin a
modern society, the application of smartphone app treatments
in clinics may, aso, decrease the amount of requests made for
therapist-based treatment. This will, indeed, lower the burden
on the health care systems' budget. Finally, in the longer term,
when evidence-based apps become more available, more patients
could potentially benefit from individual- as well as continued
treatment [18,19]. Moreover, AUD individual swho never enter
the treatment system [19-21] could also benefit from these app
services.

Although there exists agap in knowledge about the effectiveness
of evidence-based psychological treatment delivered through
mobile devices [26], alcohol-related apps are becoming
increasingly more available in app stores [52-54]. Worryingly,
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the majority of these apps are developed with the purpose of
encouraging and facilitating drinking. A review of 384 apps
found that only 11.5% (44/384) promoted reducing alcohol
consumption to at least a moderate level of; either through
providing information about detrimental effects, or through
psychological interventions [54]. Although it was beyond the
scope of this review to comment on the specific evidence
provided by the interventions, it is doubtful that these apps are
based on theory and empirical data (eg, hypnosisand motivation
messages) or even guidelines. Similarly, another recent review
of 662 appsfound that 13.7% (91/662) targeted amoderate level
of alcohol consumption. In contrast to the former review, the
authors of the latter review assessed whether the promoted
behavior change techniques were theory-driven and empirically
validated, and found that none of them were based on theory or
empirical evidence from the randomized controlled trials [52].

Despitethelack of availahility of theory-driven and empirically
supported apps, many new intervention initiatives targeting both
subclinical and clinical AUD populations are seen in research
[30,55-58]. These, as well as the present app, may contribute

Méllentin et al

to the reach of more appropriate treatment in the longer term.
Indeed, we are most likely witnessing a paradigm shift where
delivery pathwaysfor evidence-based treatment are progressing
fromindividual and group sessionsto (partial) mobile appsand
similar delivery pathways (eg, tablets and computers)
[22,24,59-61]. The delineating of these eHealth interventions
isindependent of time and place and could potentially contribute
to reductionsin problematic addictive behaviors and associated
damage to a broad range of populations. However, in order to
answer the question of whether mobile devices are a smarter
pathway for delivering psychological treatment when targeting
AUD, thereistill aneed for extensiveresearch, asit iscurrently
only inits early stages. This question will be further addressed
by upcoming research in this fast growing area of study.

Conclusions

It is our hope that the present CET app will contribute to the
availability of evidence-based mental health apps targeting
AUD. Future work will customize the CET app according to
thefindings generated by the longitudinal randomized controlled
trial in which the examination of this app is embedded in.
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Abstract

Background: Targeted interventions have improved physical activity and wellness of medical residents. However, no exercise
interventions have focused on emergency medicine residents.

Objective: This study aimed to measure the effectiveness of a wearable device for tracking physical activity on the exercise
habits and wellness of this population, while also measuring barriers to adoption and continued use.

Methods: This pre-post cohort study enrolled 30 emergency medicine residents. Study duration was 6 months. Statistical
comparisons were conducted for the primary end point and secondary exercise end points with nonparametric tests. Descriptive
statistics were provided for subjective responses.

Results: The physical activity tracker did not increase the overall self-reported median number of days of physical activity per
week within this population: baseline 2.5 days (interquartilerange, IQR, 1.9) versus 2.8 days (IQR 1.5) at 1 month (P=.36). There
was a significant increase in physical activity from baseline to 1 month among residents with median weekly physical activity
level below that recommended by the Centers for Disease Control and Prevention at study start, that is, 1.5 days (IQR 0.9) versus
2.4 days (IQR 1.2; P=.04), to 2.0 days (IQR 2.0; P=.04) at 6 months. More than half (60%, 18/30) of participants reported a
benefit to their overall wellness, and 53% (16/30) reported a benefit to their physical activity. Overall continued use of the device
was 67% (20/30) at 1 month and 33% (10/30) at 6 months.

Conclusions: The wearable physical activity tracker did not change the overall physical activity levels among this population
of emergency medicine residents. However, there was an improvement in physical activity among the residents with the lowest
preintervention physical activity. Subjective improvementsin overall wellness and physical activity were noted among the entire
study population.

(JMIR Mhealth Uhealth 2017;5(1):€2) doi:10.2196/mhealth.6239

KEYWORDS
activity trackers; personal fitness trackers; physical fitness trackers; medical residency; wellness programs; mobile health
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Introduction

Medical resident wellness, burnout, and lack of self-care is a
multifaceted problem complicated by long work hours,
demanding work environments, and amultitude of psychosocial
stressors [1,2]. The recent suicides of 2 medical residents in
New York [3] hasrefocused the conversation and has motivated
leaders of medical training institutionsto pilot interventionsfor
improving resident wellness and decreasing burnout.
Interventions to improve quality of life have included topics
such as duty hour changes, stress reduction programs,
interpersonal  skill  building, professional development,
mentoring programs, physical activity, and psychotherapy [4-8].
Programs designed to improve physical fithess among residents
and physicians have shown promise [7,9-11].

Medical residents have been found in multiple studies to have
low levels of physical activity [4,12,13]. Specifically, internal
medicine residents have been shown to have low levels of
physical activity, with only 15% of them being above average
or excellent [12]. In anational survey, resident physicians met
the US Department of Health and Human Services (USDHHS)
guidelinesfor physical activity approximately 73% of thetime,
but this percentage was lower than that for both attending
physicians (84.8%) and medical students (84%). These results
suggest that an intrinsic characteristic of life in residency
training decreases a person’s physical activity levels [13,14].
Physical activity among physicians is not only important for
their own health, well-being, and career longevity, but is also
correlated with their individual practice of counseling their
patients on the benefits of exercise [15-17].

Themajority of wellnessinterventions have focused oninternal
medicine and surgery residents, while few have focused on
emergency medicine residents. Emergency medicine physicians
experience nearly three times higher rates of career burnout
than other physicians[18,19], and emergency medicineresidents
have demonstrated low levels of overall life satisfaction [20].
Wellness experts have called for a proactive, rather than
reactionary, approach to improving the wellness of emergency
medicine residents [21]. It is believed that physical activity is
an inverse correlate of burnout among physicians, and
engagement in physical activity is a modifiable behavior
[11,22,23]. To date, there are no studies to our knowledge that
have evaluated baseline physical activity among emergency
medicine residents, and its effect on wellness is not described.
Despite the perceived frenetic nature of the specialty of
emergency medicine, the typical emergency medicine resident
does not achieve the baseline physical activity recommendations
posited by the USDHHS and the Centers for Disease Control
and Prevention (CDC) [24,25] during a standard shift in the
emergency department. When researchers placed pedometers
on residentsin asingle, urban, academic, emergency medicine
training program, only 9.9% of the residentstook at least 10,000
steps during a shift [26]. Little is known about the physical
activity behaviors in this population outside of the emergency
department.

Pedometers have been shown to improve physical activity in
different populations [27-29]. However, newer wearable devices
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for tracking physical activity have been used in an attempt to
improve physical activity in specific populations. These
wearabl e devices use complex proprietary algorithmsto collect
and provide physical activity data to the wearer, while being
interconnected with computers and mobile phones. One study
of internal medicine residentswho used aFitbit activity monitor
inthe clinical setting showed good adoption and adherence[12].
However, this study was not designed to measure the change
in physical activity among residents after receiving the device,
but rather the effect of the data provided by the device on their
physical activity. Prior research has not shown how
implementing awearable exercise tracker will affect the physical
activity behaviors of medical residents.

The primary purpose of this study was to measure the
effectiveness of using a wearable device for tracking physical
activity on the physical activity behaviors of emergency
medicine residents. We hypothesized that self-reported physical
activity levels would increase after receiving the device.

Methods

Study Design

Thisstudy was designed asapre-post cohort study and involved
both active data collection and participant-completed
guestionnaires. This study was approved by the institutional
review board. All participants provided written informed consent
and research was conducted in accordance with the Declaration
of Helsinki. The data collection portion of this study lasted for
6 months, from September 1, 2014, to March 1, 2015.

The study population consisted of the members of a 3-year,
accredited, academic, emergency medicine residency in the
United States. Theresidency iscomposed of 62 total physicians,
divided into 3 postgraduate years. Among the residents, 3 were
involved as researchers and therefore were not eligible to
participate. All other residents in the program were otherwise
eligible to participate and all 62 residents were given adevice.

Outcome M easures

The primary outcome measure was the change in the
self-reported days per week of at least 30 minutes of physical
activity, measured by questionnaire at study start and after 1
month of physical activity tracker use.

The secondary outcome was the change in weekly physical
activity—defined by the number of days per week with at least
10,000 steps or 30 minutes of active time—as measured by the
Fitbit (FitBit Flex; FitBit Inc, San Francisco, CA, USA)
wearable activity tracker compared with the baseline
self-reported estimate of physical activity. The accuracy of
wearable devicesfor tracking physical activity hasbeen formally
assessed and compared with the physical activity monitorsin
mobile phones[30]. The algorithm used by the Fitbit company
products is proprietary; however, it has been previously used
and validated in health services research [31,32]. The humber
of stepsrecorded by the Fithit Ultrahas been shown to correlate
well with the ActiGraph activity monitor, a well-validated and
frequently used exercise research tool [33]. The Fitbit device
and step counting algorithm also appears to have good validity
when compared with multiple other tools while walking in a
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controlled environment [30] but may underestimate physical
activity under certain conditions such as cycling or other
physical activity [34]. When applied to a population of cardiac
rehabilitation patients, and compared with the ActiGraph
research accelerometer as the gold standard, the same activity
tracker used in this study was found to overestimate the amount
of physical activity performed by participants[35].

Additional measures of interest included subjective
characteristics specific to the adoption and continued use of the
physical activity tracking device, measures of wellness, changes
in physical activity behavior, and change in self-reported
physical activity at 6 months. We conducted astratified analysis
of the population for the physical activity specific outcomes
based on two predetermined factors: whether or not the
participants continued to use their device throughout the entirety
of the 6-month study period and whether or not the participants
met the CDC recommended guidelinesfor adult physical activity
at the start of the study, based on their self-reported physical
activity in the baseline questionnaire. CDC guidelinesfor adults
recommend “ 150 minutes of moderate-intensity aerobic exercise
(ie, brisk walking) per week” [25].

Study Protaocol

All residents within this emergency medicine program were
given a wearable physical activity tracker to improve their
overall physical activity levels. Before receiving their device,
the residents were asked if they would like to participatein this
research study, advised that there would be no compensation
offered to participate, and informed that receipt of the device
would not be contingent on participation. At enrollment, all
eligible participants were asked to complete a baseline
guestionnaire regarding demographic characteristics and
physical activity habits (see baseline survey instrument in
Multimedia Appendix 1). This questionnaire and al further
questionnaireswere conducted through SurveyMonkey software.
Participants then received their devices and were asked to
complete a 2-week acclimatization period before the initiation
of electronic data collection. During this acclimatization period,
participants were encouraged to wear and use the device. The
purpose of this acclimatization period wasto allow participants
to activate their devices and learn how to use them in their
regular daily life. Primary data collection from the devices
occurred over the following month, September 2014.
Participants were aware that their physical activity information
would be collected during this period and were instructed to
wear their devices as instructed by the device manufacturer on
the packaging insert and on the manufacturer's website.
Specifically, participants were asked to wear their device at all
times, with the exception of charging. The hospital training
environment does not have stated restrictions on wristband or
physical activity tracker use and the participants were able to
wear the devices in the clinical setting. The choice to actively
follow the physical activity data for 1 month, as opposed to a
longer duration of time, was made by the investigators for
several reasons. First, active data tracking time was limited to
1 month to minimize theimpact of being a study participant on
the daily lives of the emergency medicine residents. Second,
thereisapaucity of data on the length of time needed to create
alasting changein physical activity behavior among otherwise
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healthy physician volunteers with a physical activity tracker
intervention.

The specific physical activity tracker used in this study allowed
for near real-time physical activity information gathering and
data downloads. Specifically, the device provides data on both
stepsand “active minutes” for each participant. “Active minutes’
were calculated within the proprietary algorithm of the device;
however, the device manufacturer describes “active minutes’
as time measured when the device senses movement that
correlates with physical activity above 3 metabolic equivalents
(METSs) for 10 consecutive minutes. This specific time cutoff
was based on specific CDC guidelinesfor physical activity [25].
In order to facilitate regular data collection, all study participants
were asked to create an account on the Fithit Inc website and
register their device for data tracking. Participants then shared
access to their Web-based data for the duration of the study
period. Data collection was conducted through a third-party
application programming interface that pulled the physical
activity data from the Fitbit.com servers and generated daily
physical activity reportsfor each participant. These reportswere
collected for 1 month after which data from participants were
only gathered to determine if they continued to use the device
until the study period ended. Because prior research has shown
that device-specific barriers, such as frequent charging, may
decrease the number of days during follow-up that the
participants can wear their device, active data tracking was
limited to those daysin which the participants wore their device
for at least 100 steps. Thislimitation did not apply to the primary
outcome measure.

Following the month of physical activity data gathering,
participants were asked to complete a questionnaire assessing
their use of the activity tracker, perceptions of the device,
information on their physical activity during the past month,
and a self-assessment of the impact of the device on their
self-perceived physical activity and overal wellness. At 6
months, participants were asked to complete a final follow-up
survey to assess their use and perceptions of the device aswell
astheir current physical activity levels.

Statistical Analysis

Data analysis included descriptive statistics of demographic
characteristics, measures of wellness, physical activity, and
perceptions about the wearabl e activity tracker. Asthe datadid
not satisfy the assumption of normality, statistical comparisons
were conducted with the nonparametric Wilcoxon signed rank
test, for the primary and secondary outcomes of interest aswell
as for the stratified analyses within these outcomes. Statistical
significance was defined as a P value of <.05. Given the small
population size of this pilot study and lack of research precedent
for this type of intervention, no power calculation was
conducted. All statistical analyses were conducted in SAS
version 9.4 (SAS Ingtitute Inc).

Results

Study Population

Of the 59 eligible residents, 30 ultimately participated in the
active data tracking portion of this study, where they used the
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physical activity tracker for at least 1 week during the first
month of follow-up and completed 3 questionnaires over the
6-month period. Of the 59 residents who received a device
before the start of the study, 46 (78%) were initially willing to
participate and completed the baseline questionnaire, but of
these participants, 16 (35%, 16/46) did not register or wear their
devices and were excluded from the study analysis (Figure 1).
The participants who were excluded were similar in
demographic characteristics and baseline physical activity
behaviors to the study population based on responses to the
initial questionnaire.

Among the 30 study participants, the median age was 28 years
(interquartilerange, IQR, 4.0), approximately half (53%, 16/30)
were male, 40% (12/30) were married, and 10% (3/30) had
children. In addition, 3 participants (10%, 3/30) had and were
still using aphysical activity tracker at the start of the study and
1 participant previously had a device but had stopped using it
before the start of the study. The overall perception of physical
activity trackers at baseline was positive, with 26 (87%, 26/30)

Figure 1. Flow diagram of study inclusion.

Total residents in
Emergency Medicine
Program (n=62)

Schrager et al

participants describing devices as helpful or possibly helpful
on a5-point Likert scale. The participants generally described
themselves as moderately healthy (median 2.0, IQR 2.0, on a
scale of 0-4 ranging from not at all healthy to extremely healthy;
Table 1).

Despite rating exercise as personally “important” (median 3.0,
IQR 1.0) on a 5-point scale ranging from not at all important
(score of 0) to extremely important (score 4), participants felt
that they exercised less than they would like. The median
number of different types of physical activities reported by the
cohort was 2.0 (IQR 1.0). With regard to how work influenced
their physical activity behaviors, the majority, 23/ (77%, 23/30),
felt that residency training and their work schedule negatively
affected their physical activity behaviors. Nearly everyone in
the study, that is, 29 of 30 participants (97%), described physical
activity in general ashaving apositiveimpact on their wellness,
and al study participantsfelt that anincreasein physical activity
levels would have a positive impact on their wellness (Table
1).
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Table 1. Demographic characteristics, physical activity, and wellness perceptions among study participants.

Schrager et al

Study variables Participated in Fitbit
tracking (N=30)
Agein years, median (IQR? 28(4.0)
Sex, male, n (%) 16 (53)
Relationship status, single, n (%) 12 (40)
With children younger than 18 years, n (%) 3(10)
Do you have a Fitbit or other exercisetracker and if yes, do you still useit? n (%)
Yes, till use 3(10)
Yes, no longer use 1(3)
No 26 (87)
What isyour perception of biometric monitoring or other exercise tracking devices, such asthe Fithit? n (%)
Not helpful, possibly harmful 0(0)
Possibly not helpful 1(3)
No opinion 3(10)
Possibly be helpful 24 (80)
They are helpful 2(7)
Personal health perception, scale 0-4, median (IQR) 2.0(2.0)
(O=not at al healthy, 2=moderately healthy, 4=extremely healthy)
How important is exercise to you? Scale 0-4, median (IQR) 3.0(1.0)
(O=not at al important, 2=moderately important, 4=extremely important)
How much physical activity or exercise do you get? Scale 0-4, median (IQR) 1.0(2.0)
(0=much too little, 2=about the right amount, 4=too much exercise)
How many different physical activities or exercises do you participate in? Median (IQR) 2.0(1.0)
How do you feel your work schedule impacts your physical activity? n (%)
Negative impact 23 (77)
No impact 6(20)
Positive impact 1(3)
How do you feel residency training hasimpacted your physical activity? n (%)
Negative impact 23(77)
No impact 4(13)
Positive impact 3(10)
Do you feel that a typical EDP shift provides you with sufficient physical activity for the day? n (%)
No 23(77)
Not sure 2(7)
Yes 5(16)
How does working an overnight shift impact your physical activity? n (%)
Negative impact 26 (87)
No impact 3(10)
Positive impact 1(3)
How does physical activity affect your wellness? n (%)
Negative impact 0(0)
No impact 1(3)
Positive impact 29 (97)
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Study variables

Participated in Fitbit
tracking (N=30)

How would an increase to your physical activity affect your overall wellness? n (%)

Negative impact
No impact

Positive impact

0(0)
0(0)
30 (100)

3 QR: interquartile range.
beD: emergency department.

Outcome M easures

The primary outcome measurement, change in self-reported
number of days of physical activity per week after 1 month of
device use, was not statistically significantly different from the
baseline self-reported number of days of physical activity. The
median self-reported number of days of exercise per week before
receiving the device was 2.5 (IQR 1.9) and after 1 month was
2.8 days (IQR 1.5, P=.36; Table 2).

The dtratified analysis of the primary outcome showed that
among those participants with physical activity below the CDC
recommended amount of weekly physical activity at baseline,
there was a statistically significant increase in the number of
weekly days of physical activity from 1.5 (IQR 0.9) to 2.4 (IQR
1.2), P=.04, at 1 month, and an increase from baseline to 2.0
(IQR 2.0) days per week at 6 months (P=.04). The population
of participants who met or exceeded the CDC recommended
guidelines for physical activity at study start did not have a
statistically significant change in their physical activity at 1
month (P=.69; Table 2). Among participants who continued to
use their device at 6 months (10/30, 33%), there was no
statistically significant change in physical activity from their
baseline at study start. The samewastrue of people who stopped
using the device before the end of the study period (20/30, 67%;
Table 2).

The secondary outcome of interest, changein days per week of
physical activity as measured by the physical activity tracker
compared with self-reported baseline days per week of physical
activity did not reveal a statistically significant change in
physical activity. The median number of days of physical
activity as measured by the devicewas 2.5 (IQR 2.7) compared
with the baseline median number of days of exercise per week
of 2.5 (IQR 1.9). The median number of eligible days recorded
by the device where the participant recorded at least 100 steps
was 27.5 (IQR 8) over the course of the 30-day month. There
was no dtatistically significant difference in physical activity
levels at 1 month among those who met or did not meet CDC
recommended exercise guidelines (P=.69). Nor was there a
statistically significant difference among those who continued
to use the device for the entirety of the study period when
measured at 1 month compared with themselves (P=.85), or
among the group of people who discontinued use before 6
months (P=.34; Table 2).

http://mhealth.jmir.org/2017/1/e2/

Continued Use

Barriers to the continued use of the wearable physical activity
tracker were addressed in both the 1-month and 6-month
follow-up questionnaires. When study participants were asked
to list the barriers to continued use of their physical activity
tracker at 1 month, half listed forgetfulness—either forgetting
to charge or forgetting to wear—the device. However, the other
half of participants did not note any barriers to continued use.
Barriers to continued use are listed in Table 3 and include the
following: not wanting to wear the device, boredom, the belief
that the device was not accurately measuring physical activity,
and that it was not increasing overall physical activity. Fashion
and the device breaking were also noted as barriers.

At 1 month, 18 of 30 (60%) participants described a positive
impact on their wellness because of physical activity tracker
use and 16 of 30 (53%) listed physical activity tracker use as
having a positive impact on their physical activity. Of the 30
participants, 20 participants (67%) continued to usetheir device
after 1 month, but only 10 (33%) participants still used their
device after 6 months (Table 3). Figure 2 describesin graphical
format the number of study participants who continued to use
their device, by week, during the 6-month follow-up period.

Among those who stopped using the device by 6 months (20 of
30 participants), the participants listed both subjective and
functional device issues as their principal reason for stopping
use of the device, which were similar to the reasons for
discontinued use at 1 month. Reasons given for discontinued
use included the following: the impression that the device was
no longer changing their exercise habits, boredom with the
device, the impression that it was not accurately recording
physical activity, and the impression that the device was a fad.
Device-specific reasons for discontinued use at 6 months
included loss of the device, wristband breaking, and issueswith
charging the device frequently (Table 3).

Among participants who continued to use the device for the
entire study period (10 of 30), 4 of 10 participants (40%) listed
liking the data provided by the device as their reason for
continued use. Additionally, 3 of 10 participants (30%) found
that the device reminded them to exercise. And 2 of 10
participants (20%) listed peer pressure astheir principal reason
for continued use. One person listed the device making him or
her feel more physicaly fit as the main reason for continued
use (Table 3).
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Table2. Self-reported physical activity among study participants at baseline, 1 month, and 6 months stratified by continued use and by level of physical
activity before receiving device.

Estimate of the number ~ Estimate of thenumber Physical activity tracker Estimate of the number of
of days exercised per of daysexercised per  measured number of days  days of exercise per week 6
week at baseline before  week after 1 month of  per week of exerciseat 1 months after receipt of

receipt of physical activi- physical activity tracker month of use physical activity tracker

ty tracker use (n=30) (n=30)

(n=30) (n=30)
Study population (n=30), median 2.5 (1.9) 2.8(15) 25(2.7) 3.0(2.0)
(IQR? P=.67 P=.69 P=.36
Met CDCP recommendations for 3.4(0.9) 29(1.8) 2.8(2.8) 35(25)
adult physical activity prior to study p=.52 p=.27 P=.69
start (n=20), median (IQR)
CDC recommendations for adult 1.5(0.9) 2.4(12)° 20(1.7) 2.0(2.0°
physical activity prior to study start P=04 P=.39 P=04
not met (n=10), median (IQR) - -
Continued to usedevicefor 6-month 2.5 (1.9) 2.7(0.9) 1.9(2.6) 3.0(2.0)
study perlod (n:lO), median (|QR) P=.97 P=.39 P=.85
Discontinued physical activity 25(1.9) 29(2.0) 26(2.7) 3.0(2.0)
tracker use prior to study end P=.64 P=.86 P=36

(n=20), median (IQR)

3 QR: interquartile range.
bCDC: Centers for Disease Control and Prevention.
CSignificant at P<.05 level, Wilcoxon signed rank test.

Figure 2. Number of participants, by week, who continued to use their wearable device for tracking physical activity during follow-up.
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Table 3. Follow-up questionnaires on the use and barriers to use of the wearable device for tracking physical activity at 1 month and 6 months.

Questionnaire responses at 1 month and 6 months, n=30 n (%)
Barriersto use of the physical activity tracker at 1 month (cumulative per centage)®

No barriers noted 15 (50)

There were daysthat | forgot to charge it 15 (50)

There were days that | forgot to wear it 15 (50)

It was not increasing my physical activity 4(13)

| did not like wearing it on my wrist 4 (13)

| became bored with it 4(13)

It was not accurately measuring my physical activity 4(13)

Fashion 3(10)

It broke or stopped working 3(10)

| felt like | could not be physically active 2(7)

| became injured 1(3)

| lost the device 1(3)
Physical activity tracker use had a positive impact on persona wellness at 1 month 18 (60)
Physical activity tracker use had a positive impact on physical activity at 1 month 16 (53)
Continued to use the physical activity tracker at 1 month 20 (67)
Continued to use the physical activity tracker at 6 months 10(33)
Principal reason for stopping use of the physical activity tracker by 6 months (n=20)

The device was not changing my exercise habits 3(15)

The device broke 3(15)

| became bored with the device 2(10)

The device was not accurately recording my physical activity 2(10)

| lost the device 2(10)

| found the device to be uncomfortable 2(10)

The wristband broke and | did not replace it 2(10)

| did not want to wear the device on my wrist 1(5)

The device would not charge 1(5)

The deviceisafad 1(5)

| encountered issues with charging the device frequently 1(5)
Principal reason for continued use of the physical activity tracker at 6 months (n=10)

| liked the data provided by the device 4 (40)

The device reminds me to exercise 3(30)

Peer pressure from other people wearing the device 2(20)

The device makes me feel more physically fit 1(10)

aMultiple answers digible.

Discussion

Principal Findings

The primary objective of this study was to examine the
effectiveness of awearable devicefor tracking physical activity
on self-reported levels of physical activity among a relatively
healthy group of emergency medicine residents 1 month after
receiving a physical activity tracker. Within this cohort of 30

http://mhealth.jmir.org/2017/1/e2/

RenderX

emergency medicineresidents, there wasno overall statistically
significant change in self-reported average number of days of
physical activity per week 1 month after receiving the physical
activity tracker. However, within the prespecified subgroup of
residents who did not meet the CDC recommended minimum
level of physical activity before receiving the device, there was
a dtatistically significant increase in self-reported weekly
physical activity from baseline (1.5 days) to 1 month (2.4 days)
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and 6 months (2.0 days). Despite alack of measurable change
in the primary end point, the majority of study participants felt
that receiving and using the physical activity tracker had a
positive impact on their physical activity levels and overall
wellness. The broad implications of these findings suggest that
these devices do not appear to have a negative impact on
physical activity, may be beneficial within specific populations,
and may improve wellnessin waysthat are not measurablewith
self-reported or device-provided data. These findings may help
other emergency medicine or medical training programs
implement physical activity programs for residents to improve
their wellness by targeting interventions to those who are not
physically active and by pairing a physical activity tracker
intervention with additional behavioral interventions.

There are severa potential explanations for why we did not
observe a substantial effect of the physical activity tracker on
physical activity levels after 1 month for our entire study
population. First, the population in our study was young,
physically active at enrollment, and presumably healthy, with
two-thirds of participants already meeting CDC guidelines for
weekly exercise. Thus, the potential effect of the physical
activity tracker among an already active population is likely
smaller and may require a larger study to find a statistically
significant increase in physical activity. This is supported by
our finding that the physical activity tracker was only
significantly effective among the subgroup of participants who
had not met CDC guidelines for exercise at baseline. Another
potential explanation for our findingswasthat aphysical activity
tracker alone was not enough to encourage a major change in
physical activity. Our study did not use a specific external
behavioral changetechnique, such asastudy coordinator helping
the participants set an exercise goal. Instead, participants had
the opportunity to choose to use the device and its built-in tools
as a motivator. Nonetheless, the physical activity tracker used
in this study, when paired with the website and mobile phone
app, uses many behavior change techniques that have been
previously described in the literature, including goal-setting
behavior, feedback on behavior, social comparison, prompts
and cues, social and other nonspecific rewards, and immediate
feedback [36]. Finally, one-third of study participants
discontinued use of the physical activity tracker before the
1-month period, which may have reduced the potential
effectiveness of the device.

Wellness and Physical Activity

Nonetheless, this population of emergency medicine residents,
whilegenerally healthy, isstill at risk for psychosocia problems
such as career burnout and lack of wellness [19-22]. Even
emergency medicine residents who described themselves as
moderately healthy at study enrollment felt that they nonetheless
exercised lessthan they would like, suggesting that before using
their physical activity tracker the participantsin this cohort were
both aware of their own levels of physical activity and placed
avaueontheir own wellnessand the effect that physical activity
has on it. Study participants described physical activity as
personally important and felt that an increase in their physical
activity would improve their overall wellness. Residency
training, work schedule, and night shiftsweredl listed ashaving
a negative impact on their physical activity levels, suggesting
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that physical activity tracker or other interventions to improve
physical activity and resident wellness are important.

Barriersto Adoption and Continued Use

Evidence does suggest that a physical activity tracker may
increase physical activity; however, barriers to adoption and
continued use may limit the overall effectiveness. Inaqualitative
analysisof the Pedometer and consultation-UPtrial (PACE-UP),
which used pedometers and notebooksfor participantsand nurse
follow-up as their intervention, the authors found the process
of monitored physical activity to be beneficia to most
participants with the caveat that some participants perceived
barriers when the equipment failed to accurately record their
activity [37]. This mistrust of monitoring devices was aso
shown in our results, specifically among those who discontinued
use of the physical activity tracker. This specific characteristic
of physical activity trackersis abarrier that must be addressed
in future research. It is difficult to measure the effect that even
asingle episode of unmeasured or incorrectly measured physical
activity might have on adherence, but it hasthe potential to bias
results. Nonethel ess, the stratified analysis of participants who
either continued to usetheir physical activity tracker throughout
our study or who stopped during the study period yielded no
overall change in measured or self-reported physical activity.

With two-thirds of the participants discontinuing use of the
physical activity tracker at 6 months, a consideration of the
reasons for discontinuation is warranted to help inform future
studies that may assess a physical activity tracker intervention
among a healthy population. Reasonsfor discontinued use were
varied but broadly included subjective reasons such as not
wanting to wear the device on thewrist, the belief that the device
was not accurately recording physical activity, and
device-specific reasons such as malfunction, loss, comfort, and
fashion. In prior research among an internal medicine resident
population, compliance and adherence to interventions with an
older generation physical activity tracker were better when
paired with an ongoing exercise program and with weekly
reminder emails [12]; however, we chose not to add these
elements to our research protocol in an attempt to focus on the
device-specific benefit and create an intervention that would be
simple, reproducible, and scalable. Future research on the use
of aphysical activity tracker for health and wellness promotion
will likely continue to be hindered by these el ements. However,
researchers who choose to use the physical activity tracker for
health promotion may see an improvement in continued use
among participants who appreciate the data provided by the
device and the reminder to exercise that the physical presence
of the device on the arm provides. Additionally, using the data
provided by thistype of device appearsto be somewhat limited
by the user.

The physical activity tracker used in this study was specifically
designed to capture ambulatory activities; however, the company
allowsfor inputting the duration of alternative physical activities
such as swimming, cycling, weight lifting, and yoga into the
computer and application interface. We did not specifically ask
our study participants to input or record nonambulatory
activities. This likely would have primarily affected only the
secondary outcome of this study, which was device-measured
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active days. However, had the participants logged their
nonambulatory activities, this would have been captured as
activetime. We did not differentiate between personally logged
and device-measured activities. Nonetheless, intheinitial survey
we screened participants for their preferred physical activities,
and the median number of different activitieswas 2.0 (IQR 1.0).
One additional potential reason why participants discontinued
use of the physical activity tracker wasthe limited ability of the
physical activity tracker to record accurate and complete
information about a participant's physical activity. All
participants endorsed performing physical activities that are
readily captured by the device, such as walking, running,
jogging, or hiking. We did not capture their primary mode of
physical activity, and there is therefore the possibility of bias
in the effectiveness of the device and the primary outcome,
should the participantsfeel asthough their physical activity was
not being measured correctly. A total of 2 of the 20 participants
who eventually stopped using the device noted that the device
was not measuring their physical activity correctly, although it
isunclear if this was specific to failure of the device to record
nonambulatory physical activities or mismeasurement of
activitiesthat the deviceis supposed to accurately capture, such
aswalking. Other studies have also reported similar barriersto
using these devices, including the “novelty effect” wherein
continued use declined, lack of adherence among participants,
and technical issues with the device or website [34].
Nonetheless, Fitbit devices have been used in studies of cardiac
rehabilitation programs with better overall adherence to use
[38], and have shown promisefor physical activity interventions
among obese sedentary adult women [39], and for patientswith
chronic obstructive pulmonary disease [40]. These findings
point to a possible enhanced benefit among lessphysically active
users, which is also suggested by our results. The overall
effectiveness of the device among a less heathy study
population may be influenced by multiple factors including
regular contact with medical professionals and the variety of
non—device-specific behavioral modification techniques used
intheir research protocol s—such asanurse or study coordinator
helping to set goals.

Limitations and Future Directions

Several limitations were identified in this study. This was a
single ingtitutional study, albeit a large and diverse residency
program. Study data suggest that the baseline physical activity
levelswere higher than that described in other studies of resident
physical activity. The residency leadership’s emphasis on
well-being and exercise, as demonstrated by the gift of a
physical activity tracker, may have biased resident participation,
and participants may have been more likely to overreport
physical activity or even use the physical activity tracker more
than they would normally have had it not been a gift from their
employer. Of the study investigators, 3 were emergency
medicine trainees during enrollment and data acquisition, and
although this poses a potential source of bias in that the study
participants frequently interacted with the investigators,
implementing this type of intervention in the future will most
likely aso involve peer-to-peer interaction. It is unclear how
thistype of interaction can bias the results of thistype of study,
but it most likely encouraged participants to exercise more
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frequently and possibly could have led to overreporting of
physical activity. The small sample size also limited our ability
to conduct subgroup analyses, and future research may be
needed to examinethe effect of aphysical activity tracker among
people of different demographic groups.

This study is subject to selection bias. Slightly more than half
of the eligible participantsin the emergency medicine residency
were part of the active data collection and follow-up. However,
the 16 residents who initially enrolled in the study and
completed the baseline questionnaire, but did not participate in
further active data collection, had similar baseline characteristics
and self-reported levels of physical activity. This study also
involved 3 participant questionnaires and therefore suffersfrom
the inherent biases of research with cross-sectional elements.
To decrease the amount of recall bias, subjective recall periods
were kept intentionally short and specific. Furthermore,
participants were aware that they would be providing estimates
of their physical activity habits before being asked for them and
were thus more likely to accurately recall and report these
values. Conversely, this study involved a physical activity
intervention, which could have caused unintentional inflation
of self-reported exercise frequency. To mitigate this possible
source of bias, the physical activity data from the device itself
were used in addition to the self-reported amount of physical
activity from the participants, and results did show high
agreement. It is also possible that the physical activity data
provided by the website and mobile app associated with this
physical activity tracker could have influenced the self-reported
amount of physical activity at 1 month. It is unclear if this
potential bias could have masked the effect of the intervention.
Further research must be performed to determine the degree to
which access to a person’s physical activity data can influence
that person’s self-reported physical activity. It also must be
noted that the optimal time period during which to observe a
sustained changein physical activity for thistype of intervention
isunknown. The follow-up time of 1 month may have been too
short for our primary outcome. Our choice to limit active
follow-up to 1 month was made for several reasons. First, as
this was a pilot study, we did not want to unduly burden the
study participants asthey are medical residents with significant
demands on their time and they were asked to regularly interface
with the mobile app or website and use the device. Second, the
only other study of an intervention using a physical activity
monitor on asimilar population [10] chose a 6-week by 6-week
time period as an appropriate length of time for its crossover
randomized clinical trial. Our study allowed for a 2-week
acclimatization period, followed by 1 month of active
monitoring. Our study specifically aimed to address feasibility
and effectiveness of the Fitbit device over a short time period.
Our primary focus was not on maintenance of the health
behavior; however, thiswill be of paramount interest for future
investigators who wish to use a physical activity tracker in a
similar population. Finally, this study did not use validated
physical activity or wellness tools, and thus caution should be
used when interpreting these data. Future studies should seek
to use validated instruments for their study population to
increase the ability to compare results across study popul ations.
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Additional limitations about the physical activity tracker used
in this study should be noted. First, the device, even when worn
correctly, may have underrepresented [34] or overrepresented
[35] the amount of physical activity performed by each
participant—a known problem that has previously been
described in the literature. Second, the deviceitself required the
user to remember to useit and to keep it charged, both of which
allowed for inconsistencies in the number of days eligible for
active data tracking. Nonetheless, daily use of the device was
generaly good and the number of physically active days per
week as recorded by the device was similar to, if only slightly
lower than, the median number of active days provided on the
1-month questionnaire. Finally, the study was limited with
respect to determining the true amount of physical activity
performed by each participant during follow-up. The apparent
lack of difference between the device-measured and
self-reported physical activity observed in this study must be
viewed in light of the small samplesize. It remains unclear how
behavioral change should be measured, either with a
guestionnaire or with the data provided by the device, when
using a physical activity tracker as an intervention. We hope
that future research in this area can address the limitations
largely duetotherelatively small samplesize of our pilot study.
We are encouraged by portions of the results that suggest an
improvement in overall wellness and physical activity within

Schrager et al

the subset of the population. We suggest that future research
address some of the device-specific and adherence concerns
voiced by our participants. Research that has paired these
devices with behavioral interventions has also shown promise
and should be explored in alarger sample of healthy participants
aswell. We also suggest lengthening the overall study duration
to more accurately capture adherence to behavior change.

Conclusions

The implementation of a physical activity tracker among a
healthy population of emergency medicine residents did not
change the overall self-reported physical activity at 1 month
and 6 months. However, there was a significant improvement
in the amount of physical activity among the residents with
preintervention physical activity levels below the CDC
recommended guidelines. Subjective improvements in overall
wellness and physical activity were noted among the whole
study population. Adherence waned over the study period with
only one-third of participants continuing to use the device at 6
months. Our pilot study findings may provide helpful
information for residency programs that may be contemplating
a wearable physical activity tracker intervention among their
residents or others who may be considering a similar
intervention among a relatively healthy population of adult
participants.
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Abstract

Background: Evaluating engagement with an intervention isakey component of understanding its efficacy. With anincreasing
interest in devel oping behaviora interventionsin the mobile health (mHealth) space, appropriate methods for eval uating engagement
in this context are necessary. Data collected to evaluate mHealth interventions are often collected much more frequently than
those for clinic-based interventions. Additionally, missing data on engagement is closely linked to level of engagement resulting
in the potential for informative missingness. Thus, models that can accommodate intensively collected data and can account for
informative missingness are required for unbiased inference when analyzing engagement with an mHealth intervention.

Objective: The objectives of this paper are to discuss the utility of the joint modeling approach in the analysis of longitudinal
engagement data in mHealth research and to illustrate the application of this approach using data from an mHealth intervention
designed to support illness management among people with schizophrenia.

Methods: Engagement data from an evaluation of an mHealth intervention designed to support illness management among
people with schizophreniais analyzed. A joint model is applied to the longitudinal engagement outcome and time-to-dropout to
allow unbiased inference on the engagement outcome. Results are compared to a naive model that does not account for the
relationship between dropout and engagement.

Results: Thejoint model shows a strong relationship between engagement and reduced risk of dropout. Using the mHealth app
1 day more per week was associated with a 23% decreased risk of dropout (P<.001). The decline in engagement over time was
steeper when the joint model was used in comparison with the naive model.

Conclusions: Naive longitudinal models that do not account for informative missingness in mHealth data may produce biased
results. Joint models provide a way to model intensively collected engagement outcomes while simultaneously accounting for
the relationship between engagement and missing datain mHealth intervention research.

(JMIR Mhealth Uhealth 2017;5(1):€1) doi:10.2196/mheslth.6474

KEYWORDS
joint models; engagement; informative missingness

cognitive components that contribute to maximizing positive
treatment outcomes [1]. Treatment engagement is therefore a
The success of a behavioral intervention depends upon key component of any evaluation of treatment efficacy. With

participants active engagement in trestment. Engagement with &1 incregsi ng interest in developing behavioral _i nterventionsin
treatment is amultifaceted state with behavioral, affective, and  the mobilehealth (mHealth) space [2], appropriate methods for
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evaluating engagement in this context are necessary. Indeed,
evaluating engagement in mHealth has been identified as critical
for improving the impact of technology-based mental health
interventions [3,4].

Unlike clinic-based care, mHealth data are often collected much
moreintensively [5], allowing more detailed patternsto emerge
in the outcomes of interest [6]. With mHealth interventions,
engagement evaluations usualy focus on the behavioral
component and examine various measures of mHealth
intervention usage [3,7]. Outcome data may be available daily
if quantified as app usage, short message service (SMYS)
messaging, passive sensing data, response to prompts, or use
of an online portal, for example. More so than in asingle time
point, we must consider the nature of missing datain intensively
collected engagement outcomes. Furthermore, compared with
other clinical outcomes, engagement is particularly likely to
have missing data related to the outcome value itself. For
example, if a participant is disengaged in treatment and thus
unlikely to attend a therapy session, there is an increased
likelihood that the participant does not return for a follow-up
visit aswell. Inthe mHealth context, the problem iscompounded
in that mode of follow-up data collection and intervention
delivery is often the same. That is, the collection of an
intensively collected engagement outcome like app usage is
directly tied to engagement itself. The availability of engagement
datais likely strongly related to level of engagement with the
intervention. Therefore, missingness in engagement outcomes
should be considered to be nonrandom and nonignorable [8,9].

Longitudinal models such as mixed effects models and latent
growth curve models are robust to random missingness but not
to nonrandom missingnesslikethat likely present in longitudinal
engagement data[8,10]. That is, failure to take into account the
mechanism of missingnessresultsin biased inference about the
outcome[11,12]. Time-to-dropout and longitudinal engagement
are linked processes, and examining either separately is likely
to miss key information. Analyzing intensively collected
engagement therefore requires longitudinal methodology that
takes into account nonrandom missing data. The model must
also accommodate flexible patterns of engagement over time
which can be captured when so many data points are available.
Using a joint model enables simultaneous modeling of the
longitudinal outcome and the dropout mechanism to
accommodate data missing not at random. Models that jointly
evaluate the time-to-event and longitudinal processes have
previously been shownto reduce biasin estimation of the effects
in the longitudinal and time-to-even processes [13-16]. They
have been successfully applied in nonintensive, longitudinal
studies (asin Henderson et al [14], for example). These models,
however, have not previously been applied in intensively
collected datain the mHealth context where they are particularly
relevant.

Recent work has highlighted the need to understand engagement
with mHealth interventions with the goal of designing effective
interventionsthat meet users needs|[1,7]. Levelsof engagement
with an mHealth intervention may change over time and have
important implications for understanding the success of an
intervention. Understanding how engagement changes over
time, factors associated with changes in level of engagement,
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and how engagement is related to changes in behavior targeted
by the mHealth intervention could inform intervention tailoring
and improvement. Therefore, accurate estimation of behavioral
engagement over timeis essential.

The objectives of this paper areto discussthe utility of thejoint
modeling approach in the analysis of longitudinal engagement
data in mHealth research and illustrate the application of this
approach using data from an mHealth intervention designed to
support illness management among peopl e with schizophrenia.
We use data from a large implementation study
(Clinical Trials.gov NCT02364544) which involved the use of
asmartphoneintervention (FOCUS) designed to support illness
management among peopl e with schizophrenia. The study data,
described in detail in a separate article [17], consist of weekly
engagement outcomes. Wefirst introduce both longitudinal and
time-to-event submodel s that make up the joint model. We then
illustrate the need for joint modeling by examining the difference
in observed engagement outcome by amount of available data.
After performing anaive analysis of the data that does not take
into account nonrandom missingness, we analyze and interpret
the engagement data viajoint modeling and contrast the results
of the 2 approaches.

Methods

FOCUS Intervention Analysis

Thedatafor thisevaluation are from amultisiteimplementation
project that recruited participantsat 10 community mental health
centers and outpatient clinics. Eligible participants were
individual s between the ages of 18 and 60 years with psychotic
disorders who had recently been discharged from a psychiatric
hospitalization. Participants were offered atechnol ogy-assisted
relapse prevention program that could last up to 6 months.
Varigtion in program duration was due to both
participant-related (eg, discontinued phone use and/or study
follow-ups) and project-related (eg, funding ended) factors. As
part of the program, participants were provided with a
smartphone with the FOCUS il ness sel f-management program
installed. FOCUS consists of both prompted (3 times per day)
and sdlf-initiated use where each use starts with a brief
self-assessment and is followed by educational/intervention
content. Program discontinuation was identified when
participants notified study staff of adesire to end participation
and/or returned the study phone. In addition, when participants
enrolled in the last 5 months of the study, they participated for
less than a full 6 months. Finally, when participants stopped
generating phone data, stopped attending in-person services,
and study staff were unable to contact them after repeated
attempts, the study team made the determination of
discontinuation.

The evaluation of engagement with the FOCUS intervention
assessed the decline of engagement over timefor thislong-term
mHealth intervention as well as factors that may be associated
with differing rates of decline. Curvilinear declines were seen
in each engagement outcome: Days of mHealth Use, Days
Responding to Prompts, Days of On-Demand Use, and Daily
On-Demand Use. In addition, several demographic and
psychiatric variables were found associated with longitudinal
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engagement. Models of time to dropout included gender, age,
and race as potential predictors [17]. In the current
demonstration of joint modeling, we focus on the research
guestion of change in engagement over time using Days of
mHealth Use per week as the engagement outcome.

Joint Model Set-Up

Joint models are comprised of 2 submodels. the longitudinal
model of a continuous outcome and a time-to-event model.
Using notation from Rizpoulous [ 18], the observed longitudinal
outcomefor individual i, y;; isobserved multipletimes, j=1,...,n;.
Thelongitudinal submodel is alinear mixed effects model

Yi()=x(t)B+Z;(t)b;+ei(t),
where [3 is a vector of fixed effect regression coefficients
associated with the predictors x;(t) and the vector by is a set of
individual-level random effects associated with predictors z(t).
We assume a normal distribution for both b; and g(t), (b~N

(0,D), si(t)~N(O,02)), and also that these 2 random variables are
independent of each other. In this application, the outcome,
yi(t), is engagement measured as weekly mHealth intervention
usage. The research question is whether engagement changes
over the course of the study, so time from randomization, a
quadratic effect of time, and afixed intercept term areincluded
in x(t). Other flexible models of time are possible, but for
simplicity, we focus on this parametric model which appears
to fit the observed trajectory well. For other research questions,
other predictors may be included in x;(t). Due to the focus on
changes over time, we have included only time variablesin the
longitudinal model in this application, but it is straightforward
to include additional variables in this model including the
baseline predictors used in the time-to-event model. In z(t), we
include a random intercept and slope term. The model of
engagement is therefore:

Yi(0)=Bo+Bat+Bot>+og+hyit+e;(t). [Equation 1]

We rewrite the above equation in a different format in order to
introduce the term my(t), which represents the true value of the
longitudinal outcomefor individual i at timet, measured without
error;

yi()=m(t)+&(t).

Time-to-event modelsarereferred to as survival models, asthey
are often applied to survival datathat isonly fully observed in
some participants (those who die while in the study). In the
behavioral sciences, time-to-event models can be applied to
model timesto any event where the event may not be observed
inall individuals (eg, timeto relapse or timeto recovery). When
the study ends prior to an individual’s relapse to smoking, that
participant’s time to relapse is only partially observed. That is,
it is known that he or she remained abstinent for the duration
of the study, but the time of relapseisunknown. These partialy
observed times are said to be censored. In the context of
engagement, the partially observed time-to-event data is the
time to dropout. Time-to-dropout datais fully observed among
those participants who drop out prior to the end of study. Time
to dropout is censored when the study follow-up period ends.
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The time-to-event submodel is given as a proportional hazard
model [19]:

hi(tjwi,my (1)) =ho(t)exp{y wi +amy(t)}
Importantly, the true value of the longitudinal trajectory, my(t),
isapredictor in thismodel representing the assumption that the
longitudinal trajectory influences the risk of dropout. Other
baseline covariates in the model are represented by w;. In the
current application, we include available baseline predictors
that may influence the time to dropout: age, gender, and race
(black, Hispanic, and other with white as the reference group):

hi(tlwi,mi(t))=ho(t)exp{ y,age+y,male+ysraceg, ac

+Y41 808+ Vel BC€ory My (1)} [Equation 2]
The semiparametric proportional hazard model does not require
an assumption about the distribution of the time to event, and
the parameter estimates associated with predictorsin the model
are conveniently interpreted as hazard ratios. For example, being
male is associated with arisk of dropout that is exp{y,} times
the risk of dropout in females.

Estimation of the parameters in each model is performed by
maximizing the log likelihood of the joint distribution of the
longitudinal and time-to-event outcomes[18]. Thisjoint model
isknown as ashared parameter model since the parametersthat
definetheindividual-level trajectory (random and fixed effects)
influence both the longitudinal trajectory and the time-to-event
model. Thus, the random effects account for both the association
between the longitudinal and time-to-event outcomes and the
nonindependence of repeated observations within individual
[18].

Joint Modeling of Engagement

Nonignorable missingness, or missingness not at random
(MNAR), occurs when the probability of missingness depends
on unobserved longitudinal responses [8,11]. That is, it occurs
if certain values of avariable are morelikely to be missing than
other values. In the case of engagement, it is very likely that
lower levels of engagement are less likely to be observed
because a participant who becomes less engaged over time is
much more likely to drop out of the study. Longitudina
engagement dataistherefore particularly subject to informative
missingness. In the current study, engagement, defined as the
number of daysin aweek that the participant used the mHealth
intervention, is collected each week for up to 6 months.
Participants provided datafor differing amounts of timeranging
from lessthan 1 month to 6 months or more. A participant who
provided less than 6 months of data is considered to have
dropped out for the purpose of the time-to-event analysis. This
happened for various reasons. In some cases, the reason is
administrative and is likely not informative (ie, value of the
unobserved data should not be viewed asrelated to the data that
would have been observed); for example, mobile data collection
stopped because the implementation effort came to an end. On
the other hand, there are severa participants who stopped
providing mobile data before the study ended. In the latter case,
we should assume that the value of the engagement outcome
that would have been observed (ie, if the participant provided
data) islower.
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If we knew that all participants who dropped out did so due to
disengagement (eg, stopped participating or using the phone
dueto lack of interest in theintervention), it might be reasonable
to impute a 0 value for engagement for all weeks postdropout.
Thiswould be considered aworst-case scenario asit ispossible
that had these participants not dropped out they would have had
some engagement even if it were low. However, there are al'so
cases where dropout is unrelated to engagement, including
administrative dropout or moving out of the area, lost phone,
etc. For these 2 reasons, we should not assume that all missing
data represents the worst case scenario of complete
disengagement. The joint model alows for a relationship
between level of engagement and likelihood of dropout but does
not make assumptionsthat all missing datarepresentsacomplete
lack of engagement. Inthisway, thejoint model flexibly handles
dropout that may or may not be related to engagement.

To implement the joint model, we used the JM package in R
[18] (R Project). The model estimated is described in equations
1 and 2 above. Naive models for longitudinal outcome and
time-to-dropout were fit via linear mixed effects models and
Cox proportional hazard models, respectively, using the Ime
function in the nime package [20] and the survfit function in
the survival package [21] in R.

Results

Data from 342 participants who used the FOCUS intervention
for at least 1 week were included in these analyses. The mean
age of this sample was 35 (SD 11) years; 62.3% were male,
50.0% were white, 25.2% were African American, 10.8% were
Hispanic, and the remaining 14.0% reported being Asian,
American Indian, Native Hawaiian, or more than one race.

Kaplan-Meier estimates of the time-to-dropout are presented in
Figure 1. Median time-to-dropout in this study was 22 weeks,
but dropout occurred throughout the course of the study. After
a participant dropped out, engagement data were no longer
available.

To illustrate the relationship between level of engagement and
amount of data provided, we grouped participants by duration
of mobile data provided. At each time point the available data
within each group are used to compute a mean engagement.
Figure 2illustratesthat participants who provided the most data
for the longest duration had the highest level of engagement.
Likewise, participants who discontinued using the intervention
after only 1 month had avery low level of engagement during
the time they were actually providing data. One of the benefits
of mixed effects modelsisthat data are not required at all time
points for all participants. This is possible because the model
estimatesan individual’strend over time based on the datafrom
that individual augmented by the trend of the full sample of
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participants [22]. However, this is problematic in the context
of nonignorable missing data. If during the later months, data
are only available from those participants who provided data
for severa months and those participants tended to be more
engaged throughout, estimates from a naive model during the
later months will rely on data provided by highly engaged
participants and therefore overestimate the level of engagement
at those times.

Thelongitudinal engagement outcomeis Days of mHealth Use
per week (range 0-7). Sometimes count variables can be
considered to have a Poisson distribution, but unlike a Poisson
random variable, the distribution of thisvariable was symmetric
around the mean (not skewed) and somewhat kurtotic. Thereis
evidence supporting the consideration of Likert scale variables
with multiple categories as continuous variables[ 23], and mixed
effects models have been shown robust to both non-Gaussian
random effects distributions [24,25] and hon-Gaussian residual
errors [26]. We therefore examined the distribution of the
longitudinal engagement variable and the residuals from the
mixed effects model to assess the appropriateness of the
longitudinal submodel for this engagement outcome. Both
indicated that there was not a significant deviation from
normality and the model-based estimatesfit the raw datameans
well. Table 1 and Figure 3 show the results of a naive mixed
effects model of engagement not taking into account dropout
alongside the results when thejoint model isimplemented. The
longitudinal models are similar with significant linear and
guadratic terms showing a significant decline in engagement
over time (negative linear time term) that is steeper toward the
beginning of the study and levels off as the study progresses
(negative quadratic time term). Figure 3, however, shows that
the mixed model estimates a higher level of engagement than
the joint model and this difference is pronounced toward the
end of the study. At baseline, estimated level of engagement in
the 2 models differs only by about 0.2 days per week. By 6
months, however, the model-estimated engagement from the
naive model is 2.9 days per week of uses, whereas the
model -estimated engagement from the joint model is 1.8 days
per week, adifference of 1.1 days per week.

Examining the naive time-to-dropout model versus the
time-to-dropout submodel of the joint model that includes
longitudinal engagement as a predictor, we see that no baseline
covariates have a significant effect on time-to-dropout in either
model, but it is clear in the joint model time-to-dropout
submodel there is a strong association between engagement
level and risk of dropout. Specifically, using the mHealth
intervention 1 day more per week is associated with 0.77 (exp
(-0.26)) times therisk of dropout at any time (P<.001). That is
a 23% decreased risk of dropout associated with greater
engagement.
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Figure 1. Kaplan-Meier estimate of probability of duration of mobile data availability over the course of the study.
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Figure2. Mean engagement with mHealth intervention (intervention use) over the course of the study for groups of participants categorized by duration
of mobile data provided.
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Figure 3. Model-based estimated mean engagement with mHealth intervention (intervention use) over the course of the study. Estimates (and 95%
confidence intervals) from the joint model of engagement and time-to-drop-out and from the naive mixed effects model not accounting for drop-out are

displayed.
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Table 1. Model results from separate models of engagement with an mHealth intervention (defined as intervention use) and time to dropout and the

joint model of engagement and time to dropout.

Separate models Joint model
Parameter estimate P value Parameter estimate P value
L ongitudinal engagement outcome
Intercept (Bo) 4.28(0.13) <.001 4.05 (0.10) <.001
Study week 1 (B7) -0.13(0.014) <.001 -0.14 (0.014) <.001
Study week 2 (B,) 0.0029 (0.0005) <.001 0.0021 (0.0006) .001
Time-to-dropout
Age () 0.084 (0.14) 58 -0.021 (0.13) 87
Male (yo) 0.073(0.12) 54 -0.10 (0.10) 32
Black versus white (ys3) 0.058 (0.14) .67 -0.097 (0.13) 46
Hispanic versus white (yy) 0.12 (0.19) 51 0.15 (0.18) 4
Other versus white (ys) 0.27 (0.17) 10 0.11(0.17) 49
Longitudinal engagement association (a) -0.26 (0.022) <.001

Discussion

Examining intensively collected engagement with the mHealth
behavioral intervention made clear that level of engagement
varied by amount of available mobile data. Naive mixed effects
models of engagement showed a slight decrease over the
6-month course of the study, but these results weight datafrom
highly engaged participants toward the end of the study period
leading to possibly biased results. Joint modeling of the linked
processes of engagement and time to dropout allowed for an
examination of engagement over time that more appropriately

http://mhealth.jmir.org/2017/1/el/

RenderX

accounted for missing engagement data. These model results
indicated a greater decline in engagement with the mobile
intervention over time in the population. Furthermore, the
time-to-event submodel of thejoint model specifically quantifies
the association between longitudinal engagement and dropout.
The association is seen to be statistically significant, with those
who are more engaged significantly lesslikely to drop out. And
conversely, those who are less engaged are much more likely
to drop out and therefore much more likely to yield missing
engagement outcome data.
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The present analysisrepresentsjust 1 example of implementing
a joint model and comparing it to a naive mixed model for
engagement with an mHealth intervention. However, similar
patterns between models would be expected assuming an
association between increased likelihood of missingness and
lower engagement. That is, the joint model results will likely
estimate lower levels of engagement than a naive mixed model.
The magnitude of the difference between results from a mixed
model and longitudinal submodel of ajoint model depends on
the association between engagement and missing data in the
particular dataset being analyzed, the level of missing data, and
the pattern of missingness over time. Therefore, a comparison
of modelsfrom adifferent dataset may produce different results.

While missing data in the context of longitudinal studies is
always a concern, often this missingness can be handled with
theusual longitudinal modeling techniques such as mixed effects
models. Importantly, with engagement data, the assumptions
necessary for valid inference from typical modelsarelikely not
met since level of engagement may be related to likelihood of
missing data. In this case, typical longitudinal models produce
biased results. It is therefore especially important to account
appropriately for missing data in analyses of engagement
outcomes. With mHealth interventions, engagement is collected
more intensively and often in the same mode as treatment is
delivered so addressing missing engagement data is especially
important. In the current investigation, we focus only on the
behavioral component of engagement as this is frequently
measured intensively via mobile devices and therefore most
relevant for the modeling concepts presented.

Joint models are straightforward to implement with the JM
package in R and offer flexibility in modeling the longitudinal
trajectory over time. While in the current application we only
used parametric models of time (quadratic), more flexible
patterns of change over time can be accommodated by using
spline basis terms in the longitudinal submodel of the joint
model. Parametric assumptions on the time-to-event data are
also not required.

Scherer et al

There are other types of shared parameter models that model
the longitudinal and/or time-to-event data differently with
respect to specifying the individual-level trends in the
longitudinal outcome, specifying the dependence of the
time-to-event processes on these individual-level trends, varying
the form of the time-to-event model, and approaching the
estimation of model parameters [12]. The shared parameter
model implemented in the current application is that proposed
by Wulfsohn and Tsiatis [16]. Other methods for modeling
longitudinal data with dropout, including random coefficient
sel ection model s and random coefficient pattern mixture models,
are summarized in Little [27]. Pattern mixture models [22,28]
estimate separate |ongitudinal trajectories by groupsdefined by
dropout time and summarize the trajectory for the population
by averaging the groups. When a limited number of dropout
patterns are present to define the groups or when the goal isto
examine trajectories separately by time of dropout, pattern
mixture models may be most appropriate and a so can be easily
implemented. Related to pattern mixture models, the terminal
declinemodel [29] is geared toward examining the longitudinal
trgjectory just prior to dropout or death. Selecting an appropriate
model to accommodate nonignorable missingness isimportant
and should be geared toward the research question. The shared
parameter joint model implemented here is especially
appropriate for intensively collected longitudinal data because
the focus is on examining the longitudinal trajectory of the
population over time, the pattern of engagement can be modeled
flexibly, grouping individuals by dropout time is unnecessary,
and no assumption is made about the distribution of thetimeto
dropout.

Assessing engagement with mHealth behavioral interventions
is crucial to evaluating their efficacy. Modeling intensively
collected engagement should be done via models that
appropriately account for the potential of nonignorable missing
data. Using the shared parameter joint model implemented in
the IM package in R isa straightforward way to flexibly model
intensively collected engagement data like that from mHealth
interventions and to examine the relationship between
engagement and missing data.

Acknowledgments

DB-Z was partially supported by 1C1CMS331052-01-00 from the Department of Health and Human Services, Centers for
Medicare and Medicaid Services. This research is solely the responsibility of the authors and has not been approved by the
Department of Health and Human Services, Centers for Medicare and Medicaid Services. ZL was partially supported by
RO3NR014915 from the National Institutes of Health.

Conflictsof I nterest

DB-Z has an intervention content licensing agreement with Pear Thearpeutics. IMK has been aconsultant for or received honoraria
from Alkermes, Eli Lilly, EnVivo Pharmaceuticals (Forum), Forest (Allergan), Genentech, H Lundbeck Intracellular Therapeutics,
Janssen Pharmaceutica, Johnson and Johnson, Otsuka, Reviva, Roche, Sunovion, and Teva. IMK hasreceived grant support from
Otsuka and Janssen. JMK is a shareholder in MedAvante, Inc, Vanguard Research Group, and LB Pharmaceuticals, Inc.

References

1. King G, Currie M, Petersen P. Child and parent engagement in the mental health intervention process: a motivational
framework. Child Adolesc Ment Health 2012 Dec 14;19(1):2-8. [doi: 10.1111/camh.12015]

2. AnthesE. Pocket psychiatry. Nature 2016 Apr 07;532:20-23. [doi: 10.1038/5320204]

http://mhealth.jmir.org/2017/1/e1/ JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 1| el | p.48

(page number not for citation purposes)


http://dx.doi.org/10.1111/camh.12015
http://dx.doi.org/10.1038/532020a
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Scherer et al

3.

o

©

10.
11.
12.
13.
14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Donkin L, Christensen H, Naismith S, Neal B, Hickiel, Glozier N. A systematic review of the impact of adherence on the
effectiveness of e-therapies. JMed Internet Res 2011 Aug 05;13(3):e52 [FREE Full text] [doi: 10.2196/jmir.1772] [Medline:
21821503]

Fleming TM, de Beurs D, Khazaal Y, Gaggioli A, RivaG, BotellaC, et al. Maximizing the impact of e-therapy and serious
gaming: time for a paradigm shift. Front Psychiatry 2016;7:65 [FREE Full text] [Medline: 27148094]

Walls T, Schafer J, editors. Models for Intensive Longitudinal Data. New York: Oxford University Press; 2006.

Ben-Zeev D, Scherer EA, Wang R, Xie H, Campbell AT. Next-generation psychiatric assessment: Using smartphone
sensors to monitor behavior and mental health. Psychiatr Rehabil J 2015 Sep;38(3):218-226 [FREE Full text] [doi:
10.1037/prj0000130] [Medline: 25844912]

Yardley L, Spring BJ, Riper H, Morrison LG, Crane DH, CurtisK, et al. Understanding and promoting effective engagement
with digital behavior changeinterventions. Am JPrev Med 2016 Nov;51(5):833-842. [doi: 10.1016/j.amepre.2016.06.015]
[Medline: 27745683]

Laird NM. Missing datain longitudinal studies. Stat Med 1988;7(1-2):305-315. [Medline: 3353609]

Rubin DB. Inference and missing data. Biometrika 1976;63(3):581-592. [doi: 10.1093/biomet/63.3.581]

Fitzmaurice G, Laird N, Ware J. Applied Longitudinal Analysis. Second edition. Hoboken: Wiley; 2011.

Little R, Rubin D. Statistical Analysis with Missing Data. Second edition. New York: Wiley; 2002.

TsiatisA, Davidian M. Joint modeling of longitudinal and time-to-event data: an overview. Statistica Sinica 2004;14:809-834.
Dafni UG, Tsiatis AA. Evaluating surrogate markers of clinical outcome when measured with error. Biometrics 1998
Dec;54(4):1445-1462. [Medline: 9883544]

Henderson R, Diggle P, Dobson A. Joint modelling of longitudinal measurements and event time data. Biostatistics 2000
Dec;1(4):465-480 [FREE Full text] [doi: 10.1093/biostatistics/1.4.465] [Medline: 12933568]

Li N, Elashoff RM, Li G, Saver J. Joint modeling of longitudinal ordinal data and competing risks survival times and
analysis of the NINDS rt-PA stroke trial. Stat Med 2010 Feb 28;29(5):546-557 [FREE Full text] [doi: 10.1002/sim.3798]
[Medline: 19943331]

Wulfsohn MS, Tsiatis AA. A joint model for survival and longitudinal data measured with error. Biometrics 1997
Mar;53(1):330-339. [Medline: 9147598]

Ben-Zeev D, Scherer E, Gottlieb J, Rotondi A, Brunette M, Achtyes E. Mobile health (mHealth) for schizophrenia: 6-month
patient engagement with a smartphone intervention following hospital discharge (in press). IMIR Mental Health 2016.
RizopoulosD. JM: an R package for the joint modeling of longitudinal and time-to-event data. J Stat Soft 2010;35(9):1-33.
[doi: 10.18637/jss.v035.i09]

Cox D. Regression models and life-tables. J Royal Stat Soc Series B 1972;34(2):187-220.

Pinheiro J, Bates D, DebRoy S, Sarkar D. nime: Linear and Nonlinear Mixed Effects Models. R package version 3. 2016.
URL: https://cran.r-project.org/web/packages/nime/index.html [accessed 2017-01-08] [WebCite Cache ID 6nN8MnKaw]
Therneau T. A package for survival analysisin S, version 2. URL: https://cran.r-project.org/web/packages/survival/index.
html [accessed 2017-01-08] [WebCite Cache ID 6nN8UYtPC]

Hedeker D, Gibbons R. Application of random-effects pattern-mixture models for missing datain longitudinal studies.
Psychol Methods 1997;2(1):64-78. [doi: 10.1037/1082-989X.2.1.64]

Rhemtulla M, Brosseau-Liard P, Savalel V. When can categorical variables be treated as continuous? A comparison of
robust continuous and categorical SEM estimation methods under suboptimal conditions. Psychol Methods 2012
Sep;17(3):354-373. [doi: 10.1037/a0029315] [Medline: 22799625]

Butler SM, Louis TA. Random effects model s with non-parametric priors. Stat Med 1992;11(14-15):1981-2000. [Medline:
1480884]

Verbeke G, Lesaffre E. The effect of misspecifying the random-effects distribution in linear mixed models for longitudinal
data. Comp Stat Data Analysis 1997 Feb;23(4):541-556. [doi: 10.1016/S0167-9473(96)00047-3]

Jacgmin-Gadda H, Sibillot S, Proust C, Molina J, Thiebaut R. Robustness of the linear mixed model to misspecified error
distribution: Robust-ness of the linear model. Comput Stat Data Anal 2007;51(10):5142-5154.

Little R. Modeling the drop-out mechanism in repeated-measures studies. JAm Stat Assoc 1995 Sep;90(431):1112-1121.
[doi: 10.2307/2291350]

Hogan JW, Laird NM. Mixture models for the joint distribution of repeated measures and event times. Stat Med
1997;16(1-3):239-257. [Medline: 9004395]

Li Z, Tosteson TD, Bakitas MA. Joint modeling quality of life and survival using aterminal decline model in palliative
care studies. Stat Med 2013 Apr 15;32(8):1394-1406 [FREE Full text] [doi: 10.1002/sim.5635] [Medline: 23001893]

Abbreviations

MNAR: missingness not at random
SM S: short message service

http://mhealth.jmir.org/2017/1/e1/ JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 1| el | p.49

(page number not for citation purposes)


http://www.jmir.org/2011/3/e52/
http://dx.doi.org/10.2196/jmir.1772
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21821503&dopt=Abstract
http://europepmc.org/abstract/MED/27148094
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27148094&dopt=Abstract
http://europepmc.org/abstract/MED/25844912
http://dx.doi.org/10.1037/prj0000130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25844912&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2016.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745683&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3353609&dopt=Abstract
http://dx.doi.org/10.1093/biomet/63.3.581
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9883544&dopt=Abstract
http://biostatistics.oxfordjournals.org/cgi/pmidlookup?view=long&pmid=12933568
http://dx.doi.org/10.1093/biostatistics/1.4.465
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12933568&dopt=Abstract
http://europepmc.org/abstract/MED/19943331
http://dx.doi.org/10.1002/sim.3798
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19943331&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9147598&dopt=Abstract
http://dx.doi.org/10.18637/jss.v035.i09
https://cran.r-project.org/web/packages/nlme/index.html
http://www.webcitation.org/6nN8MnKaW
https://cran.r-project.org/web/packages/survival/index.html
https://cran.r-project.org/web/packages/survival/index.html
http://www.webcitation.org/6nN8UYtPC
http://dx.doi.org/10.1037/1082-989X.2.1.64
http://dx.doi.org/10.1037/a0029315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22799625&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1480884&dopt=Abstract
http://dx.doi.org/10.1016/S0167-9473(96)00047-3
http://dx.doi.org/10.2307/2291350
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9004395&dopt=Abstract
http://europepmc.org/abstract/MED/23001893
http://dx.doi.org/10.1002/sim.5635
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23001893&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Scherer et al

Edited by G Eysenbach; submitted 19.08.16; peer-reviewed by | Nahum-Shani, M Shiyko, K Blondon; comments to author 06.10.16;
revised version received 11.11.16; accepted 13.12.16; published 12.01.17.

Please cite as:

Scherer EA, Ben-Zeev D, Li Z, Kane IM

Analyzing mHealth Engagement: Joint Models for Intensively Collected User Engagement Data
JMIR Mhealth Uhealth 2017;5(1):el

URL: http://mhealth.jmir.org/2017/1/e1/

doi: 10.2196/mhealth.6474

PMID: 28082257

©Emily A Scherer, Dror Ben-Zeev, Zhigang Li, John M Kane. Originally published in JMIR Mhealth and Uhealth
(http://mhealth.jmir.org), 12.01.2017. Thisisan open-access article distributed under theterms of the Creative Commons Attribution
License (http://creativecommons.org/licenses/by/2.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in IMIR mhealth and uhealth, is properly cited. The complete bibliographic
information, alink to the original publication on http://mhealth.jmir.org/, as well asthis copyright and license information must
be included.

http://mhealth.jmir.org/2017/1/e1/ JMIR Mhealth Uhealth 2017 | vol. 5 |iss. 1| el | p.50
(page number not for citation purposes)

RenderX


http://mhealth.jmir.org/2017/1/e1/
http://dx.doi.org/10.2196/mhealth.6474
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28082257&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

Publisher:

JMIR Publications

130 Queens Quay East.
Toronto, ON, M5A 3Y5
Phone: (+1) 416-583-2040

Email: support@jmir.org

https://www.jmirpublications.com/

RenderX


mailto:support@jmir.org
http://www.w3.org/Style/XSL
http://www.renderx.com/

