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Abstract

Background: Due to the widespread use of mobile phones, dietary mobile apps are promising tools for preventing diet-related
noncommunicable diseases early in life. However, most of the currently available nutrition apps lack scientific evaluation and
user acceptance.

Objective: The objective of this study was the systematic design of a theory-driven and target group—adapted dietary mobile
app concept to promote healthy eating habits with a focus on drinking habits as well as consumption of fruits and vegetablesin
adolescents and young adults, especially from disadvantaged backgrounds.

Methods: The design process was guided by the behavior change wheel (BCW). The development process comprised 3 stages.
In stage 1, the target behavior was specified, and facilitators and barriers were identified. Furthermore, important insights into
target group interests, needs, and values in the field of nutrition and apps were revealed. To this end, 2 empirical studies were
conducted with the target group. In stage 2, results of stage 1 were translated into behavior change techniques (BCTs) and, finally,
into app functionalities and features. Consequently, in stage 3, the concept was eval uated and optimized through expert interviews.

Results. Facilitators and barriers for achieving the target behavior were psychological capabilities (eg, self-efficacy), reflective
motivation (eg, fitness), automatic motivation, social support, and physical opportunity (eg, time). Target group interests, needs,
and values in the field of nutrition were translated into target group preferences for app usage, for example, low usage effort,
visual feedback, or recipes. Education, training, incentives, persuasion, and enablement were identified as relevant intervention
functions. Together with the target group preferences, these were trandated via 14 BCTs, such as rewards, graded tasks, or
self-monitoring into the app concept Challenge to go (C2go). The expert evaluation suggested changes of some app features for
improving adherence, positive health effects, and technical feasibility. The C2go concept comprises 3 worlds: the (1) drinking,
(2) vegetable, and (3) fruit worlds. In each world, the users are faced with challenges including feedback and a quiz. Tips were
developed based on the health action process approach and to help users gain challenges and, thereby, achieve the target behavior.
Challenges can be played alone or against someone in the community. Due to different activities, points can be collected, and
levels can be achieved. Collected points open access to an Infothek (information section), where users can choose content that
interests them. An avatar guides user through the app.
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Conclusions: C2go isaimed at adolescents and young adults and aims to improve their fruit and vegetable consumption as well
as drinking habits. It is a theory-driven and target group—adapted dietary mobile intervention concept that uses gamification and

was systematically developed using the BCW.

(JMIR Mhealth Uhealth 2019;7(8):€11575) doi:10.2196/11575

KEYWORDS

adolescents; young adults; mobile phone; mobile apps; mHealth; health behavior; healthy eating; motivation

Introduction

Background

Globally, diet-related noncommunicable diseases (NCDs) are
the leading cause of death and disease burden [1,2]. Numerous
studies emphasize the association between a suboptimal diet
and deaths due to NCDs such as stroke, heart disease, or type
2 diabetes [3-6]. Among dietary risk factors for NCDs are the
low consumption of fruits and vegetables [7-9] and the high
consumption of sugar-sweetened beverages [10-14].

German survey data highlights the high prevalence of
overweight and obesity. Almost 60% of the population is
overweight or obese (women 51% and men 66%) [15]. Among
the younger population, about 16% of girls and 18.5% of boys
in the age between 14 and 17 years are overweight or obese
[16], likely due to a more sedentary lifestyle characterized by
decreased physical activity and unbalanced dietary behavior
[15]. Only 7% of the girls and boys in Germany in the age
between 14 and 17 years follow the dietary recommendations
for the consumption of 2 portions of fruits and 3 portions of
vegetables each day. On average, 0.9 portion each of vegetables
and fruits per day are consumed [17]. Nearly, 23% of boysand
17% of girls drink sugar-sweetened beverages daily [18],
whereas recommended beverages are water and unsweetened
teas[19]. Datafrom the United States also reveal similar results.
American guidelines recommend 2.5 cups of vegetables and 2
cups of fruits per day (for a calorie level of 2000 kcal) as well
asdrinking water and reducing consumption of sugar-sweetened
beverages [20]. However, less than 50% of children and
adol escents meet dietary recommendations for any food group
[21]. The level of education positively influences food
consumption and, thus, the quality of the diet [22,23]. Higher
school education and higher incomeresult in alower body mass
index [15,16].

To summarize, nutrition surveys highlight that adolescents and
young adults have unbalanced diets [17,24,25], especially
adolescents and young adults in disadvantaged circumstances
[17]. As adolescence is characterized by cutting ties with the
parents’ household and the devel opment of one's own lifestyle,
this could be a reasonable stage of life for behavior change
interventions[26], in particular for focusing on adolescents and
young adults with lower education levels.

Digitalization and Mobile Health

State-of-the-art mobile phones provide new possibilities for
dietary interventions. Maobile health (mHealth) is an emerging
field and describes various health services offered on portable
devices. These include health apps in various areas, such as
nutrition, fitness, wellness, diagnostics, and therapy [27], but

http://mhealth.jmir.org/2019/8/e11575/

systematic studies in the area of mHealth are scarce [28-30].
Studies al so highlight missing user acceptance of nutrition apps,
for which the relatively high usage effort might be a reason
[31,32]. Rohde et al concluded that app usage in the long term
isinfluenced by user- and app-related acceptance factors [32].
The former highlights the importance of knowing the target
group for designing accepted mHealth interventions; the latter
emphasizes the importance of considering different app
characteristics, for example, implementing instructions or
motivators for engagement and adherence in app-based
interventions [32].

In the context of long-term adherence and acceptance of
mHealth interventions, gamification is an emerging field.
Gamification means that playful elements such as points or
leaderboards are used in a context that is normally not played
(for example using a quiz, where one can earn points, instead
of just giving information) [33,34]. Gamification can be a
motivational component of digital behavior changeinterventions
by playfully making uninteresting topicsinteresting and, thereby,
engage usersin the long term [34].

Theory Guidance for Intervention Development

The behavior change whed (BCW) is a framework for
developing health interventions [35]. It proposes a systematic
design process of behavior change interventions that helps to
translate theory into practice [30].

The health action process approach (HAPA) isahealth behavior
model and, as a stage model, an interesting template for the
theory-based development of dietary health messages that can
be adapted to persons at different stages of the behavior change
process [36]. It was successfully applied in severa nutrition
behavior change interventions [37-39].

Objective

The aim of this study was to describe the iterative concept
development and the final concept of atheory-based and target
group—adapted mobile app for motivating adolescents and young
adults (aged 14-25 years), especially from disadvantaged
backgrounds, to improve their dietary habits with respect to the
consumption of fruits and vegetables, as well as drinking
behavior.

Methods

Overview

The app design process was guided by the BCW [40]. After
defining the problem and the 3 target behaviors, the app design
process followed 3 stages (Figure 1): Phase 1, specifying the
target behavior and identifying what needsto changeto achieve

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 [e11575 | p.5
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it; Phase 2, trandlating results into app functionalities and
features; and Phase 3, expert evaluation of the concept. Intotal,

Rohde et d

3 empirical studies were conducted to derive relevant app
features and content as well asto optimize the concept.

Figure 1. Systematic design process of the dietary mobile app for adolescents and young adults. Steps 1-7 (in black font) are discussed in the text;

steps 9 and 10 (in grey font) are being or will be carried out.

Phase 1 <:> | Phase 2 <:> Phase 3
Understanding Translation Evaluation
— S
(Step 1 \| } Step 3 h | o
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b. Target group : } N~ & I ~/
preferences ! \ 4 Step 6 and 8 )
* Concept
|_development )
Step 9

Development

Phase |: Understanding Behavior and Target Group
Preferences

Step 1. Define and Specify Target Behavior

In total, 3 target behaviors were chosen by the author (AR) by
identifying possible target behaviors through literature search
and opinions of nutrition experts from the Friedrich Schiller
University Jena. A list of potential target behaviors was
shortened using the following criteria: Likely impact of the
target behavior on outcome, ease of reaching target behavior,
possible positive or negative spillover effects, and ease of
measurement [40]. Each criterion was rated as unacceptable,
unpromising but worth considering, promising, or very
promising. Rating and selecting the target behavior were
supported by empirical research (Step 2b). Upon selection of
the most promising target behaviors, they were specified in
detail and context: who, when, where, how often, and with
whom will the target group perform the target behavior?

Step 2: I dentify What Needs to Change to Reach Target
Behavior

Behavioral Diagnosis

The capability-opportunity-motivation-behavior (COM-B)
model was used to identify what needsto change for adolescents
and young adultsto achieve the target behavior. Evidence from
the literature and empirical research informed this procedure
by exploring target group’s capabilities, motivation, and
opportunity to achieve the target behaviors (eg, which physical
capabilities are needed to eat 2 portions of fruit per day?) and

http://mhealth.jmir.org/2019/8/e11575/

the need for change. Next, each capability, motivation, and
opportunity was evaluated as feasible or not for implementing
in adietary mobile app.

Target Groups Preferences (Sampling From Empirical
Studies 1 and 2)

Besidesinforming behavioral diagnosis, study resultswere also
analyzed to explore the target group’s preferences for app
characteristics, behavior change techniques (BCTs), features,
and content. The ethics committee of the University noted no
ethical concerns (processing number 4850-06/16).

Study 1: Nutrition and Apps From the Target Group’s

Per spective

The objective of this study, conducted in 2016, was to get
insightsinto nutrition habits, values, and needs, and to develop
ideas as to how nutritional behavior and health among
adol escents and young adults could be improved through mobile
apps. Study participants (n=11) tested the German dietary mobile
app Was ich esse [41] for 1 week before face-to-face,
semistructured interviews. The participants were between 14
and 21 years old (average age: 18 years, SD 2.4) and mostly
women (n=8). A total of 5 participants went to secondary school
at the time of the study. Others were university students (n=3),
trainees (n=1), volunteers (n=1), or were looking for an
apprenticeship (n=1). The audio-recorded material was
transcribed and analyzed by means of content analysis [42].
Data segmentswere coded into the following topics: (1) mobile
phone and app usage, (2) test app experiences, (3) nutritional
habits, (4) nutrition values, (5) nutritional improvement wishes
and strategies, and (6) understanding of health. Additional

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 [e11575 | p.6
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information on recruitment, compensation, theinterview guide,
and the test app are provided in Multimedia Appendix 1.

Study 2: Nutrition and Mobile Phone Apps—I nterests, Needs,
and Values Among Adolescents and Young Adults

This study aimed for abetter understanding of available mobile
phone resources, app use, and needs as well as interests and
valuesin the field of nutrition of adolescents and young adults.
To this end, a questionnaire was developed and administered
as a paper-pencil version. It included the following topics:
mobile operating system, mobile phone rate, favorite apps,
experiences with dietary mobile apps, importance of different
app characteristics (eg, importance of customizability), and
nutritional interests (eg, sports nutrition, health, and food waste)
and values (eg, freshness of food and self-cooked meals). Data
were analyzed descriptively. The inclusion criterion for
participation was an age between 14 and 25 years. Teachersand
social workersin Jena were contacted via mail to secure them
as gatekeepers. In total, 210 participants from 5 different
organizations took part (femaes n=99, males n=108, no
information provided n=3). The average age was 18 years
(n=208, SD 2.4; no information provided n=2). The youngest
and oldest person was 15 and 25 years old, respectively.
Participants went to vocational school (Berufs(fach)schule)
(n=164). Others stated that they had participated in vocational
preparation classes (n=27) or went to high school (Gymnasium)
(n=11). One person each went to secondary school
(Hauptschule) and regular school (Regelschule); 4 persons stated
other (no information provided n=2). Additional information
on recruitment, compensation, and the scalesin the questionnaire
are presented in Multimedia Appendix 1.

Phasell: Trandation of Research ResultsInto App
Content and Features

Step 3: Identify Relevant Target Group Preferences

Results from studies 1 and 2 were compared and merged in
target group preferences, and an acceptance-rejection process
followed (Figure 2). Decisions of the author (AR) for rejection
or acceptance of target group preferences were based on
APEASE criteria[40]: Isthe respective preference a ffordable,
p racticable, e ffective, and a cceptable, are s ide-effects
expected or offense against e quity? If all criteria are met or at
least rated probably, the preference was accepted and further
implemented as app content, app features, BCTS, or considered
asimportant app characteristics (Steps 5 and 6).

Rohde et d

Step 4: I dentify I ntervention Functions

This step aimed to move from understanding the behavior to
selecting intervention functions. Thiswas supported by amatrix
of links between COM-B and intervention functions [4Q].
Appropriate intervention functions were selected by using the
APEASE criteria.

Step 5: Identify Behavior Change Techniques

To choose which BCTs can deliver the intervention functions,
alinking was used [40]. The list of candidate BCTs (n=118)
was narrowed by APEASE criteria. The rating was supported
by the evidence of effectiveness for promoting healthy food
choices, and on the basis of target group preferences.

Step 6: Concept Development (Prototype|)

Together with target group preferences, the BCTs were
trandated into app features, content, and characteristics. Content
development of feedback was guided by HAPA for preintender
and intenders and gamification aspects were implemented to
enhance user engagement with the app [30,34].

Phaselll: Evaluation

Step 7: Expert Evaluation

The concept was evaluated and optimized using 3 evaluation
criteria: (1) acceptance among target group, (2) positive health
effects due to app use, and (3) technical feasibility. To thisend,
professionals with knowledge of the target group, app
development or nutrition behavior were recruited. Recruitment
took place via emails and later personally by telephone.
Ultimately, 8 face-to-face interviews were conducted with
experts of the following professions. Marketing, 2 social
workers/teachers, dietician, app devel opment, media psychol ogy,
psychotherapist, and a person of the target group itself. The
interviews started with the presentation of the concept using
mock ups. The semistructured interviews were audio recorded
and transcribed verbatim. Data were evaluated with structured
qualitative content analyses [42].1 The following 5 topics were
discussed: (1) important features and needs of a dietary maobile
app among the target group, (2) advantages of the concept, (3)
disadvantages of the concept, (4) suggestions to improve the
concept, and (5) technical feasibility.

In the next step, the recommendations for improving the concept
wererated using APEA SE criteriaand were either accepted and
implemented, or rejected and not implemented.

Step 8: Final Intervention (Prototypell)

On the basis of the evaluation, the concept was adapted by
defining the final features and functionalities of the app.

Figure 2. Process of identification of relevant target group preferences. BCT: behavior change technique.

http://mhealth.jmir.org/2019/8/e11575/
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Results

Phase |: Understanding Behavior and Target Group
Preferences

Step 1: Defined and Specified Target Behavior

A range of target behaviors was listed, such as consumption of
more vegetabl es, fruits, water, tea, fibers, or eating less saturated
fatty acids. Following this, an important point in rating the ease
of achieving the behavior was to avoid the feeling of waiver in
nutritional terms, so that atarget behavior does not forbid, but
permits and increases, consumption of food [43].

Finaly, 3 target behaviors, in line with German intake
recommendations [ 19] were chosen: The consumption of (1) 2
portions of fruits per day, (2) 3 portions of vegetables per day,
and (3) drinking 1.5 L or more of unsweetened beverages per
day to decrease the consumption of sugar-sweetened beverages
(only nonalcoholic beverages are considered). To achieve the
target behaviors, adolescents and young adults have to eat and
drink fruits, vegetables, and sugar-free drinks at mealtimes (or
in between), and often enough to achieve the respective target
behavior. They can do it anywhere and either by themselves or
with others.

Step 2: | dentified What Needsto Changeto Reach Target
Behavior

Behavioral Diagnosis

Theresults of the behavioral diagnosisrevealed facilitators and
barriers to the target behavior in the following COM-B
components; psychological capabilities (eg, nutrition education,
self-efficacy, and risk perception), reflective motivation (eg,
weight loss, satiety, fitness, and illness prevention), automatic
motivation, social support, and physical opportunity (eg, time
and financial resources). An overview of the resultswith quotes
from study participants and references is displayed in
Multimedia Appendix 2.

Target Group Preferences: Empirical Study Results

Study 1

An excerpt of the resultsin 4 of the 6 main topicsis presented
in Table 1. In addition, Multimedia Appendix 3 presents a
complete overview of the results.

http://mhealth.jmir.org/2019/8/e11575/
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Study 2

The operating system most used was Android (Google) and
most of the participants used a mobile flat rate. Among the
participants favorite appswere communication and social media
apps (WhatsApp, Facebook, and Instagram), video apps such
as YouTube, and gaming apps such as Clash of Clansand Clash
Royal. Inall, 26% of the participants had experienceswith apps
in the area of nutrition, above all recipe apps. The most
interesting subjectsin the area of nutrition were health, cooking,
and sports nutrition. Good taste, satiety, and freshness of food
werethe most important nutritional values. The most important
app characteristicswerefree of charge, contact to friends/family,
and fast use. Multimedia Appendix 3 gives a full insight into
the results.

Phasell: Trandation of Research ResultsInto App
Contents and Features

Step 3: Identified Relevant Target Group Preferences

An excerpt of results of the process of the identification and
selection of relevant target group preferences for app
characteristics and features is presented in Table 2. For the
derivation of the preferences, all subtopics of the topics (1) to
(5) of study 1 were included as well as the most frequent
answers of study 2. Resultsthat were rated mostly not important
and partly true with tendency to not important were not
considered to derive preferences. For example, Nutrition habits
of other cultures and Nutrition and skin were both mostly rated
aspartly interesting (n=91; n=95). The first was not considered
to derive a preference because it shows a tendency toward not
interesting (n=72). However, the latter showed a tendency
toward interesting (n=65) and was therefore considered to derive
apreference.

Step 4: I dentified I ntervention Functions

Candidate intervention functions were education, persuasion,
incentivization, coercion, training, restriction, environmental
restructuring, modeling, and enablement. The rating of theses
for both fruits and vegetables, and drinking behavior led to the
selection of education, persuasion, incentivization, training, and
enablement.

Step 5: Identified Behavior Change Techniques

According to the APEASE criteria, 14 BCTs were derived to
bring about behavior change (Table 3).
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Table 1. Excerpt of results from study 1.

Rohde et d

Main topic, subtopics

Quotes (translated)

M obile phone and app usage

Mobile phoneis used for entertainment and when
bored (eg, games and videos)

Nutritional values

Cooking stands for independency

Spending on food should be kept low

Nutritional improvement wishes and strategies
Eating healthier

Test app experiences
High usage effort through tracking

Visual feedback is used as consumption orientation
and promotes self-control

Jana: “1 use my mobile phone when I'm bored or when | have to wait for the bus or
something, then | play games.”

Caro: “Yeah, for later, if maybe | have afamily and | cannot cook, that would be a bit ...
And cooking is aso important to me, so | do not always depend on someone.”

Leon: “We like to eat exotic fruits. But you always have to see how much money you
have at your disposal.”

Jana: “1 often wish that | ate healthier.”

Daria: “ So, | did not continue using the app because it was very time-consuming tracking
everything and properly. At the beginning it was alot of fun, but eventually it got harder,
because sometimes you do not think about tracking.”

Tino: “Through the app I've noticed that | do not eat enough vegetables. That's why |
bought some cucumbers or tomatoes.”

Table 2. Excerpt of identified and selected target group preferences for app characteristics and features.

Study 1 Study 2 Target group preferencesfor ~ Accept or
app characteristicsand features, reject
based on findings from studies
land2

Topic Subtopic Results

Mobile phone and app usage  Mobile phoneis used for entertain-  Important app characteristics:  Features for use when Accept?

ment and when bored (eg, games) Entertainment bored/individual time of usage

Mobile phone and app usage  Listening to music _b Music R ect®d

Test app experiences Disadvantage: High usage effort Important app characteristics:  Supporting low user effort and Accept?®

through tracking (asaresult not every-  Fast use fast use
thing was tracked)

Test app experiences Advantage: Test-app usefor compar- Favorite apps are mostly com-  Socia comparison Accept?

ison of visual feedback with others ~ munications apps

Test app experiences Improvement suggestion: Morefeed- — Different evaluation charts Reject®®

back through additional evaluation
charts

3Maintain suspense and adherence.

BNot applicable.

®Not relevant for target behavior/not in line with target behavior.

dNot affordable as incentive.

®Focus shall be kept on portions not on calorie intake.

http://mhealth.jmir.org/2019/8/e11575/
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Table 3. Intervention functions with capability-opportunity-motivation-behavior components and behavior change techniques (including evidence of

effectiveness and target group preferences).

Intervention functions BCTs?with evidence from literature

Target group preferences

Education Self-monitoring of behavior [44-46]

Education Feedback on behavior [47-50]

Education Information about health consequences [47,51,52]

Education Prompts/cues [53]

Persuasion Information about health consequences [47,51,52]

Persuasion Feedback on behavior [47-50]

Persuasion Verbal persuasion about capability [34]

Persuasion Social comparison [49,54,55]

Incentivization Feedback on behavior [47-50]

Incentivization Self-monitoring of behavior [44-46]

Incentivization Nonspecificincentive/reward (includes positive reinforcement)
[49,56,57]

Training Instruction on how to perform a behavior

Training Feedback on behavior [47-50]

Training Self-monitoring of behavior [44-46]

Training Graded tasks [58]

Enablement Action planning® [44]

Enablement Coping planning® [44]

Enablement Goal setting (behavior) [59]

Enablement Discrepancy between current behavior and goal [46]

Enablement Self-monitoring of behavior [44-46]

Enablement Graded tasks [58]

Enablement Social support (unspecified) [55]

Tracking for promoting awareness of eating behavior
Tips are motivational (low cost and easy tips)
_b

Support through reminder

Tips are motivational (low cost and easy tips)

Socia comparison

Tips are motivational (low cost and easy tips)
Tracking for promoting awareness of eating behavior

Gamification

Tips are motivational (low cost and easy tips)
Tips are motivational (low cost and easy tips)

Tracking for promoting awareness of eating behavior

Goal setting
Tracking for promoting awareness of eating behavior

Tracking for promoting awareness of eating behavior

3BCT: behavior change technique.
BNot applicable.
®Based on the health action process approach [36].

Step 6: Developed Preliminary Concept (Prototype|)

This step resulted in the development of the Challenge to go
(C2go) app concept. Multimedia Appendix 4 shows how target
group preferences and BCTswere matched and jointly trand ated
into app features.

The following section gives an overview over the concept
(Figure 3). After onboarding, the user can choose among 3
worlds: the drinking, the vegetable, or the fruit world. In each
world, users can accept challenges and participate in aquiz. To
get access to the challenges, users must go through self-tests.
Consequently, inachallenge, the user must choose abehavioral
goal from alist that he or she tries to achieve, for example, in
the fruit world, one portion of fruit per day for 1 week.
Challenges can be played alone or against someone else in the

http://mhealth.jmir.org/2019/8/e11575/

community. Different feedback is given to motivate and to
empower the user to achieve his or her challenge goals, for
example, the informative feedback after alost challenge gives
tips on how challenge goal's can be reached. Each tip is stored
and always accessible for the user. For further support,
reminders can be set. Through different activities users earn
points and achievelevels. The points open accessto the Infothek,
where users can choose content that is of their interest. The
content received from the Infothek is stored and aways
accessible. A leaderboard compares user scores in the
community, which is made up by other app users. Through
passing challenges, users ascend in levels all the way up to Big
Master. After completing a world, the next world can be
selected. If the user hasreached the highest level in every world,
he or she becomes a Guru. Through the whole app, users are
guided by an avatar.
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Figure 3. Flowchart of C2go.
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Phaselll: Evaluation

Step 7: Expert Evaluation

Datafrom expert evaluation and rating results suggested changes
for the following app features: worlds, challenges, feedback,
Infothek, and quiz. Furthermore, the issue of usage motivation
was discussed (Table 4).

Step 8: Final Intervention (Prototypell)

The following sections describe the app features of Prototype
Il in detail. Further information regarding interventions
functions, BCTs, and COM-B components are given in
Multimedia Appendix 4.

Onboarding

Onboarding, that is, the way a user is introduced into the app
content, is important to motivate the user for adherence [33].
As such, the app starts with an introductory question (Textbox
1).

The introductory question is used to make users curious and
motivate them to use the app through connecting his or her
personal aim with app usage and selecting a question that can
only be answered correctly, so that the user cannot lose and
does not become demotivated [33]. Depending on the answer,
aprogress bar representing the guru statusisimplemented, and

http://mhealth.jmir.org/2019/8/e11575/

RenderX

either titled Health Guru, Wellbeing Guru, or Performance
Guru. A user reaches the Guru level after succeeding in al 3
worlds.

Consequently, atutorial gives a brief overview of the app and
how to use the app [32,33]. Afterwards, profile settings allow
enhancement and customization of the app [33] and are
associated with the selection of the avatar in terms of age and
SEX.

Self-Test

Each world starts with a self-test, which comprises 2 parts. The
first part is a 24-hour dietary recall (eg, vegetables in the
vegetable world). Results of thisrecall are used to divide users
into HAPA stages—either intender, if dietary guidelinesare not
met, or actor, if guidelines are met [19]. The second part is a
quiz, which serves as an introduction into the world concept
and challenge rules and basics of nutrition education. The
answer of each question isformulated depending on the HAPA
stage of the user [36] and persona app aim (Textbox 2 for an
example), which are stated by the user. After completing both
parts of the self-tests, the user gets access to the challenges.

Dissolution: Drinking (at least) 1.5 L per day of sugar-free
drinksis good for you and helps you to get closer to your goal:
to live healthier.
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Table 4. Concept changes after expert evaluation.
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App feature/characteristic

Prototype |

Prototype 11

Strict defined rulestoreach goals  Easing the rules: More jokers for the users of the drinking world in the Big Master

More visual feedback, for example, a smiling avatar for rewarding consumption of

Optional extra button for more information, the user can choose if he/she wants more
information concerning feedback

Reflective questions in feedback, for example, What are your best tips for a friend to
encourage himto drink more water?

Challenges

level
Feedback Visual feedback

water
Feedback Informative feedback (tips)
Feedback _a
Feedback —

Usage motivation of app

Feedback development: Focus
on preintender and intender

Goal-orientated feedback: Asking an introductory question, linking thetipsto the an-
swer and thereby to the user’s goal

Informative feedback focuses on intenders only, preintenders are not considered. This
decision was supported by literature, as health apps are more likely used by health-
conscious people [31]

Textbox 1. Introductory question.

Worlds — Bonusworlds: Might be possible with an update of the app (menu button bonusworlds)
Worlds Worlds are started one after the  The worlds can be played simultaneously
other
Infothek Point-related access or as a More frequently access: Through reduction of the distance of the points
present
Infothek Information about healthy Including more information about healthy snacks and drinks
snacks/drinks
Infothek Health, food waste, and beauty ~ Content ideas for the following topics: (1) Health: Where does enjoyment of taste
aretopics start and where does it end (start of addiction); mechanism of resorption of nutrients;
foodwaste: Shelf life of food, seasonality of fruits and vegetables, environmental pol-
lution; (2) Beauty: Cosmetics without any animal testing
Quiz Answering question withyes/no;  Answering questions with drag and drop mechanisms
assigning answers
@Not applicable.

Where can Challenge 2 go support YOU the most?

o Livehedthier

«  Feeling good in my body

«  Morefitness and performance

Textbox 2. Example of aquiz question from the second part of the self-test. Example for a user whose personal aim isto live hedlthier.

How much should we drink at least a day?

« 05L

. 15L

. 1L

« 3L

Challenges In the drinking world, a sugar mountain builds up additionally,

The challenges are implemented for the user to reach
self-imposed consumption goal's, which can be chosen out of a
list, for example, 3 servings of vegetables per day in the
vegetable world or 3 portions of unsweetened beveragesin the
drinking world (level Adept in Table 5).

http://mhealth.jmir.org/2019/8/e11575/

while tracking sugar-sweetened beverages, which users must
reduce through answering quiz questions before attacking the
next challenge. In addition, in the fruit and vegetable world, it
is not only quantity, but also quality, that counts. Users are
motivated to eat as many colors as possible, as recommended
in other studies[39,60]. In every world, the aim isto get better
inbehavioral termsfrom challenge to challenge up to the highest
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level, called Big Master, which meets the target behavior. To
pass the challenges, users get support through feedback and
tips. Beforefinishing aworld successfully, every user must play
the Big Master challenge, even if he or sheis aready carrying
out the behavior and finishing the quiz.

Feedback and Community

Different feedback is implemented in the C2go app: visual,
informative, motivational, evaluative, and competitive. An
avatar, which is intended as socia support [36], gives some
visual and al informative, motivational, and evaluative
feedback. The avatar rewards user’s desirable behavior with a
facial expression (smiling face). Other visual feedback isgiven
through progress barsfor different features (self-test, challenges,
quiz, and overall progressin app that represents the Guru Satus)
and a graph for an actual versus target feedback for the target
behavior. Informative feedback contains messages relevant for
intenders (based on HAPA [44]) by encouraging action coping
(overcoming barriers, including reflexive questions) and action
planning (when, how, where implementing behavior, including

Table5. Levelsin the drinking world of the app.

Rohde et d

instructions on how to perform a behavior) to close the gap
between intention and actual behavior [36,39]. Motivational
feedback is given through encouraging messages that should
sustain intention and self-efficacy [34,48]. Similarly,
self-efficacy will be boosted by evaluative feedback [34,39].
When creating feedback, care wastaken that thiswasformul ated
in a positive way [32,48] and using colloquial language [39].
For examples, refer to Table 6. Furthermore, competitive
feedback is given through aleaderboard in the community [34].
In addition, challenges can be played alone or against other app
user in the community to promote motivation for behavior
change through social comparison and competition [54,61]. The
community consists of all app users.

Reminder

Reminders are push notifications and can be set to support users
on the way to meeting their goals. Furthermore, they function
as are-engagement tool [53]. Types of different reminders are
presented in Table 7. Every reminder can be switched off or on.

Phase Level
After selecting first world Beginner
After completing self-test B Climber
After thefirst challenge (24-hour-Challenge) Adept

3 portion challenge Adept pro
4 portion challenge Expert

5 portion challenge Expert pro
6 portion challenge Master

6 portion challenge + no sugary drinks Big Master

Table 6. Feedback examples.

Feedback type Time point Example

Motivational During challenges Great first 7 days!

Evaluative After achallenge Try again: the next level is already waiting for you!

Informative After achallenge Drink a portion of unsweetened beverage with each meal, for example, (mineral) water

or herbal/fruit tea (warm or cold)

Table 7. App reminders and time points.

Reminder

Time point

Consumption of target behavior
Tracking

Start of challenge

End of challenge day

End of a challenge

Infothek

From 9 amto 9 pm, every 3 hours

9pm

9am

9 pm, if necessary next day 7 am und 12 pm
Immediately, if necessary 36 hours and 48 hours later

If access has been granted

Quiz
In terms of content, the quiz aims to provide knowledge about
the health-related val ue of each target behavior and the national

http://mhealth.jmir.org/2019/8/e11575/

intake recommendations. To this end, each world has its own
quiz, for example, the fruit world quiz contains questions
regarding fruit intake recommendations and associated health
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benefits and risks (Textbox 3 for an example). All questions
must be answered correctly to complete the respective world.

Textbox 3. Example of quiz question.

Rohde et d

Wrongly answered questions will be repeated | ater.

How long can humans survive without liquid intake?
A. 2-4days

B. 1week
C. 1lday

D. 50days

Dissolution: We (humans) can live without solid food for more than a month, but without drinking we die after 2-4 days!

Infothek

The Infothek is an information section where users get access
to interesting information regarding 6 nutrition-related topics,
which were derived from study results described above: health,
food information, beauty, sports and food, food waste, and
recipes. Users get access at certain scores to get motivated to
app usage and reward it. Regardless of the score, once a week
accessto the Infothek is given to re-engage the user. Information
is predominantly in written form (short messages). Also, short
videos and podcasts are intended.

Gamification Approach

The C2go app implements severely playful elements, such as
points, levels, leaderboard, challenges, onboarding, feedback,
progress bars and customization, to engage users.

Discussion

Overview

Mobile phone-based interventions are increasingly used to
promote a healthy lifestyle [30,62-65]. In this study, a mobile
phone app was considered as a very acceptable tool for the
delivery of a nutrition intervention for adolescents and young
adults, as mobile phone usage iswidespread across all education
and income levels [66]. Furthermore, adolescents and young
adultsare at astage of lifewhere their own lifestyles, including
eating styles, are developed and established. The empirical study
results described above confirm the general openness for, and
interest of adolescents and young adults in, a dietary mobile
app. Next, other digital health interventionswere rated as hel pful
and satisfactory by adolescents and young adults[57,67,68] and
other age groups [69,70]. Studies by others have demonstrated
that mobile phone apps are widely accepted by users for
intervention delivery in the field of healthy eating [30,62,71].
Despite the growing interest in mHealth research, the
development of atheory-driven app isnot well described in the
scientific literature [30]. Furthermore, to our knowledge, no
dietary mobile app has been designed to meet the needs and
interests of adolescents and young adultsin Germany. Our study
provides a step-by-step description of how evidence (eg, from
empirical studies with the target group) and theory can be
translated systematically into an app concept in the field of
mHealth for contributing to the prevention of NCDs.

http://mhealth.jmir.org/2019/8/e11575/

Systematic Design Process

The concept for the C2go app was designed along the BCW
and based on theinput of thetarget group aswell astheliterature
analysis. The BCW has been used by other researchersto guide
the development of mHealth interventions [30,72].

Effective interventions need theory guidance [36,73]: Using a
framework helps design interventions systematically, deriving
factors that need to be changed and avoiding intervention
development based on personal experiences, favorite theories,
or superficial analyses [40,73,74]. Besides this, theory-based
interventions help to understand which, and how, techniques
are effective, and results can be used to optimize theoretical
concepts. Furthermore, using theory in research is also helpful
for the communication between researches and disciplines[73].
Often, the use of underlying theories and concepts in
intervention trials is not well described. Theories are only
mentioned as frameworks but descriptions of how they were
integrated into the scientific design process are often lacking
[74]. Inthisstudy, the use of the BCW asaframework permitted
the systematic and comprehensive design process, which was
underpinned by a model of behavior change and a behavioral
diagnosis of the target behavior, before starting the design
process. However, it is necessary to expand the BCW regarding
the derivation of empirical study results and its translation into
BCTs and, finally, into mHealth app features [30]. This could
minimize the influence of individual expertise, creativity, and
reasonable decision of scientists on which features should
actually be implemented in the app [30].

A major strength of this study was the examination of the
behavior, interests, needs, and values of the target group,
because digital interventions are most engaging when they are
matched to the target group’s characteristics, needs,
expectations, and skills [75]. Following this, other studies
revealed that involving the target group throughout all phases
of intervention development is important to make it more
relevant to their life [30,63,68]. Our study therefore aimed at
focusing on adults from disadvantaged backgrounds. Therefore,
attempts were made to recruit study participants in (public)
places with lower educational background in particular, for
example, vocational school.

In total, 3 target behaviors were initially chosen, because
concentrating on many or unspecified target behaviors (eg,
whole nutritional intake) is assumed to be less effective than
considering only afew and specified target behaviors (but then
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intensely) [76]. The selection of the target behaviors was
indirectly confirmed by the target group, as beverages, fruit,
and vegetables were voted as easy-to-track food. A further
advantage of choosing the 3 target behaviorsis that they focus
on promotin g individual behaviors, for example, more fruits,
instead of forbidding food (eg, eat only 1 piece of candy per
day).

Altogether, study results along with literature searches were
used to support the behaviora diagnosis, the identification of
intervention functions, and BCTs. The behavioral diagnosis
revealed that certain capabilities (eg, psychologica capability:
awareness of consumption), opportunities, and motivational
aspects are needed to establish heathy eating habits.
Furthermore, study results together with evidence from the
scientific literature were used to identify 5 intervention functions
and 14 BCTs. The latter were translated into features of the

C2go app.
Final Intervention: The Challengeto Go App

The C2go app concept targetsimproved drinking habits aswell
asincreased fruit and vegetabl e consumption among adol escents
and young adults. To this end, users choose from 3 worlds: the
drinking, the vegetable, or the fruit world. A corefeature of the
C2go app concept is the use of challenges. These consist of
goal-setting and self-monitoring for target behavior. Both
techniques were requested by participants and are supported by
evidencefromtheliterature[36,45,58,77,78]. Focusing on BCTs
for effective behavior change interventions is important.
Nevertheless, considering determinants of engagement is also
crucia [75]. Therefore, the C2go app concept implements
various game elements and process motivators, which reward
the process of behavior change. Examples are points, levelsfor
status gain, rankings, or engagement |oops through challenges
aiming at edutainment and loyalty [33,34]. Gamification
approaches can provide motivation in settingswhere information
only is not sufficient to bring about change [34]. Various other
mHealth interventions used gamification for promoting user
engagement successfully [30,43,63]. Concentrating on process
motivators instead of long-term, logical outcome motivators
(eg, prevention of NCDs) is proposed to influence self-efficacy
for behavior change positively and more effectively [79].

The individual choice of worlds and, inter alia, the setting of
individual goals support customization [33] to satisfy different
needs and motivation for app use (engagement). Reminders
were also implemented to increase user engagement [53].
Furthermore, theimplementation of an avatar will improve user
engagement and acceptance [80].

Rohde et d

Different feedback wasimplemented to motivate app usage [54]
and behavior change. Implemented informative feedback targets
intenders. This serves to boost self-efficacy, thereby helping to
overcome barriersand to achievetarget behavior [36,51]. Visual
feedback through progress bars was used to replace possible
missing intrinsic motivation for behavior change [34].
Evaluative feedback, such as Congratulationsif challenges are
passed or encouraging feedback if challenges are not passed,
were implemented to increase self-efficacy [43]. Motivating
messages serveto increase self-efficacy in encouraging theidea
that skills for succeeding are available [34]. Evaluative,
informative, and motivating feedback is given through an avatar
that was implemented for identification and positive learning
effects [34]. When formulating this feedback, it was important
to select positive language to increase the self-efficacy and
satisfaction of the user [48]. Competitive feedback comes from
the community and the leaderboard [34,43].

Limitations and Future Research

Several limitations must be considered when interpreting the
findings of the present approach. First, the design, devel opment,
and implementation of mHeath concepts take time.
Consequently, by the time of implementation, technology and
target group interests may have evolved [30]. Second, regarding
the target behaviors, the app focused on drinking and fruit and
vegetable consumption only. Other food groups and nutrition
behaviors (eg, snacking) could be targeted in the app at alater
stage of devel opment, along with physical activity. Thisprovides
opportunitiesfor future research and extension of the app. Third,
the participants who assi sted in the app devel opment were only
from 1 region in Germany, and they may have had a bigger
interest in nutrition or apps as nonparticipants. Future
investigation should include a more diverse group of
participants.

The next step is the validation of the C2go app concept to
demonstrate its impact on drinking and fruit and vegetable
consumption, aswell asitsusability in acontrolled intervention
trial. Moreover, financial opportunities for sustainable
maintenance possibilities of scientific applications must be
investigated.

Conclusions

C2go is a theory-based and target group—adapted mobile
intervention that was systematically devel oped using the BCW.
C2go aimsto improve drinking habits and the consumption of
vegetables and fruit among adolescents and young adults,
especialy from disadvantaged backgrounds, using a
gamification approach.
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Abstract

Background: Medical emergencies such as anaphylaxis may require immediate use of emergency medication. Because of the
low adherence of chronic patients (i, carrying anti-anaphylactic medication) and the potentially long response time of emergency
medical services (EMSs), alternative approaches to provide immediate first aid are required. A smartphone-based emergency
response community (ERC) was established for patients with allergies to enable members to share their automatic adrenaline
injector (AAI) with other patients who do not have their AAI at the onset of anaphylactic symptoms. The community is operated
by anational EMS. In the first stage of the trial, children with food allergies and their parents were invited to join.

Objective: Thisstudy aimed to identify the factors that influence the willingness to join an ERC for a group of patients at risk
of anaphylaxis.

Methods: The willingness to join an ERC was studied from different perspectives. the willingness of children with severe
alergiesto join an ERC, the willingness of their parents to join an ERC, the willingness of parentsto enroll their children in an
ERC, and the opinions of parents and children about the minimum age to join an ERC. Several types of independent variables
were used: demographics, medical data, adherence, parenting style, and children's autonomy. A convenience sample of children
and their parents who attended an annual meeting of a nonprofit organization for patients with food allergies was used.

Results: A total of 96 questionnaires, 73 by parents and 23 by children, were collected. Response rates were approximately
95%. Adherence was high: 22 out of 23 children (96%) and 22 out of 52 parents (42%) had their AAI when asked. Willingness
to join the community was high among parents (95%) and among children (78%). Willingness of parentsto enroll their children
was 49% (36/73). The minimum age to join an ERC was 12.27 years (SD 3.02) in the parents’ opinion and 13.15 years (SD 3.44)
in the children’s opinion.

Conclusions. Parents' willingnessto join an ERC was negatively correlated with parents’ age, child’s age, and parents’ adherence.
This can be explained by the free-rider effect: parents who carried an AALI for their young child, but had low adherence, wanted
to join the ERC to get an additional layer of emergency response. Children’s willingness to join the community was positively
correlated with age and negatively correlated with the child's emotional autonomy. Parents’ willingness to enroll their children
inan ERC was positively correlated with child’s age and negatively correlated with parents’ adherence: again, this can be explained
by the aforementioned free-rider effect. Parents’ and children’s opinions about the minimum age to join an ERC were negatively
correlated with protective parenting style and positively correlated with monitoring parenting style.

(IMIR Mhealth Uhealth 2019;7(8):€13892) doi:10.2196/13892
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Introduction

Objectives of the Study

This study examines different factors affecting willingness of
patients and parental-caregivers to join a smartphone-based
emergency response community (ERC) for patientswith allergy
at arisk of anaphylaxis.

Emer gency Response Communities

A medical emergency is “an acute injury or illness that poses
an immediate risk to a person’s life or long-term health” [1].
Nontraumatic medical emergencies include conditions such as
stroke, severe asthma attack, heart attack, anaphylactic shock,
hypoglycemic coma, and drug overdose. The immediate
provision of first aid is a crucia factor in lowering mortality
and improving long-term prognosis[2,3].

Emergency medical services (EMSs) are the primary provider
of first aid to people in medical emergencies that occur outside
medical institutions[4,5]. Unfortunately, thereisno ambulance
on every street corner, and patients in distress have to wait for
help. The response times of EMSs vary significantly across
countries and geographies, such as rural versus urban areas
[6-8].

EMS organizations and health policy makers try to achieve
faster response timesthrough various approaches. Theseinclude
the deployment of automatic electronic defibrillatorsin public
places[9-11], the use of dronesto deliver emergency equipment
[12], and the establishment of networks of first responders and
volunteers to provide first aid in different medical situations
[13-18].

An ERC [19,20] is a social network of patients who are
prescribed to carry life-saving medication for themselves and
can potentially help other patients who are without medication
in a medical emergency. Central servers track the location of
different community members and locate members who are
carrying the required medication and are in the vicinity of the
patient in distress. The socia network isregulated: theidentities
and medical records of the patients are verified by their doctors,
and the provision of medication in an emergency is approved
in real time by EMS personnel. As such, the social network is
an EMSmediated community of laypersons.

Joining an ERC requires adoption of a dedicated mobile health
(mHealth) smartphone app. mHealth is defined as “ healthcare
to anyone, anytime and anywhere by removing tempora and
locational constraints’ [21]. New ERC members have to
complete a registration process and agree to location tracking
when they are available to respond. The adoption of mobile
apps has been widely studied in the past decade—both in general
and specifically among patients [22-24].

Willingnessto Join a Mutual Aid Community

ERCsare atype of mutual aid community with members being
both potential givers and takers—providers and recipients—of
an emergency response. Joining a mutual aid community is a

https://mhealth.jmir.org/2019/8/€13892/

type of volunteerism. Altruismisthe most frequently expressed
motive for volunteerism. Yet people may volunteer for reasons
other than pure altruism. For example, parents may volunteer
in an organization from which their children directly benefit
[25]. Self-identification as religioudy observant is also
associated with a higher willingness to join a mutual ad
community [26].

The phenomenon of bystander intervention has been widely
studied over the past 5 decades [27-29]. Mutual aid communities
exist in different areas such as among drug addicts [26,30],
mental health patients [30,31], and diabetics [32,33].

Another important phenomenon that may influencewillingness
tojoinan ERC isshared identity: peopletend to help those with
whom they share something in common [34-36]. As ERC
members all share the same medical condition, they may be
influenced by this phenomenon—sometimes referred to as
patients like me.

Prescription Medication Sharing

Thereare 2 types of medication sharing: recreational (ie, abusive
medication sharing to experience nonmedical effects) and
nonrecreational (medication sharing for medical treatment) [37].
ERC isdesigned to facilitate nonrecreational medication sharing
in emergency settings. Prescription medication sharing has been
studied for decades [38-40]. A recent meta-analysis, drawing
on several studies suggesting that gender, age, income, and use
of the internet to access health-related information influence
patients' willingness to share medication [37], reports a wide
range of prevalence of the borrowing and lending of prescription
medication (5%-52%). Additional studiesreport thewillingness
of parentsto share or borrow medication related to their child's
medical condition [41]. A recent survey on automatic adrenaline
injector (AAIl) sharing shows that 76.6% of AAI carriers
expressed willingness to share their AAI right away.
Respondents who would not share their AAl were concerned
about the potential harm to the patient (eg, misdiagnosis or
overdose) and to their child (eg, having no medication left or
delay in obtaining a refill) [42]. Joining an ERC indicates
readiness to share a personal prescription medication with a
stranger.

Parenting Style

To the best of our knowledge, no study has examined the
correlation between parents’ willingness to join an ERC and
parenting styles associated with medical decision making [43].
Parenting styles are characteristics that represent how parents
relateto and place demands on their children [44]. For example,
an overprotective parenting stylein afamily with food allergies
isacommon coping method that can inhibit achild’s autonomy
and lead to the child’semotional distressover hisor her medical
condition [45]. The Adult Responses to Children’s Symptoms
(ARCYS) questionnaire [46] is intended to measure specific
health-related parenting practices. The ARCS identifies 3
distinct parenting styles: (1) the protective style, where the
parents engage in caretaking behaviorsthat place the childin a
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passive patient role, (2) the dismissive style, where the parents
criticize the child's health complaints, and (3) the monitoring
style, where the parents encourage the child’s autonomy while
monitoring the child’'s symptoms [47].

Child’s Autonomy

Autonomy refers to a person’s ability to act on his or her own
values and interest. Teken from ancient Greek, the word
autonomy means self-governance. From a psychological view,
autonomy is made up of a set of functional skills, emotional
responses, and attitudes [48]. To act, feel, and reason, the
autonomous person must have a sense of self-worth and
self-respect.

Some experiences that children and adolescents with food
allergies undergo may put them at risk of problems related to
the development of their autonomy. Studies show that limiting
young children’s opportunities for independent exploration of
their environment can interfere with the development of their
autonomy [49]. Children with severe food allergies, especialy
those who have experienced a severe anaphylactic reaction in
the past, are likely to be restricted in their activities [50]. On
the other hand, adolescents at risk of anaphylaxis are likely to
take an active role in managing their allergies [51]. Thus, the
findings are mixed: although having restrictions placed onon€e's
activitiesis negatively related to the devel opment of autonomy,
self-management is positively related to its development.

In this study, we expand the understanding of the sense of
autonomy among children with severe alergies. Subsequently,
we will refer to autonomy as an agency consisting of 3
components [48]: (1) attitudinal autonomy, which refersto the
cognitive process of listing one's possibilities and making a
choice between different options; (2) emotional autonomy,
which refers to confidence and trust in defining goas
independent of the wishes of parents and peers;, and (3)
functional autonomy, which describesthe process of devel oping
a strategy to achieve one's goals by means of self-regulation
and self-control.

Description of thefield study

EPIMADA is an ERC launched in January 2018 by the Israel
National EMS, Magen David Adom (MDA), in cooperation
with Bar-1lan University. EPIMADA comprises patients with
allergies who are required to carry an AAI as the first-line
treatment against anaphylaxis[52]. Members are equipped with
amobile app that tracks their location and notifies them about
relevant emergencies in their vicinity. Members can set
preferences such as days of the week and hours of the day during
which they are availablefor dispatch. In an emergency, members
are dispatched by the MDA-EM S command center and receive

additional  red-time instructions from a trained
dispatcher-paramedic by phone.
Methods

We studied thewillingnessto join an ERC from different points
of view:

«  Willingness of parentsto join an ERC
«  Willingness of parentsto enroll their childrenin an ERC

https://mhealth.jmir.org/2019/8/€13892/
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«  Willingness of children to join an ERC
« Opinions of parents and children about the minimum age
tojoin an ERC

Independent Variables
We used several types of independent variables:

« Demographic data (parents age, child's age, parents
gender, child's gender, parents level of religious
observance, and parent’s years of education).

« Medica data about the child (time since diagnosis, time
since last anaphylactic attack, and the number of
anaphylactic attacksin the past) and medical dataabout the
parents (whether they themselves are alergy patients).

« Adherence (carrying the AAI) both by parents and by
children.

«  Parenting styles (protective, dismissive, and monitoring).

« Children’s autonomy (attitudinal, emotional, and
functional).

Collection of Data

We used a convenience sample of children diagnosed with
severe food allergies and their parents who attended an annual
conference of a nonprofit organization of patients with food
alergies. All parents were asked to fill out a written
guestionnaire for parents (Multimedia Appendix 1), and all
children older than 8 years were asked to fill out a written
guestionnaire for children (Multimedia Appendix 2). The
questionnaires included a brief description of the EPIMADA
project followed by questions about basic parent and child
demographics and condition-rel ated factors such aswhether the
parents are patients themselves, time since diagnosis, adherence
level, and emergency events in the past. Parents and children
were asked about their willingnessto join an ERC; in addition,
parents were asked about their willingness to enroll their
children. Parents and children were asked for their opinion about
the minimum ageto join an ERC. Parents completed the adults
version of ARCS questionnaire, and children completed the
children’sversion of ARCS questionnaire [46], the Adolescent
Autonomy Questionnaire (AAQ) [48], and the Food Allergy
Independent Measure (FAIM)[53].

Given that a convenience sample was used, the research is
descriptive and does not presume to predict the behavior of the
genera population.

A total of 23 parent-child pairs attended the conference and
answered the parents and the children's questionnaires (the
children had to be at |east 8 years old and attend the conference
with their parents). All children’s questionnaires were paired
with same-family parents questionnaires through a coding
system that maintained anonymity. A total of 50 parents attended
without their children and answered the parents questionnaires.
Theresponse rateswere about 95% (2-3 parents arrived too late
and were not able to answer the questionnaire because the
conference had started. No one refused to answer the
guestionnaires.). These activities were performed at the start of
the conference before participants were informed of the
EPIMADA initiative.
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Analytical Techniques

In addition to descriptive statistics, we used several analytical
toolsto explore our data:

« t tests were used, with the assumption of normal
distribution, to check if there are significant differences
between 2 groups, for example, parents and their children
(paired samples) and clusters of parents (independent
samples).

« Mann-Whitney nonparametric U tests were used as an
alternative to t tests without the assumption of normal
distribution.

«  Chi-sguareindependence test was used to check if thereis
significant association between 2 nominal variables.

« Pearson correlation analysis was used to discover
correlations between different variables to plan regression
models and to avoid multicollinearity.

+ Oneway analysis of variances (ANOVAS) were used to
check whether there are significant differences between
multiple samples, for example, 3 clusters.

« Intraclass correlation (ICC) tests were used to check the
consistency of measures between parents and children in
the 3 parenting styles.

« Linear regressionswere used for scal e-dependent variables.

« Ordinal regressions were used for ordinal-dependent
variables.

« Binary logistic regressionswere used for binary-dependent
variables.

«  Bootstrapping is aresampling technique that improves the
property estimation in small samples. This technique was
applied to logistic regressions that initially did not provide
significant resullts.

Table 1. Demographic statistics of parents (n=73).

Khalemsky et a

«  Principal component analysis (PCA) was used to find the
mix of possibly correlated variablesfor dimension reduction
for cluster analysis.

«  Cluster analysiswas used in unsupervised learning to enable
identification of homogeneous groups without a target
attribute by identifying the similarities between objectsfor
a given number of subgroups [54]. This method alows
interpretation of the results without relying on an existing
target attribute.

- Classification tree (J48) analysis was used in supervised
learning with known target variableto enableidentification
of the most influential variables.

Institutional Review Board Approval

The research was approved by the Institutional Review Board
of Bar-1lan University and by the Research Committee of MDA.
Software Tools

The data were converted to digital form by the researchers and
analyzed using IBM SPSS 24 software and WEKA 3.7.11
software developed by the University of Waikato in New
Zesland.

Results

Demographic Parameter s of the Sample

A total of 57 (78%) parents were female and 16 (22%) were
male. A total of 15 (20.5%) parents reported that they are
religiously observant. Tables 1-3 present several demographic
parameters of the sample.

Parameter Average Median Mode S Min Max IQR?
Age (N=73) 4051 40 39 7.15 22 55 9.5 (35.5-45)
Years of education (N=72") 15.74 155 15 2.40 12 25 2(15-17)
Number of children (N=73) 2.49 3 3 0.97 1 6 1(2-3)

3 QR: interquartile range.

P These data were missi ngin 1 questionnaire.

Table 2. Age of children.
Parameter Average Median Mode SD Min Max IQR®
Children® (all: N=73) 9.01 85 14,17 552 1 21 10 (4-14)
Children® (attended; N=23) 13.69 14 14 372 8 21 6 (11-17)

3 QR: interquartile range.
bChildren’s data were provided by all parents about their children.

CA total of 23 children attended the conference and filled out children’s questionnaires. The statistics of these children (part of the total sample of 73
children) are based on data reported by their parents. Participation was limited to children aged at |east 8 years.

https://mhealth.jmir.org/2019/8/€13892/
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Table 3. Gender of children.
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Population Female, n (%) Male, n (%)
Children (all, N=73) 49 (68) 23(32)
Children (attended; N=23) 7(30) 16 (70)

Medical Statistics
Medical statistical data of children are provided in Table 4.

Adherence

Parents reported who carries their child’'s AAI: in 14 (19%)
cases, only the parents carried an AAI; in 19 (26%) cases, only
thechild carried an AAI; and in 38 (52%) cases, both the parents
and the child carried an AAI (in 2 cases, no datawere provided).

A total of 52 parentswho carried an AAI for their children were
asked 3 questions about their own adherence, 57 parents whose
children carried an AAI were asked 3 questions about their
children’s adherence, and 23 children who attended the

Table 4. Medical statistics of children.

conference were asked 2 questions about their adherence. Tables
5-7 present the reports.

We compared the parents’ answersto their children’s answers.
A total of 2 children answered “Yes' to the question “Are you
carrying an AAIl now?" whereas their parents answered “No”
to the question “Is your child carrying an AAI now?’ When
parents and children answered the question “How many days
last week did your child have immediate access to an AAI
throughout the day?’ in 3 cases, parents reported higher
adherence (6 vs 4, 7 vs 6, and 7 vs 5) than their children, and
in 3 cases parents reported lower adherence than their children
(6vs7,5vs7,and 1vs7).

Parameter and N (valid®P) Average Median Mode sD Min Max IQR®
Time since anaphylaxis diagnosis (years)

62 8.13 7 2 5.59 1 22 9(3-12)

20 12.45 12 _d 5.36 1 22 7.25(9.25-16.50)
Timesince last anaphylactic attack (years)

52 4.85 4 1 3.92 1 14 6 (1-7)

21 6.62 7 1 4.61 1 14 9.5(1-10.5)
Number of anaphylactic attacks

70 1.74 1 1 1.77 0 10 2(1-3)

22 2.41 2 1 2.15 0 10 2.25 (1-3.25)

8Data for all children are reported in the upper row for each variable and data for the children that attended the conference are reported in the lower

row.

P These data were missi ngin 1 questionnaire.
%IQR: interquartile range.

dMulti ple modes exist.

Table5. First question about adherence.

Question Never,n (%) Seldom,n (%) Often,n (%) Always, n(%) Noanswer, n(%)
Reports by parents

Do you make sure to carry the AAI®? (N=52) 12 19 3(6) 45 (86) 2(4)

Does your child make sureto carry the AAI? (N=57) 2(4) 0(0) 10 (18) 43 (75) 2(3)

8AAI: automatic adrenaline injector.
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Table 6. Second question about adherence.
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Question Yes, n (%) No, n (%) No answer, n (%)
Reportsby parents
Areyou (parents) carrying an AAI2 now? (N=52) 22 (42) 30(58) 0(0)
Isyour child carrying an AAI now? (N=57) 53 (93) 3(5) 1(2%)
Reportsby chilren
Areyou (child) carrying an AAI now? (N=23) 22 (96) 1(4) 0(0)
8AAL: automatic adrenaline injector.
Table 7. Third question about adherence.
Question Ln®%) 2,n(%) 3,n(%) 4,n(%) 5n(%) 6,n(%) 7,n(%)
Reportsby parents
How many days last week did you have immediate access to an AAI? 9 (17) 2(4) 129 2(4) 0(0) 129 37(71)
throughout the day?b (N=52)
How many days last week did your child have immediate accesstoan 1 (2) 0(0) 0(0) 1(2 1(2 3(5) 51 (89)
AAI throughout the day?b (N=57)
Reportsby children
How many days last week did you have immediate accessto an AAl 0 (0) 0(0) 0(0) 143) 143 1(43) 20(87)

throughout the day?* (N=23)

3AAI: automatic adrenaline injector.
bReports by parents.
®Reports by children.

Parenting Styles

Parenting styles as assessed by the ARCS questionnaires
answered by parents and their children are presented in Table
8.

We performed a paired samplest test to compare parenting style
assessments based on answers of parents whose children
attended the conference with parenting style assessments based
on answers of their children who attended the conference. No
significant differences were found. A medium positive
correlation (R=0.451, P=.03) was observed between the reports
of the parents and their children about the dismissive parenting
style. The correlations for other parenting styles were not
significant at the 5% significance level. We also performed an
ICC test for the 3 parenting styles to check the consistency of
measures between parents and children. For the protective
parenting style, the ICC value was poor (.319) and not

https://mhealth.jmir.org/2019/8/€13892/

significant (P=.06); for the dismissive parenting style, the ICC
value was fair (.45) and significant (P=.01); and for the
monitoring parenting style, the ICC value was poor (.103) and
not significant (P=.31).

We compared our findings with the data reported by Van Slyke
and Walker [47], using a summary independent samplest test
and found significant differences at the 5% significance level
(P<.001) in the protective parenting style (Van Slyke and
Walker's results: mean 1.37, SD 0.63) and no significant
differences in the dismissive (P=.23) and monitoring (P=.25)
parenting styles.

Child’s Autonomy

Results related to attitudinal, emotional, and functional
autonomy among children who attended the conference are
givenin Table 9.
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Table 8. Parenting styles as assessed by the Adult Responses to Children’s Symptoms questionnaires answered by parents and their children.

Parenting style and respondents Average Median Mode SD Min Max IQR®
Protective
All parents (N=73) 2.39 24 24 0.69 0.87 3.67 1.06 (1.87-2.93)
Parents whose children attended (N=23) 234 2.33 167 0.78 0.87 3.6 1.4 (1.67-3.07)
Children who attended (N=23) 227 227 293 0.71 1 347 1.2 (1.73-2.93)
Dismissive
All parents (N=73) 0.88 0.83 0.33 0.58 0 2.67 1(0.33-1.33)
Parents whose children attended (N=23) 0.74 0.67 0.67 0.62 0 217 0.67 (0.33-1)
Children who attended (N=23) 0.93 0.67 0.5 0.58 0.33 217 1(0.5-15)
Monitoring
All parents (N=73) 2.01 3 _b 0.61 0.88 3.88 0.88 (2.5-3.38)
Parents whose children attended (N=23) 294 3.13 313 0.61 1.88 3.88 1.12 (2.38-3.5)
Children who attended (N=23) 2.63 2.63 2.63 0.71 1 3.63 0.87 (2.38-3.25)
3 QR: interquartile range.
B ultiple modes exist.
Table9. Attitudinal, emotional, and functional autonomy among children who attended the conference (n=23).
Autonomy Average Median Mode SD Min Max IQR®
Attitudinal (N=23) 353 34 34 0.496 2.8 44 0.6 (3.2-3.8)
Emotional (N=23) 3.628 36 38 0.482 2.8 4.4 0.8 (3.2-4)
Functional (N=23) 3.496 34 _b 0.692 24 48 1(3-4)

3 QR: interquartile range.
OMulti ple modes exist.

Cluster Analysis of Parents

We performed dimension reduction using the PCA technique
[55]. We selected the component with the highest percentage
of variance explained and selected 10 variables that have
correlation of >.4 with the chosen component. We used the
k-means algorithm with 2 to 4 possible clusters to identify
differentiated groups of parentsin our sample. We indicate the
most prominent attributes that differentiate these groups.

An analysis with 2 clusters of parents identified the 2 groups,
which are presented in Table 10. We performed an independent
samples t test and Mann-Whitney nonparametric U tests to
check the differences between the parents characteristics in
these 2 clusters.

The analysis with 3 clusters of parentsidentified the 3 groups
presented in Table 11.

https://mhealth.jmir.org/2019/8/€13892/

We performed a one-way ANOVA to check the differences
between the parents characteristics in the 3 clusters. The
following differences were significant at the 5% significance
level: parent's age (P<.001), child's age (P<.001), adherence
of parents (P<.001), adherence of child (P<.001), and
willingness to enroll child (P<.001), time since the last attack
(P=.002), and time since diagnosis (P<.001).

An analysiswith 4 clusters of parents did not reveal any unique
cluster with special characteristics. Specifically, the largest
group from the 3-cluster analysis was divided into 2 subgroups
with dlight differences.

Correlations

Table 12 presents Pearson correlationsfor scale variablesin the
parents’ data. A correlation analysis was not performed on the
children’s data because of the low number of respondents.
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Table 10. Parent clusters.

Parameter Cluster 0 Cluster 1 t test (P value) U test (P value)
Number of cases 41 32 _a —
Parents' age 36.88 45.16 <.001 <.001
Child'sage 5.66 13.23 <.001 <.001
Children who carry AAIP (valid %) 25 (64)° 32 (100)¢ - -
Parents who carry AALI for their children (valid %) 38 (97)° 14 (44)d — —
Time since diagnosis (years) 553 11.45 <.001 <.001
Time since the last attack (years) 3.82 6.16 .002 .01
Adherence of al parents 2934 1.79 <.001 —
Adherence of parents who carry AAI for their children 297 2.46 <.001 —
Adherence of all children 1.89 2.88 <.001 —
Adherence of children who carry AAL. 248 2.88 <.001 —
Adherence: number of daysin past week parents had access to AAIY 5.89 4.63 03 .03
Willingness to enroll child in the community 2.04 4.66 <.001 —

%Test isirrelevant.

BAAI: automatic adrenaline injector.
°N=39.

IN=32.

Table 11. Parent clusters.

Parameter Cluster 0 Cluster 1 Cluster 2
Number of cases 42 17 14
Parents age 39.62 47.23 35.00
Child'sage 8.33 14.85 394
Children who carry AAI? (valid %) 40 (100)° 17 (100)° 0(0)¢
Parents who carry AAI for their children (valid %) 37 (92)° 1(6)° 14 (100)4
Time since diagnosis (years) 7.48 13.18 3.95
Time since the last attack (years) 4.36 6.81 3.92
Adherence of parents 2.80 1.09 2.96
Adherence of parents who carry AAI for their children 2.83 1.00 3.00
Adherence of child (children who carry AAI) 2.63 (2.66) 2.82(2.82) 0.81 (0.00)
Adherence: number of daysin past week parents had access to AAIY 5.79 4.22 5.36
Willingness to enroll child in the community 3.07 4.82 157

3AAI: automatic adrenaline injector.
BN=40.
°N=17.
IN=14,
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Table 12. Correlations between variables.
Varisbles® V1 V2 V3 V4 V5 V6 V7 V8 V9 VIO Vil V12 Vi3
Vi 1 0143 0291° o0828° o0793° 0098 -0115 0029 502° 0277 -0.267° 0086  _gogoP
V2 0143 1 0017 0039 0087 _gosg® 0099 038 0204 _goagb -0.054 _goggP 0.099
V3 0201P 0017 1 0326° 0316° 0022 0009 -0215 0131 (o376 0052 0060 0011
V4 0826° 0039 (3¢ 1 091 0163 -0.048 -0086 (g1 (4s5¢ <-0.187 0202  _qoacb
V5 079 0087 (316® 091° 1 -0021 -0091 -0095 (gpo¢ -0.039 (ogb -0102 (g7
V6 0098  _goagd 0022 0163 -0021 1 0200 -0091 0011 -0012 -0114 0034 0027
V7 -0155 0099 -0009 -0048 -0091 0200 1 0199 -0035 -030 -0075 0008  0.008
V8 0029 0038 -0215 -008 -0095 -0091 0199 1 -0056 -0.003 0082 0060 0135
V9 0502 0204 0131 (a1 ospo¢ 0011  -0035 -0056 1 -0205 -0.240 -0054 -0.177
V10 0277°  —0209° 0237 0455¢ ~-0039 -0012 -0030 -0003 -0205 1 0142  ggppc 0013
Vi1 _0o67° -0054 0052 -0187 goeb -0114 -0075 0082 -0240 0142 1 0188  (634°
V12 0086  _gogoP 0060 0202 -0102 0034 0008 0060 -0054 ggqc 0188 1 -0.056
V13 _020® 0099 0011  _goagb ag7® 0027 0008 0135 -0177 0013 (ga¢ -0056 1

#The list of variables used are as follows: V1, parents age; V2, parents years of education; V3, number of children; V4, child's age; V5, time as
diagnosis (years); V6, parents’ opinion about the minimum age for a child to join an ERC; V7, number of daysin past week parent who had access to
AAI; V8, number of daysin past week child who had accessto AAI; V9, time as last anaphylactic attack; V10, number of anaphylactic attacks in the
past; V11, protective parenting style; V12, dismissive parenting style; V13, monitoring parenting style.

bSignificant at the 5% level.
CSignificant at the 1% level.

Parents Willingnessto Join an Emergency Response
Community

Parents were asked 2 questions about their willingness to join
an ERC. A total of 69 parents (95%) answered “Yes’ to the
yes-or-no question “Do you intend to join the community?’
Because of the very high percentage of affirmative questions,
no further statistical analysis (eg, logistic regression) was
possible.

Parentswere al so asked about the probability (O [very unlikely]
to 6 [very likely]) that they would join an ERC. Their answers
are presented in Table 13.

We used an ordinal regression model to analyze the factors that
influence the probability of joining an ERC. We used the
following independent variables: child’'s gender, child’s age,
parents’ age, parents’ education, parents adherence (number
of days in past week parent had immediate access to AAI),
child’s adherence (number of days in past week child had
immediate accessto AAI), time since diagnosis, the number of
anaphylactic attacks in the past, time since the last attack, and
parenting style. The model fitting was significant (x%,5=22.9
with P=.03). The goodness of fit was significant at the 5%
significance level for the Pearson chi-square test (P<.001). The
pseudo R? indicatorswere Cox& Shell=0.449 (44.9% of thetotal
variability explained by the model), Nagelkerke=0.507, and
McFadden=0.276. A threshold check showed significant
differences between most of the values of the dependent variable

https://mhealth.jmir.org/2019/8/€13892/

at the 5% significancelevel. Thefollowing independent variable
estimates were significant at the 5% significance level: parents
age (an increase in age was associated with a decrease in the
probability of joining the community, with an odds ratio [OR]
of 0.688 [95% Cl 0.49-0.96], Wald x?,=4.7, P=.03), parents
adherence (number of daysin past week parent had immediate
access to AAl); (an increase in parents adherence was
associated with a decrease in the probability of joining the
community, with an OR of 0.586 [95% Cl, 0.38 to 0.91], Wald

X*1=5.7, P=.02), child’s adherence (number of daysin past week
child had immediate access to AAI); (an increase in child's

adherence was associated with an increase in the probability of
joining the community, with an OR of 2.106 [95% Cl 1.18-3.75],

Wald x%,=6.4, P=.01).

A 2-tailed t test for independent samples assuming equal
variances (according to Levin's test) and a Mann-Whitney
nonparametric U test showed no significant differencesin the
probability of the parent joining the community by parents
gender, but al-tailed t test revealed that femalesare morelikely
to join the community than males at the 5% significance level
(P=.04).

A 2-tailed t test for independent samples assuming equal
variances (according to Levin's test) and a Mann-Whitney
nonparametric U test showed no significant differencesin the
probability of the parent joining the community by child’'s
gender.
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Table 13. Parents' answers about the probability of them joining the community (N=73).

Answer n (%)

0 (very unlikely) 1(1.4)

1 2(27)

2 1(1.9)

3 5(6.8)

4 7(9.6)

5 11 (15.1)
6 (very likely) 45 (61.6)
No answer 1(1.4)

Children’sWillingnessto Join an Emer gency Response
Community

Children were asked 2 questions about their willingnessto join
an ERC. A total of 18 out of 23 children (78%) answered “ Yes’
to theyes-or-no question “If your parents|et you, do you intend
to join the community?

Because of thelow number of respondents, alogistic regression
was not able to analyze the factors that influence children’s
opinions about joining the community.

Children were also asked what the probability was (O [very
unlikely] to 6 [very likely]) that they would join an ERC,
assuming that their parents would alow them to join. Their
answers are presented in Table 14.

We used an ordinal regression model to analyze the factors that
influence the probability of joining an ERC. We used the
following independent variables: child’'s gender, child’s age,
child’s adherence (number of days in past week child had
immediate access to AAl), parenting style, and child’'s
autonomy. The model fitting was not significant. The goodness
of fit wassignificant at the 5% significance level for the Pearson

chi-square test (P<.001). The pseudo R? indicators were
Cox& Shell=0.437 (43.7% of total variability explained by the
model), Nagelkerke=0.453, and M cFadden=0.173. A threshold
check resulted in nonsignificant differences between all values
of the dependent variable at the 5% significance level. The
following independent variables estimates were significant at
the 5% significance level: age (an increasein age was associated
with an increase in the probability of joining the community,
withan OR of 1.508 [95% CI 1.13-2.02], Wald x2,=7.6, P=.006)
and emotiona autonomy (an increase in emotional autonomy

was associated with a decrease in the probability of joining the
community, with an OR of 0.038 [95% CI 0.0018-0.79], Wald
)(21:4.4, P=.04). Because of the low number of respondents,
the ability of the model to explain the variability is limited. A
series of t tests for independent samples assuming equal
variances (according to Levin test) and Mann-Whitney
nonparametric U tests showed no significant differences by
child’s gender in the probability of a child joining the
community. A chi-squaretest showed no significant differences
between male and female children in the probability of joining
the community.

Table 14. Children’s answers about the probability of them joining the community (N=23).

Answer n (%)
0 (very unlikely) 209
1 1(4)
2 3(13)
3 1(4)
4 9(39)
5 2(9)
6 (very likely) 5(22)
No answer 0(0)

Parents Willingnessto Enroll Their Children in an
Emergency Response Community

Parentswere asked 2 questions about their willingnessto enroll
their childrenin an ERC. A total of 36 parents out of 73 (49%)
answered “yes’ to the yes-or-no question “Do you intend to
enroll your child in the community?’

https://mhealth.jmir.org/2019/8/€13892/

We used a logistic regression to analyze the factors that
influence the parents decision to enroll their children in the
community (dependent variable). We used the following
independent variables: parents' age, parents' education, number
of children, child’sage, time since diagnosis, parents’ adherence
(number of daysin past week parents had immediate accessto
AALl), child sadherence (number of daysin past week child had
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immediate access to AAI), time since the last anaphylactic
attack, the number of anaphylactic attacks in the past, and
parenting style. Omnibus tests of model coefficients provided

significant results with P=.04, Cox&Shell R’=0.426, and

Nagelkerke R?=0.574. According to the model, all independent
variables were included in the equation, but only 1 was
significant at the 5% significancelevel: parents’ adherence (days
in the past week parent had immediate access to AAI) was
negatively associated with the willingness to enroll the child
into the community. Bootstrapping with 1000 iterations provided
thefollowing significant variables at the 5% significance level:
parents’ age (negative), parents’ education (negative), child’'s
age (positive), time since diagnosis (positive), the number of
anaphylactic attacks in the past (negative), parents' adherence
(number of daysin the past week parent had immediate access
to AAI; negative), and child's adherence (number of days in
the past week child had immediate accessto AAI; positive).

We performed another analysis of thisvariable by applying the
M8 classification tree to evaluate the influence of different
independent variables on the parents' decision to enroll their
children in the community. Thetree correctly classifies 71.21%
of the cases. Figure 1 presents the results.

Khalemsky et a

In an attempt to expand the options scale, the parentswere also
asked the question, “What isthe probability (0-6) that you will
enroll your children in an ERC?’ Their answers are presented
in Table 15.

We used an ordinal regression model to analyze the factors that
influence the probability that parents will enroll their child in
an ERC. We used the following independent variables: parents
age, parents' education, number of children, child’sage, parents
adherence (number of days in the past week parent had
immediate access to AAl), child’s adherence (number of days
inthe past week child had immediate accessto AAI), timesince
the last anaphylactic attack, the number of anaphylactic attacks
inthe past, parenting style, and child’s gender. The model fitting
was not significant (x213:19.1 with P=.09). The goodness of fit
was significant at the 5% significance level for the Pearson
chi-square test (P=.02). The pseudo R indicators were
Cox& Shell=0.359 (35.9% of total variability explained by the
model), Nagelkerke=0.372, and M cFadden=0.133. A threshold
check resulted in insignificant differences among all 7 values
of the dependent variable. Bootstrapping did not improve these
results.

Figure 1. Theinfluence of different independent variables on the parents' decision to enroll their children in the community.

yes

ild’'sadherence=
no. of days AAl available
in last week

Parent carries AAI
Child’s age

Parent intends to enroll child

ild'sadherence—
no. of days AAl available
in last week

Parent intends to
enroll child

Parent does not
intend to enroll child

Parent intends to
enroll child

Parent does not
intend to enroll child

Table 15. Parents answers about the probability (0 [very unlikely] to 6 [very likely]) of enrolling their children in the community (N=73).

Answer n (%)

0 (very unlikely) 19 (26.0)
1 3(4.1)

2 4(5.5)

3 5(6.8)

4 6(8.2)

5 8 (11.0)
6 (very likely) 19 (26.0)
No answer 9(12.3)
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Opinions About Minimum Ageto Join an Emergency
Response Community

Both parents and children were asked their opinions about the
minimum age to join an ERC (see Table 16).

Inapaired samplest test, no significant differences were found
between children’s reports and their parents' reports. In an
independent samplest test, no significant differenceswere found
between males and females. A series of Pearson correlation
tests revealed a weak negative (—.246) correlation between
parents’ opinions and parents’ years of education (P=.049). No
significant correlations of parents’ opinions were found either
with parents’ age or with their children’s age.

We used alinear regression to analyze the factorsthat influence
parents’ opinions about the minimum age to join an ERC. We
used the following independent variables: parents’ age, parents
education, number of children, child’s age, parents’ adherence

Khalemsky et a

(number of daysin the past week parent had immediate access
to AAI), child's adherence (number of days in the past week
child had immediate access to AAIl), time since the last
anaphylactic attack, parenting style, and number of anaphylactic
attacks in the past. A multicollinearity analysis did not reveal
any evidence of multicollinearity. The model resulted in

R?=0.55, and the model was significant at the 5% significance
level (P=.004). An analysis of standardized regression
coefficients revealed that the most influential significant
variablesare child’s age (beta=0.489, standardized beta=0.801,
P=.003), protective parenting style (beta=—2.767, standardized
beta=—0.561, P=.01), parent's age (beta=—0.242, standardized
beta=—0.526, P=.03), monitoring parenting style (beta=2.584,
standardized beta=0.427, P=.03), and parents education
(beta=—0.528, standardized beta=—0.418, P=.007). All other
variables were much lessinfluential and were not significant at
the 5% significance level.

Table 16. Opinions about minimum age to join an emergency response community (all valuesin years).

Population N (valid?) Average Min Max SD Median  95% Cl
Parents 65 12.27 6 18 3.02 12 11.52-13.02
Children (attended) 23 13.15 6.5 20 3.44 12 11.63-14.67

#These data were missing in 8 parents’ questionnaires.

Weused alinear regression to analyze thefactorsthat influence
children’s opinions about the minimum ageto join an ERC. We
used the following independent variables: child's age, child’'s
adherence (number of daysin the past week child had immediate
access to AAl), parenting style, and child’s autonomy. A
multicollinearity analysis did not reveal any evidence of

multicollinearity. Themodel resulted in R?=0.602, and the model
was very close to significance at the 5% significance level
(P=.05). An analysis of standardized regression coefficients
revedled that the most influential significant variables are
monitoring parenting style (beta=4.668, standardized
beta=0.952, P=.005) and protective parenting style
(beta=—4.381, standardized beta=—0.888, P=.008). All other
variables were much lessinfluential and were not significant at
the 5% significance level.

Discussion

Principal Findings

Parents’ Willingness to Join an Emergency Response
Community

Parents’ willingnessto join the community wasvery high, even
for a convenience sample. In the following, we describe the
main factors that influence parents’ willingnessto join.

Parents' willingness to join was negatively correlated with
parents’ age and parents’ adherence. Parents’ age had a strong
positive correlation with child's age. Parents of younger children
carried the AAls for their children. These findings can be
explained by the free-rider effect [56]: parents who carried an
AAI for ayoung child, but had low adherence, wanted to join
the ERC to get an additional layer of responsein an emergency.
Parents' age was also negatively correlated with a protective

https://mhealth.jmir.org/2019/8/€13892/

parenting style, asthis parenting style is associated with a need
for additional safety measures [47] and joining an ERC can
satisfy thisneed. Parents' age was strongly positively correlated
with child’s age, which was positively correlated with time
since diagnosis and time since the last anaphylactic attack.
Parents of newly diagnosed children had higher levels of
parental anxiety [57,58], which led to higher willingnesstojoin
to get an additional layer of support.

Parents’ willingness to join an ERC was positively correlated
with child’s adherence. Previous studies have found that parents
psychologica characteristics influence their child’'s adherence
[59]. A possible explanation for this finding is that parents
characteristics, such as self-efficacy or parental warmth, which
are known to be associated with higher adherence among
children [60,61], are also associated with a higher probability
of joining an ERC. Further research is required to verify this
hypothesis.

We found that females were more likely to join the community
than males. This can be explained both from a giving point of
view (females participate morein volunteer activitiesthan males
[62] and have higher motivation to volunteer [63]) and from a
taking point of view (mothers of children with a medical
condition experience higher levels of parental anxiety than
fathers[58,64] and are thus more likely than malesto seek help
for their children’s condition [65]).

Children’s Willingnessto Join an Emergency Response
Community

Children’s willingness to join the community was lower than
that of their parents, but still high. Children’s willingness to
join the community was positively correlated with age. Thisis
astraightforward finding both from a giving point of view (age
is positively correlated with volunteerism [66]) and from a
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taking point of view (age is positively correlated with help
seeking [67]). Children’s willingness to join the community
was also negatively correlated with children’s emotional
autonomy. The latter correlation may be more of a
methodological issue, as it may be related to the specific
guestionsin the emotional autonomy subscale of the AAQ. For
example, “I adapt myself to what other people want” (from
guestion 7 of the AAQ) might beimplicitly associated with lack
of emotional autonomy in the context of joining an ERC.

Parents’ Willingnessto Enroll Their Children in an
Emergency Response Community

About half of the parents expressed willingness that their
children join an ERC. Both the logistic regression and the
classification tree identified that being the parent responsible
to carry an AAI for his child and parent's adherence as
significant factors negatively correlated with parent'swillingness
to enrall their child in an ERC. It seems that parents who are
not able to provide their children with an AAI in the event of
an anaphylactic attack want to enroll their children to provide
them with an additional layer of support in an emergency.

Child's age was positively correlated with parents’ willingness
to enrall their children in the community. From a taking point
of view, thiscan be explained by thetransition from aprotective
parenting style, which is more common in parents of younger
children, to a monitoring parenting style, which prevails as
children grow older [68]. While the protective parenting style
is characterized by the parents’ attempts to protect their child
by themselves, the monitoring parenting style is characterized
by the parents’ provision of toolsto enable the child to cope by
himself. Thus, parents of older children, especially those who
begin to go out on their own, are more likely to view enrolling
their child in an ERC as another tool that he can use in case of
an emergency. From a giving point of view, age is positively
correlated with volunteerism [66] and is also positively
correlated with the ability to help ancther patient in an
emergency, such as to provide him with cardiopulmonary
resuscitation [69]. The negative correlation between a history
of anaphylactic attacks in the past and parents’ willingness to
enroll their children can be explained by the parents’ concerns
that children who use their AAI to help another patient will
remain unprotected until they get areplacement [42].

The 2 lower levels of the classification tree reveal another
interesting effect: whereas parents of a young child want to
enroll him if he has less than perfect adherence, parents of an
older child want to enroll him only if he carriesan AAI at least
3 days a week. The former finding can be explained by the
free-rider effect and taking behavior among parents of younger
children, who understand that their children probably would
not be able to provide help to others. The latter finding appears
to indicate giving behavior among parents of older children,
who want to make sure that if their children join, they have a
reasonable chance of helping others when called to action.

Cluster analysiswith 2 clusters reveal ed 2 subgroups of 32 and
41 parents. The smaller group is characterized by younger
parents, younger children, shorter time since diagnosis, shorter
time since last attack, lower percentage of children who carry
an AAl, higher percentage of parentswho carry an AAI for their

https://mhealth.jmir.org/2019/8/€13892/
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children, higher adherence among parents, lower adherence
among children, and lower willingness to enroll child in an
ERC. Cluster analysis with 3 clusters revealed 3 subgroups:

Cluster 2: 14 parentsto very young children. In thisgroup,
al parents carry an AAI for their children, and none of
children carries the AAI for himself. Parents adherenceis
high when compared with other clusters, and the willingness
to enroll child in the community is very low.

Cluster 1: 17 parents to adolescents. In this group, only 1
parent carries an AAI for his child, and all children carry
an AAI for themselves. Adherence among children is the
highest when compared with other clusters, and the
willingnessto enroll child in the community is very high.

Cluster 0: 42 parents form the third cluster, which isin the
middle between the 2 aforementioned clusters. Almost all
children aready carry an AAI for themselves, but many
parents continue to carry an AAl. The adherence isalittle
bit lower than in cluster 1, but till high. The willingness
to enroll a child in the community falls near the midpoint
between clusters 1 and 2.

These results are consistent with previously described results
obtained by other techniques. Parents’ willingnessto enroll their
child in the community is positively correlated with child's age
and child's adherence.

Minimum Ageto Join an Emergency Response
Community

The minimum age for a child to join an ERC is between the
ages of 12 and 13 years in the opinion of both parents and
children. This can be explained by the fact that the study was
performed in Israel where the ages of 12 yearsfor girlsand 13
yearsfor boysare commonly considered the yearswhen achild
comes of age. Another possible explanation is that the age of
12 to 13 years is known to be the cutoff for cognitive
development [70,71].

The parents’ opinion about the minimum age for achild to join
an ERC was positively correlated with the age of the parents
own child. This finding may be related to the well-known
cognitive bias of anchoring [72], suggesting that parents rely
on their own child’s age as an anchor when making decisions
about the minimum age to join an ERC.

The parents’ opinion about the minimum age for achild to join
an ERC was negatively correlated with the protective parenting
style and positively correlated with the monitoring parenting
style. These findings can be explained by the desire of parents
with ahigher protective parenting styleto provide their children
with an additional layer of support as soon as possible, and the
desire of parents with a higher monitoring parenting style to
provide their children with tools to cope by themselves when
they become more independent.

The parents’ opinion about the minimum age for achild to join
an ERC was negatively correlated with the parents’ education,
that is, the more the parent is educated, the higher the likelihood
she will allow her child tojoin an ERC at a younger age. Such
association may berelated to the relationship between the level
of education and the exposure to updated technol ogical solutions
for treating medical conditions[73].
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The children’s opinion about the minimum age for a child to
join an ERC was negatively correlated with the protective
parenting style and positively correlated with the monitoring
parenting style. These findings are consistent with the findings
about the parents’ opinion presented above. Children who have
protective parents are prone to anxiety [74] and thus need the
additional protection of joining an ERC as soon as possible,
whereas children who have monitoring parents view an ERC
asatool that will help them to cope by themselves, more so as
they grow older [75].

Limitations

Our research used a convenience sample of highly motivated
parents of children with food alergies, namely, those parents
who decided to attend the annual meeting of a nonprofit
organization for patients with food allergies (these attendees
represent about 5% of thetotal membership of the organization).

Our study was limited to a single emergency condition:
anaphylaxis. Most of the participantsin our study were parents
of patients, but not patients themselves. Our study was
conducted inasingle country: Israel. Cultural differencescould
lead to different resultsin different countries [76].

Comparison With Prior Work

We observed high adherence levels among parents: 45 out of
50 parents (90%) reported that they always carry an AAI, 37
out of 52 parents (71%) reported that they had immediate access
to an AAI every day in the past week, and 22 out of 52 parents
(42%) had an AA1 when filling out the questionnaire. Adherence
was also high among children: 43 out of 57 parents (75%)
reported that their children always carried an AAI, 51 out of 57
parents (89%) reported that their children had immediate access
to AAI every day in the past week, and 53 out of 57 parents
(93%) reported that the child had an AAl with him at the
conference. These adherence levels are higher than those
reported in 2 previous studies that found that 30% [ 77] and 26%
to 45% [78] of patients carried an AAI at all times. However,
these differences are not surprising among patientswho decided
to attend a conference and can thus be considered more
motivated than those who stayed at home.

Comparison with the recent study by Shaker et al [42] is very
instructive, given the fact that it al so targeted parents of allergic
children. Theresearch question of Shaker et a was about sharing
an AAI, and our research question was about joining an ERC,
making our works complementary. Our findings that there are
no significant differences in the willingness to join an ERC
either by parents’ gender or by child’s gender or by parents
education are consistent with the results of Shaker et al. They
also found that a history of anaphylactic attacks was associated
with a dightly higher willingness to share an AAl (79% vs
76%), but this finding was not statistically significant. In our
study, the number of anaphylactic attacks in the past did not
influence the willingness of parents to join an ERC, but it did

Khalemsky et a

negatively affect the willingness of parents to enroll their
children in an ERC.

Shaker et al [52] reported that parents expressed concern about
“leaving their own child without an AAI” and about the
replacement cost of an AAI. It is therefore noteworthy that
according to the EPIMADA protocol, an ambulance arriving
on scene is required to provide a replacement AAI to the
community member who responded to the emergency by giving
his own AAI to the patient in distress. In other words, the
EPIMADA protocol should alleviate the concernsidentified by
Shaker et al [42].

EPIMADA is aregulated community, and in every event, the
volunteers are provided with guidance by phone from
experienced EM S dispatchers. Thisapproach can thusalleviate
concerns about “harming the patient if it is not areal alergic
reaction” that were also identified by Shaker et a [42].

Conclusions

Our results provide strong support for the creation of ERCsfor
alergy patients. The willingness to join the community was
found to be very high.

We studied a wide range of variables that can affect the
willingness to join an ERC and described those variables that
we found to be significant in our field study. Our findings can
be of interest both to researchers of smartphone-based
emergency response communities and to EM S administrators
and policy makers who are considering establishing an ERC.

We note that mediation of an ERC by EMSs has the potential
to solve several problems:

« Anambulancethat arrivesto the scene can replacethe AAI
of the community member who responded to the event by
administering his own AAI to the patient in distress. This
approach can alleviate the concerns about “leaving onesel f
or one'schild without an AAI” and those about replacement
costs and delays.

« EMS dispatchers can provide guidance by phone. This
approach can alleviate the concerns about “harming the
patient” and can improve responders’ chances of providing
emergency assistance.

Future research needs to address the following issues:

« Rare use of the app may cause users to forget to install it
on new phones. Retention strategies should be devel oped.

« It is unclear whether ERC membership incentivizes
adherence. On the one hand, a community member may
feel responsibility to beready to respond at any time, which
could raise his level of adherence. On the other hand, a
free-rider effect may lower hislevel of adherence.

« Inthisresearch, wefocusonthewillingnessto joinan ERC.
Willingness to respond to an event is a different decision
and needs to be studied.
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Multimedia Appendix 1
Questionnaire for parents.

[PDFE File (Adobe PDF File), 375KB - mhealth_v7i8e13892_appl.pdf |

Multimedia Appendix 2
Questionnaire for children.
[PDF File (Adobe PDF File), 411KB - mhealth_v7i8e13892 app2.pdf ]
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Abstract

The use of deep learning (DL) for the analysis and diagnosis of biomedical and health care problems has received unprecedented
attention in the last decade. The technique has recorded a number of achievements for unearthing meaningful features and
accomplishing tasks that were hitherto difficult to solve by other methods and human experts. Currently, biological and medical
devices, treatment, and applications are capable of generating large volumes of data in the form of images, sounds, text, graphs,
and signals creating the concept of big data. The innovation of DL is a developing trend in the wake of big data for data
representation and analysis. DL isatype of machinelearning algorithm that has deeper (or more) hidden layers of similar function
cascaded into the network and has the capability to make meaning from medical big data. Current transformation drivers to
achieve personalized health care delivery will be possible with the use of mobile health (mHealth). DL can provide the analysis
for the deluge of data generated from mHealth apps. This paper reviews the fundamentals of DL methods and presents a general
view of thetrendsin DL by capturing literature from PubMed and the Institute of Electrical and Electronics Engineers database
publications that implement different variants of DL. We highlight the implementation of DL in health care, which we categorize
into biological system, electronic health record, medical image, and physiological signals. In addition, we discuss some inherent
challenges of DL affecting biomedical and health domain, as well as prospective research directions that focus on improving
health management by promoting the application of physiological signals and modern internet technology.

(JMIR Mhealth Uhealth 2019;7(8):€11966) doi:10.2196/11966

KEYWORDS

machine learning; deep learning; big data; mHealth; medical imaging; electronic health record; biologicals, biomedical; ECG;
EEG,; artificial intelligence

it possible to store very large amount of data with useful

Introduction

The continuous advancement in medicine, genome,
pharmaceutical, and health care monitoring is a result of the
development and application of technological devices. Thishas
made it possible to easily capture data for analysis and
processing. Similarly, improvement in technology also makes

https://mhealth.jmir.org/2019/8/€11966/

information. Currently, camera to detect the movements of
monitored patients (Panasonic BL-C230A), wireless necklace
and badges for acquisition of bioacoustic signals and blood
flow, wearabl e fiber-type smart material, cuffless blood pressure
meter, and sensor devices are capable of generating large
volumes of data in the form of images, sounds, text, graphs,
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and signals creating the concept of big data[1-4]. Theterm big
data can be described as the exponential growth and wide
availability of discrete, continuous, categorical, or hybrid data,
which are difficult or even impossible to manage and analyze
using conventional software tools and technologies [5,6].
Furthermore, estimate showsthat 30% of theworld storage was
occupied by medical images in 2011 and will progressively
increase in subsequent years [2,7]. This shows the extremely
large and often underestimated amount of data produced in
medical institutions. Mobile health (mHealth) is referred to as
one of the technological breakthroughsin this decade [8]. The
global proliferation of mobile devices and health applications
has made mHealth synonymouswith big data. Thislarge amount
of unutilized generated data calls for attention.

Big data provides the opportunity for health policy experts,
physicians, and health care institutions to make data-driven
judgments that will enhance patient treatment, disease
management, and health care decisions. Many experts have used
internet toolsfor big data services and related applications. This
is depicted in the graph in Figure 1, which was obtained from
Google Trends for “big data in healthcare” between 2010 and
2018. Google Trends is a free Web service by Google Inc that
provides statistical occurrence of activities by people on the
internet all over the world. The trend in the graph is calculated
asinterest over time on ascale from 0 to 100, where 100 refers
to the maximum computed score for total search and related
activity for the topic.

Thefirst graph in Figure 1 showsthe continuousrisein activities
regarding big datain health care, and thetop 5 countries where
it was most popular is given in the second graph, with India,
United States, and United Kingdom |eading the occurrence chat.
The size of medical dataistoo largefor comprehensive analysis
with the available analytical tools to maximize the knowledge
avalable in big data. Traditiona machine learning (ML)
techniques and algorithms have limited capacity to utilize big
data and, in most cases, the solution becomes complex and
undesirable. Deep learning (DL) is proposed and provides a
prospective solution to this chalenge. Figure 2 shows the
performance between DL and other ML techniques in the
situation of increasing data size. The primary advantage of DL
is that the performance of large architecture of DL increases
with increase size of available data[9].

Tobore et d

The main question will be what is DL? Human experts in a
specific domain have ample knowledge about the subject in that
domain. The limitation with human experts is because of their
subjectivity, large variations across interpreters, availability,
and fatigue [10,11]. To help the accomplish task performed by
humans and overcome these limitations, intelligence
demonstrated by humans is built into machines and computers
to create the concept of artificial intelligence (Al). ML is a
branch of Al that gives computers the ability to learn and
perform therole of expertswithout being explicitly programmed
[12,13]. Some examples of ML include support vector machine
(SVM), decisiontree, logistic regression, Naive Bayes, K-means
clustering, and so on. On the basis of a broad classification
scheme, ML can be categorized into 3 groups[13-15]. Thefirst
is supervised learning; the computer learns the classification
system from the class labels provided. The second is
unsupervised learning, where no labels are given; the purpose
isto program the computer to do things without telling it how
todoit. Thethird is semisupervised, where the computer learns
from a combination of available and unavailable |abeled data;
usually the size of unavailable labeled datafor learning islarger.
Therecent hunger for data consumption and analysis has opened
up new frontier for more ideas and applications [16]. Artificial
neural network or neural network (NN) is another example of
ML, with an interconnection of nodes called neurons with 3
major layers, input, hidden, and output layers, where the hidden
layer isasinglelayer that connects the input layer to the output
layer. The purpose of NN isto gradually approximate afunction
that maps an input to acorresponding output through an iterative
optimization process. NN has transformed from its inception
asasimple perceptron to solve simple problem to the advanced
concept of deep neural network (DNN), which has many
cascaded interconnected hidden layers that are able to process
and analyze audios, text, signals, images, and more complex
data types. DL is the recurrent learning process performed in
DNN that enablesit to find an optimal function for representing
data. Theinnovation of DL isadeveloping trend in dataanalysis
and isranked as one of the best inventionsin technologies[17].
DNN isan active branch of ML and itsgoal isto make machines
think and understand as humans by mimicking the grid of the
human brain connection, to focus on learning data representation
(DR) rather than task-specific algorithms[14]. Figure3reveals
the relationship between DL, ML, and Al. Currently, DL is set
to take over the ML space because of its increasing attention
and performance.

Figure 1. Google Trends for “big datain healthcare” between 2010 and 2018; (&) occurrence timeline graph and (b) preval ence occurrence by country.
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Figure 2. How machine learning techniques scale with amount of data.
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ML and DL have in recent times attracted a lot of awareness
from different sectors such as academia, industry, media,
security, and government alike, and its impact on biomedical
and health care cannot be over emphasized. DNN has been
applied to solve many traditional problems where available
large dataneed to be analyzed and many impressive results have
been reported in different areas such as medica image
processing [18], speech analysis [19], and electronic health
record (EHR) trandation [20,21]. Figure 4 shows the trend in
application of DL found in research publications. The number
in 2017 is almost twice that of 2016. The trend observed in the
figure is a result of the performance and results achieved by
DL. Therefore, we can say that more areas and domains are
moving toward DL to achieve high performance and better
results.

Currently, DL has started making huge impact across different
areas in health care. The increasing availability of health care
dataand rapid devel opment of variationsin DL techniques have
madeit possible to have theimpressive resultsrecorded in health
care [22,23]. DL techniques can revea clinically relevant

https://mhealth.jmir.org/2019/8/€11966/

RenderX
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information hidden in large amount of health care data, which
in turn can be used for decision making, treatment, control, and
prevention of health conditions. Some application areas of DL
include health behavior reaction [24,25], EHR processing and
retrieving scientifically sound treatment from text [26,27], eye
related analysis and classification [28-30], gait analysis and
robotic-assisted recovery [31,32], hearing disorder treatment
[33], cancer treatment [ 34,35], heart diagnosis[36,37], and brain
activity analysis [38-40]. This makes the treatment easier for
health care provider and convenient for patients, with faster and
productive monitoring. The advancement in DL in medicine
has trandated the use of simple equipments, such as
thermometer and stethoscope, into computed tomography (CT),
ultrasound diagnostic devices, radio nuclear imaging, radiation
therapy, lithotripsy, dialysis, ventilators, and so on, which have
taken conventional patient care to highly adaptive treatment,
capable of challenging many dreaded diseases[23]. Thereisno
doubt that in the coming years, heath care treatment and
equipment will witness greater improvements in many more
areas, to make it more effective with qualitative services.
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Figure 4. Trends of published papers that implement deep learning techniques. The data are generated by searching for “deep learning” on PubMed

database.
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Compared with the traditional ML agorithm, the depth of
learning and feature extraction in DL has unparaleled
superiority. The deep network structure can redlize the
approximation of complex functions through nonlinear
transformation in the hidden layers. From low to high level, the
representation of features is more and more abstract, and the
original datacan be characterized more accurately [41]. A large
number of experimental works have applied DL models and
techniques and there are variants of DL models. The goal of
this paper is not to show all the techniques and models, but to
highlight the important principles and the applications of DL
in health care and medical field. A ssimple feedforward DNN
architecture is the autoencoder (AE) that comprises encoder
and decoder functions for input and output layers, respectively.
Convolutional neural networks (CNNs) have had the greatest
impact withinthefield of health informatics[42]. Itsarchitecture
can be described as an interleaved set of feedforward layers
implementing convolutional filters followed by reduction,
rectification, or pooling layers. For each layer, the CNN creates
high-level abstract feature. Another variant of DL is the
recurrent neural network (RNN), whichisasequential dataNN
with an inbuilt memory that updates the state of each neuron
with previousinput. The deep belief network (DBN) model has
only severa layers of hidden units and there is connection
between each unit in a layer with each unit in the next layer.
Another architecture is the deep Boltzmann machine (DBM)
which has completely undirected connections, unlike DBN,
between neuronsin all layers. DL iscomputationally intensive.
The success and proliferation recorded in DL can be attributed
to the advancement in graphics processing units (GPUs), which
play a significant role in accelerating the computation
requirement of DL [43,44].

The proceeding sections of this paper are organized asfollows.
We discuss 5 common DL techniques and their basic principle
of operation in the next section that describes DL methods. A
review of literature in health care and biomedical domains that
have applied DL was examined and presented in the section
review of DL implementation in health care. In the section
challenges in headlth care for DL applications, we discuss
challenges and setbacks encountered in the application of DL

https://mhealth.jmir.org/2019/8/€11966/

and plausible solutions. In the section future trends for deep
learning, we present critical discussion about the future trends
for DL agorithm for health and biomedical field, and the
conclusion section of the paper closes the discussion.

Deep Learning Methods

Basic Principles of Operation

In this section, we describe the principles of operation of 5 DL
models. There are several variants for each model. The
underlying principleisto approximate afunction that produces
the expected output for agiven input. The different models are
more suited to handle different challenges and for different
kinds of datatype and expected task to be performed. The model
more suited for image classification is different from speech or
time series classification. Some models can be applied as a
preprocessing phase to reduce the dimensionality of the data.
Basically, the structure of the model comprises interconnected
neurons, connecting theinput to the output, known asthe hidden
layer. Therefore, this produces asegquence of activation through
the weighted connection from neurons perceiving the
environment (input); thisisreferred to asfeedforward [45]. The
differences between DL model and NN include the use of more
hidden layersin DL compared with NN, which only has 1 or 2
hidden layers. DL can be trained for both unsupervised and
supervised learning tasks but NN can only be trained for
supervised learning task. At the end of the feedforward process,
the result from the output unit is evaluated with the expected
value. Thisevaluation will produce an error value that will lead
to the adjustment of connected weight working backward from
the output layer to the hidden layer and to the input layer until
the output is close to the expected result. This procedure is
referred to as backpropagation [46,47].

Autoencoders

AE isdesigned for feature extraction using data-driven learning.
Itistrained in an unsupervised manner asit istrained to recreate
theinput vector rather than assign classlabel. Thenormal design
and structure of AE isto have the same number of neuronsin
the output and input layers, with full connections between
neurons in each layer to subsequent layer as shown in Figure
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5. The number of neurons in the hidden layer is smaller than
the input and output layer. The purpose of this structure is to
encode data in low dimensionality space and to achieve
extraction of features. However, where the dimensionality of
the data is high to achieve the same purpose, many AE can be
stacked together to create a deep AE architecture. There are
many deviations of AE presented over thelast decade to handle
different data patterns for performing specific functions. For
example, denoising AE wasfirst proposed by Vincent et al [48].
The purpose was to increase the robustness of the regular AE
model. The method recreates the input introducing some noise
to the patterns, thus forcing the model to capture just the

Tobore et d

structure of the input. Another variation is the sparse AE that
forces the representation to be sparse, which is used to make
the data more separable [49]. Another idea proposed shared
weights between nodes to preserve spatial locality and process
2-dimensional (2D) patterns called the convolutional AE [50].
Contractive AE is similar to denoising AE, but instead of
injecting noise to corrupt the training set, it modifies the error
function by adding analytic contractive cost [51,52]. The
learning process for AE is described as minimizing a loss
function L such that L(i, g (f (i))). f(i) is afunction that mapsi
to h and the function g maps h to the output which is a
reconstruction of theinput. wistheweight connecting the layers.

Figure5. Structure of asimple autoencoder showing input, hidden, and output layers. Theinterconnection between the neuronsis shownin thedirection

of the arrows.

Recurrent Neural Network

Thisclassof DL has connections between neuronsin the hidden
layer to form a sequence of directed graph. This feature gives
it atemporal dynamic state. This is important in applications
where the output depends on the previous computations such
astheanalysis of text, sounds, DNA sequences, and continuous
electric signalsfrom the body. Thetraining of RNN isperformed
with data that have interdependencies to maintain information
about what occurred in the previous interval. The performance
result at time t-1 affects the choice at time t. It considers the
previous output (O,) and current input (l;) and produces a
number between 0 and 1 from the cell state M;, where 1
represents save this value and 0 represents dispose this value.
This decision is made by asigmoid layer called the gate layer.

Therefore, the principle of RNN is to define recurrent relation
over time steps which can be approximated with the formula:
M= f(M 1% W, x |, x W), where M, isthe state at time k, M,
isthe output of the previous state, I, isthe input at time k, and
W, and W, arethe weight parametersin the network. Asaresult,

RNN can be viewed as a state with feedback loop. The final
output of the network O at a certain time step k is typically

https://mhealth.jmir.org/2019/8/€11966/

Input layer (i)

Hidden layer (h)

Output layer (0)

computed from one or more states such as My.;... My, and
i=1,2, .. k-1.

Hence, theresult of new datais dependent on 2 sources of input,
the present and the recent past. Owing to this principle, RNNs
are said to operate with memory [53]. Figure 6 shows a sample
of RNN structure and the connection between neuronsin each
layer. Beside the structura difference, RNN uses the same
weight acrossfor al layers, but other DL uses different weights.
Thissignificantly cuts down the total number of parametersthat
the network needs to learn. Despite the successful application
of this model, the setback includes vanishing gradient by long
input sequence and exploding gradient problems as described
in [54]. To handle the limitation, long short-term memory unit
(LSTM) was invented by [55]. Specifically, LSTM in Figure 7
is particularly suitable for applications where there are very
long time lags of unknown sizes between important events.

To achieve this, LSTMs utilize new sources of information so
that data.can be stored in, written to, or read from anode at each
step. During the training, the network learns what to store and
when to alow either reading or writing so as to minimize the
classification errors [56]. Another variant of RNN is the gated
recurrent unit, which is a simplified model of LSTM with an
equal performance asLSTM [57].
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Figure 6. Feedforward recurrent neural network implementation. The final output from the output layer isfed back as part the input in the input layer.
Where It and Ot are the input and output at timet and Ot-1 is the output for the previous input at time t-1.

Input parameter

Ot

Input layer

Hidden layer

Nonlinear Merge

Output layer

Figure 7. Long short-term memory representation for output sequence influence by input sequence and previous output. Where 1t-2 and It-1, Ot-2 and
Ot-1, Mt-2 and Mt-1 are inputs, outputs, memory respectively for previous time steps. It, Ot, and Mt are the current input, output and memory state of
the LSTM cell. Ot+1, and Mt+1 represent subsequent output and memory state respectively for subsequent time step input 1t+1. 1, O, M represent the
recurrent input, output and memory state respectively for asimplified LSTM cell operation and Wr is the weight for the computation in the cell.
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Convolutional Neural Network

CNN was inspired by biological processes of the human brain,
where the connectivity pattern between neurons resembles the
concept of the human visual cortex [58,59]. A typica CNN
comprises aninput, multiple hidden layers, and an output layer.
The hidden layers of a CNN usually comprise the following
constituents: convolutional, pooling, fully connected (FC), and
normalization layers. An example of CNN was proposed to
analyze imagery data [60]. Figure 8 shows a simple
implementation to identify a character from a 3x3 pixelated
matrix image diding 2 filters of size 2x2 sguare matrix
(kernel=2) with stride of 1. The exampleisdesigned to recognize
X, O, , and/ characters. The convolution layer appliesthe filter
acrosstheinput image. The operation is performed with 2 filters
over theinput image and having the sameweight. This produces
atotal of 8 parameters. In this example, the bias is omitted for
simplicity. Often, a nonlinear (activation) layer is added after
the convolution layer, usually rectified linear unit (ReLU). The
activation layer applies the function f(x)=max(0,x) to all the
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values from the convolution layer. This process increases the
nonlinear properties of the model and the overal network
without affecting the receptive fields of the convolution layer.
In this way, it resolves the vanishing problem compared with
training traditional multilayer NNs with backpropagation.
Pooling layer combines the output of neuron clusters in the
convolution layer into a single neuron [56]. This is sometimes
achieved by using max, sum, or average pooling, which consider
the maximum, sum, or average value from each cluster of
neurons, respectively [61]. FC layers connect the neurons in
the previous layer to the neuron in the final layer by trandlating
input image into a single vector for classification. This layer
holds the filter that is used to determine the class of the input
image. The output with the highest value is assighed the class
label. The main benefit of aCNN isthat during backpropagation,
the network has to adjust a number of parameters in the filter
with techniques such as gradient decent, which drastically reduce
the connections of the CNN architecture.
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In Figure 9, the general architecture of a simple CNN is
presented, which shows the input, convolution+pooling, FC
layer, and output layer. The convolution+pooling isresponsible
for feature extraction. The FC layer acts as a classifier on top
of the features and assigns a probability score for the input
image to define the output. The input to the convolution layer
isan mx m x r image, where mis the height and width of the
image and r isthe number of channels. kisthefilters (or kernels)
in each convolution layer of size nx n x g, where nis smaller
than the dimension of the image and g can be the same asr.

Tobore et d

The dimension of k can bem- n + 1 which form the size of the
filter (a locally connected structure). Each map is then
subsampled with mean or max (f(x)=max(0,x)) pooling over
contiguous region (x); additive bias and sigmoidal nonlinearity
is applied to each feature map.

FC layer represents the feature vector of the input, acomposite
and aggregated information from all the convolution+pooling
layers. Each node in the FC layer learns its own set of weights
on all of thenodesin the layer below it. The final feature vector
isused to predict the input image.

Figure 8. Simpleimplementation of convolutional neural network to show the sequence of operation to identify “X” with 2 filters.
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Figure 9. Structure of convolutional neural network with 3 convolution and pooling (conv+pool) layers and 2 fully connected (FC) layers.
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Deep Boltzmann Machine

A Boltzmann machine (BM) is a network of symmetrically
coupled stochastic visible and hidden units. The first diagram
in Figure 10 showsthe structure of BM, where the labelsW, L,
and J represent visible-to-hidden, visible-to-visible, and
hidden-to-hidden symmetric interactions, respectively. BM
model is suitable for modeling and extracting latent semantic
representations from a large unstructured collection of
documents [62]. The original agorithm for BM requires
randomly initialized Markov chains to achieve equilibrium
distributions to evaluate the data-dependent and
data-independent expectations in a connected pair of binary
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variables[63]. Learning procedureisvery sow in practice using
this system [62]. To achieve an efficient learning, restricted
Boltzmann machine (RBM) was created, which has no
connections between hidden units [64]. The second diagramin
Figure 10 showsasimple architecture of RBM with connections
between neurons. A beneficial feature of RBM is that the
conditional distribution over the hidden units factorizes, given
the visible units. This makes inferences tractable as the RBM
feature representation is taken to be a set of marginal posterior
distributions obtained by directly maximizing the likelihood.
Furthermore, 2 main DL frameworks in this category that have
been presented in literatures are DBM and DBN [42].
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Figure10. Left: A general Boltzmann machine. Thetop layer represents avector of stochastic binary “hidden” features and the bottom layer represents
avector of stochastic binary “visible” variables. Right: A restricted Boltzmann machine with no hidden-to-hidden and no visible-to-visible connections.
WherelL, J, and W represent the visible layer, hidden layer, and connection weight between the layers respectively.

L

The architecture of DBM NN issimilar to RBM but with more
hidden variables and layers. DBM architecture has entirely
undirected connections between neurons within al layers[62].
Theright imagein Figure 10 showsthe architecture of asimple
DBM NN for 1 visiblelayer and 1 hidden layer. It hasundirected
connections between all layers of the network, but not within
the neurons in a layer. For training a DBM, a stochastic
maximum probability—based algorithm is usually applied to
maximize the lower bound of the probability. This is because
calculating the distribution over the posterior hidden neurons,
given the visible neurons, cannot be achieved by directly
maximizing the likelihood because of the interactions between
the hidden neurons.

Implementation of DBM is remarkable as DBM has the
capability to learn internal representations that become
increasingly complex, which isregarded as a promising way of
solving recognition problems. Moreover, in cases of
semisupervised learning, high-level representations can be built
from very limited labeled data and large supply of unlabeled
inputs can then be used to fine-tune the model for specific task.
In addition, to enable DBM propagate uncertainty and hence

deal more robustly with ambiguous inputs, it can incorporate
top-down feedback, in addition to an initial bottom-up pass.

Deep Belief Network

DBN is another variant of RBM, where the multiple hidden
layers can learn by treating the hidden output of one RBM as
the input datafor training the next layer of RBM [63,64]. It has
undirected connections between its top 2 layers and directed
connections between al its subsequent layers. The training
strategy isgreedy layer wise, whichisperformed when training
the DBN using unsupervised learning and adjusting its
parameters based on the expected output. The left diagram in
Figure 11 illustrates the architecture of DBN with 3-layer
configuration showing visible-to-hidden and hidden-to-hidden
symmetric connections. The structure comprises several hidden
layers of neurons, which are trained using backpropagation
algorithm [65,66].

From Figure 11, the connection units in the DBN architecture
is between each neuron in alayer with each neuron in the next
layer; however, unlike RBM, there are no intraconnections
among neurons within each layer.

Figure 11. Left: A 3-layer deep belief network. Right: A stack of modified restricted Boltzmann machine constructed to create a deep Boltzmann
machine. V: visible vector; h: aset of hidden neurons; w: connections.
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Trendsin Deep Learning Methods

The use of different DL techniques is proliferating into more
domainsin biomedical engineering applications. Thisisbecause
of the achievements recorded in previously implemented
applications. Figures 12 and 13 describe the trends in the use
of different methods of DL over 5 years, from 2012 to 2017.
The purpose of constructing the trend is to observe the
implementation of DL methods over a period of time, and the
choice of publication was based on implemented DL methods
without any specific application domain. These statistics are
obtained from 2 different sources, PubMed database and the
Institute of Electrical and Electronics Engineers archive. Both
Figures 12 and 13 show similarity in the pattern of increasing
growth in the use of DL.

The observable pattern in both Figures 12 and 13 shows that
RNN and CNN have a steady increase in application over the
years, with CNN exhibiting tremendous growth rate. This can
be attributed to the success recorded in image data and the many
available variants of the model. Positron emission tomography
and CT scan image processing are at the forefront of many
health care applications. CNN has provided the needed
processing techniques required to achieve expected performance.
The growth rate in the application of thistechniqueis expected

Tobore et d

to continue as more biomedical image applications will switch
to this technique. Nevertheless, the growth rate is expected to
dow down after a while as many applications would have
migrated to this technique. Another DL method that has also
shown promising performance is AE. The steady increase in
the number of publications in Figure 12 and 13 indicates the
successful implementation results and efficiency. DBN and BM
have theleast progression. Despitethe small positive difference
between successive years, the major challengeisin training the
NN, which is computationally expensive. Another reason for
the low rate of application is because of its combination with
other methods and as it is sometimes implemented as a
preprocessing phase. The graph in Figure 12 is obtained by
searching for the DL techniquesin publication title and abstract
from PubMed. The result returns graphical statistics of
publications grouped by years. An advanced search technique
isapplied to obtain Figure 13, where the query method issimilar
to the previous approach, but the query string is applied in title
and abstract search fields. Therefore, the final query becomes
((Publication Title: Autoencoder) OR (Abstract: Autoencoder)).
However, to get the total publication for each year, a manual
filtering is used to get the distribution. The total publication is
made up of both journals and conference articles.

Figure 12. Research publicationsin different category of deep learning methods. These statistics are obtained from PubMed database by searching for

publications containing any of the deep learning method in title or abstract.
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Figure 13. Publications distributions for 5 years in different categories of deep learning methods. These figures are extracted from the Institute of
Electrical and Electronics Engineers database of papers from conferences and journals and magazines by using advanced query to search in publication
title and abstract containing any of the deep learning methods ((“ Publication Title”: Autoencoder) OR (“Abstract”: Autoencoder)).
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Compar ative Analysis of Deep L earning Methods

The results reported in Figures 12 and 13 for different
architectures of DL are based on the conceptual advantage of
each method. Despite the fact that each DL model is more
suitable for a particular kind of data or situation, there is
however some relationship and cross-application of these
methods. The fact that RNN and CNN are 2 commonly used
DL techniques can be attributed to the need to solve data
problems in the form and shape that only these techniques can
handle effectively. In addition, most of the common data are
either visual or time-dependent. Although CNN isafeedforward
NN where information only flows in one (forward) direction,
in RNN, the information flows back and forth as it operates on
the principle of saving the output of the previous layer and
feeding this back to theinput to predict the output of the current
layer. The principle of operation of CNN is influenced by the
consecutive layer organization of the animal visual cortex.
Therefore, it is designed to learn to recognize patterns across
space. This makes CNN ideal for images (eg, 2D or
3-dimensional [3D] magnetic resonanceimages[MRI]), videos
(eg, gait pattern, moving pattern in organs), and graphics (eg,
tumor representation) to recognize features such aslines, edges,
curves, and so on. On the contrary, RNN technique is suited to
recognize patterns across time such that the information
available now will subsequently influence what information
will become availablelater. Thismakesit suitablefor time series
analysis such as sound (eg, heartbeat, speech), text (eg, medical
records, gene sequence), and signals (eg, physiological signals
such as electrocardiogram (ECG)).

There is a close comparison between DBN and DBM
architectures. Although there is a diagrammatic similarity
between DBN and DBM, similar to conventional DNN, both
methods are deep, which means it is possible to create many
hidden layers connecting the input and output unit. In addition,
there is the presence of RBM in both architectures. However,
they are qualitatively different. The connections between the

https://mhealth.jmir.org/2019/8/€11966/
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layersinaDBN are directed, whereasit isundirected in DBM.
Thefirst 2 layersin a DBN is undirected connection of RBM;
the subsequent layers are directed generative connections.
However, in DBM, al the connections between the layers are
undirected RBM. Another difference between these 2 techniques
can be described in ageneral picture with the connected layers,
where the connected layersin DBN function as sigmoid belief
network but in DBM they are Markov random fields. DBN and
DBM can be used to extract features from unprocessed
physiological signals and image data (MRI) to reduce the size
of features required for classification modeling. These models
can also be applied as a generative model for human motions
completion for fall detection or gait analysis.

Themain function of AE architectureisto reconstruct theinput
data given to it. Therefore, if avector M isgivento AE, it tries

to create M'=h(g(M)) so that during training it obtains the

parameter for h and g such that M' is the same as M. In DBN
and DBM, h and g exist between the input and hidden layers,
although, to compute these functions a probabilistic (or Markov
chains) approach is applied. However, unlike AE, there exists
a special connection between h and g to make it a valid
probabilistic model. In addition, although the model from AE
ensures that the input and output are the same, DBN and DBM
give arange of outputs for a given input it has been trained on
because of its probabilistic principle. The similarity between
AE and RBM model isto encode the visible layer with hidden
layer in a constructive functional way; encoding the hidden
layer with another hidden layer leads to stack AE and RBM
(DBN and DBM). Considering the growing size of medical
data, an efficient data coding with AE makes it possible to
minimize memory requirements and reduce processing COSts.
Stacked AE can be applied in unsupervised feature learning for
detection of tumors, cancers, or inflamed organs.
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Review of Deep Learning Implementation
in Health Care

This section reviews some health and biomedical areas that
have successfully implemented DL techniquesto create amodel
to solve specific task. We considered the DL methods discussed
in the previous section and have presented a tabular
representation of referencesfor application in 4 areas: biological
system, EHR and report management, medical image, and
physiological signalsand sensors. Thetables provided represent
the summary of applications of DL methods in each of these
categories. The choice of literatures is selected from papers

Tobore et d

published between 2012 and 2018 that are related to health and
medical applications. The purpose is to reveal some of the
applications of DL methods that have been designed to solve
biomedical-related tasks which initially have poor results with
other techniques, such as handcrafted, or which seem unsolvable
because of the complication of the task. Figure 14 shows an
illustrative summary of application areas and implemented DL
methods. It is an overview of the information presented in the
tables provided. The figure is divided into 2 distinct blocks,
application category and application example. The connection
between the 2 blocks is created from the relationship between
the content in the application category and application example.

Figure 14. Descriptive summary of biomedical and health applications category and example implemented with deep learning methods: convolutional
neural network (CNN), recurrent neural network (RNN), autoencoder (AE), deep boltzmann machine (DBM) and deep belief network (DBN).

Biological system

[ Medical image ]

Application
category

Electronic health record
and report management

Physiological signals
and sensors

A 4

1. Mitosis detection using breast
histopathology images (CNN)

2. Segmentation of adipose tissue
volume on computed tomography
images (CNN)

3. classification of red blood cells in
sickle cell anemia (CNN)

4. Prostate cancer differentiation (RNN)

1. features extracted from digital
mammograms (CNN)

2. Alzheimer disease identification (DBM)
3. Cancer diagnosis (AE)

4. Spine disease diagnosis (AE)

Application

example

(CNN)
health record (CNN)

from irregular episodic records (RNN)
4. Inferring phenotypic pattern (AE)

1. Disease code classification using free-text
2. feature extraction from patient electronic

3. detecting predictive regular clinical motifs

1. capture the sleep information (CNN)
2. emotion recognition (DBM)

3. predict the mental states of drivers
(RNN)

4. seizure detection (DBN)

Biological System

Biological records such as DNA, RNA, genomes, sickle cell
behavior, bacterial and viral multiplication, and mutation have
features that make it possible to create a predictive model with
DL agorithms to achieve performance exceeding human
experts. Prediction could be in the form of discriminative gene
identification, structured data in protein-protein interactions,
image data from biologica cell activities, drug
composition—reaction profiling, and binding between DNA and
proteins or between protein sequences. The structure of the data
and expected goas determine the DL technique to be
implemented. RNN, CNN, DBN, and AE methods havelargely
been applied in many aspects. Table 1 shows DL implementation
in biological systems.

https://mhealth.jmir.org/2019/8/€11966/

Biomedical analysis has benefited from CNN architecture. An
example can be found in cell mitosis described in [67]. The
CNN architecture primarily comprises 5 convolution layers, 4
max-pooling layers, 4 ReLUs, and 2 FC layers. The activation
function used after each layer is ReLU and to avoid overfitting
of themodel, dropout layer wasincluded after thefirst FC layer.
In [68], a proposed CNN architecture for cell membrane and
nuclei classification for breast cancer was developed, which
comprised convolution and deconvolution sections. The
framework mainly comprised multiple convolution layers,
max-pooling layers, spatial pyramid pooling layers,
deconvolution layers, upsampling layers, and trapezoidal LSTM.
To achieve automatic red blood cell classification, [69]
constructed a CNN architecture with alternating convolution
and pooling operations to deal with nonlinear and complex
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patterns. A combination of 2 CNN techniques was constructed
in [70], selection-CNN and segmentation-CNN, to achieve
segmentation of adipose tissue volume on CT images.

Moreover, RNN architecture has been used in biomedical
process to efficiently model problems with sequence and time
feature. Sequence-specific bias correction problem for RNA
sequence data was addressed using RNN architecture to model
nucl eotide sequence without predetermined sequence structures
[75]. A variant of combined CNN and LSTM was created for
prostate cancer identification with Gleason score of 7 [76]. The
model assesses the correlation between histopathology images
and genomic datawith disease recurrence in prostate tumorsto
identify prognostic biomarkers within tissue by modeling the
gpatial relationship from automatically created patches as a
sequence within the tissue. In [77], biomedical LSTM and
conditional random fields (CRF) were combined to create a
relationship between biological entities for trigger detection.
The method is based on the sequence annotation that does not
require initial complex feature engineering but only requires a
simple labeling mechanism to complete the training.

The synergistic effect of drug combination is one of the most
desirable properties for treating cancer. A method based on
DBN was created to predict drug synergy from gene expression
and pathway and ontology fingerprints [78]. A multiclassifier
DBN technique was proposed to detect mitotic cells in
hematoxylin and eosin-stained images using step by step
refinement of segmentation and classification stages [79]. The
multiclassifier DBN algorithm segments cell nuclei from
background stroma. Critical proteins exhibiting dramatic
structural changes in dynamic protein-protein interactions
networks were identified in [80] using a DBN framework; the
reconstruction errors and the variabilities across time were
analyzed in the biological process. In[81], aDBM framework
called stacked RBM was proposed to analyze the RNA-seq data

https://mhealth.jmir.org/2019/8/€11966/
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of Huntington disease. In addition, the framework was able to
screen the key genes during the Huntington disease
development. The initial step for the framework was to select
disease-associated factors with different time period datasets
according to the differentially activated neuronsin hidden layers.
Then, the disease-associated genes were selected according to
the changes of the gene energy at different time periods.

Furthermore, AE technique has been considered as a method
to delineate signals from noise in imaging to enhance image
quality. In [83], a proposed deep count AE to denoise small
cytoplasmic RNA sequence (scRNA-seq) datasets was created.
The model takesthe count distribution, dispersion, and sparsity
of the datainto account using a negative binomial noise model
with or without zero inflation. The technique was capable of
capturing nonlinear gene-gene dependencies. Another design
of AE model proposed was called stacked denoising AE for
multilabel learning [84]. The purpose was to facilitate gene
multifunction discovery and pathway completion. Thetechnique
can capture intermediate representations robust to partial
corruption of the input pattern for cancer research, pathway
analysis, and gaining insight into the underlying biology
associated with cancer. A gene superset AE [85], a multilayer
model with the incorporation of a priori defined gene sets,
retains the crucial biological features in the latent layer. The
method introduced the concept of gene superset, an unbiased
combination of gene sets with weights trained by AE, where
each node in the latent layer is a superset. Furthermore, to
analyze the transcriptomic heterogeneities at the single cell
level, adeep variational AE techniquefor scRNA-seq datawas
proposed [86]. The technique is a deep multilayer generative
model for unsupervised dimension reduction and visualization
of scRNA-seq data. The AE technique can explicitly model the
dropout events and find the nonlinear hierarchical feature
representations of the original data.
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Table 1. Deep learning implementation in biological systems.

Tobore et d

Reference

Task

Method Remark

Sahaet a, 2018 [67]

Sahaet al, 2018 [68]

Xuetal, 2017 [69]

Wang et al, 2017 [70]

Xuetal, 2017 [71]

Hugheset a, 2016 [72]

Song et dl, 2018 [73]

Gurcan et al, 2001 [74]

Han et al, 2015 [30]

Zhang et al, 2017 [75]

Renetal, 2018 [76]

Wang et al, 2018 [77]

Chen et al, 2018 [78]

Beevi et al, 2017 [79]

Zhang et al, 2014 [80]

Jiang et al, 2016 [81]

Ghasemi et al, 2017[82]

Eraslan et a, 2019[83]

Guan et al, 2018 [84]

Chen et a, 2018 [85]

Wang et a, 2018 [86]

Mitosis detection

Cell membranes and nuclei classification

Red blood cells classification

Segmentation of adipose tissue

Classification, segmentation of tissue

Reactivity to biological macromolecules

Segmentation of cervical cytoplasm

Detection of microcalcifications

Membrane bioreactor permeability

Seguence-specific correction for RNA

Prostate cancer differentiation

Detecting biomedical event trigger for protein
and gene
Effective drug combination

Cell mitosis detection

Identification of critical proteins

Huntington disease identification

Biological activity prediction

Single cell RNA-seq denoising

Gene function annotation

Genomics functional characterization

Visualization of single cell RNA- seq

CNN?2

CNN

CNN

CNN

CNN
CNN

CNN

CNN

RNNP

RNN

RNN

RNN

DBN¢

DBN

DBN

DBM®

DBN

AE

AE

AE

The prediction model has an improved 92% precision, 88% recall,
and 90% F-score over conventional machine learning methods

The identification model achieved predictive value of 98.33% ac-
curacy and 6.84% fal se-positive rate which was comparable with
human expert

Framework classified sickle-shaped red blood cellsin an automated
manner with above 90% accuracy

The model wastested on 2 datasets; the accuracy produced 95.8%
and 96.8% for computed tomography slice selection-CNN and fat
pixel segmentation-CNN, respectively

Outcome generates patterns that reveal biological insights that
have been verified by pathologist

The model captured molecules that would have been missed by
standard reactivity screening experiments

Experimental results achieved an accuracy of 94.50% for nucleus
region detection and aprecision of 0.9143(SD 0.0202) and arecall
of 0.8726(SD 0.0008) for nucleus cell segmentation

The results demonstrated optimization of cost surface whose
characteristics are not known

Simulation and experimental results demonstrate the reliability
and effectiveness of the proposed intelligent detection system

RNN-based bias correction method compares well with the state-
of-the-art sequence-specific bias correction method

Their study demonstratesthat prostate cancer patientswith Gleason
score of 4+3 have a higher risk of disease progression and recur-

rence compared with prostate cancer patients with Gleason score
of 3+4

F-score potentially reached about 80%, which is better than com-
parative experimental methods

Predict effective drug combination from gene expression and
pathway and ontology fingerprints properties for treating cancer

The algorithm provides improved performance compared with
other state-of-the-art techniques with average F-score of 84.29%

for the MITOS® dataset and 75% for the clinical dataset from Re-
gional Cancer Centre

Theresults of comparison showed that DBN had higher reconstruc-
tion rate compared with baseline methods and more proteins of
critical value to yeast cell cycle process were identified

Results demonstrate that the model can detect important informa-
tion for differential analysis of time series gene expression datasets

The output of the model demonstrated significant superiority to
traditional neural network with random parameters

Outperforms existing methods for enhancing biological discovery
and dataimputation in terms of quality and speed

The model can capture intermediate representationsto partial cor-
ruption of input pattern and generate low-dimensional codes supe-
rior to conditional dimension reduction tools

Retains sufficient biological information with regard to tumor
subtypes and clinical prognostic significance. Provides high repro-
ducibility on survival analysis and accurate prediction for cancer
subtypes

Reconstructs the cell dynamics in preimplantation embryos and
identifies several candidate marker genes associated with early
embryo development
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Reference Task Method Remark

Maggioetal,2018[87] Prognostic profiling for survival prediction AE The embedding technique can be used to better stratify patients’
surviva

Hu et al, 2018 [88] Prediction of drug-likeness AE The classification accuracy of drug-like/nondrug-like models are

91.04% on WDI-ACD? databases and 91.20% on MDDR-ZINC"
database

8CNN: convolutional neural network.

PRNN: recurrent neural network.

°DBN: deep belief network.

dMITOS: mitosis detection in breast cancer histol ogical images.
€DBM: deep Boltzmann machine.

fAE: autoencoder.

9WDI-ACD: world drug index-available chemicals directory.
PMDDR-ZINC: MDL drug data report-zinc compound.

Health Record and Report Management

EHR stores patient’s data for improving health care and
providing personalized treatment and historical account. This
information can bein theform of radiological images, diagnosis,
temporal event extraction, doctor heath review, disease
classification, demographic details, prescription, laboratory
tests, and results. Over the years, these records have increased
proportionally making it difficult and challenging for health
workers and medical professionals to handle. Until the last
decade, most approaches were based on statistical techniques
and few attempts to use ML. Currently, those methods have
become infeasible because of the large and increasing amount
of these data. DL becomes imperative to be able to make
meaning from these data. Table 2 presents some literature of
DL implementation in EHR.

CNN techniques have been adapted to solve some task related
to EHR to achieve better health management system. Feature
engineering remainsamajor bottleneck when creating predictive
systemsfor EHRs [89]. Word embedding from discharge notes
combined with CNN was applied to disease code classification
[90]. Themodel was based on al-layer CNN with afilter region
size of 1 to 5 to increase comparability with traditional ML
techniques. One study [91] proposed a CNN method for
phenotyping from patients’ EHRs. For the initial setup, every
patient’s record was represented as atemporal matrix with time
on one dimension and event on the other dimension. A 4-layer
CNN model was created for extracting phenotypes and
performing prediction. The first layer comprised the temporal
matrix. The second layer was a one-side convolution layer that
could extract phenotypes from the first layer. The third layer
was a max-pooling layer introducing sparsity on the detected
phenotypes so that only those significant phenotypes would
remain. The fourth layer was an FC softmax prediction layer.

Similarly, RNN methods have also been applied to solve
problemsrelating to EHR to understand symptoms and achieve
improved health care quality and personalized medication. A
combination of bidirectional LSTM and CRF network has been
implemented to recognize entities and extract relationship
between entitiesin EHR [93]. To improve the model, multitask
learning was included to handle hard parameter sharing,
parameter regularization, and task relation learning. In addition,

https://mhealth.jmir.org/2019/8/€11966/

another LSTM and CRF to recognize clinical entities from
Chinese EHR data was proposed [94]. Character embedding
and segmentation information were used as featuresto be able
to semantically understand diagnoses, tests, body parts,
symptoms, and treatments. In[95], LSTM method was used for
structured prediction in clinical text and in [96], RNN
frameworkswere explored and proved to be significantly better
than CRF models. In [97], the LSTM implementation was for
asingle data structure that could be used for many predictions,
rather than requiring custom, hand-created datasets for every
new prediction. This approach represented the entire EHR in
temporal order, which represents the event in a patient’s
timeline.

In addition, RBM and AE DL techniques have been constructed
to handle challenging tasks found in EHRs to provide solutions
or serve as a preprocessing step for another technique. A DBN
framework was applied to predict the risk of osteoporosisfrom
heterogeneous EHR for monitoring bone disease progression
[104]. The framework is capable of pinpointing the underlying
causes of the disease to assesstherisk of apatient in developing
atarget disease and discriminating between patients suffering
from the disease for the purpose of selecting risk factor of the
disease. In [105], 2 novel modifications to DBN training was
proposed to address the challenges and exploit properties that
are peculiar, if not exclusive, to medical data. First, a general
framework was examined for prior knowledge to regularize
parametersin the topmost layers. Second, a scalable procedure
was described for training a collection of NNsof different sizes
but with partially shared architectures. AE model was devel oped
for handling computational task and analysisof EHR [107-109].
In [109], the challenge of traditional supervised learning
approach for inferring precise phenotypic patterns was
addressed. Conventionally, an expert designates which pattern
to look for (by specifying the learning task and the class|abels)
and whereto look for them (by specifying the input variables).
Although thisis appropriate for individual tasks, this approach
scales poorly and misses the patterns. Unsupervised feature
learning with AE was able to handle these limitations by
identifying patterns (or features) that collectively form a
compact and expressive representation of the source data, with
no need for expert input or labeled examples.
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Table 2. Deep learning implementation in electronic health records and medical report management.
Reference Task Method Remark

Wickramasingheetal, 2017[89] Extract features from medical records N2 It achieves superior accuracy compared with traditional tech-
niques to detect meaningful clinical motifs and uncovers the
underlying structure of the disease

Linetal, 2017 [90] Disease code classification CNN The method had ahigher testing accuracy (mean AUCP=0.9696:

mean F-score=0.9086) than traditional NL P°-based approaches
(mean AUC range 0.8183-0.9571; mean F-score range 0.5050-

0.8739)
Cheng et a, 2016 [91] Risk prediction of chronic congestive CNN The model performance increases the prediction accuracy by
heart failure 1.5% when 60% training data were used and 5.2% wheniit is

90% training data

Zeng et al, 2017 [92] Mobi g)eﬁfl’?i”: Recognitionof uncon- CNN - i 9. pyaseq pill image recognition algorithm won the first price
strained pill image of the NIHE NLM Fill Image Recognition Challenge

Lietal, 2018 [93] Extraction of adverse drug events RNNY  TheDL model achieved aresult of F-score=65.9%, whichis
higher than F-score=61.7% from the best system in the

MADEM1.0 challenge

Zhang et dl, 2018 [94] Identify clinical named entity RNN CRF' and bidirectional LSTM!-CRF achieved a precision of
0.9203 and 0.9112, recall of 0.8709 and 0.8974, and F-score
score of 0.8949 and 0.9043, respectively

Jagannatha et al, 2016 [95] Prediction based on sequence labeling RNN Prediction model improved detection of the exact phrase for
various medical entities

Jagannatha et al, 2016 [96] Extraction of medical events RNN Cross-validated microaverage of precision, recall, and F-score
for all medical tags for gated recurrent unit—documents are
0.812, 0.7938, and 0.8031, respectively, which are higher than
other methods

Rajkomar et al, 2018 [97] Representation of patients' record RNN Achieved high accuracy for tasks such as predicting in-hospital
mortality, prolonged length of stay, and all of apatient’s final
discharge diagnoses

Hou et al, 2018 [98] Extraction of drug-drug interaction RNN DL can efficiently aid in information extraction (drug-drug in-
teraction) from text. The F-score ranged from 49% to 81%

Choi et al, 2015 [99] Predicting clinical events RNN On the basis of separate blind test set evaluation, the model can
perform differential diagnosis with up to 79% recall, whichis
significantly higher than several baselines

Choi et a, 2016 [100] Detection of heart failure onset RNN When using an 18-month observation window, the AUC for
the RNN model increased to 0.883 and was significantly higher
than the 0.834 AUC for the best of the baseline methods

Volkovaet al, 2017 [101] Forecasting influenza-like illness RNN LSTM model outperformed previously used modelsin all met-
rics, for example, Pearson correlation (0.79), RM SEX (0.01),
RMSPE (29.52), and MAPE™ (69.54)

Yadav et a, 2016 [102] Patient data deidentification RNN The proposed approach achieved best performance, with 89.63,
90.73, 90.18 for recall, precision, and F-score, respectively
Hassanien et al, 2013[103] Classification of diagnoses RNN Models outperformed several strong baselines, including a
multilayer perceptron trained on hand-engineered features
Li etal, 2014 [104] Identifying informativerisk factorsand pgnn  Proposed framework predicted the progression of osteoporosis
predicting bone disease from risk factors and provided information to improve the un-
derstanding of the disease
Cheet d, 2015 [105] Detection of characteristic patternsof DBN The empirical efficacy of the technique was demonstrated on
physiology 2 real-world hospital datasets and the model was able to learn
interpretable and clinically relevant features
Tran et al, 2015 [106] Harness electronic health record with  pg\©  Themodel achieved F-scores of 0.21 for moderate-risk and 0.36
minimal human supervision for high-risk, which are significantly higher than those obtained

by clinicians and competitive with the results obtained by sup-
port vector machine
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Reference Task

Method Remark

Miotto et al, 2016 [107] Predict future of patients

Lv et al, 2016 [108] Clinical relation extraction

Lasko et al, 2013 [109] Inferring phenotypic patterns

Results significantly outperformed those achieved using repre-
sentations based on raw electronic health record dataand alter-
native feature learning strategies

AEP

AE The proposed model is validated on the dataset of i2b2 2010.
The DL method for feature optimization showed great potential
AE The model distinguished the uric acid signatures of gout and

acute leukemia despite not being optimized for the task

8CNN: convolutional neural network.
BAUC: area under the curve.

°NLP: natural language processing.

dpL: deep learning.

ENIH: national institutes of health.

NLM: national library of medicine.

9RNN: recurrent neural network.

PMADE: medication and adverse drug events.
ICRF: conditional random fields.

ILsT™: long short-term memory.

KRMSE: root mean square error.

'RMSPE: root mean square percentage error.
MM APE: mean absol ute percentage error.
"DBN: deep belief network.

°DBM: deep Boltzmann machine.

PAE: autoencoder.

Medical Image

The success of DL algorithms for image segmentation,
localization, classification, and recognition task in recent years
is timely with remarkable increase in medical image data.
Analysis of these data has become an active field, partly as
image data are easier for clinicians to interpret and they are
relatively structured and labeled. There have been reported
accuracies in some publications for detecting a range of
anomalies such as malignant tumor, breast mass localization,
recognition of pathology (organ parts), infectious diseases, and
coronary artery stenosis classification. CNN and AE have been
commonly implemented to solve challenging medical image
problems. This is because the structure of these DL methods
makesit possibleto learn salient features from the datato create
different levels of abstraction to achieve the required result.
Table 3lists some areasin medical image that haveimplemented
DL solution. The performance exceeds ML techniques such as
SVM and random forest classifiers.

The use of statistical pooling strategy was crafted into building
CNN model in [110], with feature extraction at different
convolutional layers and a multivariate classifier trained to
predict which tumor contained occult invasive disease. Another
pooling techniqueis stochastic pooling for al coholism detection
[111]. In [112], a CNN method that uses multiple patch sizes
and multiple convolution kernel sizes was proposed to acquire
multiscale information about each voxel to achieve accurate
segmentation of tissue in brain images. Chest diseases are very
serious health problems in the life of people. One study [113]

https://mhealth.jmir.org/2019/8/€11966/

presented CNN model for diagnosis of chest diseases. The
designed model wastrained and tested using chest x-ray images
containing different diseases.

Moreover, [115] presented a modified DBN technique to
minimize the computation |oad from 3D ultrasound datafor the
first trimester of pregnancy, which is an important parameter
in prenatal screening. The technique convertsthe sagittal plane
into a symmetry plane and axis searching problem. Feature
extraction requires technical and task-specific approach such
as neuroimaging, which contains features for diagnosing
diseases. A DBM technique was proposed for a high-level
hierarchical latent and shared feature representation from 3D
patch neuroimaging modalities[116]. An integrated visual and
textual multimodal image retrieval approach was created for
cancer clinical practice and research with DBM method [117].
In addition, the DBM method can be used to extract volumetric
representations from 3D brain image for classification of
sensorimotor activities. The weights in the higher level of the
architecture show spatial patternsthat can identify specific tasks
and thethird layer representsdistinct patternsor codes. In[118],
a deep generative shape model—driven level set method was
developed and evaluated to address automatic heart motion
tracking to minimize radiation-induced cardiotoxicity. The
proposed heart motion tracking method made use of MRI image
sequences that characterize the statistical variations in heart
shapes. This heart shape model was established by training a
3-layered DBM to characterize both local and global heart shape
variations.
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Table 3. Application of deep learning techniquesin medical images.

Tobore et d

Reference

Task

Method

Remark

Shi et al, 2018 [110]

Wang et al, 2018 [111]

Moeskopset a, 2016[112]

Abiyev et al, 2017 [113]

Liuet al, 2016 [114]

Nieet al, 2017 [115]

Zhang et a, 2016 [116]

Cao et al, 2014 [117]

Wu et al, 2018 [118]

Jang et a, 2017 [119]

Suk et al, 2014 [120]

Khatami et al, 2016 [121]

Zhang et al, 2019 [122]

Hu et al, 2019 [35]

Uzunovaet al, 2018 [123]

Leeet al, 2018 [124]

Seebock et a, 2018 [125]

Wang et al, 2019 [126]

Malek et al, 2017 [127]

Zhang et al, 2016 [128]

Ocecult invasive disease prediction

Alcohol detection

Tissue segmentation

Chest disease detection

Food image recognition for dietary assess-
ment

Detection of standard sagittal planein preg-
nancy

Benign and malignant breast tumors differen-
tiation

Cancer clinical practice and research

Tracking motion of the heart

Four sensorimotor classification

Alzheimer disease identification

Extract high-level features from medical im-
ages

Discovering hierarchical common brain net-
works

Cancer diagnosis

Pathology detection

Benign and malignant tumor classification

Age-related macular degeneration classifica-
tion

Spine disease diagnosis

Image description for visually impaired

Histopathological images analysis

CNN?&

CNN

CNN

CNN

CNN

DBNP

DBM®

DBM

DBM

DBM

DBM

DBN

DBN

IN=

AE

AE

AE

AE

AE

AE

The performance result exceeded handcrafted computer vision
technique that was designed with prior domain knowledge. It
achieved operating characteristic curve of 0.70 and 95% CI

The method used multiple images in the experiment and
achieved 96.88% sensitivity, specificity of 97.18%, and accuracy
of 97.04%

The result demonstrates accurate segmentation in all datasets
and the robustness to different age and acquisition protocol

Demonstrate accurate classification of chest pathologies such
as chronic obstructive pulmonary disease, pneumonia, asthma,
tuberculosis, and lung diseases in chest x-rays

These results outperformed all other reported work such as
DeepFoodCam using UEC-256 and Food-101 dataset

The model provides knowledge to avoid unnecessary massive
searching and corresponding huge computation load

Results showed that the deep learning method achieved better
classification performance with an accuracy of 93.4%, asensi-
tivity of 88.6%, a specificity of 97.1%, and an area under the
receiver operating characteristic curve of 0.947

Experimental results with large volume of real-world medical
images showed that multimodal approachisapromising solution
for the next generation medica image indexing and retrieval
system

Heart shape model that characterizes the statistical variations
in heart shapes present in atraining dataset for tracking motion
of the heart

Identified task-specific (Ieft hand clenching, right hand
clenching, auditory attention, and visual stimulus) featuresand
classification of functional/structural magnetic resonance
imaging volumes

Achieved maximum accuracy of 95.35%, outperforming other
computing methods

Experimental results show that the proposed model improves
about 0.07% performance compared with other models

Three hierarchical layerswith hundreds of common and consis-
tent brain networks across individual brains were successfully
constructed

Diagnosed malignant mesothelioma, arare but aggressive cancer
because of its composite epithelial/mesenchymal pattern

Experiments on 2-dimensiona and 3-dimensional datasets show
that the approach is suitable for detection of pathologies and
deliver reasonable dice coefficient result

The results show that when deep learning algorithm is applied
on sonograms after intensity inhomogeneity correction, there
isasignificant increase of the tumor classification accuracy

Used markersto classify early and late age-related macular de-
generation cases. The model yields an accuracy of 81.40%

Achieved higher localization accuracy, low model complexity,
and without the need for any assumptions about visual field in
computed tomography scans

Fusing a set of AE-learned features gave higher classification
rates with regard to using the features individually

The method effectively combined the strength of multiple fea-
tures adaptively as inputs and achieves 91.67% classification
accuracy
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Reference Task

Method Remark

Xiaet al, 2016 [129] Human attention process

Mano et al, 2018 [130] Chronic back pain detection

AE Experimental results on several benchmark datasets show that
in accordance with different inputs, the network can learn dis-
tinct basic features for saliency modeling in its encoding layer

AE Experimental results from patientsin the United Kingdom and

Japan (41 patients, 56 controls), achieved accuracy of 63%,
with 68% in cross-validation of al data

8CNN: convolutional neural network.
PDBN: deep belief network.

°DBM: deep Boltzmann machine.
9AE: autoencoder.

Furthermore, preprocessing with AE can handle noiseinimages
for tumor detection and intensity inhomogeneity correction
before performing classification. A combination of multiple
techniques can aso be constructed, for example, [119]
considered point-wise gated BM and RBM to identify tumor
from image data. In[123], it was demonstrated that conditional
variational AE can learn the reconstruction and encoding
distribution of different variabilities of 2D and 3D images to
learn the appearance of pathological structures. Consequently,
preprocessing of image can be done to highlight features that
are fed into DL architecture to increase distinguishing tumor
accuracy [124]. Most applications of DL methodsfor diagnosis
and classification of diseasesrequirethat theimages are marked
for training; however, because of the limitation of marked
entities and training examples, supervised training does not
scale well. Furthermore, a multiscale deep denoising AE was
constructed without the constraint of prior definition for the
identification of anomalies occurring frequently in retinal optical
coherence tomography image data [125]. Qualitative analysis
of these markers shows predictive value in the task of detecting
healthy, early, and late age-related muscular degeneration. A
combination of contextual features from deep stacked sparse
AE (SSAE) and structured regression forest for vertebrae
localization and identification was created to overcome
handcrafted and low-level features of spine structure[126]. The
method employs SSAE to learn deep contextua features by
building larger-range input samples to improve the contextual
discrimination ability.

Physiological Signals and Sensors

Advancement in sensing technology has made it possible to
acquire and analyze signalsfrom patients for monitoring mental
state, heart condition, and disease diagnosis. An important
process for achieving accurate and high-performance model
depends on feature extraction and feature selection. DL
algorithms have recorded successful achievement in modeling
physiological signals and sensor data with better accuracy
compared with traditional ML techniques. Table 4 presents
some implementations of DL methods described in literatures
using sensors and physiological signals for hedth care
management. One significant characteristic of this kind of

https://mhealth.jmir.org/2019/8/€11966/

medical data is that they are sequential and time-dependent.
Therefore, atechniquefor creating amodel should not only take
into consideration the shape of the data (spatial features), but
also the time factor (temporal features). Skin conductance
sensor, microphone for speech sequence, blood volume
pulsation, electroencephalogram (EEG), photoplethysmogram
(PPG), ECG, and so on are some examples of data in this
category. RNN and its variants have been predominantly applied
in this domain asiit is able to model the data in the context of
time and sequenceto reveal hidden features. DBN and AE have
al so been implemented to solve problemswith thiskind of data.

Many variations of CNN techniques have been created to
achieve enhanced performance and there are some optimization
techniques that have been applied to achieve better accuracy.
In [131], atechnique based on CNN called fast discriminative
complex-valued CNN for automatic sleep stage classification
was developed. The method can capture the sleep information
hidden inside EEG signals and automatically extract features
from the signal. The constructed CNN method eliminated the
need for deep digital signal processing skills, which usually
serve as preprocessing phase for most signal operations. The
time series plots generated directly from accelerometer and
gyroscope signals were employed for classification of human
activity and exercise detection [132]. The classification task
was achieved with CNN, where the generated signals were
formatted into image dimension. Estimation of brain activation
with CNN was addressed in [133], where the temporal region
was modified with unscented Ka man filter and a corresponding
unscented smoother to observeinference relation of task-specific
brain network. The CNN model parameters were estimated
usi ng expectation-maximization al gorithm to expl oit the partial
linearity of the model. Moreover, the initial chalenge
encountered in building amodel isdata preprocessing and setup.
Often data are irregular, inconsistent, and sometimes contain
irrelevant information. Therefore, the preprocessing bottleneck
for the creation of 2 mental state classification modelsfor drivers
from EEG signals was handled with CNN and deep residual
learning [38]. The model contains 8 layers: the input layer, 3
convolutional layers, a pooling layer, a loca response
normalization layer, an FC layer, and the output layer.
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Table 4. Deep learning technique for sensors and physiological signal task.
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Reference Task

Method

Remark

Zeng et a, 2018 [38] Predict mental states of drivers

Zhang et a, 2017 [131] Sleep stage classification

Veigaet a, 2017 [132] Human activity classification
Lenz et al, 2011 [133] Interactionsin human brain

Murad et al, 2017 [32] Human activity recognition

Liuetal, 2016 [134] Predicting driving fatigue

Yu et al, 2015 [135] Human action classification

Vakulenko et al, 2017[136] Human body motion analysis

Mo L et a, 2016; Ordéfiezetal, Human physical activity recognition
2016 [137,138]

Mathews et al, 2018 [36] Cardiac arrhythmias diagnosis

Chu et a, 2018 [40] Recovery motor imagery

Turner et al, 2014 [139] Seizure detection

Chao et al, 2018 [140] Emotion recognition

Jindal, 2016 [141] Heart rate monitoring

Hassan et al, 2018 [142] Human activity recognition

Ruiz-Rodriguez et al, 2014 [141] Blood pressure monitoring

Yuan et al, 2019 [144] Epileptic seizures detection

Jirayucharoensak et al, 2014 [145] Detection of emotion

Jokanovi¢ 2017 [146] Human fall detection

Xiaet a, 2018 [147] Cardiac arrhythmia classification

CNN?&

CNN

CNN
CNN

RNNP

RNN

RNN

RNN

RNN

DBM®

DBN¢

DBN
DBM
DBM

DBN

DBM

AE®

AE

AE

AE

Predicted the mental states of driversfrom electroencephal og-
raphy (EEG) signalsusing 2 mental state classification models
called EEG-Conv and EEG-Conv-R

The total accuracy and kappa coefficient of the proposed
method are 92% and 0.84, respectively

The exercises could be recognized with 95.89% accuracy

Result showed regions of human brain affected by interactions
and activities

Experimental results showed that the proposed method outper-
forms methods employing conventional machine learning al-

gorithms, such as support vector machine and k-nearest
neighbors

Identified brain dynamicsin predicting car driving fatigue.
The model was evaluated using the generalized cross-subject
approach

Real-time human action classification for recording and regen-
erating both action sequences and action classification tasks
from continuous signal

The method generated missing information from human body
motions from sparse control marker settings

The model can recognize 12 types of activities and the accu-
racy rate was 81.8%. CNN was applied for feature extraction
and long short-term memory model for the human physical
activity recognition

Single-lead electrocardiogram model detected cardiac abnor-
malities which was comparable with human expert

Recognize and restructure the incomplete motor imagery in
electroencephal ogram signals for recovery motor imagery-
based treatment

High resol ution biosensing multichannel model achieved
personalized health monitoring

The results showed that the proposed framework outperforms
other machine learning classifiers

Technique was able to predict heart rate with a 10-fold cross-
validation error margin of 4.88%

The proposed approach outperformed traditional expression
recognition approaches such as typical multiclass support
vector machine and artificial neural network

Continuous noninvasive blood pressure monitoring system
with performance higher than benchmark methods

Experimental results showed that the proposed model was
ableto achieve higher average accuracy and F-score of 94.37%
and 85.34%, respectively

Themodel provided better performance compared with support
vector machine and Naive Bayes classifiers

Experimental data were used to demonstrate the superiority
of the model over principal component analysis method

The results from the model (99.8% accuracy) showed that the
classification performance of the proposed approach outper-
forms most of the state-of-the-art methods

8CNN: convolutional neural network.
PRNIN: recurrent neural network.
°DBM: deep Boltzmann machine.
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9DBN: deep belief network.
€AE: autoencoder.

Similarly, RNN methods have been effective in mining
discriminative features from raw input sequences acquired from
body-worn sensors. The use of deep RNN for building
recognition models for human activities was proposed in [32].
It was capable of capturing long-range dependencies in
variable-length input sequences. Moreover, the use of fuzzy
logic with RNN to create a recurrent fuzzy NN increases
adaptability and the bottleneck of regression problem to handle
driving fatigue for preventing road accidents[134]. In addition,
classification of multiple types of motion when observing a
human action can be difficult because of the complex nature of
the timescale signal. Therefore, [135] proposed supervised
multiple timescale RNN architecture for handling the issue of
action classification. To overcome the difficulty of setting the
initial states, a group of dow context nodes, known as
classification nodes, was created. The supervised model provides
both prediction and classification outputs simultaneously. In
[136], continuous-time RNN networks were considered as
dynamic models for the simulation of human body motion.
These networks comprise a few centers and many satellites
connected to them. The centers evolve in time as periodical
oscillators with different frequencies.

Furthermore, [40] developed a decoding scheme from a
combination of Lomb-Scargle periodogram and DBN to
recognize incomplete EEG signal data to solve the problem of
motor imagery recovery for performing classification tasks such
as heart rate variability. The use of avariety of representations
and DBM agorithmswas explored for seizure detectionin high
resolution, multichannel EEG data [138]. In addition, a DL
framework based on improved DBN with glia chains
(DBN-GCs) for handling emotion recognition task was
constructed [140]. In the framework, DBN-GCs are employed
for extracting intermediate representations of EEG raw features
from multiple domains separately, as well as for mining
interchannel correlation information by glia chains. The
higher-level features describe time domain characteristics and
frequency domain characteristics. The time-frequency
characteristics are fused by adiscriminative RBM to implement
emotion recognition task. Owing to the increasing monitoring
of heart rate through mobile phones and wearable devices, [ 141]
presented a novel technique for accurately determining heart
rate during intensive motion by classifying PPG signals obtained
from mobile phones or wearable devicesintegrated with motion
data obtained from accelerometer sensors.

Moreover, AE models have al so been constructed to solve hedlth
and biomedical challenges using signals and sensors. For
example, AE-based multiview learning was implemented to
monitor and analyze multichannel EEG signals of epileptic
patients to prevent complications caused by epileptic seizures
[142]. The implemented approach was an end-to-end model
that was able to jointly learn multiview features from both
unsupervised multichannel EEG reconstruction and supervised
seizure detection via spectrogram representation. In [145], the
utilization of stacked hierarchical AE learning approach was
proposed for automati c emotion recognition with nonstationary
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EEG signals. To alleviate overfitting problem, principal
component analysis was applied to extract the most important
components of the initial input. In addition, covariate shift
adaptation of the principal components was implemented to
minimize the nonstationary effect of EEG signal. In another
similar implementation, a stacked AE was proposed to detect
human fall [146]. The proposed approach automatically captures
the intricate properties of signal from radar. To minimize false
alarms in human fall detection, information from both the
time-frequency and range domains was fused together.

Challenges in Health Care for Deep
Learning Applications

In spite of the all the impressive achievements and capabilities
of DL discussed in the previous section, the technique is still
in its infancy in biomedical and bioengineering applications.
Thereare significant challengesthat need to be resolved for DL
to be able to handle the inherent medical and hedth care
challenges. This section highlights some of the challenges
confronting the implementation of DL methods.

Medical Data Representation and Transfor mation

DL algorithms can make the most effective observations and
predictions with the appropriate type and quantity of data
Currently, real-world medical data are in unstructured formats
such as sequences (time series, audio and video signals, DNA,
and so on), trees (XML documents, parsetrees, RNA, etc), text
data (symptoms description, tumor description, medical records),
or combinations of any of these formats [148]. Unfortunately,
the core of DL technique can only process numeric input data
as eventually it is broken down to strings of zeros and ones for
computing system. Some qualitative data are not easily
converted into a usable format and processing can sometimes
become complicated. Humans can easily process and make
meaning of these dataand when thereisasimultaneous change,
for example, in intensity and quantity, it can easily be
understood and adjustment can be made with regard to the
changes; an exampleistemperature and light. The representation
of similar processes and conditions in DL requires a lot of
encoding and thoughtful mathematical expressionsin DR and
transformation. Cross-domain feature learning al gorithm based
on stacked denoising AE has been considered for effective
feature representation to describe datawith multimodal property
(eg, signals, image, video, and audio) [149]. A DL architecture
that is capable of integrating multiple types of data concurrently
is needed to handle some real-world situations.

Figures 15 and 16 show the differences between currently
available implementation of DL methods and the expected
real-world implementation, respectively. In Figure 15, different
medical data have corresponding DR formats which fit a
particular DL architecture. The design is expected to respond
to one type of input or DR and produce a response for the
expected input. However, Figure 16 isa smart DL that mimics
the simultaneous process of the human body whereit iscapable
of handling multipleinputs simultaneously to decide aresponse.
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Figure 15. Current working technique for application of deep learning with biomedical data.
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Consider, for example, amultiple DR DL model for monitoring
a baby’'s health condition. When the model observes an
abnormal behavioral pattern of the baby, the temperature and
the physiological signals from the baby are analyzed and
considering the input of light intensity and the temperature of
the environment and the baby, the model produces a response
for the baby’s health status.

Handling Biomedical Data Stream

Another challenge with DL is dealing with fast moving and
streaming data[150]. Thereisarapid change in the health care
industry with huge volume of health care data emanating at a
rapid rate. The benefit of thisis that the medical practitioners
can leverage on these with the support of DL model to diagnose
and deliver health care services for different pathological
conditions. These data can be found in real-time biomedical
signalsfrom many sources, including blood glucose monitoring,
brain activity, blood pressure and oxygen saturation level,
biomedical imaging from ultrasound, electrography, MRI, in
thousands of terabytes for insight into medical conditions.
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Unstructured data format of useful patient records in the form
of clinical text contains useful patterns and genomic data
describing rel ationship between various genetic markers, disease
conditions, and mutations. Physiological sensing datafrom ECG
and EEG areimportant signalsthat are acquired from different
parts of the body. It is important for DL to be able to make
meaning of large volumes of continuous input data that change
with time and also take into consideration when previous data
become obsolete. In [151], continuous activity learning
framework for streaming videos by intricately tying together
deep hybrid feature models and active learning was proposed.
In another architecture, a streaming hardware accelerator was
proposed for incremental feature learning with denoising AE
[152,153]. Although, some DL architecture variants have tried
to proffer techniques for working around this situation, there
are unresolved challenges regarding effective analyses of fast
moving, large-scale streaming data in terms of memory
consumption, feature sel ection, missing data, and computational
complexity.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 |e11966 | p.59
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Tobore et d

Figure 17. Deep learning biomedical data streaming architecture, challenges, and applications.
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Figure 17 describes the summary between generated continuous
medical data (CMD) and the usage of the data by DL. The
challenge for DL is to make use of CMD, rather than only
performing classification and prediction on the new data. The
figure describes the use of updated database storage to keep
generated data, which serves as a buffer to hold data until it is
used to update the model in the DL stream processing.

The importance of this architecture is that it provides the
platform for many consumer streams such as mobile device,
medical practitioners, and third-party application programming
interface (API) services to utilize the data. However, in the
future, there may bevariants of DL methodsto handlereal-time
CMD, which may eliminate or reduce the function of big data
analysis module.

Analyzing Medical Big Data

Large quantity of datais responsible for highly accurate results
recorded in DL. During the learning phase, features in the data
are used to build or create parametersin the neuronsto achieve
prediction. It is important for the data to be large. In addition,
itisalsoimportant for the datato containimportant and required
features for the training. Some medical domains that want to
take advantage of DL are restricted because of the difficulty in
generating or acquiring data and sometimes labeling data
requires domain experts, who are not readily available. In[154],
atechnique was presented for dealing with fine-grained image
classification scarcity. Furthermore, [155,156] presented an
approach to deal with useful features in data for DL. The
guestion is how much information is available in large data.
Tuning parameters of neurons is achieved largely through
validation computation procedures and the choice of DL
structure. Medical big data (MBD) analysis has numerous
advantages, including disease control, treatment, and diagnosis.
Some MBD can be obtained from various sources, for example,
medical imaging devices, the internet, biometric data, large
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clinical trials, biomarker data, clinical registries, and
administrative claim record [157]. DL providesthetool to make
smart and accurate analysisof datain thisfield, which will assist
experts take better decision, report patient health status, and
build an efficient Al. However, there are some challenges
confronting DL in this domain. The major challenge is the
difficulty in acquiring MBD because of danger of data misuse
and lack of data sharing insensitivity which could compromise
privacy of patients, legal issue, costly equipment and medical
expert involved [158].

Another issue is the method of data collection which is done
through application forms and protocol swhich could be hectic.
The data are sometimes relatively small compared with data
from other environments (eg, social media) and they are
generated from nonreplicable situations or not readily common
conditions. There are other inherent challenges encountered in
MBD. Apart from missing data, there is the issue of errorsin
encoding medical record data during storage and differencein
measurement equipment and measurement scale. In some aress,
data are not available or are not enough because of the lack of
knowledge on the importance of big data and data analysis.
Synthetic data are sometimes constructed and integrated with
acquired real data to achieve a large data size and maintain a
balance of variables, nevertheless, how much trust should be
given to synthetic data. In the aspect of analysis, there are
different types of patient characteristics which can result in
differencesin physiological signals such asweight and thetime
of treatment, which may be an additional dimension [159].
Theseissues need to be resolved to provide an integrated health
care system that will improve service delivery and reduce
dependence on experts. DL methods require reliable and large
data for successful results. Although it is relatively easy to
acquire data from other sources, such as Web or user internet
pattern, online customer reviews, electronic devices, and
atmospheric conditions (eg, temperature and wind speed), it is
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often difficult to acquire data from human subjects because of
the inherent challenges such as maintaining fixed position
sometimes over along period of time, static chargesinterference
during data acquisition from the subject, differencein metabolic
conditions, and negative side effects and reaction by the subject.
A summary of the source of MBD, benefits of DL, and
challenges of MBD is presented in Figure 18. It is necessary to
have either single or multiple repositories to manage MBD;
however, there are challenges such as poor network connection,
incomplete or inconsistent data, and unavailable computing
resources that will mitigate against achieving the desired
analysis of the data.

Tobore et d

An example is inconsistency in the measurement of date of
birth. In one location the order is day, month, and year, but in
another location the arrangement can be month, day, and year.
In addition, there could be inconsistent units of measurement
such as mmol/dl and mg/l for blood glucose measurement and
ounce and kilogram for weight measurement. Although the
issue of inconsi stency in measurement can be managed, security
and privacy till make it difficult to acquire data for analysis.
Some medical institutions do not support the use of data from
patientsfor studies or the dataare not readily available. In some
cases, it is expensive because of the high monetary cost needed
to get thisinformation from these institutions.

Figure 18. Overview of external challengesin acquiring and analyzing medical big data.
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Hardware Requirementsfor Medical Big Data

DL solution requires large training data to function effectively.
Usually real-world medical dataarevery large and are constantly
increasing. To implement tasks and create models, the
computing machine needs to be equipped with sufficient
processing power. To handle such requirements, data scientists
and engineers devel oped multicore high performing GPUs and
similar processing units as the regular central processing unit
isimpractical to handlelarge-scale DL tasks[160]. These GPUs
are expensive, consume lot of power, and are not readily
available for common use or in medical institutes and hospitals
where the data are captured and generated. However, some
companies, such as Wolfram Mathematica and Nervana
Systems, have taken up the project to provide cloud-based
services that allow researchersto speed up the training process

https://mhealth.jmir.org/2019/8/€11966/
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[42]. The challenge is that industry level DL systems use
high-end data centers, which are not available in medical
institutions, whereas, deployment after training is done on smart
devices, such as laptops, smart wearable devices, embedded
computers, and other mobile devices, which have small and
inefficient processing units. The larger the DL architecture, the
bigger the computing requirement needed to accomplish
training. Deploying DL solution to the real world thus becomes
a costly and processor consuming situation. mHealth big data
are pointless without suitable DL analytic methods to extract
meaningful information and hidden patterns from data. One
study [161] presentsatutorial on DL in mobile big dataanalytics
and discusses ascalable distributed DL framework over Apache
Spark. The framework is executed as an iterative MapReduce
computing on many Spark workers. A partial deep model is
learned by each Spark worker on a partition of the overall
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mobile, and a master deep model is then built by averaging the
parameters of all partial models. Moreover, there are current
hardware designs intended to implement artificial neuronsin a
chip, such as Intel Curie, NuPIC, SpiNNaker, and 1BM
TrueNorth [42]. There are couple of notable software packages
that provide implementation of DNN and have API for Python,
Java, C++, and MATLAB, for example, TensorFlow by Google,
neon by Nervana Systems, and Caffe by Berkeley Center.

Future Trends for Deep Learning

The current achievement in DL will open up more research
areas and improvements on existing models. This section
describes possible directionsfor research and devel opment with
focus on health care and applications of physiological signals.

Complexity of Computation

There is increasing application of DL in the medical field,
especialy in the area of physiological signals such as ECG,
EEG, e ectromyography (EMG), and so on. ECG measuresthe
bioelectrical activity of the heart, EEG monitorsthe bioelectrical
activities of the brain, and EM G observesthe working condition
of the muscles and nerves of the body. The success recorded in
this area will bring to the surface more application and
implementati on variation techniques. The purpose of automated
analysisof these signalsisfor implementation in clinical devices
asapractical medical diagnostic tool to improve the efficiency
of treatment and continuous health monitoring. To achievethis
feat, subseguent studies need to enhance the complexity of
classifier algorithm to improve computationa efficiency and
complexity. For example, one study showed that the memory
and complexity of DBN model is higher than other algorithms
suchas SVM, logigtic regression, and K-nearest neighbor (KNN)
[139,162]. However, DBN provides high accuracy over the
other a gorithms. Therefore, improvement isneeded to enhance
the DL algorithm for practical use.

Multitasking Deep Learning

Currently, therisein the use of wearable devicesin recent years
means that multiple physiological signals can be captured
simultaneously and continuoudly. The classification and analysis
of these signals may require different DL methods for different
tasks. Future studies should consider a single generalized DL
method that could satisfy multiple classifications. The purpose
of this approach will conserve time and effort that would
otherwise be needed to create a specific method for each
classification. One study [163] considered a complex scenario
of learning over multivariate and relational time series with
missing data, where relations are model ed by agraph. They not
only predicted future values for the time series, but also to fill
in missing values. Another future consideration isto design DL
methods that combine multiple physiological signals for
classification. Multiple signals from wearable devices provide
the possibility to integrate these signalsto have aunified model.
Constructive application of these signalswill definitely increase
accuracy and will also serve multiple purposes, where when
one of the signalsis not available, the system can still function
with available signal input. Furthermore, a combinational
adaptive DL model that is capable of handling multiple
physiological signals for different classification tasks
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(multitasking) will minimize dependence on asingle model and
open the opportunity for adifferent approach to the application
of DL.

Medical Internet of Thingsand Application

Internet of Things (10T) and big data are responsible for the
creation of smarter environment. One study [164] describes a
smart environment as a physical world that is richly and
invisibly interwoven with sensors, actuators, displays, and
computational elements, embedded seamlessly in the everyday
objectsof our lives, and connected through a continuous network
and smart mobility. 10T devicesare ontheincrease; an estimated
50 billion devices will be connected to the internet by 2020
[165]. This will bring about explosion in the size of data that
will be generated. The exponential growth of data from
connected devices, such aswireless body sensor, smart meters,
and so on, makes DL the desired tool to make meaning from
these data. A cloud-based DL becomes a challenge because of
connection bottlenecks and overall reduction in the quality of
service owing to latency issues [166]. Edge computing is
proposed to move computing service from centralized cloud
servers to edge nodes closer to the end users [167]. Some
research has been conducted in this emerging field, such
asseizure prediction in controlling epilepsy in medicaly
refractory patients with EEG and electrocorticography signals
via 10T [168]. The rapid proliferation of mobile phone and
wearable devices has contributed to the evolution of 10T-enabled
technology from usual single center—based system to more
personalized hedlth care systems. mHealth uses the wireless
connectionin loT and mobile technology from mobileindustry
to create a connection between patients and health care
professionals to make patients become advocates of their own
health and promote communication between the professional
and patients. mHealth framework in 0T hasbeen used to create
a voice pathology detection system using DL [169]. In the
system, voices are captured using smart mobile devices. Voice
signals are processed before being fed to a CNN. One study
[170] presented a DL and mHealth technologies for improving
tuberculosis diagnosis in Peru. Figure 19 shows the structure
of edge computing technology where all the data captured from
loT devicesare stored in the cloud. The edge nodes use specific
data from the cloud required by client devices to perform DL
analysis and computation. Edge computing adds 2 major
enhancementsto cloud computing by processing large volumes
of data before transferring it to the cloud and enabling
computing ability in the edge node, which optimizes the
resourcesin the cloud. An exampleis DL -based food recognition
system for dietary assessment on an edge computing service
infrastructure [171]. Further research can be done to improve
this area for efficient implementation of DL, for example, a
distributed, layer-centered DL architecture that supports edge
node operation of cloud resources. DL techniques maximize
the number of tasksin computing environment owing to limited
service capability, network performance, and scalability.

Performance evaluation and measurement of DL on edge
computing is also another area to consider. Moreover, in the
future there will be distributed and integrated variants of DL
methods for edge computing because of the increase in 0T
devices and technology.
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Figure19. Deep learning servicefor medical internet of things (10T) with edge computing and mobile apps for continuous health care monitoring using
magnetic resonance images (MRI) and signals such as electrocardiogram (ECG), electroencephalogram (EEG), electromyography (EMG).
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Semisupervised Learning for Biomedical Data

Another key area of interest would be to explore the situation
of both labeled and unlabeled data which occur in many
biologica domains such as proteins and DNA. The objective
of DL in such cases is to integrate semisupervised training
techniques toward achieving the criteriafor good DR learning.
For further studies to enable DL understand the patterns and
DRs in such situations (unlabeled/unsupervised data), one
approach would be to consider the existing |abel ed/supervised
data to tune learned pattern and representation to achieve the
optimal modeling for the data. Another approach isto combine
DL and active learning [151]. Variants of semisupervised
learning in data mining and active learning methods such as
adaptive learning and transfer learning can be exploited toward
obtaining improved DRs. Input from crowdsourcing or human
experts can be used to obtain label sfor some data sampleswhich
can then be used to better tune and improve the learned DRs
[150]. Furthermore, hybrid DL has been constructed for feature
extraction, classification, and verification of faces [172].
Application of DL in physiological signals for health care
monitoring and analysisis still in itsinfancy and often suffers
from incomplete or unavailable labeled data. More study needs
to be done in this area and the implementation of hybrid
techniques and variants of semisupervised learning to overcome
the challenges of unlabeled data.
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Replacement of Biomedical Research M ethodsby Deep
Learning

There are more areas to implement DL to improve services,
operations, devices, and software for health and medical fields.
One study [173] proposed a clinical validation technique for
improving grading of data collected by crowdsourcing for
diabetic retinopathy, aleading cause of vision loss because of
diabetesmellitus. A logistic regression method wasimplemented
with 50% dataset for training that have normal and abnormal
classification labels. Test and validation was performed on 50%
dataset. The result achieved 90% sensitivity. However, the
operation reguires human decision which is prone to error and
bias. CNN can be applied to 50% of |abeled imagesto learn the
features through series of convolution and pulling layers to
predict 50% test set. The sensitivity isexpected to be more than
90% as CNN abstraction of features at different layers will
improve the sensitivity results. Furthermore, analysis of fall of
individuals with dementia from continuous video monitoring
was performed for early detection and prevention [174].
Analysiswas carried out using a4-point Hopkins Falls Grading
Scale. A suitable DL method will be ahybrid technique of both
RNN and CNN (recurrent CNN), which is able to approximate
afunction from aseries of video framesin the continuous video
sequenceto systematically determine patient’s condition: prefall,
fall, and postfall. This can be implemented to trigger alarm for
medical attention for the patient. In[175], mainstream wearable
device was presented in health monitoring to support consumers
in making purchasing decision. The anaysis method
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implemented may become ineffective as the data grows larger,
but aDNN will remain effective despite the size of the dataand
the performance will not decline. Another area of application
is in cardiac auscultation that can provide information about
cardiovascular hemodynamics and diseases with simple
diagnostic algorithm [176]. LSTM technique will effectively
map the sequence of soundsfrom the device capturing the sound
to distinguish between normal and pathologic heart sounds.
LSTM is capable of understanding the pattern from the sound
data because of the gate and memory circuit whichisan integral
part of the DL agorithm. One study [177] presented aqualitative
and quantitative tabl et-based software application for assessing
bodily symptoms for both clinical and research purposes. The
implementation can be achieved with multilayer stack AE
between patients and doctors. The architecture of AE isableto
encode and decode theinput from patientsto the expected output
for the treating doctor and vice versa. The multilayer concept
will handlethetest-retest reliability. Furthermore, aconstruction
of a priori analysis was employed to describe the essential
qualities of participant’s experience [178]. This included
delineation of common and novel themes relating to informed
consent, with aself-administered, mobile phone-based electronic
consent (eConsent) process over a 6-month period within the
Parkinson mPower app. This challenge can effectively be
resolved with structured DBN architecture. Data collected for
the specified period can be used to train a DBN model that
resides in a cloud and the mPower app can communicate with
the model to get required result. DBN layer-wise training
technique ensures that features in the input data are taken into
consideration during the creation of the model. Thisarchitecture
removes processing responsibility from the mobile app (this
makes the device light), provides the possibility for extension
of the model, alows multiple users to take advantage of the
system, and allowsfor central update when necessary. In[179],
user needs for mobile behavioral-sensing technology was
presented for depression management using thematic analysis
with an inductive approach. The research was conducted by
interviewing 9 clinicians and 12 students with depression,
recruited from a counseling center. The interview duration was
between 40 and 50 min and there was audio recording and
transcription. The success recorded was because of small data
size. However, it will become challenging with large size of
data and human limitation will affect performance. Therefore,
hybrid DL technique will provide a better performance, with
theuse of LSTM to model the recorded audio and DNN for the
structured content. The use of hybrid technique will make better
meaning from the data, as the model keeps learning and
improving with increasing available data without human bias
or the limitation of thematic analytic model. DL can be
implemented to understand the use of gyroscope for
classification of physical activities using mobile phone motion
sensor. In[180], 13 physical activitieswere considered, and the
classification technique required the use of many algorithms:
C45, Nave Bayes, logistic regression, KNN, and
meta-algorithms such as boosting and bagging. DL technique
called RBM will be appropriate to replace the implemented
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algorithms. The conditional distribution over the hidden nodes
in RBM makes the feature presentation of each activity from
the input signal possible.

Conclusions

ML is gradually influencing the way health care treatment and
monitoring is performed. All of this can be attributed to the
success recorded by DL. Compared with conventional ML and
feature engineering, DL has potentially proven to provide
response to data analysis and learning problems found in
enormousvolumes of data. Different variations of DL techniques
have been implemented across many areas such as biomedical
image, health record processing, sensors and physiological
signal processing, human motion and emotion analysis, and so
on. A successful Al system must have an excellent ML
component; DL istaking the position as the number one choice
for Al. To understand DL, in this review paper, we discussed
about the basic architecture of DL methods. The discussion
focused on principles of operation and application in healthand
medical domains. We presented the following models: (1) AE,
(2) RNN, (3) CNN, (4) DBN, and (5) DBM. We presented a
review of publications that have implemented these modelsin
medical image, physiological signals, biological system, and
EHR. We investigated the trend of DL implementation from
2012 to0 2017. We observed a steady rise, with CNN having the
highest increase occurrence. Computer and network architecture
will gradually begin to change to support big data and DL
techniques for efficiency and scalability. Moreover, there are
some inherent challenges encountered in DL that need to be
addressed. Most of these data in the rea world are in
unstructured format that cannot be processed by DL methods
and require extralayer of encoding and representation. Clinical
data are expensive to acquire and dataset contains incomplete
and inconsistent records.

Statistical results presented in this review paper reveals that
future applications and trendsin DL will see more application
of CNN implemented in medical image processing. There will
be more variations of DL techniques across the general DL
methods. There will be increase in the application of
physiological signals using DL methods for diagnosis. The
advancement in 10T and edge computing technology will bring
about adifferent model of DL that will support thistechnology.
Further research and study need to consider targeting this
platform and solve issues relating to performance evaluation,
scalability, and limited service capability. Al for mHealth will
be driven by DL assisted by cloud and edge computing to
process big data from wearable and mobile devices. Therefore,
we can say that DL offers an excellent algorithm and is the
answer to the challenges presented by MBD. However, the use
of DL in every application that requires data analysis should
not be done at the expense of other ML algorithms with less
computation and memory requirement that are capable of
producing similar results. Furthermore, attention should be
given to other ML algorithms that have good possibility of
achieving high performance with big data to deal with the
demand for data analysis.
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Abstract

Citizen science enables citizens to actively contribute to all aspects of the research process, from conceptualization and data
collection, to knowledge translation and evaluation. Citizen science is gradually emerging as a pertinent approach in population
health research. Given that citizen science has intrinsic links with community-based research, where participatory action drives
the research agenda, these two approaches could be integrated to address complex population health issues. Community-based
participatory research hasastrong record of application across multiple disciplines and sectorsto address health inequities. Citizen
science can use the structure of community-based participatory research to take local approaches of problem solving to a global
scale, because citizen science emerged through individual environmental activism that is not limited by geography. This synergy
has significant implications for population health research if combined with systems science, which can offer theoretical and
methodological strength to citizen science and community-based participatory research. Systems science applies a holistic
perspective to understand the complex mechanisms underlying causal relationshipswithin and between systems, asit goes beyond
linear relationships by utilizing big data—driven advanced computational models. However, to truly integrate citizen science,
community-based participatory research, and systems science, it is time to realize the power of ubiquitous digital tools, such as
smartphones, for connecting us all and providing big data. Smartphones have the potential to not only create equity by providing
avoiceto disenfranchised citizens but smartphone-based apps also have the reach and power to source big datato inform policies.
Animminent challenge in legitimizing citizen science is minimizing bias, which can be achieved by standardizing methods and
enhancing data quality—a rigorous process that requires researchers to collaborate with citizen scientists utilizing the principles
of community-based participatory research action. This study advances SMART, an evidence-based framework that integrates
citizen science, community-based participatory research, and systems science through ubiquitous tools by addressing core
challenges such as citizen engagement, data management, and internet inequity to legitimize this integration.

(JMIR Mhealth Uhealth 2019;7(8):€14056) doi:10.2196/14056
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: : : . and climate change [3,5]. The digita age offers new
Populatlon Health Science in the Dlgltal opportunities and challenges for population health science to
Age tackle these globa crises. For instance, digital tools and

] - technologies are increasingly being used to not only address
Global population health crisesinthe 21st century are extremely urgent humanitarian crises [6] but aso facilitate citizen
complex, with links to economic disasters [1-3], warfare [3,4],
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participation, population health interventions, and knowledge
transfer [7].

However, digital technologies are rarely evaluated for their
impact on health outcomes [6], and perhaps more relevant to
population health, citizens, communities, and researchers are
seldominvolvedin designing digital tools[7,8]. Given that most
digital tools are developed for profit, where privacy and
confidentiality are major concerns [8,6], adoption of digital
technology in population health science should take special
consideration to remedy ethical pitfalls.

Given that addressing health inequities is one of the primary
goals of population health science [9-11], there is a role for
digital tools and technologies in contributing to the reduction
of health disparities. Nevertheless, a digitally driven big data
approach has the risk of widening existing health disparities if
care is not taken to engage diverse populations to realize
potential benefits [12]. Complex global hedth crises are
exacerbated by health inequities and are difficult to address
using traditional research practices, thus citizen science is
emerging as a powerful approach that policy makers are
increasingly employing in determining population health
solutions [13,14].

An example of citizen science interventions is the ability to
harness technology to inform active, healthy neighborhoodsin
developing countries[15]. Thisbottom-up approach of involving
community members in research can also be an effective way
to translate knowledge to a broader audience [14,16] and has
inherent overlap with community-based participatory research,
which is known to facilitate community involvement in
informing research, policy, and practice [17].

Community-based participatory research hasled the crusade of
minimizing health disparities[18,19] by engaging communities
equitably in all aspects of the research process [20]. However,
global population health problems require holistic systems
science solutions that enable the examination of complex
interconnected factorsinfluencing health outcomes[21,22]. As
systems science has been identified as particularly effective for
addressing health inequities [22], it is time now to reimagine
the implementation of population health science in the digital
age by developing a framework that integrates citizen science,
community-based participatory research, and systems science
(ie, three-pronged approach).

Citizen Science

Citizen science enables citizens to actively contribute to all
aspects of the research process, from conceptualization and data
collection, to knowledge trandlation and evaluation [23,24].
Citizen science has its roots in environmental and ecological
activism [25], where volunteers across the globe can collect
data without being restricted by the constraints of traditional
academic research [26].

The applicability of citizen science has become increasingly
interdisciplinary over the past couple of decades [27], which
has implications for population health science—a field of
science that plays a key role in addressing broad health
inequities [28]. Moreover, with increasing power of citizensto
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effect change[13], citizen scienceisearning aplacein national
science policies of countries such as the United States and
Australia by complementing the efforts of governments and
health professionals [14].

Citizen scientists can support and encourage regiona data
collection in a manner that will help researchers and policy
makersto avoid the one-sizefitsall approach [14]. Involvement
of citizens in research procedures is also an effective way to
communicate health information to a broad audience [14,16].
Rowbotham et a [14] argue that citizen science offers an
opportunity to transform popul ation health science by engaging
alarger proportion of the population in data collection to bring
citizen scientist perspectives closer to traditional
decision-making processes.

As citizen science can range from contributory (ie, data
collection) and collaborative approaches (ie, analysis and
interpretation of data) to cocreation of knowledge (ie,
conceptualizing research and trandating knowledge) [27], it
has a natural overlap with community-based participatory
research.

Community-Based Participatory Research
and Citizen Science

Community-based participatory research has a strong record of
application across multiple disciplines and sectors to address
health inequities [29-31]. A significant emphasis of
community-based participatory research is on generating
empirical evidence on social determinants of health, which in
essence could be used to inform and influence popul ation health
policies.

However, as community-based participatory research is
entrenched in human rights and social justice, it can be applied
to promotelocal and regiona policy change by bringing together
community needs, scientific evidence, and political power [31].
In the path toward policy advocacy, participatory action can be
the catalyst in engaging evidence with political power [31]. A
key component in this participatory action is the involvement
of diverse stakeholders in all aspects of the research process
through shared responsibility and research ownership [29,32-37].

This foundational strength of community-based participatory
research can result in symbiosiswith citizen scienceintherealm
of population health science, asthereis considerable alignment
between these 2 research approaches [38]. To trandate citizen
science into community voices that could potentially inform
and influence policies[24], it isimperative that citizen scientist
endeavors are structured using community-based participatory
research principles, where citizens co-design studies and
cocreate knowledge with researchers by contributing to all
aspects of the research process [24,39].

As citizens are ultimately potential voters, citizen science can
perhaps stimul ate renewed impetus among decision makers and
catalyze evidence-based policy formulation. Theaignment with
citizen science can catapult community-based participatory
research action fromlocal endeavorsto global initiatives because
citizen science is not restricted by geography, jurisdictions, or
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populations, thus enabling local solutions to globa problems.
Data collection on a global scale is the essence of citizen
science, and in the 21st century, the potential for participatory
modeling with asystemslens enables systems science viacitizen
science to solve population health issues [40].

Systems Science, Community-Based
Participatory Research, and Citizen
Science

Systems science takes a holistic perspective in understanding
complex mechanisms by focusing on causality and going beyond
linear correlations to advance data analytics through
computational modeling that could inform public health
decisions [41-48]. El-Sayed and Galea [46] conclude that a
systems science approach can upend traditional analytical tools
with novel methods such as machine learning, microsimulation,
and socia network analysis that do justice to the complexity
and dynamism of population health science.

Systemsthinking a so includes qualitative mapping and problem
structuring of ill-defined issues that enable stakeholders to
directly address health disparities [47]. A systems science
approach for structuring problems alignswith community-based
participatory research by taking into consideration the need for
stakeholder involvement to tackle systemic health inequities
[48-50].

Frerichset a [41] identified 5 areas of synergy between systems
science and community-based participatory
research—paradigmatic, socioecological, capacity building,
colearning, and trandational. These synergies provide arationale
for integrating systems science and community-based
participatory research, with the central concept revolving around
qualitative problem-structuring and systems mapping — a
process that prioritizes research questions for computational
modeling to delineate the complex pathways that influence
health disparities.

Systems science can change the paradigm of population health
science when combined with community-based participatory
research and citizen science. Apart from their interdisciplinarity,
the 3 research approaches have tremendous potential for
symbiosis if they are used together for reciprocal benefit. For
instance, community-based participatory research-informed
qualitative mapping could benefit from citizen perceptions at
the population level [41], an aspect that is coreto citizen science.

Nevertheless, the crux of citizen science is citizen-driven
guantitative data collection [51], which has implications for
both systems science and population health science. Large
groups of citizens could provideindividual, environmental, and
social big data needed for examining interconnected, nonlinear
relationships through agent-based modeling that could inform
population health policies [24,52]. A systems perspective can
broaden citizen science as an anchor for population health
science, which is increasingly adopting socioecological
frameworks[53-55]. Therealization of research conducted using
these frameworks requires complex multilevel subjective and
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objective data that enable linkages across geographic and
jurisdictional barriers.

Although there are examples of citizen science projects
combining socia and ecological data [56-59], participation of
citizens in population health endeavors (ie, large-scale linkage
of individual-level health datawith administrative and contextual
data) has rarely been tested or implemented. Citizen science
has predominantly been used for environmental change or
ecological activism, whether it is reconstruction of native
landscapesin disaster zonesin Iraq after the collapse of Saddam
Hussein or the determination of social, environmental, and
economic associations in high-risk industries such as coal
mining [60,61].

The bottom-up approach of citizen scienceto bring about social
and environmental change has a place in population health
science if integrated with community-based participatory
research [51]. Nevertheless, the need for big datawill eventually
thrust systems scienceto the forefront in conducting population
health science[62], and this need can be addressed by leveraging
citizen-owned ubiquitous digital tools for large-scale data
collection by combining citizen science and community-based
participatory research.

Integration Through Ubiquitous Tools

The growth of citizen science in recent years can be attributed
to the global spread of internet-connected devices [63], and
among all internet-connected devices, the ubiquitous presence
of smartphones is the most significant development for citizen
science-enabled population health research. The phenomenal
growth of smartphone ownership in both developed and
developing countries [64] creates an opportunity for the
proliferation of citizen science across international borders.

Methodologically, the technology that powers these devices
offersextraordinary research opportunitiesfor popul ation health
science to overcome traditional constraints in terms of
participant recruitment and retention, data collection and
analysis, interventions, and knowledge translation [24]. Because
smartphones have become a key part of day-to-day life and the
primary one-stop communication device at home, work, and on
thego [24,65], researchers can collaborate with citizen scientists
to triangulate critical data: qualitative perceptions via audio,
video, and photo-enabled ecological momentary assessments;
traditional and novel quantitative data viadeployment of surveys
in real time; and objective data sensed via in-built smartphone
sensors (eg, accelerometers, pedometers, and global positioning
system) [24]. This triangulation allows consistent and
longitudinal capture of big data in terms of volume, velocity,
variety, and veracity [66], whichisessential for the devel opment
of novel computational models informed by systems science
approaches.

Although such comprehensive endeavors are not commonplace
at the moment, initiatives such as the SMART Platform are
leading the integration of citizen science, community-based
participatory research, and systems science in implementing
studiesfor population health surveillance, integrated knowledge
tranglation, and policy interventions [24,67]. The success of

IMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 [e14056 | p.77
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

thisthree-pronged approach will ultimately depend on academic
leadership in engaging citizens and communities to leverage
data required to address population health issues that are of
concern to citizens, communities, policy makers, and
researchers.

According to some estimates, therewill be 6 billion smartphones
in circulation by the end of 2020 [64]. Our lives may be difficult
to imagine without these gadgets, and out of all the
internet-connected devices that we use, smartphones are the
most versatile and pervasivetools. Asthereisno indication that
wewill revert to the days without these devices, thereal question
is, how can we transform smartphones into effective research
tools?

The three-pronged approach provides a paradigm-changing
purpose to these research tools. However, for this approach to
cometo fruition, academia needs to play arolein empowering
citizensthrough smartphones, especially becauseleadersin the
technology industry do not have astrong record of safeguarding
citizen privacy and confidentiality [68].

The SMART Framework

SMART is an evidence-based framework designed to conduct
population surveillance, knowledge trand ation, and interventions
by integrating citizen science, community-based participatory
research, and systems science. The framework informs the
SMART Platform, which researchers are utilizing to engage
with citizen scientists via their smartphones to implement
multiple studies with varied study designs (eg, cross-sectional
and longitudinal studies to quasi-experimental and community
trials) across different jurisdictionswithin and outside of Canada
[69]. SMART Platform provides the flexibility to engage with
participants (ie, citizen scientists) in real time to capture rich
population health data across jurisdictions.
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Studies conducted by the SMART Platform apply
mixed-methods approachesto understand not just theincidence
and prevalence of health behaviors and outcomes but also where,
when, how, and, more importantly why health behaviors and
outcomes change. Comprehensive population health data
collection is achieved by triangulating traditional surveyswith
ecological momentary assessments deployed via smartphones
and mobile sensors. These data can be linked with upstream
policy and administrative data and downstream health care
utilization data to inform policies across jurisdictions in
collaboration with primary stakeholders [24].

The SMART Framework isrooted in continuous and consi stent
engagement of citizen scientists by empowering themto cocreate
knowledge. The three-pronged approach allows collaborative
development of research questions through qualitative systems
mapping that enables data collection across the life course to
inform dynamic modeling [41]. The evidence generated by this
approachistrandated back to al relevant stakeholders, including
citizen scientists through the same devices that provide the
digital data used in all analyses—smartphones (Figure 1).

Figure 1 enumerates the key components of the SMART
Framework (ie, stakeholder engagement on the left side and
data processes on the right side) as well as the direction of the
data (>) and evidence (<<) flow in relationship with the key
stakeholders. The engagement of key stakeholders in the
SMART Framework isencapsul ated by theinteraction between
citizens, communities, researchers, and policy makers[51].

The contribution, collaboration, and cocreation cycleis central
to citizen science and community-based participatory research,
and the engagement of stakeholders that materializes within
this cycle is essential for qualitative systems mapping to
determine research questions.

Researchershaveavita roleto play in both empowering citizens

to participate in collaboration with communities and to trandlate
evidence back to all the stakeholders, including policy makers.
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Figurel. The SMART Framework: integration of citizen science, community-based participatory research, and systems science via ubiquitous tools.
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Thus, researchers occupy a central role that straddles both
stakeholder engagement and data processes. The evidence
trandated will enable evaluation of existing research goalsin
collaboration with stakeholdersto inform future data generation.

Dataprocesses are driven by collection, synthesis, and analysis,
with researchers playing the primary role in enabling these
processes. Nonetheless, thereisasignificant potentia for citizen
involvement in data processes, depending on the level of
engagement—contribution, collaboration, or cocreation [51].
These processes are dependent on data management, dynamic
modeling, and evidence mobilization to ultimately convert data
into evidence and trandate it back to all stakeholders through
the researchers.

Theinfinity symbol isrepresentative of the continuousinterplay
between stakeholders and constant flow of data and evidence
within theframework. Digital dataleveraged through ubiquitous
devices such as smartphones are central to this endless data
generation, which is apparent from our dependence on these
devices. The stakeholder interplay and data and evidence flow
are facilitated by the three-pronged approach, which in turn
expedites population health surveillance, integrated knowledge
trandation, and interventions—processes that are not only
interconnected but also interdependent [24]. Overdl, the
framework enables quick replication of studies in different
geographic locations, with an option to centralize or decentralize
data collection and storage to follow ethical guidelinesfor data
privacy, anonymity, and security.

An example of this synergy isevident from one of theinitiatives
informed by the SMART Framework—SMART |ndigenous
Youth. This initiative is a longitudinal community trial that
engages indigenous youth (aged 13-18 years) and educatorsin
rural and remote areas of Canada as citizen scientists[70]. The
objective of SMART Indigenous Youth is to improve mental
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health outcomes among youth by embedding a land-based,
culturally appropriate active living intervention into the school
curricula,

As part of thisinitiative, youth and educator citizen scientists
are able to cocreate knowledge through a strong partnership
between researchers, schools, and rural and remote communities
where these citizen scientists reside. The communities are
independent jurisdictional unitsgoverned by Chief and Council,
who also engage with researchers in concert with schools and
citizen scientists. This stakeholder engagement accelerates the
big data collection (surveillance) needed for the dynamic
modeling that generates evidence trandlated to stakeholders
(integrated knowledge trandlation) to evaluate the community
trial (intervention).

SMART Indigenous Youth is an ideal example of research
informed by the SMART Framework, and this investigation
would not be possible without the power of citizen-owned
smartphones. These ubiquitoustoolsare the reason for real-time
engagement of citizen scientistsin rural and remote areas, thus
they serve astools of equity for apopulation that is among one
of the most vulnerable in Canada[71,72].

Addressing Challenges

Citizen Engagement: Recruitment, Retention, and
Compliance

The success of citizen science is dependent on its ability to
contribute data, or collaborate and cocreate knowledge with
researchers[51]. However, for these actionsto transpire, citizen
scientists need to be engaged and empowered. Engagement and
empowerment are directly connected to recruitment, retention,
and compliance, which are key challenges for the success of
citizen science. Through the SMART Platform [69], we are
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integrating citizen science and community-based participatory
research to aid citizen engagement and empowerment. For
example, when we recruit youth citizen scientists, we not only
engage with schools and school administrators as community
partners, but we a so form youth citizen scientist councils, where
youth interact with researchers and school administrators to
drive the research process.

Currently, the SMART Platform is using mobile technology
and wearableswithin and outside of Canadato run simultaneous
surveillance and intervention studies with varied designs (eg,
cross-sectional and longitudinal studies to quasi-experimental
and community trials) among popul ations acrossthelife course
[69,70,73-76]. An important factor in maximizing recruitment,
retention, and compliance is to develop strategies that are
specific to different studies, cohorts, and demographic groups.

For instance, effective recruitment and retention of older cohorts
(aged >65 years) requires continuous engagement and in-person
deployment of mobile apps to minimize social isolation and
potential technology anxiety. With respect to marginalized
populations such as indigenous youth, apart from in-person
group deployment through peer-to-peer interaction, incentives
such as free data plans play akey role in the success of maobile
health interventions.

Finally, to improve engagement from a mobile technology and
methodological perspective, it is crucial to understand how
mobile interfaces can be made more intuitive to reduce the
burden of traditional surveysinstruments. Deploying and testing
ecological momentary assessments and developing replicable
methods for objective data derivation are strategies used by the
SMART Platform to reduce burden and increase overall
compliance [69,77].

Moreover, the Platform is devised to trigger questions based on
time, location, and movement to understand citizen science
compliance. The challenges of citizen engagement need to be
addressed by a combination of logistical, technological, and
methodological solutions—before, during, and after data
collection—that are facilitated by the three-pronged approach
of the SMART Framework.

L egitimization: Resources, Power Balance, and
Traditional Conservatism

The SMART Framework’s three-pronged approach inherently
faces challenges with legitimization, with leveraging resources
being the primary obstacle, asthis approach requires significant
support in terms of personnel training, funding, and time [41].
Furthermore, as computational modeling processes used by
researchers lack transparency, the balance of power between
researchers, and communitiesor citizens could be another valid
challenge[78].

In addition, traditional conservatism of academic research could
be a larger barrier for this three-pronged approach within
population health science, where thereis risk of reinforcement
and perpetuation of the status quo [79]. With transformative
change necessitating more than the involvement of multiple
stakeholders [80,81], a need exists for continuous evaluation
of the three-pronged approach.
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Rowbotham et al [14] state that although citizen science has
been neglected by population health science, it hasthe potential
to traverse cross-jurisdictional boundaries to provide new
insights in solving population health problems. Moreover, in
their study exploring therole of citizen science in transforming
population health science, the authors also emphasize the role
of community-based participatory research in addressing
population health issues[14].

Conducting research using the three-pronged approach requires
a long-term vision that cannot be restricted to short-term
projects. Existing evidenceindicatesthat citizen science projects,
especidly those that take a systems perspective, require
longevity, and although citizen science projects have been able
to obtain private and public funding for longitudinal studies
through cross-disciplinary funding initiatives, there is an
inherent risk of atering the project goals to meet funding
requirements [82].

Utilizing the three-pronged SMART Framework, the SMART
Platform has evolved into adigital methodological toolkit that
can address broad population health issues ranging from the
physical inactivity pandemic and youth mental health, to
indigenous health and school health policies [69,70,74-76]. In
doing so, the Platform has been able to secure funding from
multiple private and public sources by aligning its goals with
priorities of both funding agencies, and citizens and
communities.

This tactic has triggered the interest of interdisciplinary
researchersin citizen science—enabled popul ation health studies,
which isimportant for the success of the integration of citizen
science, community-based participatory research, and systems
science [52]. The integration also alows the transfer of power
to citizens and communities, who play an important role in
evaluating the implementation of the SMART Platform. In the
SMART Framework, researchers empower citizens to play a
larger role and challenge traditional conservatism in academia.
This ultimately allows population health science to use citizen
science as a tool when integrated with community-based
participatory research and systems science.

Data Management: Privacy, Security, and Linkages

Ethical considerations in terms of data privacy, security, and
anonymity are at the forefront of the SMART Framework.
Smartphone-enabled citizen scientist personal data provide
sophisticated granularity in terms of potential identification of
participantsin real timethrough aslew of sensors such aglobal
positioning system [83].

Protecting privacy and anonymity of citizensrequires advanced
encryption processes, which are embedded into the SMART
Platform [24]. However, before beginning data collection and
storing encrypted data, obtaining informed consent ismandatory
[77]. Aspart of the SMART Platform, citizens not only provide
informed consent through their smartphones, but they are al'so
ableto drop out of studies and request the deletion of their data.
Citizens can also review the informed consent through their
smartphones at any point during the study.

Beyond the ability to provide and delete data, citizen scientists
in the SMART Platform co-own the data and are able to
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participate in data visualization, contribute to analysis, and
translate knowledge—all aspects that are enabled by the
integration of citizen science, community-based participatory
research, and systems science. However, citizen science—enabled
data need to be linked with administrative, policy, and even
health care access and utilization data to address population
health issues [77].

Datalinkagesrequiredigital and logistical infrastructure aswell
as policy maker support. For citizen science engagement,
technological tools that facilitate secure data collection,
synthesis, analyses, and dissemination are essential [52]. These
data processes require front-end human-computer interfaces
such as smartphone apps and back-end interfaces that
encapsul ate data management, modeling, and mobilization, as
articulated within the SMART Framework.

The SMART Platform utilizes sophisticated front-end interfaces,
which comprise constantly evolving smartphone apps specific
to various projects. This evolution is informed by the
contribution of citizen scientists, communities, and policy
makers. Although thereisagrowing movement for open-source
back-end data management [84,85], the SMART Platform
functions on aclosed back-end database. Nevertheless, the data
that are processed as part of this closed back-end are made open
to public and interdisciplinary researchers after applying
rigorous protocols of data anonymization. These efforts are a
part of the strategy to increase interoperability through data
linkages with other data sources that maximize the potential
benefits of citizen science—enabled research [56,57,86-91].

The ultimate success of such data linkages is dependent on
policy maker support, an integral part of SMART Framework
to translate data into evidence. The SMART Platform aims to
implement this approach by linking upstream behavioral citizen
science data with downstream health care utilization data in
collaboration with policy makers at multiple levels (local,
provincial, and federal).

Internet Inequity: Sociodemographics, Global Gaps,
and Policy Initiatives

Of al the challenges that the integration of citizen science,
community-based participatory research, and systems science
has to overcome, the most systemic barrier isinternet inequity.
Internet inequity could be defined as differential access to the
internet based on wedth of a country (high-, low- or
middle-income), geographic region (urban, rural, or remote),
socioeconomic status, gender, age, or ethnicity [12,92-94].

If the goal of the three-pronged approach is to address global
population health inequities through citizen-owned devices, this
integration needs to take into account the fact that there is
potential for widening existing health disparitiesthrough digital
divides that exclude vulnerable groups [12].

L arge-scal e surveys have shown significant differencesin access
to the internet across socioeconomic status [92,93]. Buchi et a
[92] conducted structural modeling using data from
representative surveysfrom 5 countries (New Zealand, Sweden,
Switzerland, United Kingdom, and United States) to show that
sociodemographi csindependently account for 50% of variance
in usage, with age as the strongest predictor.
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The Pew Research Centre's Internet Project conducted a study
to explore how smartphone dependence (ie, when one’s only
means of accessing the internet is via a smartphone) and
smartphone use differ between key demographic groupsin the
United States. Results showed that minority groups and younge,
lower income, and less educated users are more likely to be
dependent on smartphones. These findings suggest that
smartphones can symbolize both equity and inequity depending
on access to the internet [93].

Thedigital divide isacomplex phenomenon as depicted in the
study by Hilbert [94], who investigated nationally installed
bandwidth potential of 172 countries from 1984 to 2014. The
results indicated that internet bandwidth divide between high-
and low-income countries first increased during the period of
study and then decreased to historic lows between 2012 and
2014. Although there is no clear pattern in terms of the
bandwidth divide across high- and low-income countries, in
general, there are apparent links between bandwidth divide and
income divide [94].

Although more individuals have access to global bandwidth
than ever before [94], some countries are more digitaly
progressive and can provide the road map for better access to
theinternet [95]. With the United Nations declaring that access
to the internet is a human right [96] and with a significant
proportion (>75%) of peoplein 26 countries agreeing with this
assessment [97], policy makers have a moral responsibility to
address internet inequity.

Countries such as Canada are tackling internet inequity by
allocating resources and setting national targets such as
providing high speed internet to 100% of homes and businesses
by 2030. This strategy is especially important in reducing the
urban-rural divide in access to the internet [98].

Although it is beyond the purview of academics to address
structural and systemic issues related to internet inequity, as
part of the SMART Platform, researchers are engaging with
policy makers, communities, and citizensto devel op bottom-up
approaches for providing internet access to all participating
citizen scientists. For example, to provide youth citizen scientists
inrural and remote areaswith internet access, free data packages
are being negotiated as incentives, and schools are increasing
internet access to youth during and after school hours.

Conclusions

Citizen science, community-based participatory research, and
systems science need to be integrated in addressing global
population health problems. However, for this integration to
materialize, it is necessary to repurpose citizen-owned
ubiquitous communication devices (ie, smartphones) that have
revolutionized the ability to sense, share, and link big data.
Smartphones have the reach to not only create equity by
empowering disenfranchised citizens, but smartphone-based
apps also have the capacity to source big datato inform policies
through the voice of the citizens. SMART isan evidenced-based
framework that integrates citizen science, community-based
participatory research, and systems science through ubiquitous
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toolsby addressing challenges such as citizen engagement, data  management, and internet inequity to legitimize thisintegration.
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Abstract

Background: A high burden of preventable morbidity and mortality due to surgica site infections (SSIs) occurs in low- and
middle-income countries (LMICs), and most of these SSlIs occur following discharge. There is a high loss to follow-up dueto a
wide geographical spread of patients, and cost of travel can result in delayed and missed diaghoses.

Objective: Thisreview analyzes the literature surrounding the use of telemedicine and assesses the feasibility of using mobile
phone technology to both diagnose SSIs remotely in LMICs and to overcome social barriers.

Methods: A literature search was performed using Medline, Embase, CINAHL, PubMed, Web of Science, the Cochrane Central
Register of Controlled Trials and Google Scholar. Included were English language papers reporting the use of telemedicine for
detecting SSIsin comparison to the current practice of direct clinical diagnosis. Papers were excluded if infections were not due
to surgical wounds, or if SSIs were not validated with in-person diagnosis. The primary outcome of this review was to review
the feasibility of telemedicine for remote SSI detection.

Results: A total of 404 articles were screened and three studies were identified that reported on 2082 patients across three
countries. All studies assessed the accuracy of remote diagnosis of SSlI's using predetermined tel ephone questionnaires. In total,
44 SS|swere accurately detected using telemedicine and an additional 14 were picked up on clinical follow-up.

Conclusions. The use of telemedicine has shown to be afeasible method in remote diagnosis of SSIs. Telemedicine is a useful
adjunct for clinical practicein LMICs to decrease |oss to postsurgical follow-up.

(JMIR Mhealth Uhealth 2019;7(8):€13309) doi:10.2196/13309

KEYWORDS

surgical site infection; wound infection; developing country; low- and middle-income countries; telemedicine; postoperative;
follow-up

various perioperative factors such as: antibiotic use, cleanliness
of surgical equipment and postoperative wound care [1]. The
g 9greatest burden is seen in low- and middle-income countries

Introduction

Surgical site infections (SSIs) cause preventable morbidity an
mortality. The etiology of SSIsis multifactorial and is due to

http:/mhealth.jmir.org/2019/8/e13309/ IMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 13309 | p.87
(page number not for citation purposes)


mailto:cs14961@bristol.ac.uk
http://dx.doi.org/10.2196/13309
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH

(LMICs) [2], and therefore investigating factors to reduce the
incidence of SSIs should be aclinical priority.

Primary prevention of infection plays a significant role in
decreasing morbidity and mortality; however, complete
eradication of SSIsisnot possible. Therefore, to minimize the
morbidity of SSIs, timely management isrequired. This proves
challenging in LMICs, as most SSIs are diagnosed after
discharge [3]. The surgical population experiences a high loss
to follow-up, ranging between 32-75% [3,4,5], which increases
the proportion of infections that go undetected and untreated.
The wide geographic spread, as a result of poor healthcare
infrastructure, isasignificant factor in the high lossto follow-up.
Specifically, patients report long journey times, with high
associated costs and loss of income as the key reasons behind
nonattendance [6].

While this highlights a wider problem surrounding access to
healthcarefacilitiesin LMICs, one practical solutionto improve
patient follow-up after dischargeisthe use of telemedicine. This
is possible because LMICs have seen exponential expansion of
mobile phoneinfrastructurein recent years, allowing for greater
implementation of telemedicine [7].

Previous studies reporting the use of telemedicine in LMICs
have described improvement in cancer clinic attendance rates
[8] and long-term surgical follow-up of cleft palate surgeries
[9]. Currently, the only systematic review available that details
the use of telemedicine for surgical follow-up for SSI detection
is based solely within developed countries [10].

A number of studies describe the use of telemedicinein LMICs
using telephone questionnaires [3-5]; however, to the authors
knowledge, areview comprehensively summarizing the use of

http://mhealth.jmir.org/2019/8/e13309/

Sandberg et al

telemedicine within an LMIC setting has yet to be performed.
Thus, the authors aimed to review the feasibility of telemedicine
for diagnosis of SSIsin LMICs and the associated financial
costs.

Methods

Overview

The electronic search was conducted according to the preferred
reporting items for systematic reviews and meta-anaysis
(PRISMA) guiddlines[11] (Figure 1). The search was conducted
independently by two authors (CS and SK) and included the
databases Medline, Embase, CINAHL, PubMed, Web of
Science, the Cochrane Central Register of Controlled Trialsand
Google Scholar.

MeSH search terms used were: [“developing country*” OR
“LEDC" OR “resource poor setting*” OR “lower economically
developed” OR “LMIC” OR “Low* and middle income” OR
“low* middleincome” OR “lessdeveloped” OR “global south”
OR “low* income” OR “third world” OR “global health” OR
“rural”] AND [“surgical site infection*” OR “surgical wound
infection*” OR “SSI” OR “Surgical wound dehiscence’” OR
“Wound infection*” OR “Complication*” OR *“Postsurgical”
OR *“postoperative complication*” OR “wound healing*”] AND
[“phone”’ OR “telephone” OR “cellphone” OR “text message*”
OR “phone cdl” OR “telephone cal” OR “text” OR
“telemedicine’” OR “smartphone” OR “interviewsastopic” OR
“telephone interview*”]. Bibliographic references for each
article were directly searched to identify additional studies not
foundinthe primary electronic search. Thelast search date was
June 2019.
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Figure 1. Preferred reporting items for systematic reviews and meta-analysis flow diagram.
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Definitions

LMICs are defined as belonging to the World Health
Organization (WHO) classification of a low or low-middle
income country [12] at thetime of study. Low-income countries
are defined asacountry with agross national income (GNI) per
capita of 1025 United States Dollars (USD) or less, and
low-middle income countries are defined as having a GNI per
capita between 1026-4035 USD [12]. Telemedicine is defined
asthe use of telecommunication devices for remote delivery of
medical care[13].
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SSlsaredefined in linewith the Centersfor disease control and
prevention (CDC) criteria[14], stipulating infection must have
occured within 30 days of primary incision and can only involve
the skin and soft tissues surrounding the incision site. At least
one of any of the following signs of infection must aso be
present: purulent discharge, positive organism cultures, heat,
erythema, local edema or pain.

Inclusion Criteria

Literature reviews and original research published in English
in peer-reviewed journals were digible for inclusion. Studies
included reported the use of telephone communication for
detection and diagnosis of SSIs, in comparison to the current
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practice of direct clinical diagnosis. All operations requiring a
skin incision and overnight stay were included. All types of
anesthesiawere included.

Exclusion Criteria

Animal studies, case reports, grey literature, trial protocols,
editorials and expert opinion articleswere excluded. Two papers
were excluded due to full texts being unavailable. Conference
reports and proceedings were excluded due to the high
probability of incomplete data. Articles not in the English
language were also excluded. Studies where telemedicine was
not validated by in-person physician diagnosis were excluded.
Similarly, studies that did not report SSI incidence rate or did
not report on infections from surgical wounds were excluded.
Intheinstance that multiple studiesreferred to the same dataset,
the publication with the most complete dataset was used.

Outcome M easures

The primary outcome measure was the number of SSls
diagnosed using telephone interviews as a proportion of the
total number of SSIs diagnosed. Secondary outcome measures
included determining the proportion of patients who were able
to be contacted using telephone follow-up, as well as the cost
of the intervention itself for the healthcare provider and the
patient.

Data Extraction

Data were extracted independently by two researchers (CS and
SK) from the included studies using a standardized pro forma.
All differencesin dataextraction were highlighted and discussed
between the two authors. If a consensus was not reached, SP
was consulted and given the deciding vote. The data were
categorized as study demographics (ie, geographical location,
number of included patients, follow-up time, number of

Table 1. Included study characteristics.
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follow-ups, method of telephone use), patient demographics
(ie, study population, type of surgical procedures) and infection
demographics (ie, SSI diagnosis criteria, SSI incidence).

Outcome data was collected in groups relating to patient
characteristics (ie, number of patients with a maobile phone,
number of patients participating in the telemedicineintervention,
proportion of patients who were successfully followed up with
using telemedicine), SSI characteristics (ie, total number of
SSls, proportion of SSIs diagnosed using telemedicine), and
economic outcomes relating to the cost of telemedicine
intervention.

Quality Assessment

Objective measurement of quality and risk of bias was
independently analyzed using the Methodological index for
nonrandomized studies (MINORS) criteria[15] by two authors
(CS and SK). In addition, the effectiveness and ahility of each
study to be replicated in awider setting was assessed using the
WHO mobile hed th evidence and reporting assessment (MERA)
checklist [16].

Results

Study Selection

The search criteriaretrieved 404 articles, of which seven were
duplicates. Following screening, a total of 18 articles were
identified for full text review. Three full text articles met the
inclusion criteria.

Included studies were performed in Kenya [5], India [4]
(low-middle income countries) and Tanzania [3] (low income
country). A total of 2082 patients were included, with 172 SSIs
reported overall and a mean SSl rate of 8.75%. All studies
assessed the use of telephone calls to diagnose SSIs (Table 1).

Characteristics Aikenet a Nguhuni et al Pathak et al

Publication year 2013 2017 2015

Geographic location Kenya Tanzania India

Number of included patients 1172 374 536

Study population All patients undergoing surgical Obstetric patients All patients undergoing surgical

procedure

Included surgical procedures Caesarean section, laparotomy, her-
niarepair, orthopedic lower limb

surgery, sal pingectomy, cystectomy

Method of telemedicineintervention Telephone callswith predetermined

guestionnaire
Follow-up frequency 2
Follow up performed Days14 & 28
Length of follow up 30 days

CDCP criteriafor diagnosis of SSI
7.90%

SSI?diagnosis criteria

SSl rate

procedure

Herniarepair, colonic and urogenital
surgery

Caesarean section only

Telephone callswith predetermined  Telephone callswith predetermined

questionnaire guestionnaire
3 1

Days6, 12 & 28 Day 30

30 days 30 days

CDC criteriafor diagnosisof SSI  Local SSI criteria

12.0% 6.34%

839l: surgical siteinfection
bCDC: centers for disease control and prevention
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Table 2. Summary of findings.
Findings Aikenet a Nguhuni etal  Pathak et a
Patients providing atel ephone number, % >90 84 100
Patients with >1 successful telephone follow up who had provided a telephone number, % Not stated 87 71
Patients contacted by phone and seen in clinic, % Not stated 73 69
Patients undergoing surgical procedure 89 484 10
Patients with SSIs? that participated in telephone screening, % Not stated 72 Not stated
SSls detected over phone or clinic review at day 7 Not stated 11/14 Not stated
SSls detected over phone or by clinical review at day 14 Not stated 7/11 Not stated
SSls detected over phone or by clinical review at day 30 Not stated 0/0 Not stated
Total SSls detected over phone or by clinical review 16/23 18/25 10/10

839l: surgical siteinfection

Accuracy of Telephone Follow-Up Diagnosis

Of al the cases, 44 SSlswere diagnosed over the phone[3,4,5],
and all were confirmed as SSIson clinica follow-up. However,
14 additional SSIs were not detected over the phone and only
diagnosed on clinical follow-up (Table 2).

Number of Patients Ableto be Contacted by Phone

A total of 172 SSIs were recorded across the three studies
[3,4,5]; however, only 58 of these SSIs occurred in populations
who took part in telephone follow-up. The remaining 114 SSIs
were diagnosed in follow-up clinics and involved patients not
contacted viatelemedicine.

Within the three studies, between 84-100% of patients provided
atelephone number [3,4,5]; however, 13-29% of these patients
were unable to be contacted. L ossto follow-up occurred due to
patients not returning to clinic after telemedicine
communication. This resulted in an inability to confirm SSI
diagnosis.

Cost Analysis

Only one study [3] commented on the cost of intervention.
Phone calls were recorded as lasting between 3-5 minutes, and
it was estimated that each phone call cost approximately 0.50
USD. As each patient was followed up with on days 7, 14 and
28, this would be equivalent to 1.50 USD per patient (0.23%
of Tanzanian gross domestic product [GDP] per capita at the
time of calculation). In a reflection of the cost for in-person
outpatient appointments, 2008 data supplied by the WHO
documents one hospital outpatient appointment in Tanzania as
costing aminimum of 1.27 USD [17], whichis2.54 timesmore
expensive than if telephone follow up were to be used.

http://mhealth.jmir.org/2019/8/e13309/

Quality Assessment of Studies

Each of the studies was assessed using the MINORS criteria
[15] to determine their quality. As they were all comparative
prospective studies, the maximum score was 24. Theindividual
study scores were between 14-19 (Table 3).

The MINORS criteria assess whether the paper has a clearly
stated aim, if it includes all eligible patients, if it collected data
according to a preestablished protocol, if there was an
appropriate endpoint to the aim of the study, if there was an
unbiased assessment of the study endpoint, if it had an
appropriate follow-up period, whether it had a loss to follow
up less than 5%, if it prospectively calculated the study size,
whether or not it utilized an adequate control group, if the study
group was managed during the same time period asthe control,
if there was a baseline equivalence of the two groups and if
there is adequate statistical analysis.

When each text was compared against the WHO mERA
checklist (Table 4), they scored between eight to nine points
out of a possible 16. The mERA checklist requires authors to
present the availability of infrastructure to support the
intervention and justify its use; to describe how theintervention
can integrate into existing health information systems and how
this will be delivered; to describe formative research on the
intervention; to provide user feedback; to provide adescription
of how people areinformed of the program; to mention barriers
to access and costs assessment; and, finally, they must evaluate
the limitations of delivery at scale and of adapting the
intervention to other populations.
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Table 3. Methodological index for nonrandomized studies criteria for each paper.
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Criteria Studies
Aikenetd [5] Nguhuni et al [3] Pathak et a [4]
Score  Description Score  Description Score  Description
12 2 _b 2 — 2 —
o€ 2 — 1 Did not state reason some patients 1 No inclusion criteria stated
were excluded
gd 1 References a pilot study 0 Doesn't report a pilot or protocol 0 No pilot or protocol mentioned
48 2 ssid di agnosed in referenceto the 2 SSIsdiagnosediinreferencetothe 0 No criteriafor SSI diagnosis ex-
standardized CDC-NHNS risk ;s(:arainadardlzed CDC-NHNStisk cri- plained
criteria
gh 1 Not stated whether thosein clinic 1 Not stated whether thoseinclinic 1 Not stated whether those in clinic
were blinded to the telephone out- were blinded to the telephone out- were blinded to the tel ephone out-
comes comes comes
6 2 30 days 2 30 days 2 30 days
7 0 The lossto follow up was not 1 Lossto follow up was 13%, but 2 No lossto follow up
commented on 26% of those who had been con-
tacted by phone did not return to
clinic
gk 2 Specificity, sensitivity 2 Specificity, sensitivity, positive 1 Not recorded
predictive values, negative predic-
tive values
g 2 Compared against clinical diagno- 2 Compared against clinical diagno- 2 Compared against clinical diagno-
sis sis sis
10™ 2 Patients were their own control 2 Patients were their own control 2 Patients were their own control
11" 0 No Table 1 referenced 2 — 0 No dgta on group equivalence
mentioned
120 2 — 2 — 1 No statistics mentioned for SS
detection via mobile phone
Total scord® 18 — 19 — 14 _
3Has aclearly stated aim.

BNot applicable/no description given.

CIncludes all eligible patients.

dCollected data accordi ng to a preestablished protocol.

®There was an appropriate endpoint to the aim of the study.

fssi: surgical siteinfection.

9CDC-NHNS: Centers for Disease Control and Prevention-National Healthcare Safety Network.
MThere was an unbiased assessment of the study endpoint.

iHad an appropriate follow-up period.

IHad alossto follow up less than 5%.

KProspectively calculated the study size.

IUtilized an adequate control group.

MStudy group was managed during the same time period as the control.
"Baseline equivalence of the study group and control group.

OAdequate statistical analysis.

Pout of 24.
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Table 4. Mobile health evidence and reporting assessment checklist.
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Criteria Aikenet d [5] Nguhuni et a [3] Pathak et al [4]
Infrastructure (population level) No No No
Technology platform Yes Yes Yes
Interoperability or HIS? context Yes Yes Yes
Intervention delivery Yes Yes Yes
Intervention content Yes Yes Yes
Usability/content testing No No No
User feedback No No No
Access of individual participants No No Yes
Cost assessment No Yes No
Adoption inputs/ program entry Yes Yes Yes
Limitations for delivery at scale No No Yes
Contextual adaptability No No No
Replicability Yes Yes Yes
Data security No No No
Compliance with national guidelines or regulatory statutes No No No
Fidelity of the intervention Yes Yes Yes
Total (out of 16) 7 8 9

8H|S: health information systems.

Discussion

Primary Findings

More operative interventions are being undertaken in LMICs,
however, higher rates of postoperative complicationsin LMICs
are seen when compared with high income countries. Among
these complications, SSIs have been found to be the most
common [2]. The aim of this review was to establish the
feasibility of using telemedicine to increase SSI detection and
reduce the associated complications.

This review demonstrates that using telemedicine is afeasible
intervention. All studies reported high telemedicine access and
all SSIsdiagnosed using telemedicinewerefound to be accurate.
However, telemedicine a one underdiagnosed SSIs, as additional
superficid infectionswere picked up on during in-person clinical
review.

Additionally, in terms of cost effectiveness, telemedicine
intervention was found to be 2.54 times less expensive than
hospital outpatient appointments, using 2008 data supplied by
the WHO recording one hospital outpatient appointment in
Tanzania as costing a minimum of $1.27 [17].

Furthermore, based on an extrapolation of similar study data
that showed a follow-up rate of 54% [18], the use of
telemedicine could have detected an additional 8.28 SSIs
otherwise lost to follow-up. This amounts to 36.59 USD per
disability adjusted life years (DALY), where the DALY is an
undiagnosed infection. Thisisconsidered ahighly cost-effective
intervention as per the WHO Choosing interventions that are
cost-effective (CHOICE) guidelines[19], sincetheintervention

http://mhealth.jmir.org/2019/8/e13309/

islessthan onethird of Tanzania's 2015 GDP per capita (290.66
USD) [20]. However, as only one paper discussed
cost-effectiveness, firm conclusions on the cost of telemedicine
intervention as awhole cannot be extrapolated from these data
alone.

The included studies were able to reach up to 87% of patients
for follow-up using telemedicine. Thisis much higher than the
reported follow-up in a comparable Tanzanian study that did
not use telemedicine, where only 46% of patients returned in
person to clinics [18].

These results also reflect the success of LMIC telemedicine
interventions in other medical fields. One study on follow-up
of cancer patients in Nigeria found an additional 78.4% of
patients completed all follow-up appointments if they were
contacted by phone instead of being required to return to the
hospital [8]. Telemedicine has also shown good efficacy in
increasing patient compliance with returning for hospital
follow-up, duetoincreased interaction with health care providers
through text and call reminders[9,21].

This study strengthens the existing evidence for the
incorporation of more telemedicine services in LMICs, as a
practical way of delivering healthcare in remote settings. In
Tanzania, two phone calls at day 7 and day 14 would have
picked up over 90% of SSIs[3], evidence that thisintervention
can beauseful additionto clinicians' practices. However, across
the three studies, 25% of SSIs were missed by telemedicine
alone. This shows that, currently, the intervention may have a
low sensitivity that can limit its application.
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Limitations

The most notable limitation of this review was that only three
studies were eligible for inclusion in the final analysis. This
may have been aresult of only considering articlesinthe English
language; however, this is not thought to bias overall results
[22,23]. Furthermore, there was high heterogeneity between
studies, dueto studies being undertaken in different geographical
areas, involving different surgical procedures, and in populations
without standardized SSI diagnosis criteria between the three
studies. Asaresult, meta-analysiswas not considered applicable.

Additionally, within all three papersthereis potential reporting
bias due to alag period of 2-7 days between phone diagnoses
of SSI and clinical follow up. As SSI status is able to change
within thiswindow, thismay have affected results. Furthermore,
none of the studies confirmed whether diagnosing clinicians
were blinded to the telephone results. Thereisfurther potential
bias with regards to the subjectivity of CDC diagnosis criteria,
such as whether a wound is considered erythematous or hot.
Although thisis explored by Nguhuni et al [3] and Aiken et a
[5], Pathak et a [4] do not comment upon this.

A potential consequence of these biases is the low reported
incidence of SSls across the three studies (6.3% [4], 7.9% [5]
and 12% [3]), of which 93% were reported as superficial. This
is markedly lower than the SSI incidence reported in the
GlobalSurg 2 study [24], which found LMICs to report an
average SSl rate of 14-23.2%, with 81.1% being superficial.
This discrepancy may be due to caesarean sections being the

Sandberg et al

most common procedure represented within the study data, as
these tend to be elective operations, with clean wounds and
minima contamination. Furthermore, patients undergoing
caesarean section are not representative of the wider surgical
population, asthey are usually otherwise healthy young women.
This limits the generalizability of the data analyzed.

Regarding theincluded data, while atotal of 2719 patientswere
eligible for inclusion and up to 90% of patients provided
telephone numbers[3] acrossthe studies, only 573 patientswere
recorded as having successful telephone follow-upswith clinical
confirmation and were therefore able to beincluded in the final
analysis. Conseguently, this may aso limit the results.
Moreover, telemedicine access is likely to be correlated to
socioeconomic status and literacy, which was not commented
uponin any of theincluded studies. It could therefore be argued
that while telemedicine addresses the need for access to
healthcare, it does so unequally, increasing social inegquality.

None of the studies included in this review commented upon
subsequent interventions or outcomes due to increased SSI
detection, therefore the impact of the intervention is currently
unclear. Future work should incorporate this and be undertaken
using the WHO guidelines on monitoring and evaluation of
digital health interventions[16] (Figure 2). Initially, pilot studies
should be used to better measure the efficacy of telemedicine
use, then they should be followed up by scaling-up of the
intervention to measure the effectiveness of the intervention
itself as well as changes in patient outcomes in both trial and
less controlled environments.

Figure2. World Health Organization Mobile health evidence and reporting assessment schematic depiction of the six stages of theintervention maturity

life-cycle, from preprototype to national level deployment.
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Furthermore, the studies analyzed in thisreview only considered
the use of telephone consultation; however, as mobile data
access increases, ease of access to modalities such as image
capture and live video streaming will also increase. This may
help increase accuracy of diagnosis, as clinicians are able to
simultaneously view the surgical site and question the patient.
Therefore, ongoing study should not be limited to previously
used telemedicine technology but instead focus on the most
appropriate in terms of ease of use, accuracy of diagnosis, time
and cost.

Sandberg et al

diagnosis, with evidence that it is a so cost effective. The main
advantage of itsuse isthat it can help identify SSIs that would
otherwise be unreported, thus increasing the potential prompt
management of time sensitive infections. However, currently,
the quantitative impact of this intervention has yet to be
calculated, so more research is needed to address this. Future
studies should also aim to improve the accuracy of diagnosis
via telemedicine through strengthening questioning methods
and exploring other modalities such as live video streaming.
With application of robust tel ephone screening programs, there

is evidence that this has the potential to be a great addition to
the tools used to improve the high SSI morbidity and mortality
seenin LMICs.

Conclusion

The use of telephone surveillance has been shown to be a
feasible option for follow-up in comparison to in-person
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Abstract

Background: Technological advancements, together with the decrease in both price and size of alarge variety of sensors, has
expanded the role and capabilities of regular mobile phones, turning them into powerful yet ubiguitous monitoring systems. At
present, smartphones have the potential to continuously collect information about the users, monitor their activities and behaviors
inreal time, and provide them with feedback and recommendations.

Objective: This systematic review aimed to identify recent scientific studies that explored the passive use of smartphones for
generating health- and well-being—related outcomes. In addition, it explores users’ engagement and possible challengesin using
such self-monitoring systems.

Methods: A systematic review was conducted, following Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses
guidelines, to identify recent publications that explore the use of smartphones as ubiquitous health monitoring systems. We ran
reproducible search queries on PubMed, |EEE Xplore, ACM Digital Library, and Scopus online databases and aimed to find
answersto thefollowing questions:. (1) What isthe study focus of the selected papers? (2) What smartphone sensing technol ogies
and data are used to gather health-related input? (3) How are the devel oped systems validated? and (4) What are the limitations
and challenges when using such sensing systems?

Results:  Our bibliographic research returned 7404 unique publications. Of these, 118 met the predefined inclusion criteria,
which considered publication dates from 2014 onward, English language, and relevance for the topic of thisreview. The selected
papers highlight that smartphones are already being used in multiple health-related scenarios. Of those, physical activity (29.6%;
35/118) and mental health (27.9; 33/118) are 2 of the most studied applications. Accelerometers (57.7%; 67/118) and global
positioning systems (GPS; 40.6%; 48/118) are 2 of the most used sensors in smartphones for collecting data from which the
health status or well-being of its users can be inferred.

Conclusions: One relevant outcome of this systematic review is that although smartphones present many advantages for the
passive monitoring of users health and well-being, there is alack of correlation between smartphone-generated outcomes and
clinical knowledge. Moreover, user engagement and motivation are not always modeled as prerequisites, which directly affects
user adherence and full validation of such systems.

(IMIR Mhealth Uhealth 2019;7(8):€12649) doi:10.2196/12649

KEYWORDS

smartphone; mobile phone; mhealth; digital health; digital medicine; digital phenotyping; health care; mHealth; self-management;
systematic review
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Introduction

Background

Modern mobile phones have long transcended their basic use
as communication tools. At present, a smartphone is equally a
digital camera, a pedometer, a fitness tracker, or a virtua
assistant, among others. Smartphonesare familiar, unobtrusive,
and discrete devicesin today’s society. Their various embedded
sensors along with their high ubiquity have turned them into a
val uable accessory in multiple areas of research. One such area
is passive sensing or self-monitoring for either predicting or
classifying health-related behaviors of smartphone users[1].

Behavioral patterns such as app usage, socia interactions, and
a user’s activity log or contextual information such as user’'s
location or Wi-Fi connectivity are just a few examples of
smartphone data that can be modeled into passive indicators of
a user's health or well-being [2,3]. A smartphone’s numerous
embedded sensors such as digital camera, microphone, global
positioning system (GPS), accelerometer, gyroscope, Wi-Fi,
Bluetooth, light and sound sensors, aong with their
programmable platforms, enable the passive collection of user
data, thus making smartphones particularly promising
self-monitoring tools.

Objectives

This systematic review aims to overview current existing
literature about the passive sensing technologies and data of
smartphones used to monitor users health status. Passive
sensing does not require any explicit user involvement but rather
relies on the ubiquity of smartphones for gathering meaningful
data in the background, without any biases that could be
introduced by users categorical participation. In this review,
we assess recent studies on the use of smartphones asatool for
providing passive health insights, which do not use any other
kind of complementary sensing or monitoring tools. Moreover,
we are interested in highlighting possible limitations or system
validation concerns that have been identified in the studies
included in the review.

Methods

Search Strategy

This systematic review follows the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines and is registered in the PROSPERO database
(identifier CRD 4201912447). The objective of this paper was
to review the literature regarding the functionality of passive
sensing of modern smartphones. As such, wefocused on finding
the most suitable keywords for retrieving recent studies that
focus on thistopic. We conducted a bibliographic search on the
following Web-based databases: PubMed, |EEE Xplore, ACM
Digital Library, and Scopus.

http://mhealth.jmir.org/2019/8/e12649/
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The search query used for this purpose was as follows:
(smartphone OR mabile) AND (sensing OR monitoring) AND
well-being AND (health OR mhealth)

This strategy retrieved 7602 publications. Papers published
between January 2014 and March 2019 were included in the
search. We first removed duplicate titles by an automatic script
and then assessed the remaining titlesfor relevance for the topic.
The studies that passed this first assessment were further
evaluated based on their abstract. The final decision on the
inclusion of a study was based on its full-text evaluation.

Inclusion and Exclusion Criteria

The titles, authors, and publication dates of the manuscripts
resulting from the search were provided in alist that wasfurther
ordered by author names. Manuscripts written by the same
author group and that refer to the same methodology or
application were analyzed for the sake of identifying the most
recent or complete publication. Having identified one such
manuscript per author group, the remaining articles written by
the same author group were discarded, as they would contain
similar content and thus add some redundancy to thefinal results
of the review. Other inclusion criteria were as follows:

Relevance for the Chosen Topic

Study focusis passive sensing. Therefore, studiesin which users
have to explicitly manipulate the smartphone were not
considered. Publicationsthat considered smartphone asthe sole
sensing device were included.

Publication Date

Papers published from January 1, 2014 to April 1, 2019 were
included in the review. Due to the fast evolution of smartphone
technologies, what existed a few years ago may be obsolete
now. Therefore, we decided to include only recent manuscripts
based on current technologies.

Exclusion criteria were as follows: (1) publication language
other than English; (2) use of other sensing devices or external
sensors; (3) user interaction with the sensing system—this
review focuses on passive sensing, where users should neither
be aware of the sensing process nor willingly interact with the
device for this purpose; (4) unavailability of the full text of a
manuscript through the library servicesin our research ingtitute;
(5) out of scope for this review's target; (6) lack of
results—position papers were excluded; and reviews.

Study Selection

On the basis of the af orementioned selection criteria, the query
results were evaluated based on their titles first and then
abstracts. The full text of remaining papers was read and
analyzed critically to select the onesthat best fulfilled the main
purpose of thisreview. Figure 1 showsaPRISMA flow diagram
[4] of the bibliographic search.
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Figure 1. Flowchart describing the selection of the studies for the review.

Records returned by search

Trifan et a

Records excluded as duplicates

7602
!

Records after removing duplicates
7404

1

Records considered for title screening

198

Records excluded

7404
1

Records considered for abstract screening

6065

Records excluded

1339

l

Records considered for full-text reading

1140

Records excluded

199
!

Records included in the review
118

Data Collection and Analysis

The first 2 authors of this review performed individua
assessments of the papers to be included in the review. These
reviewers identified possible bias in each paper, based on the
Cochrane Collaboration’s risk of bias tool [5]. Finaly,
observations were combined into 1 spreadsheet for discussion.
In case of disagreement, thethird author provided advice onthe
final decision regarding theinclusion of amanuscript. No papers
were discarded because of bias.

Study Limitations

The search query used for theretrieval of studiesfor thisreview
resulted in 7602 papers. These papers were evaluated by 2
reviewers only, which may have caused biases in the selection
and screening of search results considering the topic of the
review. However, when in doubt, the 2 reviewers involved the
third author for an objective opinion. Another limitation of this
review is the fact that al the information presented and
summarized here was manually collected.

Results

Overview

A total of 7602 manuscripts were retrieved through the
systematic search methodol ogy described above. After removal
of duplicates, we obtained 7404 studies. Of the 7404 titles
inspected, 1339 were considered suitablefor abstract assessment.
Out of these, 199 abstracts were considered as potential
candidates for the review, which led to 199 full-text retrievals
and assessments. Finally, 119 manuscripts wereincluded in the

Table 1. Number of returned and selected papers from different databases.

81

review. Table 1 shows the number of returned and selected
papers from different Web-based databases.

The exclusion of alarge number of papers after title assessment
is because of the broadness of the search query used for study
retrieval. The query was not applied to aspecific field or section
of apaper (eg, title or abstract), rather we looked for the terms
in the query anywhere in the text of the manuscript. Thisled to
the retrieval of alarge number of papersrelated to the Internet
of Things, smart homes, wearable monitoring systems, and
robotics, aswell asaconsiderable number of systematic reviews.
The abstract evaluation further refined the number of candidate
studies as, on one hand, many revealed the use of external
sensors as complements of smartphonesin the sensing process.
On the other hand, many studies exposed explicit human
interaction with the monitoring system, which would no longer
satisfy 1 of theinclusion criteriafor thisreview, passive sensing.
Table 2 summarizes the percentage of excluded papers in the
last step of our evaluation, based on the exclusion criteria
described above.

Among the studies included for the review, we can verify that
the number of published papers related to passive sensing and
monitoring of health conditions using smartphones hasincreased
over theyears. More particularly, the number has doubled from
2014 to 2017 as shown in Table 3. This advocates for the
research interest on the topic and strengthens the motivation of
this review.

Below we provide an overview of some of the study
characteristics including their main purpose, target audience,
number and types of participants, and the sensing methods used.
We also compiled the health conditions that have been studied
and monitored using the various smartphone sensors.

Studies PubMed, n |EEE Explore, n ACM Digitdl Libraries, n Scopus, n
Returned 2994 1604 409 2595
Included in review 44 41 10 23
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Table 2. Distribution of rejected papers resulting from the full-text assessment.

Reason for exclusion

Excluded studies, n

Full text not available

Review paper

Off-topic

Preliminary work

User interaction required

Use of external sensors
Language (not English)

Same application—different study

18
7
12
6
22
17
2
1

Table 3. Number of unique returned papers by year.

Year Studies per year, n
2014 16

2015 19

2016 30

2017 28

2018 19

2019 6

Focus and Target Population of Included Studies

As shown in Table 3, the interest in sensing capabilities of a
smartphone with the aim of improving users headth and
well-being has been increasing over the last few years. Among
the selected papersfor this systematic review, physical activities
and mental health are 2 of the most studied health dimensions,
aong with sociability, students academic performance
monitoring, and general well-being, as shown in Table 4.

Of the selected papers, 29.6% (35/118) are dedicated to the
detection of users’ physical activities. Most of them aimed to
recognize basic daily activities such aswalking [6-22], standing
or sitting [6-12,15,17-19,21-24], jogging or running
[6-13,17,24], going up and down the stairs [6-10,15], lying
down [10,11,15], and driving a bike [6,12,13] or vehicle
[13,14,25]. In addition, 1 study tried toinfer riding up and down
an elevator [15], 1 assessed different activitiesincluding being
stationary, limping, shuffling, and skipping [13], and 1 detected
shopping and dining activities [14]. Physical activities were
also explored in the sense of detecting and counting steps
[26,27], distinguishing physical activity from lifestyle activities
such as eating [28,29], assessing mobility in the elderly to avoid
sedentary lives [30], studying its relationship with happiness
including nonexercise activities[31-33], or even measuring and
predicting the walking speed and distance of patients with
pulmonary diseases [34].

Another health-related issue well studied in the selected papers
is mental health disorders. Some of the mental health-related
issues, factors, or diseases that have been investigated using
smartphones are as follows:. stress conditions [35-37], bipolar
disorder [38-42], anxiety [42,43], schizophrenia [44,45],
depression [46-49], psychotic relapse [50], mood [51-54], and

http://mhealth.jmir.org/2019/8/e12649/

affect, which have been detected, for example, using photos
taken by the camerain smartphones[55,56]. A novel approach
for understanding users emotions is the study of the typing
behavior and texting speed of the users [57]. The influence of
users exposure to natural outdoor environments on mental
health has also been investigated through passive sensing [58].
Two other studies devel oped their monitoring solution including
a recommendation system to support patients with depression
to copewith their diagnosis[59,60]. Mental health systems have
also been used as a tool by caregivers to access the summary
of situations experienced by patients with depression [61] or to
alert physiciansand familiesif an abnormal behavior isdetected
in patients with mood disorders [62].

Sociability has been less studied, but it is an equally important
health dimension of people’s overall well-being. It is known to
have a considerable impact on the stress and anxiety levels of
individuals. In fact, healthy relationships between colleagues
may improve their productivity [3], united families are happier
[29,63], and students cope better with their studies when
surrounded by friends [64]. One way of analyzing this health
dimensionisby exploring interaction patterns and near locations
[65,66]. An interesting approach for using the sensing
capabilities of smartphones to infer the risk-taking propensity
of users has been proposed in 2 studies [67,68]. One
recommendation study in particular includes a feature that
informs caregivers that their patients feel lonely and need
additional examination [69].

Only 5.9% (7/118) of the selected papers chose to infer users
deep by detecting sleep patterns, irregular nights, and sleep
start and end times [2,70-74]. One study focused on the
correlation between sleep patterns and schizophrenia[75].
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The health areas described above were investigated on an
individual basis by some of the selected papers, but several
other studies explored more than just 1 areato infer insightson
users general well-being. Such systems are devel oped to detect
the physical activities, sleep patterns, sociability levels, and
location of usersto either better understand and improve their
behaviors or to promote awareness and self-reflection [76-80].

Self-monitoring systems have become very helpful in supporting
older people with their health conditions and in the early
diagnosis of abnormal conditions in the elderly. For example,
the easy monitoring of cardiac parameters with smartphones,
only using the users’ photographs of the finger or face, can
provide a first pulse rate estimation, and users can quickly
understand if something is wrong and needs additional
examination [81,82]. Similarly, incidents of fall events and
tremors are prone to increase in older people. Fall detection
systems can quickly alert when afall occurs, decrease thetime
spent on the floor, and reduce the fear of falling among the
elderly [1]. On the other hand, the early diagnosis of hand
tremors by passive sensing is an important contribution in the
diagnosis and treatment of Parkinson disease [83-86].

Finaly, 10.1% (12/118) of the selected studies developed
monitoring systems specifically dedicated to students, mainly

Table 4. Study fields of the selected papers.

Trifan et a

to understand how their behaviors (physical activities, sleep,
and socia interactions) affect their academic performance
[87-89], mental health [46-48], social anxiety [43], mobility,
and behaviors[18,90-93]. One study [94] presented an approach
for predicting the students’ food purchase within their proximity
to provide them with recommendations about healthier options.

Considering the selected papersand their described study focus,
we can categorize them by disease or lifestyle monitoring. In
fact, 4 studies aimed to monitor health conditions related to a
specific disease, such as detecting deep abnormalitiesin patients
with schizophrenia or hand tremors in those with Parkinson
disease, and another 12 opted to use smartphonesto sense users
daily lives to improve their general health and well-being.
Among the studies that targeted a specific population, 6.9%
(8/118) were  on monitoring  students lives
[64,69,87,88,90,92-94] and 27.1% (33/118) on people with
mental health conditions, such as depression or schizophrenia
[55,60-62,75]. Senior population and workers were targeted by
3 studies each [1,3,9,30,35,69]. Among the remaining studies,
2 aimed to monitor patients with Parkinson disease [83,84], 1
targeted pulmonary patients[34], and 1 targeted family members
[29]. It should be noted that among studiesthat aimed to monitor
diseases, amost all of them targeted a specific popul ation.

Study topic

Studies per topic, n

Genera well-being

Fall detection

Sleep

Sociability

Mental health

Physical activity

Heart rate

Hand tremors and Parkinson’'s
Respiratory issues

Students’ well-being

12
6
7
9
33
35
2
4
3
10

Smartphone Technologies

Today's off-the-shelf smartphones are equipped with many
passive and powerful sensing technologies, which allow the
continuous collection of various health-rel ated data. Among the
smartphone physical sensors, accelerometer is the most used
sensor because of its low privacy and power consumption. In
fact, 56.7% of the selected papers (67/118) took advantage of
this sensor to gather users data, mostly related to physical
activities.

The GPS is another commonly explored physical sensor in
smartphones as it is part of most commercially available
smartphones. Of the studiesincluded, 40.6% (48/118) collected
useful GPS data about users' location and movements. This
sensor was either used alone or along with Wi-Fi, Bluetooth,
or accelerometer. Besides the users’ location, Bluetooth was
highly used to infer levels of sociability. In fact, of the 6 papers

http://mhealth.jmir.org/2019/8/e12649/

that used Bluetooth, 4 aimed to detect users physica
encounters.

Microphone and gyroscope are other well-studied sensors in
passive systems and have been explored in 20.3% (24/118) and
16.9% (20/118) of the selected papers, respectively. A
microphone is used to infer loneliness, sleep, and fall events,
and a gyroscope is essentially used to detect basic physical
activities.

In addition to the information collected by physical sensors,
proposed solutions also collect a set of useful health-related
data about the use of smartphonesand users' usage pattern. The
most common ones are related to communication events
including calls and text messages and smartphone usage such
as screen events, light values, time spent on the phone, and
device settings. Furthermore, battery level and status and app
usage, used in 5.9% (7/118) of the selected papers, allow the
collection of useful data about sleep.
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Other health-related data can be collected from physical sensors  the sensors and smartphone data that are used in the selected
and smartphone data, for example, camera, temporal context, papers.

and magnetometer, as shown in Table 5. The table overviews

Table 6 provides an overview of the use of smartphone sensors
and datain the selected papers and different health areas.

Table 5. Source of the health-related data in percentage. SMS: short message service; API: application program interface; GPS: global positioning

system.

Source of data Studies, n
Camera 3
Google APIs 3
Battery level & stats 5
Magnetometer 6
Bluetooth 6
SMS & calls 13
Gyroscope 14
Microphone 17
Wi-Fi 15
Smartphone & app usage 19
GPS 48
Accelerometer 35
Others 8

Table 6. Summary of the smartphone sensors used in the reviewed papers.

Studied behavior

Smartphone sensors/data

Genera well-being

Fall detection
Sleep

Sociability (loneliness, relationships)

Mental health (depression, emotions, stress
level, bipolar disorder, schizophrenia)

Physical activities recognition (mobility,
steps counting)

Heart rate measurements

Hand tremor

Oxygen, breath, and voice analysis
Parkinson disease

Students’ monitoring (behaviors, perfor-
mance)

Microphone [77,95]; accelerometer [32,76,77,79,95-97]; smartphone usage [54,67,77,79]; app usage

[54,78], activity recognition API?[78]; text messages, calls, Wi-Fi [78,79]; GPs? [67,78-80,95,97];
Bluetooth, magnetometer, gyroscope, battery level and status [79], camera[98]

Audio features (microphone) [1], accelerometer [99-102], GPS[99]

App and smartphone usage [2,71,73,103]; Wi-Fi, temporal context, battery level and status[2,70,71];
accelerometer [2,71,75]; GPS, calls, text messages, activity recognition API [70]; microphone [71,74]

Bluetooth [3,65,66,69]; accel erometer, gyroscope, microphone [29,104]; GPS[29,43,64,65,68,104];
Wi-Fi [29,66,69]; calls, text messages, socia app usage [43,65,68,69]; emails[69]

GPS [36-39,42,44,46,47,50-52,58-61,72,105-107]; smartphone and app usage
[36,39,41,42,52,53,59,60,72,106,108-110]; accelerometer [35,36,39-42,44,51,57,58,60,72,106]; cell-
ID/calls[45,49,51,72,105-107]; text messages [42,45,51,55,105,107]; Wi-Fi [42,44,47,51,60]; Bluetooth
[44]; microphone [36,40,44,45,51,52,62,106]; camera [55,56]; keyboard [57]; temporal context [60];
battery usage [37]; Bluetooth [37]; Google location services API, activity recognition API [61,63]

Accelerometer [6-13,15-19,21-28,30,31,33,34,38,111-114]; gyroscope
[6,12,15,16,18,21,22,25,27,30,33,111,113,114]; magnetometer [6,16,18,21,27,111,113]; GPS
[13,14,17-20,28,115-117]; barometer [ 15,18,111]; gravity sensor [26], microphone[18,28]; Wi-Fi access
points [17,18,28]

Camera[81,82]

Accelerometer [83,84]; gyroscope [84]
Accelerometer [118]; microphone [119,120]
GPS[86]; gyroscope [85]; accelerometer [85]

GPS [48,87,88,91]; microphone [87,88,90,91,93]; Wi-Fi [87,88,91,94]; accelerometer [87,90,91,93];
smartphone usage [87,90,91]; temporal context [88]; app usages, text messages, calls[48,89,90]; battery
level and status [90,91]; location, weather data [92]; gyroscope, Bluetooth [91]; Google activity recog-
nition [89]

8AP|: gpplication programming interface.
bGPs: global positioning system.
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One of the main advantages of the use of smartphonesin health
monitoring is the possibility to passively collect data. Passive
data collection means that user interaction or participation is
not intentional, and all sensing data come from the ubiquitous
sensors of the smartphone. Of the 118 selected papers, 50 used
collected datafrom only 1 sensor, mostly accel erometer to detect
physical activities. GPS and camera were also used alonein 7
different papers. On the other hand, of the selected papers that
investigated the use of several sensors, 23 used accelerometer
that was essentially used along with gyroscope, GPS, Wi-Fi,
and microphone to detect physical activities and general users
behaviors.

In the spectrum of smartphone technologies, one of the main
challenges that can affect the health-related collection of data
when developing monitoring systems is the choice of the
operating system. In fact, there are some differences and
difficulties in development for Android or 10S systems, the 2
most used phone operating systems worldwide. Android is
currently the most popular system and has the advantage of
being convenient from the programming point of view [7].
Scanning rates of sensors are found to be superior with this
operating system [3]. Furthermore, 10S hampers third-party
appsto run endlessly in background, which may make the data
collection difficult [91]. Of the selected papers, 56.7% (67/118)
developed their system only for Android smartphones, 6
developed for both Android and 10S, and 45 did not provide
any information about the chosen operating system.

System Validation

To ensure that users of smartphone-based passive monitoring
systems engage with their use requires astrong validation before
releasing such systems for mass usage. Three aspectsrelated to
the validation of systems can be highlighted: the dimension of
the sample of participants, the study duration, and the ground
truth data that are used to compare and evaluate the results.

Validation of monitoring systems is an important phase as it
can provide researchers and devel opers with relevant feedback
and information about the accuracy and efficiency of the
systems. The developed systems are tested by a sample of
participantsfor aspecific duration. Of the sel ected papers, about
71.1% (84/118) asked less than 50 participants to use and test
their developed systems. Only few studies tested their
monitoring systems with more participants. in 16.1% (19/118)
of the studies, the systemswere tested by 51 to 450 participants,
and only 2.5% (3/118) used more than 10,000 participants in
the validation phase. Although most of the papers gave
information about the number of participants on their studies,
12 out of 118 (10.1%) did not provide any relevant information
(see Table 7). Another aspect to be noted is that, of the papers
with information about the participants, 21 out of 118 asked

Table 7. Number of participants within the selected papers.

Trifan et a

students to test their developed systems [2,56,64,69,
79,87,88,90-92,94]. Thismay be an indicator of the willingness
of younger adults to engage in this area.

Study duration isalso an important feature to be considered. Of
the selected papers, about 20% (24 out of 118) did not provide
any relevant information about the study duration. Of those
studies with a specific study duration, 16.1% (19/118) lasted
between 1 to 3 weeks or between 4 to 8 weeks, 12.7% (15/118)
lasted between 8to 35 weeks, and 7.6% (9/118) lasted for more
than 36 weeks. Some of the papersthat tried to detect physical
activities chose to ask the participants to perform specific
activities to test their developed systems without having a
specific duration (29%, 35/118) [1,6-13,15,26,27,30,34,84] (see
Table 8).

Only 1 of the selected papers did not provide any information
about the number of participants and the study duration but
mentioned that they had used 4 different smartphones to infer
nearness based on users’ daily activities and social interactions
over time and space [66].

Ground truth data allow the comparison and validation of the
data collected by smartphones. Of the selected papers, about
59.3% (70/118) indicated the type of data used as ground truth,
and the remaining studies did not provide any relevant
information. The most used method is self-reports and
guestionnaires that can be performed either by a physician or
provided by the participants. This method is very useful when
testing monitoring systems because self-reports can be prompted
to the users in their smartphones without involving any
additional efforts. On the other hand, this method presents some
disadvantages because the users may not always respond
accurately, and results turn out to be biased. In the studies
selected for this review, the questionnaire method has been
essentially used to collect information about the users’ mental
health [36,39,55,56,64,77,87,92], dleep [2,58,77], stress levels
[35,53,55,108], and physical activities [51,77,109]. Some of
the studies chose to use self-reports recognized in the health
area, as for example the Patient Health Questionnaire about
depression [59,60], the Pittsburgh Sleep Quality Index [75], the
Unified Parkinson’'s Disease Rating Scale [84], and the Beck’s
Depression Inventory [80]. To collect ground truth data,
dedicated devices can aso be used as an dternative to
guestionnaires. actigraph [34], fitness devices [27,34],
electrocardiogram [82], and video clips [15,30] to record
participants' physical activities. The actual pulse rate of the
participants has also been collected when trying to measure
cardiac parameters using the smartphone [81]. Of the selected
papers, 3 asked the participantsto manually |abel the data about
them used during the study [9,65,88].

Participants, n Studies per participant range, n
<50 84

51450 19

>10,000 3

Not specified 12
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Table 8. Study duration of the selected papers.
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Experiment duration, weeks Studies, n
1-3 19

4-8 15

9-35 19

=36 9

Not specified 57

Limitations and Validation Concerns

Users motivations, interests, and concerns about monitoring
systems may influence their adherence on using available
solutions. Some of them are related to physiological aspects
such as improving behaviors or monitoring health conditions
such as cardiac parameters, and others are related to more
technical aspects of the systems. Selected papersin thisreview
had more concerns about technical limitations of the proposed
solutions as they may affect the users’ interest and adherence
to monitoring systems.

As described previously, 56.7% (67/118) papers decided to
develop their systems with Android asit is ssmpler to develop
third-party apps and because it is the most common operating
system worldwide attracting more people to use the proposed
systems.

Battery levels and privacy are 2 main themes approached in
some of the selected papers. In fact, if these 2 aspects do not
fulfill the users’ expectations, they may not use the available
solutions. Of the selected papers, about 36.4% (43/118)
improved the use of smartphone battery or demonstrated some
concerns about itslevels and hope to improve this performance
in future work. The most used solution to maintain reasonable
levels of battery was to decrease the sampling rates of sensors
[2,13,35,70,77,91,93]. Other studies chose to pause the sampling
when the battery was low [51] or to only do a unique sampling
per day [65]. Finaly, only 1 study [11] used accelerometer to
classify activities because this sensor does not use much battery.
Related to privacy, 25.4% (30/118) evidenced that privacy issues
may drop users’ adherence. For example, users may want their
data to be securely stored as explained and implemented in 2
studies [34,87]. Other studies chose to not store any user
information on the smartphone or in the cloud [51,78], to hash
all the relevant information about the user [2,3,65,78,87] or to
only use the accelerometer as it raises few privacy concerns
[35].

Another possiblelimitation of these studiesisthat if adeveloped
system is tested by a sample of young adults, it may not be

adapted to senior people, and results may not be accurate[1,15].
Some of the proposed models were developed and tested only
with a specific population and may be too personalized, thus
leading to inaccurate resultswhen the systems are used by other
populations [88,94]. Other papers pointed out the fact that
personalized model s produced better resultsthan general models
[2,35,70,76]. Summing up, about 16.1% (19/118) raised some
concerns about the accuracy of the developed models when
used on different populations. This percentage can be explained
by the fact that 43.2% (51/118) of the selected papers chose to
develop their systems to specific populations, and no concerns
were raised by the developed models.

One of the main advantages in using a smartphone in health
monitoring is its unobtrusiveness. However, aimost half the
selected papers required the smartphones to be on a specific
body position, such asin the pocket trouser, in the handbag, or
inthe hand. Other studiesrequired the smartphonesto be placed
in the users’ vicinity [1,2,59] or to keep it always on to make
sure that the system works correctly [3,75]. These conditions
may nullify the use of smartphonesasit turnsit into an obtrusive
devicefor users.

Finally, considering that the main purpose of health monitoring
systemsisto improve users’ behaviors, health, and well-being,
37.2% (44/118) of the selected papers referred the importance
of a recommendation and feedback system to make sure that
users are aware of their behaviors to be able to improve them.
Infact, such system features may lead to improvementsin users
daily lives and health when providing useful information to
users, for example, improvementsin subjects' depression levels
[60]. However, users are not willing to receive too many
recommendations, asdescribed in 1 study [55], and notifications
should be sent to users only when necessary, for example, when
symptoms are detected [83].

Table 9 presents a list of the selected papers that referred the
described technical aspectsthat can have animpact on the users
adherence to the systems.

Table 9. List of the selected papers that referred possible limitations either in the validation of the systems or in their use.

Concerns Reference

Battery levels [2,3,11,13,15,29,31,35,51,61,65,66,70,77-79,83,91,93]
Privacy [2,3,34,35,51,61,65,69,70,78,79,87,91]

Developed models [1,2,15,35,70,76,88,94]

Smartphone body position [1-3,6-13,15,26,27,29,30,34,58,59,75,83,84]

Recommendations and feedback

[29-31,51,55,57,59-61,65,77,78,83,88,90-94]
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Discussion

Comparison With Prior Work

The reviewed studies illustrate the potential of monitoring
several health dimensions using only data collected from the
smartphone to support users in improving their health and
well-being. Several dstrategies for data collection were
demonstrated for different health areas offering researchers
several optionsto devel op passive sensing solutions. We provide
an overview of thelimitations of such health-related monitoring
systems reviewing the specific use of smartphone technologies
to monitor, understand, and improve users well-being through
several health dimensions. As far as we know, this is the first
review that investigates the use of smartphone sensing
technologies and data in health monitoring and discusses the
limitations and concerns on using such systems.

Many reviewed papers focused on specific conditions such as
mental health (bipolar disease, schizophrenia, major depressive
disease, and mood disorder) [121-125], stress[126], cardiology
[127], sleep [128], weight control through physical activities
[129], management of chronic diseases in older adults [130],
or in amore genera way, health and well-being with particular
representation of mental heath and dleep [131], and
psychological research (socid interactions, activities, and
mobility patterns) [132]. Regarding the technol ogies and devices
used in the reviews, smartphone is the most commonly used
[121-132], but only a few studies used it to collect data from
itssensors[121,123,126,128,129]. In other cases, smartphones
are used to prompt ecological momentary assessments to users
[123,124,126], provide smartphone apps[122-125,128], or send
some recommendations by short messaging serviceto the users
[129]. Reviewed papers also consider wearable devices
[122,123,125,128,130] and other devices and technol ogies such
as tablets, fitness trackers, smartphone-connected devices,
accessories, and desktop resources [123,127-130].

Compared with these reviewed papers, this review does not
target a specific condition or a sensor. Our ambition was to
identify all health-related aspects that can be monitored with a
smartphone and to understand how far we are from using such
systems as an aternative or a complement to standard clinical
procedures.

Current Challenges

Although the use of smartphones in heath monitoring
demonstrates to be a promising study field, available solutions
still face some limitations that need to be overcome to make
sure that users are comfortable and confident in using such
systems. In fact, in some situations, monitoring systems may
be perceived as uncomfortable, burdensome, and intrusive to
users.

Regular users expect monitoring systems to be able to provide
useful information and recommendations about their behaviors
[133]. Given a hedth-related feedback, users are prone to
improve their lifestyle and habits in relation with physical
activities, well-being, sociability, and mental health [134,135].

Several technological aspects of health monitoring systems
using smartphones should be taken into account. Among them,

http://mhealth.jmir.org/2019/8/e12649/
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the most interesting one is the possibility to passively and
continuously collect health-related data about users without
changing their daily lives, thus turning smartphones into an
unobtrusive and less burdensome tool compared with other
health devices. In addition, smartphones are portable, cheaper,
and more convenient than other devices and stay with the users
throughout the day, which makes them a familiar tool to users
[135]. Moreover, these passive systems can be used to share
behavioral and health-related datawith health professionalsand
peers. Recommendations, interventions, feedback, and reminders
can be integrated to inform the users about their current state
and eventually improve it [133,136].

Degspite these advantages, users may still have some concerns
about the use of smartphones in health monitoring. Nowadays,
users decide very quickly on whether they are going to use a
smartphone app or not; therefore, the devel oped systems should
fully meet their expectations. The first aspect that the users
normally evaluate is the design of apps. In addition, they hope
that the developed system is easy to use and that they will not
spend too much time to understand how it works. Concerns
about the battery and privacy are also often raised. Infact, users
expect that their battery level will not drop significantly given
that these systems usually run in background continuously.
Users may also discard apps because of privacy issues. Data
collected using smartphonesare private and should not be shared
without permission or maliciously accessed. Generally, users
accept to share their data with physicians or within a group of
people with the same goal but are not comfortable with sharing
it on social media sites, as an example. In addition, users are
comfortablewith apps using password access but are not willing
to spend too much effort in creating accounts. Moreover,
inconsistent or inappropriate results or advice may lead to the
removal of acertain app. Still related to technical aspects, users
expect that the app will not consume excessive space and
memory and that it can run in background without affecting
other smartphone functionalities [133,136].

Another important point is that users are willing to receive a
reasonable number of notifications about their current state,
mostly positive recommendations. The possibility to choosethe
frequency and timing of notifications is a feature that is
interesting to them [133]. On the other hand, users are also
interested in setting personal goals and achieving them. This
shows that a challenge or gamification feature is prone to
increase the users' engagement [133,136].

Considering the described challenges and possible concerns,
the developed systems referred in this systematic review till
face some limitations that need to be overcome to meet users
expectations and needs. First of all, validation of monitoring
systems is one of the most important phases, and the systems
should be tested with a sample of population highly
representative of the target population for a sufficient period to
collect enough data and produce results as accurate as possible.
Among the selected papers, 71.1% (84/118) asked up to only
50 participants to test the developed system, and about 17.7%
(21/118) of the selected papers tested their system for 1 to 3
weeks, which seems to be a short period to ensure reasonable
results to make sure users are confident on using available
solutions. In addition, some of the proposed systems devel oped
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models too personalized for specific populations, which may
produce inaccurate results when using the system with other
populations. Furthermore, the main advantage of using
smartphones as adata collector isits unobtrusiveness. However,
43.2% (51/118) of the selected papers require usersto keep the
smartphone near them or useit on aspecific body position such
as hand, chest, or trouser pocket. Privacy and battery levels are
other 2 aspects that need to be considered when developing
monitoring systems and that make users more confident when
using such systems. In fact, usersinsist on maintaining a good
battery level despite the use of several smartphone sensors and
expect that their datawill be securely stored.

Thisreview points out that smartphones may have the potential
to collect health-related data and provide useful feedback to
usersabout their health conditions. Despite the growing interest
and ongoing maturation, monitoring systems may still need to
beimproved to attract amore diversified type of usersand meet
their expectations. Besides above-mentioned needs and
concerns, more questions may be raised by the use of
smartphones in health monitoring. In fact, a present,
smartphones are used worldwide, but younger population are
more comfortable using them. Health monitoring systems may
be very useful to older populations, but smartphones may not
be an easy and adaptabletool to them. In addition, these systems
may attract more people with diagnosed diseases and specific
goals, such as monitoring behaviors, controlling pulse rate, or
improving their fitness, than to people with no specific goal in
mind. Finaly, a disadvantage of such systemsis that when the
users are familiar with them or have achieved their personal
goals, they may not use the developed system anymore.

Trifan et a

Conclusions

In recent years, the capabilities of smartphones have made it
possible to detect and monitor health-related behaviors of their
users. Smartphones are easy to use, unobtrusive, familiar, and
cheap compared with more traditional monitoring methodsand
come with many sensors that allow the continuous collection
of health-related data, without directly interfering with users
daily activities.

As demonstrated by this systematic review, the monitoring of
health and well-being of users using a smartphone and its
sensors is a promising field, hence the growing interest and
ongoing maturation. Although there are acouple of predominant
fields in which smartphone passive sensing contributes to the
well-being of its users, considerable other domains remain
underexplored. In addition, most studiesfocuson the prevailing
use of some of the most common sensors, such as GPS or
accelerometer, whereas only a handful of studies have so far
explored user patternsin interaction with smartphones.

Smartphones have emerged as a good monitoring tool as they
are unobtrusive, discrete, and omnipresent in today’s society
and alow to continuously collect data about their users.
Smartphones facilitate the diagnosis and treatment of some
diseases asthe care manager may have accessto additional data
sensed by them. Nevertheless, available solutions still present
some limitations, such as privacy and battery issues, that have
to be overcome to meet the users’ expectations. Finally, another
aspect worth mentioning is that researchers and developers are
focused on understanding what might motivate usersto use such
monitoring systems and arouse their confidence and long-term
adherence.
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Abstract

Background: Cancer isamajor cause of morbidity, disability, and mortality worldwide, and breast cancer is the most common
cause of death in women. Different modalities of cancer treatment can have adverse effects that reduce the quality of life of
patients and lead to treatment interruptions, if not managed properly. The use of mobile technologies has brought innovative
possibilities for improving health care. Mobile apps can help individuals manage their own health and well-being and may also
promote healthy lifestyles and information access.

Objective:  The aim of this study was to identify available evidence on the use of mobile apps to provide information and
facilitate communication regarding self-care management related to the adverse effects of toxicities owing to breast cancer
therapy.

Methods: This systematic review includes studies which were identified using a search strategy adapted for each electronic
database: CINAHL, Cochrane Library, LILACS, LIVIVO, PubMed, SCOPUS, and Web of Science. In addition, agray literature
search was performed using Google Scholar. All the electronic database searches were conducted on April 17, 2019. Two
investigators independently reviewed the titles and abstracts of the studies identified and then read the full text of all selected
papers. The quality of theincluded studieswas analyzed by the Cochrane Collaboration Risk of Bias Tool and the Methodol ogical
Index for Non-Randomized Studies.

Results: A total of 9 studies which met the dligibility criteria—3 randomized clinical trials and 6 nonrandomized studies
published in English from 2010 to 2018—were considered for this systematic review; 396 patients with breast cancer, aswell as
40 expertsin the medical and nursing fields, and 3 software engineers were included.

Conclusions: The evidence from the studies included in this systematic review is currently limited but suggests that mobile
apps for women with breast cancer might be an acceptable information source that can improve patient well-being; they can also
be used to report symptoms and adverse treatment-rel ated effects and promote self-care. Thereisaneed to test more evidence-based
apps in future randomized clinical trials.

(IMIR Mhealth Uhealth 2019;7(8):€13245) doi:10.2196/13245
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Introduction

Background

Cancer isamajor cause of morbidity, disability, and mortality
worldwide, affecting more than 18 million people each year
[1]. In Brazil alone, about 600,000 new cases of the disease are
estimated for 2019. Among women, the most common types of
cancer are those of the breast, intestines, cervix, lungs, and
thyroid. Worldwide, breast cancer is the most common cause
of death in women, with approximately 626,000 estimated
victimsin 2018 [1,2].

The different modalities of cancer treatment can have adverse
effects that may reduce the quality of life of patients and lead
to treatment interruptions if not managed properly [3].
Considering the need to handle side effectsin apopulation with
a lifethreatening  disease, promoting ~ symptom
management—related knowledge remains a high priority for
patients and a challenge for health professionals [4-6].

The landscape of mobile app usage has been growing and
evolving. Apps can be used to offer services related to
entertainment, media, education, shopping, finances, travel,
health, and so on [7]. The use of mobile technologies presents
innovative possibilities for improving health care. Mobile apps
can help individuals manage their own health and well-being
and may also promote healthy lifestylesand information access.
According to international estimates, by 2018, nearly 2 billion
smartphone and tablet users were using health-rel ated apps[8].

Considering the important role they can play in patient
education, disease self-management, and remote monitoring of
patients, the use of smartphones is receiving more attention in
the health domain every day. A systematic review investigating
smartphone-based health care technol ogies concluded that many
medical apps have been devel oped and arewidely used by health
professionals and patients alike [9].

In astudy evaluating 185 mobile apps related to breast disease
in the main app stores (Apple iTunes, Google Play, BlackBerry
World, and Windows Phone), the authors found that most
(n=139) concerned breast cancer [10]. A recent cross-sectional
review of 599 apps [11] has verified the state of the practice
regarding breast cancer-related mobile apps to characterize
health apps from app stores (i0S and Android). These studies
haveidentified alack of evidence related to the involvement of
medical expertsin the creation and development of such apps.
They have, therefore, highlighted the need to identify
high-quality apps to increase consumer confidence in their use
during health care [10,11].

A systematic review of apps targeting patients with breast and
prostate cancer involved 5 studies and a total of 644 patients.
The purposes of the appswere related to the main psychological
variablesin psycho-oncological care: quality of lifeand anxiety
and depression symptoms [12]. Another systematic review
identified 29 studies on mobile hedth apps targeting only
patients with breast cancer. More than half of the studies
addressed appsin an intervention for prevention, early detection
of breast cancer, or survivors of the disease [13]. Both
systematic reviews found that rigorous trials regarding the
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subject are lacking, despite the existence of studies related to
cancer-focused apps. Future investigations should continue to
explore and test the impact of mobile health apps on the
treatment of breast cancer [12,13].

None of these recent reviews exclusively evaluated apps for
women with breast cancer during cancer treatment. Therefore,
given the magnitude of the disease burden, the needs of this
population, the increasing use of mobile apps in the health
domain, and the need to identify quality apps, it is necessary to
enhance knowledge about the mobile apps available to provide
information and improve the course of treatment of women with
breast cancer.

Objective

This systematic review aimed to identify available evidence on
the use of mobile apps to provide information and facilitate
communication regarding self-care management related to the
adverse effects of toxicities owing to breast cancer therapy.

Methods

Protocol and Registration

Thissystematic review was conducted according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
Checklist [14]. The protocol was registered at the International
Prospective Register of Systematic Reviews under number
CRD42018083548 [15].

Eligibility Criteria

In this systematic review, weincluded the following: (1) studies
about mobile apps, defined as any computer programs or
software installed on mobile electronic devices to provide
information and facilitate communication regarding self-care
management and adverse effects related to toxicities owing to
breast cancer therapy, (2) studies that performed validation of
content or evaluated the usability or effectiveness of apps, and
(3) studiesthat collected the opinions of patients, clinicians, or
experts about apps developed for patients with breast cancer.
There were no restrictions on the year of publication or
language.

Studies were excluded for the following reasons: (1) if they
focused on mobile apps related to other types of cancer, (2) if
they focused on electronic technologies, but not mobile apps,
such as telephone services, text messages, videotapes,
audiotapes, audiovisual materials in DVDs, websites, games,
or online programsfor desktop computers, (3) if they concerned
the post-treatment period, (4) if their objective was to evaluate
mobile apps intended for health professional s but not patients,
(5) if they focused on emational, cognitive, and behavioral
strategies, and (6) if they took the form of reviews, letters,
conference summaries, book chapters, or studies that only
described the development of mobile apps.

Information Sources and Search Strategy

Studies were identified using an individual search strategy for
each of thefollowing electronic databases: CINAHL, Cochrane
Library, LILACS, LIVIVO, PubMed, SCOPUS, and Web of
Science (Multimedia Appendix 1). Thereferencelists of selected
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papers were hand searched for potentially relevant studies that
might have been missed in the electronic database searches. In
addition, a gray literature search was performed using Google
Scholar.

Duplicated references were removed by using appropriate
software (EndNote Basic, Thomson Reuters). All the electronic
database searches were conducted on April 17, 2019.

Study Selection

Study selection was completed in 2 phases by using an online
app (Rayyan, Qatar Computing Research Institute). In phase 1,
2 investigators (FOAMC and PEDR) independently screened
thetitles and abstracts of all citations retrieved from electronic
databases and identified papers that appeared to meet the
inclusion criteria. In phase 2, the same investigators
independently read the full text of all selected papers and
excluded studies that did not meet the inclusion criteria. Any
disagreements in the first or second phases were resolved by
discussion and consensus between the 2 reviewers. In case a
consensus could not be reached, a third investigator (EBF)
became involved to make a final decision. Studies that were
excluded after full-text assessment and the reasons for their
exclusion are listed in Multimedia Appendix 2.

Data Collection Process and Items

Twoinvestigators (FOAMC and PEDR) independently collected
datafrom the selected papers: popul ation characteristics (groups,
n, mean age, and treatment focus on app), study characteristics
(author(s), country and year of publication, and objective),
intervention characteristics (purpose of the app, operation,
description, and operating system), and outcome characteristics
(primary outcomes and main conclusions). Any disagreement
was resolved by discussion and mutual agreement. A third
author (EBF) was involved when required to make a final
decision. If the required data were not complete, attemptswere
made to contact the authorsto retrieve any pertinent information.

Risk of Biasin Individual Studies

Two investigators (FOAMC and PEDR) independently
conducted the risk of bias assessment for the selected papers.
Again, any disagreement was resolved by discussion and mutual
agreement. A third author (EBF) was involved when required
to make afinal decision.

To assesstherisk of bias of theincluded randomized controlled
trias, including judgments about sequence generation, allocation
concealment, blinding of participants, personnel and outcome
assessors, incomplete outcome data, and selective reporting,
the Cochrane Collaboration Risk of Bias Tool [16] was used.
Therisk of biaswas assessed as low, high, or unclear. We also
used the Methodological Index for Non-Randomized Studies
(MINORYS) [17] for the nonrandomized studies; this was done
to analyze the study aim and appropriate endpoints, inclusion
of participants, data collection, and follow-up period, as well
as the calculation of the study size and loss to follow-up. For
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the comparative study, the characteristics of the groups and the
statistical analyses were also verified.

Synthesis of Results

The heterogeneity across studies was eval uated by considering
clinical (treatment-related differences), methodological (design
and risk of bhias), and oatistical (outcome measures)
characteristics. Therefore, owing to the heterogeneity among
theincluded studies, aquantitative synthesiswas not undertaken.
Congruent with the review objectives, the results of theincluded
studies were analyzed and reported according to the
characteristics of the mobile apps, their assessment, and
satisfaction with their use.

Results

Study Selection

The literature search initially yielded 3416 papers from 7
electronic databases. After duplicate removal, the titles and
abstracts of 2396 papers were screened, and 25 potentially
relevant studies were selected for full-text reading; 16 papers
were excluded (Multimedia Appendix 2) and 9 papers met all
the eligibility criteria and were considered for this systematic
review [18-26]. Figure 1 shows a flow diagram of the study
identification, screening, and inclusion processes.

Study Characteristics

All studies were published in English from 2010 to 2018 and
evaluated mobile apps for women with breast cancer during
treatment. In total, 4 studies included patients undergoing
chemotherapy [18-21], 1 concerned postoperative patients[22],
and another focused on both chemotherapy and surgery [23].
One study included patients undergoing chemotherapy and
radiation therapy [24], and another included patients undergoing
adjuvant endocrine therapy with aromatase inhibitors[25]. Only
one study allowed any type of therapy for breast cancer [26].

In this systematic review, 396 patients with breast cancer were
included, as well as 40 medical and nursing experts and 3
software engineers. The clinical nursing experts average career
length was 17.0 years, with the duration ranging from 7 to 36
years in one of the studies [23]. One study included 2 breast
surgeons, an oncologist, aradiation oncologist, aplastic surgeon,
a gynecologist, a clinical geneticist, and 3 specialized breast
cancer nurses [26].

A study measured health literacy through avalidated instrument,
showing that 72.5% of participants had high health literacy [25].
Regarding educationa level, in 1 study, 56.1% of the
participants had completed elementary or junior middle school
[21]. Concerning familiarity with mobile apps, 1 study found
that 67% of the participants frequently used them, while 33%
were relatively inexperienced before participating in the study
[26].

The main characteristics of the studies included are presented
inTables 1, 2, and 3.
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Figurel. Flow diagram of literature search and sel ection process (adapted from Preferred Reporting Items for Systematic Reviews and Meta-Analyses

[PRISMA]).
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Table 1. Summary of population characteristics of included papers (n=9).

Year, author, country? Groups N Mean age (years) App's treatment focus
2016, Egbring et d, CGP: regular physiciansup-  CC: 41 patients, EG1: 45 CG: 56; EGL: 50; EG2: 53 Chemotherapy
Switzerland [18] patients; EG2: 41 patients

port; EG1% mobile app
without physician review;
EG2: mobile app and physi-
cian review on scheduled

visits
2018, Graetz et a, United ~ CG: mobile app without CG: 23 patients, EG: 21 pa= CG: 59.3; EG: 60.6 Adjuvant endocrine therapy
States [25] weekly remindersto useit; tients with aromatase inhibitors

EG: mobile app with weekly
remindersto useit

2016, Hwang, Canada[22] CG: conventiona follow-up; CG: 37 patients; EG: 35pa CG: 65.5; EG: 60.1 Surgery
EG: emonitoring in addi-  tients
tion to conventional follow-
up
2010, Klasnjaet a, United  Two groups of patients 5 patients 50 Chemotherapy (n=3) and
States [24] evaluated the app for three radiation therapy (n=2)
weeks

2017, Livetal, China[23]  gyG1%: clinical nursingex- EVGL: 19 nurses, EvG2:8  EvGL: 38.9; EvG2: not Surgery and chemotherapy
perts; EvG2: medical and ~ EXPerts available

nursing experts and software
engineers

2016, Young-Afatetal, The EvGL: patientswith breast EvG1: 15 patients; EvG2:  EvG1l: 51; EvG2: not avail-  Any type of cancer therapy
Netherlands [26] cancer; EvG2: physicians 10 experts able
and specialized nurses

2017, Zhu et a, China[19] EvGl: specialized nurses  EvGL: 6 experts, EvG2: 6  EvG1: not available; EvG2:  Chemotherapy
and an oncologist; EvG2: patients above 50
patients with breast cancer

2018, Zhu et a, China[20] g groups (FTFI®and -|-|f) 13 patients 495 Chemotherapy
of patientsthat evaluated the
app

2018, Zhu et a, China[21] CG: only usual care; EG: e-  A: 57 patients; B: 57 pa- A:46.2; B: 48.2 Chemotherapy

support program and usua  tients
care

8Country of the study coordinator.
bCG: control group.

°EG: experimental group.

9EVG: evaluator group.

®FTFI: face-to-face interviews.

71 tel ephonic interviews.
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Table 2. Summaries and intervention characteristics of included papers (n=9).

Cruz et a

Year, author, country?

Study characteristics

Objective

Intervention characteristics

Purpose of the app

Operation

2016, Egbring et al, Switzerland
(18]

2018, Graetz et al, United States
[25]

2016, Hwang, Canada [22]

2010, Klasnja et a, United States
[24]

2017, Liu et a, China[23]

2016, Young-Afat et al, The
Netherlands [26]

2017, Zhu et a, China[19]

2018 A, Zhu et d, China[20]

To evaluate the effects of amobile
app on patient-reported daily func-
tional activity

Toevaluatethefeasibility of aWeb-
based symptom-reporting app for
patients with early-stage breast can-
cer using Al $

To determineif unscheduled visits
for care and hospital readmission
can be prevented by e-monitoring
and to assess patient satisfaction
with the app

To refine the functional require-
ments of amobile app to assist pa-
tients with cancer during treatment

To develop and evaluate the struc-
ture and contents of a smartphone
app for women with breast cancer

To evaluate patient experience and
satisfaction, physicians’ and nurses
opinions, and scientific potential of
a supportive breast cancer app

To devel op and eval uate the content
and functionality of amobile app
for women with breast cancer under-
going chemotherapy

To explore participants' perceptions
of the strengths and weaknesses of
the BCS®, and their suggestions for
program improvement

Improvement in the patient-reported
functional activity and adverse ef-
fects of chemotherapy

Improvement in symptom burden
and medication adherence

Provision of care for postoperative
wounds

Provision of health information to
manage care-related issuesin unan-
chored settings

Provision of information support
regarding disease, treatment, medi-
cation, exercise, nutrition, symp-
toms, examination, and socia sup-
port

To be beneficial in clinical practice
and research

Provision of social, emotional, and
information support

Provision of social, emotional, and
information support

The app alows patients to record
their daily functional activity and
perceived symptoms during
chemotherapy with indications of
severity. Patients can edit alist of
their preselected symptoms or select
any of the 48 symptoms available.

The ability to report symptoms and
Al medication use, with built-in
alerts sent to a patient’s care team
on the basis of the predetermined
thresholds.

Theapp alowsfor electronic wound
monitoring. The patient takes photos
of the wound on postoperative days
1, 3, 7, and 14 and attaches them to
el ectronic messages sent to the sur-
geon, who must answer within 24
hours.

Theapp hasmodulesincluding daily
check-insto track well-being and
symptoms; calendar events (eg,
consultations with clinicians); logs
to monitor medications, pain, and
surgery drains; and notes (ie, text,
photo, and audio) for quick capture
of care-related information.

The app has 5 main function mod-
ules. personalized information rec-
ommendation, category knowledge
center, headlineinformation brows-
ing, newest information browsing,
and information searching.

The app has 4 main functionalities:
repository for information (audio
recorded and imaging), symptom
registration, timeline of treatment
trgjectory, and personalized informa-
tion about breast cancer and treat-
ment.

The app has4 components: learning
(information related to breast cancer
and symptom management), discus-
sion (anonymous support group),
ask the expert (online consultation),
and personal stories (stories of
breast cancer survivors).

The app has4 components: learning
(information related to breast cancer
and symptom management), discus-
sion (anonymous support group),
ask the expert (online consultation),
and personal stories (stories of
breast cancer survivors).
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Year, author, country? Study characteristics Intervention characteristics
Objective Purpose of the app Operation

2018 B, Zhu et a, China[21] To determine the effectiveness of Provision of social, emotional, and The app has4 components: learning
the BCS program to addresswom-  information support (information rel ated to breast cancer
en's self efficacy, symptoms, and and symptom management), discus-
quality of life during chemotherapy sion (anonymous support group),

ask-the expert (online consultation),
and persona stories (stories of
breast cancer survivors).

8Country of the study coordinator.
PAls: aromatase inhibitors.
°BCS: Breast Cancer e-Support Program.
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Table 3. Summary of interventions and outcome characteristics of included papers (n=9).

Cruz et a

Year, author, country?

Intervention characteristics

Description (devel oper)

Operating system

Outcome characteristics

Primary outcomes

Main conclusions

2016, Egbring et al,
Switzerland [18]

2018, Graetz et a, United
States [25]

2016, Hwang, Canada [22]

2010, Klasnjaet a, United
States [24]

2017, Liu et a, China[23]

2016, Young-Afat et al, The

Netherlands [26]

2017, Zhu et d, China[19]

2018, Zhu et a, China[20]

Mobile app to record daily
functional activity and ad-
verse effects of chemothera-

py

App that allows patients to
shareinformationin real
time with their cancer care
team outside of clinic visits

Smartphone app that allows
for communication between
the patient and the surgeon
(Medeo)

Mabile app to assist patients
in managing care-related in-
formation (HealthWeaver
Mobile)

Smartphone app to provide
personalized information
support (Information Assis-
tant)

Supportive breast cancer
mobileapptoassistinclini-
cal practice and research
(OWise)

Mobile app to promote
women'’s self-efficacy and

social support (BCSd)

Mobile app to promote
women'’s self-efficacy and
social support (BCS)

i0S? and Android

Information not available

Information not available

Android only

Information not available

iOS and Android

i0S and Android

iOS and Android

Functional activity and ad-
verse effects of chemothera

py

Symptom burden and medi-
cation adherence

Unscheduled visitsfor care,
hospital readmission, and
patient satisfaction

Participants’ perceptions of
HealthWeaver Mobile

Participants’ evaluation of
Information Assistant

Participants’ evaluation of
OWise

Participants’ evaluation of
BCS

Participants’ perceptions of
BCS

Patient well-being and re-
porting of the adverse ef-
fects of chemotherapy can
beimproved by using amo-
bile app under the supervi-
sion of the treating physi-
cian.

The use of an app with
weekly reminderssignificant-
ly improved short-term Al°¢
adherence, which may re-
duce the symptom burden of
women with breast cancer.

Electronic wound monitor-
ing was associated with sig-
nificantly less unscheduled
care, including hospital
readmission and visitsto the
emergency department or
walk-inclinic, ahigh degree
of patient satisfaction, and a
possible reduction in cost to
the health care system.

The possibility of taking
photos and audio notes was
highly valued by partici-
pants. The app was seen not
only as avaluable way to
captureinformation quickly
but also asameans of access-
ing information, especialy
through calendar events.

A few useful piecesof infor-
mation, photos, and videos
have been added, allowing
patients to gain maximum
benefits from the app. Itis
able to deliver high-quality
information support.

Benefits for patients and
their medical teams, epecia-
ly because of the option to
make audio recordings of
consultations and the avail-
ability of personalized infor-
mation.

More information has been
added in the app tutorial, as
well astheinformation rel at-
ed to food choices, sexual
activity, pregnancy, and the
interpretation of laboratory
results, making the app use-
ful, attractive, and easy to
use.

Potential of BCS to support
women during chemothera-
py. Its benefits can be maxi-
mized by incorporation into
routine care.
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Year, author, country? Intervention characteristics

Description (devel oper)

Operating system

QOutcome characteristics

Primary outcomes Main conclusions

2018, Zhu et a, China[21] Mobile app to promote
women'’s self-efficacy and

social support (BCS)

iOS and Android

Self-efficacy The BCS program demon-
strated its potential as an ef-
fective and easily accessible
intervention to promote
women's self-efficacy,
symptom interference, and
quality of life during
chemotherapy.

aCountry of the study coordinator.

bi0s: iPhone Operating System.

CAls: Aromatase Inhibitors.

dBCS: Breast Cancer e-Support Program.

Risk of Bias Within Studies

On the basis of the methodological quality assessment using
MINORS[17], thetotal scores of the validation studies ranged
from 12 to 16 [19,20,23,24,26], while the nonrandomized
comparative study reached atotal score of 21 [22], asshownin
Table 4.

On the basis of the methodological quality assessment using
the Cochrane Collaboration Risk of Bias Tool [16], one of the
studies [21] presented a low risk of bias in al domains
evaluated. Only one of the studies [18] presented high risk in
2 domains, both regarding blinding; the authors indicated that
the absence of blinding may have affected the outcomes
evaluated. |n one study, there were no reportsregarding blinding
of outcome assessment [26], as shown in Figure 2.

Table 4. Methodological appraisal of selected studies on the basis of Methodological Index for Nonrandomized Studies (MINORS).

Criteria® Hwang, 2016 Klasnjaet al Liuetal 2017  Young-Afatet Zhueta 2017 Zhueta 2018
[22] 2010 [24] [23] al 2016 [26] [19] [20]

1. A clearly stated aim 2 2 2 2 2 2

2. Inclusion of consecutive patients 2 2 2 2 2 0

3. Prospective collection of data 2 2 2 2 2 2

4. Endpoints appropriateto aim of study 2 2 2 2 2 2

5. Unbiased assessment of study end- 2 2 2 2 2 2

point

6. Follow-up period appropriate for aim 2 2 2 2 0 2

of study

7. Loss to follow-up less than 5% 2 0 2 0 2 2

8. Prospective calculation of study size 1 0 2 2 2 2

9. An adequate control group 2 N/AP N/A N/A N/A N/A

10. Contemporary groups 1 N/A N/A N/A N/A N/A

11. Baseline equivalence of groups 1 N/A N/A N/A N/A N/A

12. Adequate statistical analyses 2 N/A N/A N/A N/A N/A

Total score 21 12 16 14 14 14

3 tems were scored O (not reported), 1 (reported but inadequate), or 2 (reported and adequate). The global ideal total score is 16 for noncomparative
studies and 24 for comparative studies. See list of references for full source information on papers. MINORS index is described in Slim et al [14].

@Not applicable.
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Figure 2. Methodological appraisal of selected studies on the basis of Cochrane Collaboration Risk of Bias Tool.

Egbring et al 2016

. Blinding of outcome assessment (detection bias)

Graetz et al 2018

-~J

. . . Random sequence generation (selection bias)
@ @ | @ | Allocation concealment (selection bias)

Zhu et al 2018

® | @® | @ | slinding of participants and personnel (performance bias)

@ | @ | @ | selective reporting (reporting bias)

. . . Other bias

® @ @ |ncomplete outcome data (attrition bias)

Synthesis of Results

All the analyzed studies carried out the evaluation of mobile
apps for women during the treatment of breast cancer. On the
basis of the objective, different types of apps were developed.
In general, al involved the provision of useful and quality
information to patients as away of improving management of
adverse treatment effects through the promotion of self-care at
home.

Some studies reported the importance of using the specific app
under the supervision of health professionals, either online
[19,22,25] or in person [18]. Two studies evaluated an app
capable of communicating with hesalth care professionals,
providing remote electronic monitoring [22,25]. One study
developed a pilot randomized controlled trial to assess the
feasibility of an app with or without weekly reminders, allowing
the sharing of health information on a real-time basis with the
patient’s oncology care team. Participants who used the weekly
reminders feature had a higher app usage rate (74% vs 38%,
P<.05) during the intervention and reported higher drug
adherence than those who did not opt for this feature (100% vs
72%, P<.05) [25].

Another study reported a significantly lower number of
unexpected medical consultations, including hospital
readmissions and visits to the emergency department, in the
e-monitoring group than the conventional follow-up control
group (3% vs 22%, P<.05), as the app allows the professional
to conduct an electronic consultation if necessary, avoiding

http://mhealth.jmir.org/2019/8/e13245/

RenderX

complications. Almost all e-monitoring patients felt that the
app led to improved care (95%) and would recommend it to a
friend or colleague (90%).

Three studies in this systematic review [19-21] concerned an
app with an ask the expert module, capable of providing online
consultations, which was found to be useful, attractive, and easy
to use [19]. The authors developed and evaluated the content
and functionality of the mobile app [19], tested it to determine
its effectiveness regarding women'’s self efficacy, symptoms,
and quality of life during chemotherapy [21], and explored
participants’ perceptions of app strengths and weaknesses[20].

Through qualitative interviews, it emerged that the participants
considered the app to be useful for improving knowledge and
promoting emotional well-being and would recommend it to
other women undergoing chemotherapy [20]. In addition, when
tested, the app had significantly better health outcomes at 3
months regarding self-efficacy (21.05; 95% CI 1.87 to 40.22;
P=.03; d=0.53), symptom interference (-0.73; 95% Cl -1.35
to —0.11; P=.02; d=-0.51), and quality of life (6.64; 95% CI
0.77 to 12.50; P=.03, d=0.46) compared with participants who
received usual care[21].

Another study reported the importance of an app for patients
who require face-to-face follow-up with heath care
professionals on scheduled visits. Through the app, the patient
can make a recording of the perceived symptoms at home,
improving the report of the adverse effects management for the
health care professional during consultation [18].
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Thefocus of some studieswas on using mobile appsto improve
the retention of information about the management of adverse
effects and, consequently, to improve self-care and patient
well-being. One study evaluated an app with amodul e dedicated
to the latest research findings, technologies, and methods for
breast cancer care, thereby helping patients obtain up-to-date
information [23].

Moreover, one study assessed a mobile app that, in addition to
offering patient guidance through the provision of knowledge,
includes acaendar to highlight important datesrelated to events,
treatments, and consultations. This app incorporates texts,
photos, and audio, making it possible for patientsto capture and
storeimportant information related to their care. Thisapp allows

Figure 3. Screenshots of the OWise.
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greater interaction between the patient and the app, a fact that
was valued by the study participants[24].

However, this was not the only study on an app enabling the
inclusion of audio. In another study, al patients (n=15) used
the audio recording function to record consultations with their
nurses and physicians, and 14 (93%) patients found thisfeature
useful. Patients considered the audio aspect and the
personalization of information about disease and treatment as
the most useful features of the app. Almost all physicians and
nurses (90%) al so found the recording function useful and would
recommend the app to their patients [26]. Figure 3 shows
screenshots of this smartphone app, named OWise.
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Discussion

Summary of Evidence

This is a systematic review about the available evidence
regarding women's use of mobile apps during breast cancer
treatment. A total of 9 papers, which covered the devel opment
of various types of mobile apps, were included [18-26]. The
apps encompassed the transmission of useful information and
the management of the adverse effects of breast cancer treatment
through various features.

While there is growing interest in using patient reporting tools
to improve symptom monitoring during cancer treatment, there
isalack of evidence about theimpact of this strategy on clinical
outcomes[26,27]. A mobile app hasthe potentia to restore the
daily functional activity of patients with early-stage breast
cancer. This benefit is most significant when the patient uses
the app under the supervision of health professionals as the
review of the treatment during consultation is an opportune
moment for a sincere discussion of symptoms reported by the
patientsin the app [18].

Electronic follow-up via apps may help avoid unplanned visits
to the emergency room and hospital readmissions, reducing
health care costs[22]. Theseresults corroborate those of a study
that examined health-related quality of life, emergency room
visits, and hospitalizations among patients receiving
chemotherapy for advanced solid tumors. The use of tablet
computersto self-report symptoms during cancer treatment was
associated with significant clinical benefits, decreased
emergency room admissions, and reduced hospitalizations[27].

Web-based self-management support systems and apps
involving health professionals are important to ensure the
communication of high-quality information between patients
and the health team empowering the patients to increase their
self-care and improve their own health [28] and aso the
communication between patients and staff outside of health
institutions as a way of ensuring continuity of care [22],
enhancing knowledge, improving confidence level, and
promoting emotional well-being [20]. Besides that, the
involvement of health professionals in monitoring treatment
effects through an app outside of clinic visits also might be a
cost-effective way to improve symptom management and health
outcomes [25].

Calendar events, photos, messages, and audio are a few of the
mechanismsthat can increase the usability of appsand improve
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the acquisition of information related to illness and treatment
[18,24,26]. These features may improve self-care at home and
restore the daily functional activity of patients. In addition, the
audio recording function to record consultations with health
professional s does not increase the duration of the consultation
[26].

Characteristics related to communication and interaction were
also demonstrated by a recent study that aimed to investigate
the behavior of patients with prostate cancer when using a
mobile app during radiation therapy [29]. Asfound in the studies
included in this systematic review, there was improvement in
the reporting and self-management of symptoms during
treatment. In addition, the app provided continuous access to
links to important information and, like one of the apps
evaluated by a study included in this review, helped patients
obtain up-to-date information regarding their disease and
treatment [23].

Inthiscontext, health appsareincreasingly beingusedinclinical
care and might have significant informative potential. However,
they are often inserted into clinical care before the necessary
research to confirm the benefits for patients and health
professional s has been conducted [26].

Limitations

Some methodological limitations of this systematic review
should be taken into account. Most studies validated apps for
mobile devices during their development, focusing on their
content and functionality. More data from randomized clinical
trials are needed to assessthe effects of using mobile appsduring
the treatment of women with breast cancer, as is being done
with the Breast Cancer e-Support program. In addition, the
evaluated apps have different functionalities and are geared
toward different treatments. Therefore, their heterogeneity
prevents the data from being satisfactorily grouped, hindering
aquantitative analysis.

Conclusions

The evidence from the studiesincluded in this systematic review
is currently limited but suggests that mobile apps for women
with breast cancer might be an acceptable information source
and lead to improved patient well-being. They can also be used
to report symptoms and adverse treatment-related effects and
promote self-care. However, the real utility of mobile apps for
women undergoing breast cancer treatment is still uncertain.
More evidence-based apps must be tested in future randomized
clinical trias.
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Abstract

Background: With a wide range of use cases in both research and clinical domains, collecting continuous maobile health
(mHealth) streaming data from multiple sources in a secure, highly scalable, and extensible platform is of high interest to the
open source mHealth community. The European Union Innovative Medicines Initiative Remote Assessment of Disease and
Relapse-Central Nervous System (RADAR-CNS) program isan exemplary project with the requirementsto support the collection
of high-resolution data at scale; as such, the Remote Assessment of Disease and Relapse (RADAR)-base platform is designed to
meet these needs and additionally facilitate a new generation of mHealth projects in this nascent field.

Objective:  Wide-bandwidth networks, smartphone penetrance, and wearable sensors offer new possibilities for collecting
near-real -time high-resolution datasets from large numbers of participants. The aim of this study was to build a platform that
would cater for large-scale data collection for remote monitoring initiatives. Key criteria are around scalability, extensibility,
security, and privacy.

Methods: RADAR-base is developed as a modular application; the backend is built on a backbone of the highly successful
Confluent/Apache Kafka framework for streaming data. To facilitate scaling and ease of deployment, we use Docker containers
to package the components of the platform. RADAR-base provides 2 main mobile apps for data collection, a Passive App and
an Active App. Other third-Party Apps and sensors are easily integrated into the platform. Management user interfacesto support
data collection and enrolment are also provided.

Results. General principles of the platform components and design of RADAR-base are presented here, with examples of the
types of data currently being collected from devices used in RADAR-CNS projects: Multiple Sclerosis, Epilepsy, and Depression
cohorts.

Conclusions: RADAR-base is a fully functional, remote data collection platform built around Confluent/Apache Kafka and
provides off-the-shelf components for projects interested in collecting mHealth datasets at scale.
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Introduction

Background

The opportunity in health care for continuous monitoring of
patients has steadily grown in paralel with the widespread
availability of smartphones, more capacious mobile networks,
and development of new wearable sensors that are able to
continuously measure a growing set of physiologica and
phenomenological parameters. Many of these devices are
currently in the lifestyle or fitness domain; however, vendors
are increasingly developing these devices for medical-grade
applications. If these streams of data can be reliably collected,
analyzed, and acted on, it opens up the possibility of better
understanding disease etiology, diagnosis, prognosis, and
detecting relapse in most disease areas.

Existing mobile health (mHealth) platformsinclude someform
of questionnaires, phone (Android, iOS) sensor data collection,
wearablesintegration, backend infrastructure, and management
user interface, but few presently include al or are scalable
solutions. Moreover, 2 such examples are the Open source
AWARE Framework, an Android platform for mobile
phone-based context sensing [1], and the Health Insurance
Portability and Accountability Act of 1996-compliant Bridge
platform, which supports biomedical studies conducted through
smartphones [2].

Objectives

The Euro 26 million Innovative Medicines Initiative (IMI)
Remote Assessment of Disease and Relapse -Central Nervous
System (RADAR-CNS) is a maor international
academic-industry research program aimed at devel oping novel
methods and infrastructure for monitoring major depressive
disorder (MDD), epilepsy (Epi), and multiple sclerosis (MS)
using wearabl e devices and smartphone technology [3]. Beyond
supporting the initial goals of the 3 disorder areas in
RADAR-CNS, the RADAR-base platform aims to provide a
highly extensible platform for mHealth applications [4].

To facilitate adoption by the wider mHealth community, the
RADAR-base platform was released under an open source
Apache 2 license in January 2018. RADAR-base is composed
of backend infrastructure and 2 Android mobile apps. a
cross-platform Cordovaapp for active monitoring of participants
(active remote monitoring technol ogy, aRM T) through conscious
action (eg, questionnaires, audio questions, timed tests) and a
native Android app for passive monitoring via phone and
wearable sensors (passive remote monitoring technology,
pRMT). RADAR-base also includes capabilities for data
aggregation, management of studies, and real-time
visualizations.

A key differentiator of RADAR-base platform is that it makes
use of Confluent technologies (based around Apache Kafka) to
provide an end-to-end solution for remote monitoring use cases

https://mhealth.jmir.org/2019/8/e11734/

(eg, participant management and data analysis) that scales
horizontally through the use of Kafkaand Confluent ecosystem.
Other approaches to centralize information flow and decouple
systems exist, in particular Messaging Queues and Enterprise
Service Bug/Service Oriented Architecture (SOA) type
architectures, which have a number of overlapping and
differentiating factors compared with Confluent/Kafka, in
particular around routing, scaling, performance, and ecosystem
[5,6]. Kafka and the Confluent ecosystem have become the de
facto industry standard for high-throughput event streaming
data applications. More specifically, it isappropriate for building
real-time streaming/transforming data pipelines that reliably
move data between systems at scale. The RADAR-base platform
has anumber of requirements: first, datamust flow from sensors
or data sources into the platform through mobile devices and
second, to transform these data (eg, restructured for Cold
Storage, Hot Storage, aggregating data based on time windows
and monitor the data coming in. This Kafka based pipeline,
along with data schematization makesthe platform flexible and
open to a variety of devices, types of data, velocity, and
throughpuit.

The RADAR-base platform can be deployed both in local
settings, such as a hospital, for local data collection or for
ambulatory studies through remote deployment for centralized
data collection. The RADAR-base backend has been deployed
on various platforms (cloud, bare-metal, etc) as a set of
microservices using Docker containers. Both scenarios are used
in RADAR-CNS.

The RADAR-base platform is a scalable, secure, open source
Internet of Things (10T) platform for real-time remote sensor
data collection in the context of mHealth clinical studies.

Methods

Components

The RADAR-base platform consists of following major
categories of components:

1. Data Collection Ecosystem

2. Datasources

3. DataProcessing and Visualization
4. Study management and Security

Figures 1 and 2 show the integration and communication
between different components of the RADAR-base platform.

Figure 1 shows the Technical Overview of the RADAR-base
Platform Stack Platform Capabilities:

1. High throughput, low latency data collection
2. Scalahility
3. Generalized device integration for passive data sources
1. Abstracted and composabl e integration mechanism for
sensor devices
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2. Third-Party RESTful (Representational State Transfer)
data source integration

4. Configurable data sources at runtime

5. Schemaevolution

6. Real-time data processing and analytics

7. Hot and cold storage

8. Dataaccess (Representational State Transfer [REST]-API)
9. Modular, extensible dashboards

10. Electronic Case Report Form (eCRF) integration (REDCap)
11. Remote configuration

12. Cohort Management Portal

13. Security

Figure 2 shows an overview of the RADAR-base platform.
Current data sources are as follows: Empatica E4, Pebble 2,
Fitbit, Biovotion, Faros, Active aRMT Questionnaire app, and
Passive pRMT app.

These functionalities are delivered through the following
components:

1. Dataingestion: Recognizing and registering data sources
(including smartphones and wearable devices), collecting

Figure 1. Technica overview of the RADAR-base platform stack.

Ranjan et a

the data via a direct Bluetooth connection or through a
third-party application protocol interface (APl), and
streaming in near-real-time to the server (green box in
Figure 1). Using Apache Kafka, the collected data are
streamed to dedicated topicsin real-timewherethe dataare
schematized using Apache AV RO and the Schema Registry.
More details about data source mapping and integration
can be found in the Data Sources and Study Management
Sections below. Detailed further on the platform's
documentation wiki [7].

Data storage and management: Consists of 2 centralized
storage systems behind an authorized security layer. The
cold storage, based on Hadoop Distributed File System
(HDFS), that is scalable and fault-tolerant, focused on
storing large volumes of raw data, and the hot storage, based
on MongoDB, for storing aggregated datato provide anear
real-time overview of the raw data, principally for the data
dashboards.

Data sharing: Visualizing aggregated data in a live
dashboard and exporting raw data for further analyses in
various formats including AVRO, JSON, and CSV.
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Figure 2. Current data sources: Empatica E4, Pebble 2, Fitbit, Biovotion, Faros, active Remote Monitoring Questionnaire app, and passive Remote

Monitoring app.
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Data Collection Ecosystem

The entire RADAR-base backend is deployable as a set of
microservices based on Docker containers[8].

Representational State Transfer Proxy

Asthe platform is based on Apache Kafka, we can either send
data directly into Kafka via a native Producer or using HTTP
and the Confluent REST proxy.

Schema Registry

The data sent into the platform from the data source will be
converted into AVRO format before going into Kafka topics.
To convert our data to AV RO, the REST proxy needs to know
the schema (or format) of the data being sent. These schemas
are stored in the Schema Registry to reduce the payload size of
each request.

Backend Streams and Monitors

Event-by-event stream processing is built on top of Kafka
Streams. It provides an abstract layer to monitor and analyze
streams of data and write aggregated/transformed data into
Kafka topics. The data are produced (into Processed Topics)
and consumed (from Data Source Topics) in Apache Avro
format using the schema stored inside the Schema Registry.
Thiscapability providesreal-time analyticsand is used to trigger

https://mhealth.jmir.org/2019/8/e11734/
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real-time interventions (eg, providing real-time data source
statistics and sending notifications on source disconnection).

Sink Connectors

The data coming into Kafka is extracted into storage systems
such as the HDFS and MongoDB with the help of Kafka Sink
Connectors. The HDFS Sink Connector takes raw data coming
into the system and depositsit into the HDFS storage in AVRO
format (this time with the schema embedded, so the data are
self-describing), which can be used for archival storage and
historical analysis. The MongoDB sink connector takes
aggregated data coming into Kafka from the Streams app’s
Processed Topics and deposits it into the MongoDB storage.

Data Typing

The AVRO schemaisaJSON format specification of thefields
and data types, which data values can hold. The schema itself
can be embedded in the message or a reference held to the
schema stored in a Schema Registry. AVRO is a particularly
convenient format for managing schema evolution in
RADAR-base, as schema changes can occur frequently and
without warning, especially where third-party data sources are
concerned.

For illustration purposes, the schemafor the phone accel eration
isshown in Figure 3.
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Figure 3. Schema overview for the phone acceleration.

{
"namespace": “org.radarcns.passive.phone”,
"type": “record",
"name": “PhoneAcceleration”,
"doc":
“fields": [
{ "name": "time", "type": "double", “doc":
{ "name": “timeReceived", "type": "double"
{ "name": “x", “type": "float", “doc":
{ "name": “y", “type": “float", “doc":
{ "name": “2", “type": "float", "doc":
]
}
Data Sources

Data Sources represent a wide variety of systems able to send
data into the RADAR-base platform; these include devices
containing sensors, mobile phones, questionnaires and digital
games/assessments, and Web-APIs data portals.

In RADAR-base, passive data sources are collected via the
PRMT app, active data sources via the aRMT app, and
third-party datasourcesviathe THINC-it appin RADAR-CNS.

Another type of data source includes middleware connecting a
vendor’'s Web API to the RADAR-base platform. For example,
Fitbit does not provide a mobile Software Development Kit
(SDK) to stream datato the pRMT app directly; instead, all the
data are uploaded to the vendor data warehouse and provided
to developers via a Web API. Getting these data into the

Ranjan et a

“"Data from 3-axis accelerometer sensor with gravitatiomal comstant g as unit.",

"Device timestamp in UTC (s)." },

, "doc": "Device receiver timestamp in UTC (s)."™ },

“Acceleration in the x-axis (g)." },
“Acceleration in the y-axis (g)." },
"Acceleration in the z-axis (g)." }

RADAR system is achieved by implementing a server-side
Kafka Source Connector, which continuously queries datafrom
the vendor's Web APl and dumps it into Kafka inside the
RADAR-base platform; this approach can be used to integrate
other Web API/OAuth2 data sources [9].

Passive Remote Monitoring App: Sensor Data Collection

The native passive Android application (pRMT) has been
designed to passively collect data from sensors on the user’'s
smartphone as well as to integrate wearable devices that offer
SDKs. Itsenhanced modularity (viapRMT plugins) alows easy
integration of new devices/sensors. It currently supports
Empatica E4 Wristband, Pebble 2 Smartwatch, and Biovotion
VSM devices.

Figure 4 shows the pPRMT app interface after login.

Figure4. Passive Remote Monitoring app user interface. The Device column lists all the devices that are connected to the app and collect data. Device
connection/disconnection is shown by green and red icons, respectively. The 3 columns next to “ Device show the different valuesthat are being measured
on the connected devices. The last column shows the amount of data (or records) that have been collected.

o
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Active Remote Monitoring App: Composable
Questionnaire Delivery

The primary goal for theaRMT mobile app isto allow usersto

notified time. The questionnaire definitions and their regimen
are defined by simple JSON configuration files, which are
Web-served and therefore remotely configurable. New
guestionnaire configuration files can be easily created either

submit questionnaires through the user's smartphone at a manually or authored as REDCap data dictionaries and parsed

https://mhealth.jmir.org/2019/8/e11734/

RenderX

JMIR Mhealth Uhealth 2019 | val. 7 | iss. 8 |e11734 | p.133
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

viaasimple script. The regimen or protocol configuration file
defines the sequence of the questionnaires delivered and the
local notifications or Firebase Cloud Messaging push
notifications used to alert the user.

The aRMT app was designed as a hybrid Cordova app and
usable on both iOS and Android. Furthermore, it includes

Figure5. User interface of the active Remote Monitoring app.

&

RADAR-CNS &

Third-Party App Integration: THINC-it

THINC-it isathird-party mobile app that makes use of 5 quick
interactive tests to assess memory, concentration, and attention
[10].

The THINC-it app uses the RADAR-base platform backend
infrastructure as part of the RADAR-CNS project. It aso
provides a reasonable paradigm for other third-party app
integration into the RADAR-base platform.

Data Processing and Visualization

Historic Raw Data Processing and Visualization

A common task is the exploration of collected raw data. In
addition to the near-rea-time visudization through the

Ranjan et a

Cordova plugins to collect active audio responses to questions,
allowing active samples of raw speech audio to be collected for
analysis. Finally, the aBRMT app aso serves as a means of
providing time markersto datacollected in parallel by thepRMT
app, such as start and end labels of walking and balance tests
used in the MS study in RADAR-CNS. Figure 5 shows a
selected interface of the aRMT app.

@

RADAR-CNS ®

dashboard, the RADAR platform includes a python package
for the processing and visualization of historic data. The package
provides standard tooling for exploratory visualization of
RADA R-base data (see Figure 6) and the easy implementation
of preprocessing pipelines to take data exported from a
RADAR-base project and output the processed data, with any
accompanying labels, in a format suitable for use in standard
machine learning libraries. Dask, a python library for parallel
and larger-than-memory computing [11], is primarily used as
the backbone. The potential for large longitudinal studies
collecting high-frequency data necessitates the ability to
distribute computation or to work on subsets. Moreover, the
use of existing libraries allows straightforward integration with
the rest of the python data science ecosystem.

Figure 6. Contiguity of phone sensor data over 6 months collected through RADAR-base for aparticipant in the major depressive disorder study. The
red line corresponds to the enroliment date, whereas a coloured segment on each row corresponds to recorded data at an hourly resolution.
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The package can make use of the common structure of
RADAR-base data through the defined AVRO schema and
specification for each modality. A schemadescribes datatypes,
allowing automatic parsing of modalities stored without type.
Each data source integrated into RADAR also contains a
specification listing associated sensors with information on
each. That information includesfield names and units, allowing
visualizationsto be labeled automatically. Asthe specifications
give the device and type of sensor for the associated data, those
data can be mapped to relevant processing pipelines. For
example, the Biovotion VSM1 device provides al its data in
1-second batches. These batches are ordered and so can be
upsampled. Using the device specification, a function to
upsample the data can be mapped to al the relevant data
modalities. Alternatively, an analyst may wish to map afunction
to sensors of the same type across different devices, which is
also made simple by using the specification to identify data
from sensors of the same type.

Real-Time Data Processing and Representational State
Transfer (RESTful)Application Protocal I nterface

The RADAR platform exposes RESTful Servicesimplemented
using Jersey 2 and deployed on Grizzly server. Data collected
in the platform are processed in real-time by a Kafka Streams
application to provide aggregations (mean, max, €tc) at various
time resolutions (second, minute, hour, day, and week) and
stored in MongoDB, which is served through the REST-API.

Figure 7. Participant data view (battery and accelerometer streams).
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Study Management and Security

The management portal Web application is the main user
interfacefor creating and organizing RADAR projects, enrolling
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The REST-API provides various APl endpoints, which can be
used to request the aggregated datain near-real-time and allows
various combinations of queries. All the endpoints are secured,;
therefore, only a valid user or a client registered with the
management portal with appropriate permissions/scopes can
access these endpoints. All REST endpoints have been
documented following OpenAPI specifications using Swagger:
a powerful open source framework offering a large ecosystem
of tools that help to design, build, document, and consume
RESTful-APIs.

The REST-API also exposes some real-time information about
the current status (connected or disconnected) of the sources
registered for aparticular subject along with when adatasource
was last detected sending data. All thisinformation is used by
the Dashboard to provide areal-time visualization of the current
state of the studies/projects to project admins.

Real-Time Visualization Via Dashboards

Overview and visudization are provided by a clear,
customizable user interface with an emphasis on exploring
different aggregation and zoom levels in the data. The
RADAR-base dashboards use Angular, RxJS, and D3 to
construct views on data from the REST-API. These presently
provide management project/study lists, compliance views, and
participant-level visualization of longitudinal data. Figure 7
shows an example data view. More detailed figures are given
in the Multimedia Appendix 1.

participants, and managing the association of participants with
corresponding data sources. Figure 8 shows the management
portal interface.
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Figure 8. RADAR-base Management Portal.
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TEST-PROJECT1

Authentication, authorization, deidentification, and encryption
are compulsory due to the sensitive information collected by
the platform and to manage additional unknown risks associated
with 10T using large numbers of network edge devices and
endpoints. These areimplemented for these following el ements:

Quick Response Code Authentication

The management portal isused to issue aQuick Response (QR)
code or Token for data-source to participant registration. This
QR code can be scanned with the embedded QR code scanner
in the integrated apps or aternatively a token can be entered
directly astext. The decoded QR code provides some valuable
information required by clientsincluding sources, user ID, roles,
SCopes.

Open Authentication 2

To provide authorization and authentication, we utilize the
OAuth2 workflow, an industry standard protocol for
authorization. In the mobile apps, we use the Refresh Token
grant type[12], and for other internal clients, we use the client
credentials grant type. For instance, the gateway and the
REST-API use the latter, whereas the mobile apps use the
former.

For the mobile apps, an access token from the management
portal isrequired for authorization acrossthe platform. Without
this token, data sources can neither register nor send data into
the platform. The management portal providesa Refresh Token
in the form of a QR code associated with a subject. This QR
code can be scanned by the mobile apps to obtain a URL to a
JSON Web Token, which embeds a Refresh Token and the
authorization endpoint asaBearer Tokeninan HTTP(S) request
to obtain a new Refresh-token and Access token pair. This
accesstoken can then be used to access and post data according
to the resources, roles, and scopes specified. Once the Access
token expires, the most recently obtained Refresh Token isused
to obtain anew (Refresh-token+Access token) pair.

The RADAR-base platform provides utilitiesfor clientsto easily
manage the OAuth2 authorization flow [13]. An online manual
isavailable, which specifies a step-by-step process of integrating
new apps along with alist of utilitiesand libraries for QR code

https://mhealth.jmir.org/2019/8/e11734/

RenderX

Attributes Pairing

and OAuth[14]. ThepRMT Android app uses Openl D Connect
for authorization and authentication [15].

Deidentification

As discussed in eCRF Integration and REDCap Integration
WebA pp Sections, the strongly identifiableinformationis saved
in a separate eCRF system, which is isolated from the
RADAR-base platform [16]. Only the nonidentifiable data are
saved in the platform. The 2 separated datasets are linked to
each other as pseudonymized data only via RADAR-base
Universally Unique ID.

Reverse Proxy

An nginx web server is used to proxy traffic into the platform
and provide Cross-Origin Resource Sharing. Furthermore, the
reverse proxy (nginx web server) can also be configured to act
asamitigation against Distributed Denial-of-Service attacks or
using it asan HTTP load balancer.

Gateway

This component controls access to the Confluent Kafka REST
Proxy for posting data from clients to Kafka through HTTP
POST requests. It performs authentication and authorization,
content validation, and decompression if needed. It also verifies
if the access token sent inthe HTTP POST request isvalid and
has the required privileges to perform the POST request for the
specified resource, role, and scope.

Audit Log

The various components of RADAR-base keep activity logs at
levelsappropriate for that component. Asthe management portal
keepstrack of al study-related information, device assignments,
and participant enrollment information, it keeps the most
detailed audit logs. Any modification to the management portal
database is stored in an audit record. These audit records store
the user who made the modification, the time a which the
modification was made, as well as the old and new state of the
modified entity, allowing the complete history of al study
metadata to be tracked or roll back modifications when
necessary. Finally, the management portal also logs when, to
what application, and for which user access tokens are being
granted. It isimportant to note that thislog is only there for the
purposes of auditing. Validation of the tokens is not handled
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by the management portal. Instead, clients can use the
management portal’s public key to validate the digital signature
embedded in the access token. This way, components in
RADAR-base can horizontally scale up, without the need for
the management portal to scale up with them just to be able to
keep up with validation requests. See Multimedia Appendix 1
for audit log figure.

REDCap eCRF Integration

Optional integration of one or more REDCap eCRFs serversis
provided with RADAR-base. REDCap isasecure 21 CFR Part
11, FISMA, and HIPAA-compliant Web application for building
and managing online surveys and databases [17]. When used
in this mode, subject creation is linked automatically between
the REDCap and RADAR-base.

Figure9. User registration workflow.

Ranjan et a

User Registration Wor kflow

A brief workflow of the registration is shown in Figure 9. A
subject or recruiter will register a new record in REDcap
(optional). Creating this record will trigger the creation of a
corresponding subject in the management portal via
RESTful-API calls. From the management portal subject, the
project admin (recruiter) will be able to register appsviaa QR
code (aRMT and pRMT). Apps can be downloaded from the
playstore, and registration QR codes can be obtained and
scanned from the management portal for the particular subject.
Once the apps get registered, the relevant subject will start
streaming wearables and phone data.
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Softwar e Availability Results

The entire RADAR-base platform is freely available at github
repository as open source software [18]. The details of the
platform can be read at the official RADAR-base website [16].
A detailed quickstart, deployment details, and developer
documentation are made available at Confluence Wiki [19].
The Docker images for al the components are available at
Docker Hub [8].
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Multipleinstances of RADAR-base are deployed and in usefor
real-world studies of Epilepsy, MS, and MDD under the
umbrella of RADAR-CNS[20,21].

The catalog of devices currently integrated into the pRMT app
include onboard Android smartphone sensors, Empatica E4,
Pebble 2 smartwatch, BiovotionEverion, Faros 180, and Fitbit;
alist is maintained here [22]. Pluggable capahility is provided
to integrate new wearable devices offering a native SDK (eg,
Empatica E4) or through third-party vendors' REST-API (eg,
Fitbit). The aRMT app provides highly extensible aRMT
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functionality to the platform, rendering questionnaires from a
JSON configuration file, for example, questionnaires using
RADAR-CNSinclude RSES, PHQ8, and ESM. Figure 6 shows
the contiguity of data collected from an MDD study participant’s
phone over a 6-month period. There are daily patterns visible
even at this resolution; topics that rely on user interaction are
typically not collected during the night, creating astriped pattern
in thefigure.

Discussion

Remote Assessment of Disease and Relapse-Base
Current Deployments

The current deployments of RADAR-base for the different
disorders are explained below.

Major Depression Disorder

The RADAR-base platform has been deployed centrally to
collect active (questionnaires) and passively generated (wearable
Fitbit and smartphone sensor) data remotely for participants
recruited to 3 sites of the MDD study. The sitesinclude King's
College Hospital, London; Centro de Investigacion Biomedica
en Red, Barcelona; and VU University Medical Center, the
Netherlands. The objective being to collect regular self-reported
symptoms and metrics such as sleep and ambulatory behavior.
High-resolution data are being collected over a period of up to
2 yearsfor each participant. More details about the MDD studies
and preliminary data analysis are provided in our study [21].

Epilepsy

The Radar-base platform has been successfully tested and
deployed in the Clinical Neurophysiology Department, King's
College London, and the Epilepsy Center, Medical Center
University of Freiburg, in their respective video
electroencephal ograms monitoring units, and it is currently in
active usein London and Freiburg with enrolled participants.

Latest participants have the facility to wear 3 devices (Faros,
Biovotion, and E4) concurrently. We have explained the detailed
deployment of the platform for Epilepsy studies and initial
collected datain our study [20].

Multiple Sclerosis

MS studies using RADAR-base are underway at different
partner sites across Europe. Participant recruitment has been
started and data are being streamed to central deployment. An
important focus here is to collect data from the Faros 180
devices used for several mobility and balance tests in addition
to similar ambulatory behavior collected in the depression study.

These 3 studies expose the versatility of the RADAR-base
platform and generate data with very different complexity,
volume, velocity, and durations.

Technical Challenges
Severd technical challenges were addressed, including:

1. High throughput, volume, and velocity of the data.

2. Processing datain real time.

3. Optimizing phone resources to handle data collection and
streaming (particularly high-resolution sensors).

https://mhealth.jmir.org/2019/8/e11734/

Ranjan et a

4. Privacy concerns particularly around Global Positioning
System data used to track location or audio exposing
identifiable information. For this, the RADAR-base
platform calculates and sends the relative location from a
reference point. Similarly, background audio sampling is
one-way-mapped to avector representation of featuresusing
an OpenSmile plugin [23]; in this way, raw background
audio is not exposed while retaining useful information
content for analytics purposes.

5. ldentifiable information is kept separate from sensor data
to make it pseudonymized.

6. Security (authorization and authentication) is also a major
concern for sensitive data collected from participants.
Access to data is provided via a secure data transfer
protocol.

7. With the huge amount of raw data the platform is built to
collect, itisessential to have efficient compression. All the
data collected and stored are compressed and encrypted.

8. Maintaining performance and behavior of the data source
pRMT and aRMT apps in an ever-changing Android
landscape of OS versions, handsets vendors, and form
factors.

Comparison With Prior Work

A summary of other platforms comparing salient features with
the RADAR-base platform are provided here. The recently
developed mental health Nonintrusive Individual Monitoring
Architecture platform, a prototype implementation used
alongside an investigation of the key features required of a
mHealth data collection platform; these include integrating data
sources, afocus on privacy, and flexible user permissions[24].
Intel's Context Sensing SDK is a library for Android and
Windows with specific context states; it, however, only provides
front-end components[25]. The EmotionSense app is developed
by the University of Cambridge to sense emotions with
implications for psychological therapy and improving
well-being; however, it is only focused on depression [26].
Medopad provides solutionsfor different health careissueswith
symptom tracking; this is a commercia solution and mainly
focuses on phone sensors and active monitoring methods [27].
PHIT alows users to build health apps based on existing
infrastructure[28]. ResearchKit, an open source framework for
building apps specifically for iOS, makes it easier to enroll
participants and conduct studies. However, new wearable device
integration requires strong programming skills and it does not
include a data management solution [29].

ResearchStack is an SDK and UX framework for building
research study apps on Android, with a similar application
domain as ResearchKit [30]. Both ResearchKit and
ResearchStack provide software libraries, frameworks, and
development tools that require extensive programming skills
to create apps. A framework to create observational medical
studiesfor mobile deviceswithout extensive programming skills
was presented [31]. Further comparison of currently available
sensing platforms/appsis provided in Multimedia Appendix 2.

A key differentiator in the RADAR-base platform is the use of
the Confluent platform technologies[32] (based around Apache
Kafka) as the underlying infrastructure to provide a highly
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scalable end-to-end solution for event-driven messaging, which
isableto satisfy awide variety of use cases, for example, high
throughput, low latency messaging, real-time data processing,
and fault tolerance/robustness. The platform can be deployed
asmicroserviceswith Docker containersand with minimal effort
extended to integrate new sensors and data sources.

Future Works and Conclusions

RADAR-base aims to stimulate the field of mHeath by
providing an off-the-shelf platform for general remote data

Ranjan et a

participant care with use cases including predicting and
pre-empting relapses and improving outcome measuresin trials
through the use of remote assessment technologies in a wide
variety of disorder areas. Beyond RADAR-CNS, RADAR-base
is being deployed across a number of other large EU
IMI2—funded programsincluding RADAR-AIlzheimer’s Disease
and is presently deployed for BigData@Heart for remote
monitoring in an atria fibrillation treatment trial (the UK
National Institute for Health Research—NIHR—funded
RATE-AF NCT02391337).

collection at scale. The project has long-term goals to improve
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Abstract

Background: Smartphones may offer anew and easy tool to assess stress, but the validity has never been investigated.

Objective: This study aimed to investigate (1) the validity of smartphone-based self-assessed stress compared with Cohen
Perceived Stress Scale (PSS) and (2) whether smartphone-based self-assessed stress correlates with neuroticism (Eysenck
Personality Questionnaire-Neuroticism, EPQ-N), psychosocial functioning (Functioning Assessment Short Test, FAST), and
prior stressful life events (Kendler Questionnaire for Stressful Life Events, SLE).

Methods: A cohort of 40 healthy blood donors with no history of personal or first-generation family history of psychiatric
illness and who used an Android smartphone were instructed to self-assess their stress level daily (on a scale from O to 2; beta
valuesreflect this scale) for 4 months. At baseline, participants were assessed with the FAST rater-blinded and filled out the EPQ,
the PSS, and the SLE. The PSS assessment was repeated after 4 months.

Results: In linear mixed-effect regression and linear regression models, there were statistically significant positive correlations
between self-assessed stress and the PSS (beta=.0167; 95% CI 0.0070-0.0026; P=.001), the EPQ-N (beta=.0174; 95% CI
0.0023-0.0325; P=.02), and the FAST (beta=.0329; 95% Cl 0.0036-0.0622; P=.03). No correlation was found between
smartphone-based self-assessed stress and the SLE.

Conclusions:. Daily smartphone-based self-assessed stress seems to be a valid measure of perceived stress. Our study contains
a modest sample of 40 healthy participants and adds knowledge to a new but growing field of research. Smartphone-based
self-assessed stress is a promising tool for measuring stressin real time in future studies of stress and stress-related behavior.

(IMIR Mhealth Uhealth 2019;7(8):€13418) doi:10.2196/13418

KEYWORDS
emotional stress; smartphone; ecological momentary assessment; mobile phone; self-report; healthy individuals

: adaptive capacity [1]. At a European level, stress has been
Introduction defined as “a state, which is accompanied by physical,
Background psychological or social complaints or dysfunctions and which

- . o results from individuals feeling unable to bridge a gap with the
Stress is a common experience that occurs when an individual requirement or expectations placed on them [2]” Stress can be
perceives that the environmental demands exceed his or her  eqorized as distress, which is the unpleasant type of stress,
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or eustress, which is the good kind of stress, the type that
motivates one to deal with whatever is causing the stress [3].
Stress can also be categorized as acute or chronic. Acute stress
is short-lived, often relating to a specific stimulus or an event.
It is accompanied by physica symptoms such as quickening
heartbeat, muscular tensions, shortness of breath, and sweating.
Chronic stress, on the other hand, isalong-term reaction to the
pressures of daily life [4]. Over time, people may get used to
the physical symptoms of chronic stress, but overexposure of
the body to stress hormones can have long-term health effects.
Stress affects the body in various ways: it can suppress the
immune system, impact memory, and disturb digestion [5].
Chronic stress has been associated with cardiovascular disease
[6], breast cancer [ 7], and psychiatric disorders[8]. High stress
levels have also been found to be associated with higher
all-cause mortality in men [9].

Stressisan individual experience, and even though the physical
symptoms of stress (such as increased heart rate) can be
measured objectively [10], most measures of stress focus on
the individual’s perception of stress, that is, subjective stress.
Individuals appraise situations and responses to stress
differently. Measures of self-assessed stress vary from simple
yesor no questions (“do you feel stressed?’) to amore complex
grading of stress, for example, different point Likert-scales, to
specific questions about stressful events (for areview, see[11]).

A more definite measure of subjective stress can be determined
by using special instruments, such as stress assessment scales.
Stress assessment scales consist of alist of questions relating
to stressful events and experiences. By having individuas
respond to specific questions, it is more likely that they are
assessing the same kind of stress, that is, the kind of stress that
has been defined by the assessment scale.

Cohen Perceived Stress Scale (PSS) is widely used for
measuring individual perception of stress. It is commonly
implemented in a 10-question form and measures the way
respondents have found their lives unpredictable, uncontrollable,
and overwhelming in the previous 14 days. The PSS has agood
internal reliability (Cronbach alpha=.78-.91) and is correlated
with various self-report and behavioral criteria, such as stressful
life events and depressive symptoms. [12,13].

Some predictors of subjective stress have been identified in
individual studies. Thus, female gender, low self-esteem, and
neuroticism have consistently been associated with higher levels
of subjective stress [14-17]. Having experienced stressful life
events is also a predictor of higher levels of subjective stress
[18].

In the last decade, with the release of smartphones and tablets,
the use of maobile health (mHealth) has been steadily growing.
mHealth is the practice of using mobile devices in medicine
and public hedth [19]. One method of collecting health
measures, such as subjective stress, on a mobile device is
ecological momentary assessment. Ecological momentary
assessment is a collection of methods used to collect
“assessments of the subjects’ current or recent states, sasmpled
repeatedly over time, in their natural environment” [20].
Smartphones are a convenient and nonintrusive tool to measure
subjective stress, as most people carry their phones with them

http://mhealth.jmir.org/2019/8/€13418/
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throughout the day and are used to interacting with it in many
locations, in many situations, and at all times [21]. Subjective
stress measured on smartphones could, therefore, potentially
reflect aperson’sreal-time stresslevel. Being able to self-assess
one's own stress levelsin real time can help individuas to be
aware their own stress levels. Awareness of one's own stress
level isthe first step toward coping with it [22]. Nevertheless,
as previoudy reported in a systematic review by the authors,
the validity of smartphone-based self-assessment of stress has
never been systematically investigated [11].

Objectives

The objective of this study was to investigate the validity of
smartphone-based self-assessed stress evaluated daily. More
specifically, the aims were to evaluate (1) the validity of
smartphone-based self-assessed stress compared with the PSS
and (2) whether smartphone-based sel f-assessed stress correlates
with neuroticism and psychosocial functioning and whether
prior stressful life events predict smartphone-based sel f-assessed
stress.

Methods

Design and Settings

This study was conducted at The Copenhagen Affective
Disorder Research Centre, Psychiatric Centre Copenhagen,
Denmark, using aprospective design. To increase participation,
the study only consisted of 1 physical visit at baseline, whereas
follow-up was conducted via mail. Participants were recruited
by approaching blood donors in the waiting room at the Blood
Bank at Rigshospitalet, Copenhagen, at random occasionsfrom
November 2015 to August 2016. Inclusion criteria were as
follows: individua s older than 18 years, no history of psychiatric
illnesses, no first-generation history of psychiatric illnesses,
and should have an Android smartphone as their regular
smartphone. Exclusion criteria were pregnancy and lack of
Danish language skills.

A study protocol was written in August 2015 and can be
acquired by contacting the author. No changes were made to
the study design during follow-up.

This cohort of healthy individuals was recruited as a control
group for ongoing case-control studies, investigating differences
between patients with bipolar disorder, healthy individuals at
risk of bipolar disorder, and healthy individuals [23].

The Monsenso app used to evaluate stress was installed on the
participants Android smartphones at baseline, and all
participants were encouraged to carry their smartphones with
them during the day and to use their smartphone asusual during
the 4-month study period.

M easures

The Monsenso app is a smartphone app previously developed
and investigated in a number of studies by the authors (eg,
[23-25]). The app allowed participants to enter self-assessment
data and includes automatically collected sensor data, such as
measures of smartphone use, physical activity, and voice
features. Participants were asked to self-assess parameters that
are of importance in bipolar illness, such as mood, sleep,
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cognitive impairment, and stress. Both types of data could be
historically visualized on the screen, alowing the participants
to see their own data. Self-assessments were daily, and the app
camewith apreset alarm at 8 pm to remind participantsto enter
their data (Figure 1). Furthermore, analyses of the automatically
collected sensor data and other self-assessment measures will
be described in future papers.

Baseline Assessments

Clinical Assessments

The participants were included in the study from February to
August 2016 and participated for a4-month long study period.
Absence of any psychiatric diagnoses according to the
International Classification of Diseases, Tenth Revision was
confirmed using Schedules for Clinical assessment in
Neuropsychiatry (SCAN) interviews[26]. All participantswere
assessed at baseline using the Hamilton Depression Rating
Scale-17 item (HDRS-17) [27], the Young Mania Rating Scale
(YMRS) [28], and the Functioning Assessment Short Test
(FAST) [29]. Sociodemographic data on the participants were
also collected at baseline.

Questionnaires

Participants filled out the following questionnaires at baseline:
the Eysenck Personality Questionnaire (EPQ) [30], the Kendler
Questionnaire for Sressful Life Events (SLE) [31], and the PSS
[13].

porarinsdéttir et a

Follow-Up Assessments

At the end of the 4-month study period, participants received
the PSS questionnaire[13] by mail, filled it out, and sent it back
to the researchers. Participants could then uninstall the
Monsenso app from their smartphones.

Smartphone-Based Self-Assessed Stress

The Monsenso app prompted participants daily to self-evaluate
stress. Stress was evaluated on a 3-point Likert scale with the
3 possible answers being 0=no stress, 1=little stress, and 2=much
stress (Figure 1). Participants were encouraged to self-evaluate
stress at the end of their day during the follow-up period.

Questionnaire-Based M easures of Stress

Participants filled out the PSS at both baseline and follow-up.
As the study period was longer than 14 days (as captured by
the PSS), the questionnaire was repeated to account for variation
over time and to increase the statistical power of the study. The
PSS is a self-eval uating questionnaire comprising 10 items on
the appraisal of situations as stressful in the last 14 days.

The questionnaire asks the participants to evaluate how often
they havefelt their livesto be unpredictable, uncontrollable, or
overwhelming in the last 14 days. Participants responded on a
5-point scale ranging from O (never) to 4 (very often). A total
of 4itemswereworded in apositive direction and were therefore
reverse scored. Total scoresarefrom ascale of 0to 40. A survey
of healthy individualsin 2009 reported amean (SD) PSS score
of 15.52 (7.44) for men and 16.14 (7.56) for women [12].

Figure 1. Examples of the self-assessment screenshot from the Monsenso app.

L

il

=

Additional M easures

Participants also filled out the EPQ and the SLE questionnaires
at baseline. Asthe EPQ and the SLE regard long-time measures
of personality and life events, respectively, they were not
repeated at follow-up.

The EPQ-Neuroticism (EPQ-N) refersto the neuroticism score
in the EPQ. The EPQ is a questionnaire with 100 yes or no

http://mhealth.jmir.org/2019/8/€13418/
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guestions. Different questions make up the total scores for the
different personality traits: neuroticism, extroversion, and
psychoticism. The EPQ has been shown to be strongly replicable
across 34 countries [32], and the neuroticism score has good
internal reliability (mean 0.83) [33]. Individualswho score high
on neuroticism are more likely to be emotionally unstable than
the average person and experience feelings such as anxiety,
worry, guilt, and loneliness [34].
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The SLE is a questionnaire about stressful life events [35,36].
It is divided into 2 parts: the first part is about stressful life
events throughout an individual’s lifetime, and the second part
isabout stressful life eventsin the past 12 months. A total of 2
total scoresare calculated from the 2 parts. Inter-rater reliability
values have been shown to be good to excellent ranging from
0.82t00.93[35,37].

At baseline, the FAST was used to assess functional impairment.
The FAST is an interviewer-administrated instrument that
comprises 24 questions divided into 6 specific areas of
functioning [29]. These are autonomy, occupationa functioning,
cognitive  functioning, financial issues, interpersonal
relationships, and leisure time. Total scores are on ascale from
0to 72, and higher scoresindicate more functional impairments.
Evaluations using the FAST scale were conducted rater-blinded
by an interviewer without access to smartphone data.

Statistical M ethods

First, descriptive analyses were produced (percentages, means,
and SDs), and afterward the apriori defined statistical analyses
were computed using linear regression models and linear
mixed-effect regression models. A 2-level linear mixed-effect
regression model, which accommodates both variation of the
variables of interest within participants (intraindividual
variation) and between participants (interindividual variation),
wasemployed. Themodel included afixed effect of visit number
(baseline and follow-up) and a participant-specific random
effect, alowing for individual intercept and slope for each
participant. For all analyses, we first considered an unadjusted
analysis and second, an analysis adjusted for sex and age as
predefined possible confounding covariables.

Data were assembled into 3 different datasets, as the various
measures and questionnaires addressed different time periods.
In the first dataset, an average of self-assessed stress over the
first and last 14 days of the study, was used asthe PSS addresses
the previous 14 days. In the second dataset, an average of all
self-assessed stress data over the 4-month study period was used
asthe SLE, and the EPQ-N do not address a specific time period.
Finally, in the third dataset, an average of self-assessed stress
over the first 7 days of the study was used as the FAST at
baseline addresses the previous 7 days. Even though
guestionnaires at baselinerefer to the previous 7 or 14 days, we
have decided to use the first 7 or 14 days of self-assessed
measures, as we did not have any measures before baseline.

The data collected were entered in Microsoft Excel sheets, and
the statistical software program Stata version 13.1 (StataCorp)
was used for the statistical analyses. The statistical significance
limit was set at P<.05.

Ethical Approval

The study was approved by the regional ethics committee in
the capital region of Denmark (H-7-2014-007) and the Danish
Data Protection Agency. All potential participants received
written and ora information before informed consent was
obtained, and participants were informed that they could
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withdraw from the study at any time during the study. The study
complied with the Helsinki declaration [38].

Results

Participants Flow, Background Characteristics, and
Questionnaires

A total of 255 individuals were approached at the Blood Bank
during the 9-month recruitment period. Over half of those (129)
wereindigibleto participate, and another 49 were not interested
in participating in the study or thought it would be too time
consuming. Of the remaining 77 individuals, 46 were included
in the study. Of these, 6 were not included in the final cohort
because of alack of smartphone data. Additional 6 participants
did not return the follow-up questionnaire (see flow diagram,
Figure 2).

Thus, thefinal cohort in thisstudy consisted of 40 healthy blood
donors. The mean agewas 35.24 (SD 12.79) years, 55% (22/40)
of them were women, and 65% (26/40) of them were in a
relationship. Information on background and sociodemographic
characteristics of participantsis shownin Table 1.

The mean score of self-assessed stress on smartphoneswas0.12
(SD 0.34) measured on a scale from 0 to 2. Scores from
questionnaires at baseline and follow-up are shown in Table 2.
Participants had an average of 81.82 (SD 38.83) self-assessment
days. Therewas no differencein the PSS and smartphone-based
self-assessed stress between sexes (P>.82). There was no
association between the age of the participants and the PSS
(P>.54), but there was a statistically significant positive
association (beta=.002; 95% CI 0.001-0.003; P<.001) between
smartphone-based self-assessed stress and the age of the
participants, namely, that for every 10-year increase in age,
there was an increase in smartphone-based self-assessed stress
by 0.02 on ascalefrom 0 to 2.

TheValidity of Smartphone-Based Self-Assessed Stress
Compared With Perceived Stress Scale

Table 3 presents the results of linear mixed-effect regression
model for the self-assessed stress using smartphones and the
sum scores on the PSS.

As can be seen, a statistically significant positive correlation
was found between smartphone-based self-assessed stress and
the PSS in both the unadjusted model and the model adjusted
for age and sex (unadjusted model beta=.0167; 95% CI
0.0070-0.0026; P=.001), indicating that for every 10-point
increase on the PSS, the smartphone-based self-assessed stress
increased 0.167 on ascale from O to 2. Overall, there waslittle
to no difference between the unadjusted and the adjusted models.

Association Between Smartphone-Based Self-Assessed
Stressand Neuroticism
Table 3 presents the results of linear mixed-effect regression
model for the self-assessed stress using smartphones and the
sum scores on the EPQ-N.
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Figure 2. Flow diagram of participants recruited from Rigshospitalets blood bank from November 2015 to August 2016.
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No smartphone data

Y

Final cohort at baseline
{n=40)

{n=6)

Mo follow-up data

v

Final cohart at follow-up
(n=34)

A statistically significant positive correl ation was found between
smartphone-based self-assessed stress and the neuroticism score
on the EPQ in both the unadjusted model and the model adjusted
for age and sex (unadjusted model beta=.0174; 95% CI
0.0023-0.0325; P=.02), indicating that for every score that
increased 10 points on the EPQ-N, the smartphone-based
self-assessed stress was 0.174 higher on ascale from 0 to 2.

Association Between Smartphone-Based Self-Assessed
Stress and Functioning Assessment Short Test

Table 3 presents the results of linear mixed-effect regression
model for the self-assessed stress using smartphones and the
sum scores on the FAST.

A statigtically significant positive correl ation was found between
smartphone-based self-assessed stress and the FAST in both
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the unadjusted model and the model adjusted for age and sex
(unadjusted model beta=.0329; 95% CI 0.0036-0.0622; P=.03),
indicating that for every score that increased 10 points on the
FAST, the smartphone-based self-assessed stress was 0.329
higher on ascalefrom 0 to 2.

Association Between Smartphone-Based Self-Assessed
Stressand Prior Stressful Life Events

Anaysis of the correlation between smartphone-based
self-assessed stressand prior SLE, measured with Kendler SLE
Questionnaire, yielded no statistically significant results. Neither
the SLE in the previous year before baseline (unadjusted model
beta=—0055; 95% Cl —0.0329 to 0.0219; P=.69) nor the SLE
over lifetime (unadjusted model beta=.0064; 95% Cl —0.0373
to 0.0502; P=.77) correlated with smartphone-based
self-assessed stress.
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Table 1. Background and sociodemographic characteristics of study participants (N=40).

Characteristics Statistics
Age (years), mean (SD) 35.24 (12.79)
Female gender, n (%) 22 (55)
Occupation, n (%)

Employed 23(57.5)

Unemployed 2(5)

Student 15 (37.5)
Education (years), mean (SD) 14.77 (2.09)
Sick days, median (IQR?) 2(1-45)
Civil status, n (%)

Alone 22 (55)

Cohabiting 18 (45)
Marital status, n (%)

Never married 32 (80)

Married 7(17.5)

Divorced 1(2.5)

Civil partner, n (%)

In arelationship 26 (65)

Single 14 (35)
Smoking, n (%)

Smoker 8(20)

Former smoker 6 (15)

Never smoked 26 (65)

Alcohol units per week, median (IQR)

Total 5(2-7.5)

Female gender 4(1-6)

Male gender 6(3-12)
Former alcohol abuse, n (%) 1(2.5)

Use of cannabis, n (%)

Never 36 (90)

<1 monthly 4(10)
Height (centimeters), median (IQR) 174. 68 (9.69)
Weight (kilograms), median (IQR) 78.22 (13.91)

3 QR: interquartile range.
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Table 2. Total scores on different questionnaires and smartphone-based self-assessed stress.

Questionnaires and measures (score range; N) Scores
EPQ-N2 (0-14; N=38), median (IQR) 4.5(2-7)
pss°

Baseline (0-20; N=37), median (IQR) 6 (4-9)

Follow-up (0-21; N=34), median (IQR) 5.5(3-9)
SLEY last 12 months (0-10; N=38), median (IQR) 2(1-4)
SLE, lifetime (0-5; N=38), median (IQR) 1(0-2)
FAST® (0-8; N=40), median (IQR) 1(0-3)
Smartphone-based self-assessed stress (0-2; N=40), mean (SD) 0.12 (0.34)

3EPQ-N: Eysenck Personality Questionnaire—Neuroticism.
bIQR: interquartile range.

°PSS: Perceived Stress Scale.

ds| E: Kendler Questionnaire for Stressful Life Events.
EFAST: Functioning Assessment Short Test.

Table3. Correlations between smartphone-based sel f-assessed stress and the Perceived Stress Scale, the Eysenck Personality Questionnaire-Neuroticism,
the Functioning Assessment Short Test, and the Kendler Stressful Life Events questionnaire (N=39).

Stress (scale 0-2) Unadjusted Adjusted®

Coefficient (95% CI) P vaue Coefficient (95% CI) P vaue
pssP (n=39) 0.0167 (0.0070 to 0.0026) .001 0.0162 (0.0064 to 0.0259) .001
EPQ-N® (n=38) 0.0174 (0.0023 to 0.0325) .02 0.0167 (0.0011 to 0.0323) .04
FASTY (n=38) 0.0329 (0.0036 to 0.0622) .03 0.0307 (0.0012 to 0.6018) .04
SLE® last year (n=36) —0.0055 (-0.0329 to 0.0219) .69 -0.0191 (-0.0520 to 0.0138) 25
SLE, lifetime (n=36) 0.0064 (—0.0373 to 0.0502) a7 —0.0020 (-0.0483 to 0.0444) .93

8Adjusted for age and sex.

PpSS; Perceived Stress Scale.

®EPQ-N: Eysenck Personality Questionnaire-Neuroticism.
dFAST: Functioni ng Assessment Short Test.

€SLE: Kendler Questionnaire for Stressful Life Events

Additional Analyses

Finally, additional analyses of the correlation between the PSS
and the EPQ-N, the FAST, and the SLE, respectively, were
made to assess the internal validity between the PSS and
smartphone-based self-assessed stress. A statistically significant
positive correl ation was found between the PSS and the EPQ-N
(unadjusted model beta=.8663, 95% Cl 0.6362-1.0965, P=.001;
adjusted model beta=.8770, 95% CI 0.6413-1.1128, P=.001),
indicating that for every score that increased 1 on the EPQ-N,
the PSS score was 0.87 higher on a scale from O to 40. A
statistically significant positive correlation was aso found
between the PSS and the FAST (unadjusted model beta=1.0965,
95% CI 0.4229-1.7702, P=.001; adjusted model beta=1.095,
95% Cl 0.4208-1.7699, P=.001), indicating that for every score
that increased 1 on the FAST, the PSS score was 1.09 higher
on ascale from O to 40.

Asfound in the models using smartphone-based self-assessed
stress, no dtatistically significant correlations were found

http://mhealth.jmir.org/2019/8/€13418/

between the PSS and the SLE. Neither the SLE in the previous
year (unadjusted model P=.06; adjusted model P=.08), nor the
SLE over lifetime (unadjusted model P=.95; adjusted model
P=.77), correlated with the PSS scores.

Discussion

Principal Findings

This study followed 40 healthy blood donorsfor 4 monthswith
daily self-assessment of stressusing their smartphone. Wefound
statistically ~ significant  positive correlations  between
smartphone-based self-assessed stress, and the PSS, the EPQ-N,
and the FAST, respectively. Smartphone-based self-assessed
stress did not correlate with prior stressful life events, neither
inthe previousyear nor over alifetime. Thus, smartphone-based
self-assessed stresswas validly evaluated as compared with the
PSS. Furthermore, increased smartphone-based self-assessed
stresswas associ ated with increased neuroticism and decreased
functioning.
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To the best of our knowledge, thisisthefirst study to explicitly
investigate the validity of smartphone-based self-assessed stress.
The findings from this study indicate that smartphone-based
self-assessed stress is a valid measure of subjective stress on
its own. As previously reported in a systematic review by the
authors on smartphone-based self-assessment of stressin healthy
adult individuals, 2 other previous studies have investigated the
correlation between smartphone-based self-assessed stress and
the PSS [11]. A study by Wang et al [39] on college students
reported a statistically significant positive correlation between
smartphone-based self-assessed stress and the PSS [39].
However, the objective of the study was to investigate
associations to automatic objective sensor data from
smartphones. Thus, Wang et al [39] did not investigate stress
asthe primary objective of the study, and all datawere collected
either on the smartphone or online with no
i nterviewer-administrated measures, thusincreasing the risk of
chance findings. Adams et a reported a nonsignificant
correlation between the 2 measures of stressin a small sample
(n=7) of graduate students and postdoctoral researchers[40].

The finding, that increased smartphone-based self-assessed
stress was associated with increased neuroticism, adds to the
validity of self-assessed stress using smartphones. Neuroticism
isapersonality trait and can be defined as atemperamental trait
of emotionality; atendency to arouse quickly when stimulated
and to inhibit slowly when aroused [41,42]. Neuroticism is
generally associated with ahigher level of subjective stressand
atendency to inefficiently cope with stress [14,43-45]. People
with high neuroticism scores are generally more at risk for
developing psychiatric disorders, such as mood and anxiety
disorders, sometimes called neurotic or stress-related disorders
[46]. Awareness of one's stress level could potentially be
important in people who have high neuroticism scores as it
could help them to cope with stress better.

Furthermore, the finding, that increased smartphone-based
self-assessed stress was associated with decreased functioning,
aso adds to the validity of self-assessed stress using
smartphones. We used the FAST in our study, a rater-blinded
measure for psychosocial functioning, and this study isthefirst
one in this field of research to have used such a measure.
Psychosocial function is an important measure, as an
individual’s function is essential for being able to take care of
oneself and one's family. Very high levels of stress, such as
those seen in posttraumatic stress disorder, lead to psychosocial
functional impairment, including social and occupational
impairment [47]. The relationship between stress and
psychosocial function has primarily been investigated in patient
populations, but studiesincluding healthy controlsfind the same
relationship, namely that higher stresslevelsare associated with
impairments of psychosocial functioning, such as social
functioning [48]. Stress levels have also been found to predict
level of disability later in life [49].

In this study, we did not find a significant correlation between
smartphone-based self-assessed stress and prior stressful life
events. The SLE does not distinguish between dependent and
independent stressful life events, and thus, the total score
comprised al kinds of stressful life events. Independent stressful
life events are those that are not influenced by the individual
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(eg, death of arelative), whereas dependent stressful life events
arethosethat arein some way influenced by the individual (eg,
afight with aloved one) [50]. Dependent stressful life events
are the ones that are associated with stress and depressive
symptoms [51]. It is also possible that our participants, who
have low average scores on the PSS, the EPQ-N, and the FAST,
are better at coping with stressful life events than the general
popul ation.

Additional analyses of our data showed that higher scores on
the PSS were associated with higher scores on the EPQ-N and
the FAST, but no relationship was found between the PSS and
the SLE. The same pattern was found in the primary analyses
of the study: higher scores on smartphone-based self-assessed
stress were associated with higher scores on the EPQ-N and the
FAST, but no rel ationship was found between smartphone-based
self-assessed stressand the SLE. This suggeststhat even though
our 2 measures of stress are different in form, they are in fact
measuring the same phenomenon, subjective stress.

Advantages

This study was the first study to investigate the validity of
smartphone-based self-assessed stress. It was also 1 of thefirst
studies in arelatively new field of research that did not focus
primarily on the technical side of the smartphone system.
Another strength of the study is that it uses ecological
momentary assessment to collect measures of self-assessed
stress on adaily basis and therefore minimizes recall bias[20].
A further strength of the study is that participating individuals
were not aware of the aims and focus on stress in this report,
hereby decreasing therisk of false-positive associations between
self-reported measures (smartphone-based self-assessed stress
vs the PSS and the EPQ-N, respectively), as individuals were
recruited as control individualsfor reported and ongoing studies
[23]. The Monsenso app has been used in previous studies and
has shown to have high usability [52,53]. Participants received
no economic compensation for participating in the study and
used their own smartphones and were, therefore, aready familiar
with the devices and were used to interacting with them. We
used different interviewer-administrated and validated measures
at baseline to ensure that our participants were healthy (no
SCAN diagnosis of menta illness, no depressive or manic
symptoms according to the HDRS-17 and YMRS) and had a
rater-blinded measure of psychosocial function (FAST). Both
unadjusted analyses and analyses adjusted for sex and agewere
presented.

Limitations

There are also some limitations to this study that should be
mentioned. Our participantswere recruited from the Blood Bank
at Rigshospitalet and are likely to represent a super healthy
population group [54]. Similarly, bias may have been introduced
both in the selection of active participation and in the loss of
follow-up or incomplete data. Baseline data on the PSS did not
differ between participants lost to follow-up and participants
with complete data (P>.72). Participants had an average of 81.82
(SD 38.83) dayswith self-assessment, which amountsto 68.2%
(81.82/120) adherence. An adherence of close to 100% would
be optimal but is difficult to achieve. By using smartphones,
we were able to get an accurate measure of adherence as
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participants were not able to self-assess retrospectively. Only
individuals with an Android-based smartphone as their main
smartphone were recruited to the study. This was because of
technical reasons but could have introduced bias to the study.
This affected the sample size of the study aswell. A recent study
investigated Android and iPhone users and found that they
differed only alittle in personality, but research in thisareais
scarce, and knowledge is limited [55]. It would be optimal to
include participants using all kinds of smartphones in future
studies.

Per spectives and I mplications

As smartphone ownership has grown over the past decade,
digital phenotyping has become a new and promising research
field. Smartphones generate a high amount of data that can be
collected in real time [56] and, thus, have the potentiality to
reflect an individua’s current state.

Stress is an increasing public health problem, and chronic
exposure to stress is a risk factor for developing mental and
physical diseases [6-8]. Awareness of one’s own stress level is
important as it is the first step toward coping with it [22], and
smartphones are an unobtrusive and easily accessible tool for
this. Self-assessment of daily stress using smartphones may be
a step toward stress awareness.

Having a valid measure of subjective stress on a smartphone
makes it possible to investigate further stress and stress-related
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behavior. Understanding more details regarding stress is a
possible step toward decreasing it, and as stressis an individual
experience, it is important that individuals are aware of their
own stresslevel and stressors. It ispossible that self-monitoring
of subjective stress may help decrease stress levels, but it has
never been investigated. The alternative, that self-monitoring
of subjective stress increases stress levels, is a possibility as
well. This should be investigated in further studies.

It is important that future studies using smartphone-based
self-assessed stress also use previoudly validated measures of
stress, such as the PSS, to confirm the validity of their
smartphone-based self-assessed stress.

Conclusions

This study investigated the validity of smartphone-based
self-assessed stressin relation to scores on the PSS, as well as
the association between smartphone-based self-assessed stress
and neuroticism, psychosocial functioning, and prior stressful
life events, respectively. Smartphone-based sel f-assessed stress
was avalid measure of subjective stress and correlated with the
EPQ-N and the FAST. Measuring subjective stress on a
smartphone represents a new and promising way to measure
perceived stress in real time. As a valid measure of stress,
smartphone-based self-assessed stress can be used in future
studies of stress and stress-related behavior and may be a step
toward stress awareness.

The authors would like to thank the participants for participating in the study and the Blood Bank at Rigshospitalet, Copenhagen,
Denmark, for their hospitality. The study was funded by the Lundbeck foundation and the AP Mglller foundation for Icelandic
students in Denmark. The funders had no role in the study design, data collection, analyses, and preparation of the manuscript.

Authors Contributions

LVK, MRJ, and Hpb conceived the study and authored the protocol. MF and JEB were the designers of the Monsenso Solution
and handled all technical matters. Hp recruited the participants and undertook the clinical examinations. Hp, MFJ, and LVK
performed the statistical analysis, and Hp wrote the first draft of the manuscript. All authors contributed to and have approved
the final version of the manuscript.

Conflictsof Interest

MF and JEB are cofounders and shareholders in Monsenso ApS. LVK has been a consultant for Sunovion and Lundbeck in the
last 3 years.

References
1. CohenS, Gordon LU, Kessler RC. Measuring Stress: A Guide for Health and Social Scientists. Oxford: Oxford University
Press; 1997.

2. European Foundation for the Improvement of Living and Working Conditions. 2010. Work-Related Stress URL: https./
/www.eurofound.europa.eu/sites/defaul t/files/ef_files/docs/ewco/tn10040595tn1004059s.pdf [accessed 2019-01-16]

3.  SelyeH. The Stress of Life. Revised Edition. New York, US: McGraw-Hill; 1976.

4.  American Psychological Association. 2018. Stress: The Different Kinds of Stress URL : https.//www.apa.org/hel pcenter/
stress-kinds.aspx [accessed 2018-10-04]

5. Yaribeygi H, Panahi Y, Sahraei H, Johnston TP, Sahebkar A. The impact of stress on body function: areview. Excli J
2017;16:1057-1072 [FREE Full text] [doi: 10.17179/excli2017-480] [Medline: 28900385]

6. Steptoe A, Kivimaki M. Stress and cardiovascular disease. Nat Rev Cardiol 2012 Apr 3;9(6):360-370. [doi:
10.1038/nrcardio.2012.45] [Medline: 22473079]

7.  Kruk J. Self-reported psychological stressand therisk of breast cancer: acase-control study. Stress 2012 Mar;15(2):162-171.
[doi: 10.3109/10253890.2011.606340] [Medline: 21875303]

http://mhealth.jmir.org/2019/8/e13418/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 [e13418 | p.150

(page number not for citation purposes)


https://www.eurofound.europa.eu/sites/default/files/ef_files/docs/ewco/tn1004059s/tn1004059s.pdf
https://www.eurofound.europa.eu/sites/default/files/ef_files/docs/ewco/tn1004059s/tn1004059s.pdf
https://www.apa.org/helpcenter/stress-kinds.aspx
https://www.apa.org/helpcenter/stress-kinds.aspx
http://europepmc.org/abstract/MED/28900385
http://dx.doi.org/10.17179/excli2017-480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28900385&dopt=Abstract
http://dx.doi.org/10.1038/nrcardio.2012.45
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22473079&dopt=Abstract
http://dx.doi.org/10.3109/10253890.2011.606340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21875303&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Porarinsdottir et a

8.

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Plieger T, Melchers M, Montag C, Meermann R, Reuter M. Life stress as potential risk factor for depression and burnout.
Burn Res 2015 Mar;2(1):19-24 [EREE Full text] [doi: 10.1016/j.burn.2015.03.001]

Nielsen NR, Kristensen TS, Schnohr P, Grgnbaek M. Perceived stress and cause-specific mortality among men and women:
resultsfrom aprospective cohort study. Am J Epidemiol 2008 Sep 1;168(5):481-91; discussion 492. [doi: 10.1093/gje/kwn157]
[Medline: 18611955]

Fohr T, Tolvanen A, Myllyméki T, Jarveld-Reijonen E, Rantala S, Korpela R, et al. Subjective stress, objective heart rate
variability-based stress, and recovery on workdays among overweight and psychologically distressed individuals: a
cross-sectional study. J Occup Med Toxicol 2015;10:39 [FREE Full text] [doi: 10.1186/s12995-015-0081-6] [Medline:
26504485]

Pérarinsddttir H, Kessing LV, Faurholt-Jepsen M. Smartphone-based self-assessment of stressin healthy adult individuals:
asystematic review. JMed Internet Res 2017 Feb 13;19(2):e41 [FREE Full text] [doi: 10.2196/jmir.6397] [Medline:
28193600]

Cohen S, Janicki-Deverts D. Who's stressed? Distributions of psychological stressinthe United Statesin probability samples
from 1983, 2006, and 2009. J Appl Soc Psychol 2012 Apr 16;42(6):1320-1334 [FREE Full text] [doi:
10.1111/j.1559-1816.2012.00900.X]

Cohen S, Kamarck T, Mermelstein R. A global measure of perceived stress. JHealth Soc Behav 1983 Dec;24(4):385-396.
[doi: 10.2307/2136404] [Medline: 6668417]

Gramstad TO, Gjestad R, Haver B. Personality traits predict job stress, depression and anxiety among junior physicians.
BMC Med Educ 2013 Nov 9;13:150 [FREE Full text] [doi: 10.1186/1472-6920-13-150] [Medline: 24207064]

Juth V, Smyth JM, Santuzzi AM. How do you feel ? Self-esteem predicts affect, stress, social interaction, and symptom
severity during daily life in patients with chronic illness. J Health Psychol 2008 Oct;13(7):884-894 [EREE Full text] [doi:
10.1177/1359105308095062] [Medline: 18809639]

Saleh D, Camart N, Romo L. Predictors of stressin college students. Front Psychol 2017;8:19 [FREE Full text] [doi:
10.3389/fpsyq.2017.00019] [Medline: 28179889]

Wolf L, Stidham AW, Ross R. Predictors of stress and coping strategies of US accel erated vs generic Baccalaureate nursing
students: an embedded mixed methods study. Nurse Educ Today 2015 Jan;35(1):201-205. [doi: 10.1016/j.nedt.2014.07.005]
[Medline: 25127928]

Feizi A, Aliyari R, Roohafza H. Association of perceived stress with stressful life events, lifestyle and sociodemographic
factors: alarge-scale community-based study using logistic quantile regression. Comput Math Methods Med
2012;2012:151865 [FREE Full text] [doi: 10.1155/2012/151865] [Medline: 23091560]

World Health Organization. mHealth: New Horizons for Health Through Mobile Technol ogies. Geneva, Switzerland:
World Health Organization; 2011.

Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu Rev Clin Psychol 2008;4:1-32. [Medline:
18509902]

Raento M, Oulasvirta A, Eagle N. Smartphones: an emerging tool for social scientists. Sociol Methods Res 2009 Feb
1;37(3):426-454. [doi: 10.1177/0049124108330005]

Shapiro SL, Schwartz GE, Bonner G. Effects of mindfulness-based stress reduction on medical and premedical students.
JBehav Med 1998 Dec;21(6):581-599. [doi: 10.1023/A:1018700829825] [Medline: 9891256]

Faurholt-Jepsen M, Busk J, borarinsdottir H, Frost M, Bardram JE, Vinberg M, et al. Objective smartphone dataas a
potential diagnostic marker of bipolar disorder. Aust N Z J Psychiatry 2019 Feb;53(2):119-128. [doi:
10.1177/0004867418808900] [Medline: 30387368]

Bardram JE, Frost M, Szanté K, Faurholt-Jepsen M, Vinberg M, Kessing LV. Designing Mobile Health Technology for
Bipolar Disorder: A Field Trial of the Monarca System. In: Proceedings of the SIGCHI Conference on Human Factorsin
Computing Systems. 2013 Presented at: CHI'13; April 27-May 2, 2013; Paris, France p. 2627-2636. [doi:
10.1145/2470654.2481364]

Faurholt-Jepsen M, Frost M, Ritz C, Christensen EM, Jacoby AS, Mikkelsen RL, et a. Daily electronic self-monitoring in
bipolar disorder using smartphones - the MONARCA | trial: arandomized, placebo-controlled, single-blind, parallel group
trial. Psychol Med 2015 Oct;45(13):2691-2704. [doi: 10.1017/S0033291715000410] [Medline: 26220802]

Wing JK, Babor T, BrughaT, Burke J, Cooper JE, Giel R, et al. SCAN. Schedulesfor clinical assessment in neuropsychiatry.
Arch Gen Psychiatry 1990 Jun;47(6):589-593. [doi: 10.1001/archpsyc.1990.01810180089012] [Medline: 2190539]
Hamilton M. Development of arating scale for primary depressiveillness. Br J Soc Clin Psychol 1967 Dec;6(4):278-296.
[doi: 10.1111/j.2044-8260.1967.tb00530.x] [Medline: 6080235]

Young R, Biggs J, Ziegler V, Meyer D. A rating scale for mania: reliability, validity and sensitivity. Br J Psychiatry 1978
Nov;133:429-435. [doi: 10.1192/bjp.133.5.429] [Medline: 728692]

Rosa AR, Sanchez-Moreno J, Martinez-Aran A, Salamero M, Torrent C, Reinares M, et a. Validity and reliability of the
functioning assessment short test (FAST) in bipolar disorder. Clin Pract Epidemiol Ment Health 2007 Jun 7;3:5 [FREE
Full text] [doi: 10.1186/1745-0179-3-5] [Medline: 17555558]

Eysenck HJ. Manual of the Eysenck Personality Questionnaire (Junior and Adult). London, UK: Hodder and Stoughton;
1975.

http://mhealth.jmir.org/2019/8/e13418/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 [€13418 | p.151

(page number not for citation purposes)


https://www.sciencedirect.com/science/article/pii/S2213058614200088
http://dx.doi.org/10.1016/j.burn.2015.03.001
http://dx.doi.org/10.1093/aje/kwn157
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18611955&dopt=Abstract
https://occup-med.biomedcentral.com/articles/10.1186/s12995-015-0081-6
http://dx.doi.org/10.1186/s12995-015-0081-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26504485&dopt=Abstract
https://www.jmir.org/2017/2/e41/
http://dx.doi.org/10.2196/jmir.6397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28193600&dopt=Abstract
http://www.psy.cmu.edu/~scohen/Whos_Stressed_JASP_2012.pdf
http://dx.doi.org/10.1111/j.1559-1816.2012.00900.x
http://dx.doi.org/10.2307/2136404
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6668417&dopt=Abstract
https://bmcmededuc.biomedcentral.com/articles/10.1186/1472-6920-13-150
http://dx.doi.org/10.1186/1472-6920-13-150
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24207064&dopt=Abstract
http://europepmc.org/abstract/MED/18809639
http://dx.doi.org/10.1177/1359105308095062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18809639&dopt=Abstract
https://dx.doi.org/10.3389/fpsyg.2017.00019
http://dx.doi.org/10.3389/fpsyg.2017.00019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28179889&dopt=Abstract
http://dx.doi.org/10.1016/j.nedt.2014.07.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25127928&dopt=Abstract
https://dx.doi.org/10.1155/2012/151865
http://dx.doi.org/10.1155/2012/151865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23091560&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18509902&dopt=Abstract
http://dx.doi.org/10.1177/0049124108330005
http://dx.doi.org/10.1023/A:1018700829825
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9891256&dopt=Abstract
http://dx.doi.org/10.1177/0004867418808900
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30387368&dopt=Abstract
http://dx.doi.org/10.1145/2470654.2481364
http://dx.doi.org/10.1017/S0033291715000410
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26220802&dopt=Abstract
http://dx.doi.org/10.1001/archpsyc.1990.01810180089012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2190539&dopt=Abstract
http://dx.doi.org/10.1111/j.2044-8260.1967.tb00530.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6080235&dopt=Abstract
http://dx.doi.org/10.1192/bjp.133.5.429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=728692&dopt=Abstract
https://cpementalhealth.biomedcentral.com/articles/10.1186/1745-0179-3-5
https://cpementalhealth.biomedcentral.com/articles/10.1186/1745-0179-3-5
http://dx.doi.org/10.1186/1745-0179-3-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17555558&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Porarinsdottir et a

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.
42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

Kendler KS, Karkowski LM, Prescott CA. Stressful life events and major depression: risk period, long-term contextual
threat, and diagnostic specificity. JNerv Ment Dis 1998 Nov;186(11):661-669. [doi: 10.1097/00005053-199811000-00001]
[Medline: 9824167]

Barrett PT, PetridesKV, Eysenck SB, Eysenck HJ. The Eysenck Personality Questionnaire: an examination of the factorial
similarity of B, E, N, and L across 34 countries. Pers Individ Dif 1998 Nov;25(5):805-819. [doi:
10.1016/S0191-8869(98)00026-9]

Caruso JC, Witkiewitz K, Belcourt-Dittloff A, Gottlieb JD. Reliability of scoresfrom the Eysenck Personality Questionnaire:
areliability generalization study. Educ Psychol Meas 2016 Jul 2;61(4):675-689 [FREE Full text] [doi:
10.1177/00131640121971437]

Tackett JL, Lahey BB. Neuroticism. In: Widiger TA, editor. The Oxford Handbook of the Five Factor Model. Oxford, UK:
Oxford University Press; 2017.

Kendler KS, Kessler RC, Walters EE, MacL ean C, Neale MC, Heath AC, et al. Stressful life events, genetic liability, and
onset of an episode of major depressioninwomen. Am J Psychiatry 1995 Jun;152(6):833-842. [doi: 10.1176/ajp.152.6.833]
[Medline: 7755111]

Vinberg M, Mortensen E, Kyvik K, Kessing L. Personality traitsin unaffected twins discordant for affective disorder. Acta
Psychiatr Scand 2007 Jun;115(6):442-450. [doi: 10.1111/j.1600-0447.2006.00909.x] [Medline: 17498155]

Kendler KS, Gardner CO. Dependent stressful life eventsand prior depressive episodesin the prediction of major depression:
the problem of causal inference in psychiatric epidemiology. Arch Gen Psychiatry 2010 Nov;67(11):1120-1127 [FREE
Full text] [doi: 10.1001/archgenpsychiatry.2010.136] [Medline: 21041613]

World Medical Association. World Medical Association declaration of Helsinki: ethical principles for medical research
involving human subjects. JAm Med Assoc 2013 Nov 27;310(20):2191-2194. [doi: 10.1001/jama.2013.281053] [Medline:
24141714]

Wang R, Chen F, Chen Z, Li T, Harari G, Tignor S, et a. StudentLife: Assessing Mental Health, Academic Performance
and Behavioral Trends of College Students Using Smartphones. In: Proceedings of the 2014 ACM International Joint
Conference on Pervasive and Ubiquitous Computing. 2014 Presented at: Ubi Comp'14; September 13-17, 2014; Sedttle,
Washington p. 3-14. [doi: 10.1145/2632048.2632054]

Adams P, Rabbi M, Rahman T, Matthews M, Voida A, Gay G, et a. Towards Personal Stress Informatics: Comparing
Minimally Invasive Techniquesfor Measuring Daily Stressin the Wild. In: Proceedings of the 8th International Conference
on Pervasive Computing Technologiesfor Healthcare. 2014 Presented at: PervasiveHealth'14; May 20-23, 2014; Oldenburg,
Germany p. 72-79. [doi: 10.4108/icst.pervasiveheal th.2014.254959]

Eysenck M. Personality and Individual Differences: A Natural Science Approach. New York, NY: Plenum Press; 1985.
McCrae RR, John OP. An introduction to the five-factor model and its applications. J Pers 1992 Jun;60(2):175-215. [doi:
10.1111/j.1467-6494.1992.tb00970.x] [Medline: 1635039]

Abbasi IS. Therole of neuroticism in the maintenance of chronic baseline stress perception and negative affect. Span J
Psychol 2016 Mar 4;19:E9. [doi: 10.1017/5p.2016.7] [Medline: 26940336]

Dawson BF, Thompson NJ. The effect of personality on occupational stressin veterinary surgeons. J Vet Med Educ
2017;44(1):72-83. [doi: 10.3138/jvme.0116-020R] [Medline: 28206844]

Schneider TR. Therole of neuroticism on psychological and physiological stress responses. J Exp Soc Psychol 2004
Nov;40(6):795-804. [doi: 10.1016/j.jesp.2004.04.005]

Kotov R, Gamez W, Schmidt F, Watson D. Linking 'big' personality traitsto anxiety, depressive, and substance use disorders:
ameta-analysis. Psychol Bull 2010 Sep;136(5):768-821. [doi: 10.1037/a0020327] [Medline: 20804236]

Rodriguez P, Holowka DW, Marx BP. Assessment of posttraumatic stress disorder-related functional impairment: areview.
JRehabil Res Dev 2012;49(5):649-665 [FREE Full text] [doi: 10.1682/JRRD.2011.09.0162] [Medline: 23015577]
Grove TB, Tso IF, Chun J, Mueller SA, Taylor SF, Ellingrod VL, et al. Negative affect predicts social functioning across
schizophrenia and bipolar disorder: findings from an integrated data analysis. Psychiatry Res 2016 Sep 30;243:198-206
[FREE Full text] [doi: 10.1016/].psychres.2016.06.031] [Medline: 27416540]

Kulmala J, von Bonsdorff MB, Stenholm S, Térmékangas T, von Bonsdorff ME, Nygard CH, et al. Perceived stress
symptomsin midlife predict disability in old age: a 28-year prospective cohort study. J Gerontol A Biol Sci Med Sci 2013
Aug;68(8):984-991. [doi: 10.1093/gerona/gls339] [Medline: 23371968]

Kendler KS, Karkowski LM, Prescott CA. The assessment of dependence in the study of stressful life events: validation
using atwin design. Psychol Med 1999 Nov;29(6):1455-1460. [doi: 10.1017/S0033291798008198] [Medline: 10616952]
HarknessKL, Monroe SM, Simons AD, Thase M. The generation of life eventsin recurrent and non-recurrent depression.
Psychol Med 1999 Jan;29(1):135-144. [doi: 10.1017/S0033291798007752] [Medline: 10077302]

Faurholt-Jepsen M, Vinberg M, Frost M, Christensen EM, Bardram JE, Kessing LV. Smartphone data as an electronic
biomarker of illnessactivity in bipolar disorder. Bipolar Disord 2015 Nov;17(7):715-728. [doi: 10.1111/bdi.12332] [Medline:
26395972]

Frost M, Doryab A, Faurholt-Jepsen M, Kessing LV, Bardram JE. Supporting Disease Insight Through Data Analysis:
Refinements of the Monarca Self-Assessment System. In: Proceedings of the 2013 ACM International Joint Conference

http://mhealth.jmir.org/2019/8/e13418/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 |€13418 | p.152

(page number not for citation purposes)


http://dx.doi.org/10.1097/00005053-199811000-00001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9824167&dopt=Abstract
http://dx.doi.org/10.1016/S0191-8869(98)00026-9
http://europepmc.org/abstract/MED/22973420
http://dx.doi.org/10.1177/00131640121971437
http://dx.doi.org/10.1176/ajp.152.6.833
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7755111&dopt=Abstract
http://dx.doi.org/10.1111/j.1600-0447.2006.00909.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17498155&dopt=Abstract
http://europepmc.org/abstract/MED/21041613
http://europepmc.org/abstract/MED/21041613
http://dx.doi.org/10.1001/archgenpsychiatry.2010.136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21041613&dopt=Abstract
http://dx.doi.org/10.1001/jama.2013.281053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24141714&dopt=Abstract
http://dx.doi.org/10.1145/2632048.2632054
http://dx.doi.org/10.4108/icst.pervasivehealth.2014.254959
http://dx.doi.org/10.1111/j.1467-6494.1992.tb00970.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1635039&dopt=Abstract
http://dx.doi.org/10.1017/sjp.2016.7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26940336&dopt=Abstract
http://dx.doi.org/10.3138/jvme.0116-020R
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28206844&dopt=Abstract
http://dx.doi.org/10.1016/j.jesp.2004.04.005
http://dx.doi.org/10.1037/a0020327
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20804236&dopt=Abstract
https://www.rehab.research.va.gov/jour/2012/495/pdf/page649.pdf
http://dx.doi.org/10.1682/JRRD.2011.09.0162
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23015577&dopt=Abstract
http://europepmc.org/abstract/MED/27416540
http://dx.doi.org/10.1016/j.psychres.2016.06.031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27416540&dopt=Abstract
http://dx.doi.org/10.1093/gerona/gls339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23371968&dopt=Abstract
http://dx.doi.org/10.1017/S0033291798008198
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10616952&dopt=Abstract
http://dx.doi.org/10.1017/S0033291798007752
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10077302&dopt=Abstract
http://dx.doi.org/10.1111/bdi.12332
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26395972&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Porarinsdottir et a

55.

56.

on Pervasive and Ubiquitous Computing. 2013 Presented at: UbiComp'13; September 8-12, 2013; Zurich, Switzerland p.
133-142. [doi: 10.1145/2493432.2493507]

Schwartz S, Susser E. The use of well controls: an unhealthy practice in psychiatric research. Psychol Med 2011
Jun;41(6):1127-1131. [doi: 10.1017/S0033291710001595] [Medline: 20810003]

Gotz FM, Stieger S, Reips UD. Users of the main smartphone operating systems (iOS, Android) differ only littlein
personality. PLoS One 2017;12(5):e0176921 [ FREE Full text] [doi: 10.1371/journal.pone.0176921] [Medline: 28467473]
Torous J, Staples B, Onnela JP. Realizing the potential of mobile mental health: new methods for new datain psychiatry.
Curr Psychiatry Rep 2015 Aug;17(8):602 [ FREE Full text] [doi: 10.1007/s11920-015-0602-0] [Medline: 26073363]

Abbreviations

EPQ-N: Eysenck Personality Questionnaire-Neuroticism
FAST: Functioning Assessment Short Test

HDRS-17: Hamilton Depression Rating Scale-17 item
mHealth: mobile health

PSS: Perceived Stress Scale

SCAN: Clinical assessment in Neuropsychiatry

SLE: Kendler Questionnaire for Stressful Life Events
YMRS: Young Mania Rating Scale

Edited by G Eysenbach; submitted 16.01.19; peer-reviewed by D Saleh, M Rasic, J Cahill; comments to author 10.04.19; revised
version received 17.05.19; accepted 17.05.19; published 19.08.19.

Please cite as:

Pérarinsdéttir H, Faurholt-Jepsen M, Ullum H, Frost M, Bardram JE, Kessing LV

The Validity of Daily Self-Assessed Perceived Stress Measured Using Smartphones in Healthy Individuals. Cohort Study
JMIR Mhealth Uhealth 2019;7(8):€13418

URL: http://mhealth.jmir.org/2019/8/€13418/

doi:10.2196/13418

PMID:31429413

©Helga borarinsdottir, Maria Faurholt-Jepsen, Henrik Ullum, Mads Frost, Jakob E Bardram, Lars Vedel Kessing. Originally
published in IMIR Mhealth and Uhealth (http://mhealth.jmir.org), 19.08.2019. This is an open-access article distributed under
the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in IMIR mhealth and uhealth, is
properly cited. The complete bibliographic information, alink to the original publication on http://mhealth.jmir.org/, as well as
this copyright and license information must be included.

http://mhealth.jmir.org/2019/8/e13418/ JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 [e13418 | p.153

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1145/2493432.2493507
http://dx.doi.org/10.1017/S0033291710001595
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20810003&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0176921
http://dx.doi.org/10.1371/journal.pone.0176921
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28467473&dopt=Abstract
http://europepmc.org/abstract/MED/26073363
http://dx.doi.org/10.1007/s11920-015-0602-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26073363&dopt=Abstract
http://mhealth.jmir.org/2019/8/e13418/
http://dx.doi.org/10.2196/13418
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31429413&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Riveraet d

Original Paper

Intraindividual Variability Measurement of Fine Manual Motor Skills
in Children Using an Electronic Pegboard: Cohort Study

Diego Riveral, PhD; Antonio Garcia’, MSc; Jose Eugenio Ortega?, PhD; Bernardo Alarcos', PhD; Kevin van der
Meulen®, PhD; Juan R Velasco!, PhD; Cristinadel Barrio®, PhD

1Departamento de Automatica, Escuela Politécnica Superior, Universidad de Alcala, Alcala de Henares, Spain
2Departamento de Psicologia Biologicay de la Salud, Facultad de Psicologia, Universidad Auténoma de Madrid, Madrid, Spain
3Departar’nento de Psicologia Evolutivay de la Educacion, Facultad de Psicologia, Universidad Auténomade Madrid, Madrid, Spain

Corresponding Author:
Diego Rivera, PhD
Departamento de Automatica
Escuela Politécnica Superior
Universidad de Alcala
Campus Universitario

Ctra Madrid-Barcelona, Km 33,600
Alcala de Henares, 28871
Spain

Phone: 34 918856644

Email: diego.rivera@uah.es

Abstract

Background: Pegboard tests are a powerful technique used by health and education professionals to evaluate manual dexterity
and fine motor speed, both in children and adults. Using traditional pegboardsin tests, the total timethat, for example, a4-year-old
child needs for inserting pegs in a pegboard, with the left or right hand, can be measured. However, these measurements only
allow for studying the variability among individual s, whereas no data can be obtained on the intraindividual variability ininserting
and removing these pegs with one and the other hand.

Objective: Theaim of this research was to study the intraindividua variabilitiesin fine manual motor skills of 2- to 3-year-old
children during playing activities, using a custom designed el ectronic pegboard.

Methods: We have carried out a pilot study with 39 children, aged between 25 and 41 months. The children were observed
while performing atask involving removing 10 pegs from 10 holes on one side and inserting them in 10 holes on the other side
of acustom-designed sensor-based el ectronic peghoard, which has been built to be able to measure the times between peg insertions
and removals.

Results: A sensor-based electronic pegboard was successfully devel oped, enabling the collection of single movement time data.
In the piloting, a lower intraindividual variability was found in children with lower placement and removal times, confirming
Adolph et a’s hypothesis.

Conclusions: The developed pegboard allows for studying intraindividual variability using automated wirelessly transmitted
data provided by its sensors. This novel technique has been useful in studying and validating the hypothesis that children with
lower movement times present lower intraindividual variability. New research is necessary to confirm these findings. Research
with larger sample sizes and age ranges that include additional testing of children’s motor development level is currently in
preparation.

(JMIR Mhealth Uhealth 2019;7(8):e12434) doi:10.2196/12434
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Introduction

Overview

In the research on child development, especialy in the field of
manual dexterity and fine motor skills, professionals use scales
and tests to help them in the evaluation of the child’s progress
and in the detection of possible developmental delays [1,2].
These scales often involve the performance of specific activities
using particular objects, among them are pegboards. A pegboard
is a wooden or other material platform with holes, usualy
displayed along 2 parallel rows. A set of cylindrical pegs can
be inserted into the holes. Depending on the scale, different
measures are obtained with pegboards. For example, the time
achild needsto place aparticular number of pegsinto the holes,
withdrawing them from a container at the side of the pegboard
is measured by means of a stopwatch (9-Hole Pegboard
Dexterity Test). In another scale, the number of pegs that are
placed in agiventimelapseis counted (30 secondsin the Purdue
Pegboard Test) [3].

Background

Pegboards have along tradition in research on manual dexterity,
so much that some of them have not changed substantially since
1948, asisthe case of the Purdue pegboard [4]. Over time, new
pegboards have appeared with their corresponding normative
scores [5], such as the Functional Dexterity Test, which has
been designed specifically to evaluate the functional level of
personswith impairments of the dominant or nondominant hand,
or the 9-Hole Peg Test, with existing norms for both children
and adults[6]. Thelatter pegboard has been included in the test
battery Toolbox Assessment of Neurological and Behavioral
Function, recommended for its high reliability, easy application,
and low cost by the National Institutes of Health [7]. These
various pegboards have been tested with children [8,9] and
adults [10], and can be used to evaluate manual dexterity of
persons with Parkinson disease [11], Down syndrome [12],
Asperger syndrome or autism [13,14], or primary school
children with writing difficulties [15].

When using these pegboards, measurement accuracy depends
on the skills of the professional. In addition, it is not possible
to measure the time of inserting each single peg using amanual
stopwatch, and consequently only thetotal time per trial can be
obtained, for example, thetime of atrial that comprisesinserting
10 pegs in a board with the right hand.

An essential quality of motor development isitsvariability [16],
both among various subjects (interindividual variability), as
well as within the same person at different test moments
(intraindividual variability). Although traditional pegboards
provide information of interindividual variability [17,18], they
cannot provide immediate data on intraindividual variability.
Trials would need to be repeated several times to test the
variability among performances of the same individual, which
isdifficult to do with children, especially very young children.

A growing number of authors emphasize the importance of
intraindividual variability in motor development [19-21] and
relate it to alack of motor control in the process of acquiring
new skills[16]. Thishypothesis has been confirmed in research

http://mhealth.jmir.org/2019/8/€12434/
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that includes measuring the reaction times to stimuli presented
to children with attention-deficit/hyperactivity disorder [22,23],
aswell asin various studies on drawing and writing, with both
children with typica development and children with
developmental coordination disorder [24].

However, there are few tools available for the measurement of
this intraindividual variability nowadays. On the other hand,
using sensor-embedded devices in electronic health
environments is becoming a popular research topic as the
aggregation and analysis of sensor information is a very
promising feature for developing new prevention and
management techniques for diverse health issues [25,26], and
also thereis much literature on the design of sensor-based tools
for this purpose [27]. Specifically, some efforts have already
been made in the design of devicesto help professionalsin the
study of children’s developmental issues such as autism
spectrum disorder [28,29].

Objectives

Following this approach, we have designed a sensor-based
el ectronic pegboard, which enabl es the measurement of thetime
taken for every single peg removal and placement during the
activity. Thisboard, as opposed to traditional pegboards, allows
the accurate measurement of intraindividual manual skills by
automatically determining the absence or presence of pegseach
time apeg ismoved. The board is based on the proposals of the
Desarrollo de juguetes inteligentes para atencién temprana a
nifios con trastornos del desarrollo en € entorno educativo y
en el hogar digital (EDUCERE) project [30,31], which aimed
to develop an ecosystem of connected toys and tools to aid
professionals in the development assessment tasks. The main
architecture and modul es devel oped in the project are described
in Riveraet a [32] and are the base of the specific tool proposed
here.

Using thiselectronic peghboard, we have designed and conducted
acohort study with 2- to 3-year-old children for the evaluation
of intraindividual variability when using it for removing and
placing pegs. The study and its results are described and
discussed in this paper.

The rest of the paper is organized as follows. the Methods
section describes the study carried out, its initial hypothesis,
the recruitment process, and a brief description of the designed
tool. The results obtained in the cohort study are shown in the
Results section, and finally, in the Discussion section, we discuss
the results and the possible future steps to take in this research.
Finaly, we add some technological design details of the
sensor-based pegboard in Multimedia Appendix 1.

Methods

According to the hypothesis of Adolph et a [16], motor dexterity
development will be accompanied by a decrease of
intraindividual variability. Those children who are faster with
the pegswill show lessintraindividua variability, and thisresult
will bereflected in medium- or high-level correlations between
placement and removal times of each hand and the SDs.
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To provethishypothesis, we have designed a study which could
determine the variability of movement times during a playing
activity comprising the removal and placement of pegs in a
pegboard. A total of 39 children wereinterviewed, 21 boysand
18 girls. The children were aged between 25 and 41 months
(mean=34.03, SD 3.96) and attended aday care center for O- to
3-year-olds, located at the university campus on the northern
side of Madrid.

Once the school agreed to participate in the study, a letter was
sent to the families of the 3 groups of children in the upper grade
(2- to 3-year-olds), with a summary of the project and a
reference to a more detailed document at their disposal in the
school to obtain informed parental consent from each family
(see [33] for a detailed description on ethical cautions). The
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project had been previously approved by the university
Commission of Ethicsin Science. The children wereinterviewed
in the school setting, in aquiet room by one of the researchers,
while another researcher videotaped the child-pegboard
interaction and a third one supervised the registration of the
activity information. Every child was invited to play with the
board and move 5 of the 10 pegs, finding out how the lights
would change. After thisfamiliarization activity, thetest started,
and each child was invited to move the 10 pegs from their
original position in row A (the row positioned facing the
professional) to the empty holesin row B (the row positioned
facing the child; first trial). Once finished, the child was asked
to perform the same task with the other hand (second trial). A
snapshot of the videotaped activity can be seenin Figure 1.

Figure 1. Snapshot of the prototype sensor-based pegboard being used by a child.

Given that the traditional pegboards do not alow to measure
the intraindividual variability during its use by a single child,
we have designed and devel oped a prototype of a sensor-based
electronic pegboard. The physical design of the pegboard
proposed in this paper has been based on the current designs
used for dexterity teststo maintain the reliability of thetestsas
much as possible. The design of the board is based on a series
of requirements derived from (1) the experts’ needs related to
the assessment tests (eg, the mobility-driven design of the device
or itssize), (2) the children’sinteractions with thistype of tools
(ie, the necessity of a user-friendly smple interface and
interaction without any special learning requirement for itsuse),
and (3) the technological limitations and its costs. These
requirements have been compiled from different sources such
as the literature on pegboard tests, experts’ knowledge of the
matter, and the documentation on the available sensor and
communications technologies in these environments.
Considering these requirements, the proposed electronic
pegboard design has been developed as a modular system
comprising the pegboard itself, a data collector module, and a

http://mhealth.jmir.org/2019/8/e12434/

XSL-FO

RenderX

user interface accessed through mobile or desktop devices (an
example of thisinterface is shown in Figure 2).

The modules are independent and communicate between each
other using a wireless communications system. The full
components overview and its communications can be seen in
Figure 3. Further details on the modules' design can be found
in Multimedia Appendix 1.

To determine thereliability of the pegboard, an additional study
was carried out. In this study, the total trial times of the activity
of 17 children with the pegs were recorded manually by an
expert inmanual dexterity using a stopwatch and was compared
with the total times obtained electronically. The children were
aged between 30 and 41 months and completed 2 trials, one
with each hand. Hereafter, the measurements were analyzed,
comparing the manualy registered with those using the
€l ectronic pegboard, finding ahigh Pearson correlation between
the manually and the electronically measured times of the first
(r=0.998; P<.001) and the second trials (r=0.997; P<.001).
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Figure 2. Example of results of atest as shown in the Web interface from atabl et.
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Figure 3. Electronic pegboard system components overview.
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Results

The electronic pegboard has enabled the study of intraindividual
variability as the system alows for recording 10 placement
times (for each peg) and 9 removal times (for pegs 2 to 10,
excluding thefirst one) inasingletrial, instead of 1 singletime
measurement for the total amount of pegs. In addition, it is
possible to obtain the individual profiles of task performance
for each child. In the following paragraphs, results concerning
the intraindividual variability and individual profiles are
reported.
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Specifically, we have recorded the mean and intraindividual
values (I1V) for each child performing the activity. The values
have been classified depending on the hand used for the
movement and the type of movement (placement or removal of
pegs) in 4 groups:

» right hand placement (RP)
»  |eft hand placement (LP)

» right hand removal (RR)

» left hand removal (LR)

ThellV valuefor each childiscalculated asthe SD of thetimes
measured during the activity for each group. These valuesalong
with the mean time taken for each movement can contribute to
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determine if there is arelationship between the intraindividual
variability, measured as the time taken to move the pegs, and
the dexterity (the mean speed of placement or removal for each
hand).

A correlation analysis among age, the 4 mean measures of
dexterity (mean RP, mean LP, mean RR, and mean LR), and
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the corresponding 11V valueswas performed. Results (see Table
1) show various negative correlations with age (eg, older
children are faster at placing pegs with the right hand).
Moreover, positive correlations between mean values and 11V
for each hand and movement were found, from r=0.46 (P=.003)
tor=0.72 (P<.001).

Table 1. Pearson correlations between age and placement and removal measures.

Measure®  Age Mean® RF®  1IVIRP MeanLP® [V LP MeanRR"  IIVRR MeanLRY IV LR
Age _h — — — — — — — _
MeanRP  _q 33 — — — — — — — —
1V RP -0.17 0.66 — — — — — — —
MeanLP  -031 0.44 -0.01 — — — — — —
lvLp -0.38 035 020 0.46 - - - — -
MeanRR  -0.18 057 0.19 0.24 0.13 — — — —
IV RR -0.19 0.29 -0.01 -0.05 -0.15 0.7 — — —
MeanLR  -0.31 0.47 0.14 0.36 0.27 052 036 — —
IV LR _0.40 035 0.15 0.13 021 0.25 0.40 0.72 —

8All tests are 2-tailed.

BMean: mean value for each movement in an activity.

°RP: right hand placement.

d1V: intraindividual variability (SD for the movementsin an activity).
€LP: Ieft hand placement.

RR: right hand removal.

9LR: left hand removal.

hEmpty cells are meant to avoid repeated correlation values (the table is diagonally symmetric).

ip<.05.
Ip<.01.

The increased measurement possibilities with the electronic
pegboard makes it possible to obtain individual profiles of the
children showing the degree of variability in their performances
[15]. Asan example, Figure 4 shows placement times of the 10
pegs with both the right and the left hands of 2 children, both
30 months old. The mean time of Child A’s activity with the
left hand is 2174.40 millisecond and the 11V value is 728.30
millisecond; with the right hand, mean=1418.78 millisecond
and 11V=272.31 millisecond. Child B’'s mean time for task
performance with the left hand is 2089.78 millisecond and

http://mhealth.jmir.org/2019/8/€12434/

[1V=463.20 millisecond; with the right hand, mean=1725.00
millisecond and 11V =416.04 millisecond.

For instance, by comparing these results for the 2 children, the
differences in their profiles can be observed. Child A shows a
lower mean and variability of the right hand compared with the
left hand, which possibly reflects the further development of a
right manual preference. However, Child B displays more
comparable means and very similar variabilities of both hands,
and therefore no clear manual preference.
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Figure 4. Placement timesin mswith left and right handsin two children (Child A and Child B). ms: milliseconds.
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Discussion

The pilot study carried out with children has proven to be useful
to study the intraindividual variability in children. On the basis
of Adolph et a’s [16] hypothesis, a lower intraindividual
variability was expected in individuals with lower placement
and removal times astheir motor control increases. Our results
show this relation in 3-year-old children, thereby confirming
theinitial hypothesis.

Nevertheless, some limitations can be observed in this
preliminary study. A first limitation, as a consequence of its
exploratory nature, isthelow number of participating children.
Although significant results were found, this low number of
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participants did now alow applying Bonferroni corrections,
which is necessary when the number of correlationsishigh, as
the results showed. Second, the age ranges of the participants
were reduced, which might have caused lower correlations
because of the increased homogeneity of the studied population.
A third limitation liesin the absence of additional testing of the
motor development level and manual dexterity of the children,
as well as their manual preference, even though this may not
be apparent yet. Theseissues are being addressed in subsegquent
studies.

From atechnological point of view, we have presented in this
paper a novel sensor-based pegboard design, which shows
interesting features for the motor development in children. The
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study carried out can be seen also asavalidation test of the tool
design, as the 2- and 3-year-old children have been able to
perform all the requested activitieswithout any added difficulty
derived from its design.

Riveraet d

from different activities and perspectives, and therefore, improve
the development assessment task. This would facilitate early
interventions preventing children from more severe difficulties
in manual activities, including handwriting. Moreover, this

instrument seems promising for more precise diagnoses of
eventual motor difficulties not only in children with atypical
development, but in adults with Parkinson disease as well
[11-15,34].

In future research, we will work on the integration of the
pegboard within an ecosystem of similar sensor-based wireless
devices that contribute to centralized data storage and analysis
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Abstract

Background: Anaphylaxisis a potentially fatal allergic reaction. However, many patients at risk of anaphylaxis who should
permanently carry a life-saving epinephrine auto injector (EAI) do not carry one at the moment of allergen exposure. The
proximity-based emergency response communities (ERC) strategy suggests speeding EAI delivery by aerting patient-peers
carrying EAI to respond and give their EAI to a nearby patient in need.

Objectives. This study had two objectives: (1) to analyze 10,000 anaphylactic events from the European Anaphylaxis Registry
(EAR) by €licitor and location in order to determine typical anaphylactic scenarios and (2) to identify patients’ behavioral and
spatial factors influencing their response to ERC emergency requests through a scenario-based survey.

Methods: Datawere collected and analyzed in two phases: (1) clustering 10,000 EAR records by elicitor and incident location
and (2) conducting a two-center scenario-based survey of adults and parents of minors with severe allergy who were prescribed
EAI, inIsrael and Germany. Each group received afour-part survey that examined the effect of two behavioral constructs—shared
identity and diffusion of responsibility—and two spatial factors—emergency time and emergency location—in addition to
sociodemographic data. We performed descriptive, linear correlation, analysis of variance, and t teststo identify patients' decision
factorsin responding to ERC alerts.

Results: A total of 53.1% of EAR cases were triggered by food at patients' home, and 46.9% of them were triggered by venom
at parks. Further, 126 Israeli and 121 German participants completed the survey and met the inclusion criteria. Of the Isragli
participants, 80% were parents of minor patients with arisk of anaphylaxis dueto food allergy; their mean age was 32 years, and
67% were women. In addition, 20% were adult patients with amean age of 21 years, and 48% were female. Among the German
patients, 121 were adults, with an average age of 47 years, and 63% were women. In addition, 21% were alergic to food, 75%
were allergic to venom, and 2% had drug allergies. The overall willingness to respond to ERC events was high. Shared identity
and the willingness to respond were positively correlated (r=0.51, P<.001) in the parent group. Parents had a stronger sense of
shared identity than adult patients (t,45= —9.077, P<.001). The bystander effect decreased the willingness of all patients, except
the parent group, to respond (Fy ,55=28.27, P<.001). An interaction between location and time of emergency (F; 475=77.304,
P<.001) revealed lower levels of willingness to respond in strange | ocations during nighttime.

Conclusions: An ERC alergy app has the potential to improve outcomes in case of anaphylactic events, but this is dependent
on patient-peers’ willingness to respond. Through atwo-stage process, our study identified the behavioral and spatial factors that
could influence the willingness to respond, providing a basis for future research of proximity-based mental health communities.

(JMIR Mhealth Uhealth 2019;7(8):e13414) doi:10.2196/13414
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Introduction

Background

Anaphylaxis is a serious, potentialy fatal, systemic alergic
reaction with a rapid onset. Symptoms of anaphylaxis range
from skin and mucosal tissue changes such as urticaria and
angioedema to life-threatening respiratory and cardiovascular
conditions [1]. Anaphylaxis affects the lives of 49 million
individuals in the United States alone and international
guidelines consider it amedical emergency that requires rapid
intervention [2-4]. To prevent potentialy fatal anaphylaxis,
patients with severe allergy are advised to permanently carry
one or more doses of epinephrine in auto injector form (EAI).
With the onset of symptoms, the immediate intramuscular
injection of epinephrine from the persona EAI is used as
lifesaving treatment until the arrival of emergency medical
services (EMS) for continuing care. However, a significant
proportion of adult patients and caregivers of minor patients
with EAI prescription do not always carry their EAl and thereby
expose themselves to life threats, which may not be quickly
answered by EMS [5-7].

Research suggests that nearby patient-peers who maintain
long-term EAIl prescriptions can potentially deliver their
personal EAI to the patient in need through a proximity-based
emergency response communities (ERC) app[8,9]. Asdescribed
in Figure 1, ERC apps dispatch nearby registered patients with
allergy to help apatient inimmediate need of an EAI, in certain
configurations following the approval of EMS.

Based on the proximity of patient-peers, the ERC intervention
is dependent, in part, on factors such as population density,
prescription density, and EAI availability [10] as well as the
willingness of patients to join ERCs [11]. The intervention is
also dependent on the willingness of patients to respond to a
stranger’s request on short notice and in unfamiliar
circumstances.

Prior studies that examined the efficacy of proximity-based
mobile health (mHealth) interventionsinimproving emergency
outcomes point to the insufficient participation rates asamajor
unsolved challenge[12-15]. Studiesdiscussing helping behavior
between strangers suggest the dual effect of diffused
responsibility and shared identity as a potential explanation
[16-18].

Indeed, a central factor that can impact the willingness to
respond and help among a crowd of strangers is diffused
responsibility, also known as the bystander effect [18-20].
According to the bystander effect, when a person has noticed
an emergency event, the mere knowledge of other witnessing
bystanders can decrease willingnessto respond [21]. Inan ERC
scenario, the bystander effect may manifest when an emergency
request is transmitted to a patient-peer, given that they know
there are many more users of the app. This knowledge can

http://mhealth.jmir.org/2019/8/€13414/

decrease the willingness to respond at the single user level,
leading to no community response. Nevertheless, the shared
identity between patient-peers may serve to counteract the
bystander effect, leading to mutual aid [16,22-26]. Indeed,
studies about group identity among peer chronic patients show
their strong willingness to help each other during crises [26].

Spatial and tempora factors such as the time of emergency
event can limit this helping motivation. Studies show that the
willingness to help a distressed stranger varies during daytime
and nighttime. Research found that women’s fear of attackers
in public areas during the night decreases their willingness to
respond [27]. On the other hand, men are lesslikely to respond
at night due to alower motivation for volunteering activity [28].
Hence, the time of emergency occurrence can affect the
willingness to respond. Researchers pointed to the level of
familiarity with event location that may affect the willingness
to travel from the responder’s location to the victim'’s spot, as
it demands an increase in the cognitive effort needed for
traveling in a potentially unfamiliar environment [29]. In ERC
events, thewillingness of ERC membersto respond can decrease
if theincident location isunfamiliar and demands a.concentrated
effort.

Furthermore, the willingness to respond might be limited by
the high cost of EAI in some communities [30]. To examine
theinfluence of these behavioral and spatial decision factorson
the response decision to ERC alerts among adult patients and
parents of minor patients with EAI prescription, we conducted
ascenario-based survey acrosstwo centers. (1) The Yahel Isragli
Foundation for Food Allergy in Israel (Yahel), where 73% of
the members are parents of minor patients with food allergy
and 27% are adult patients, and (2) the outpatient clinic at the
Department of Dermatology, Venereology and Allergology,
Charité - Universitaitsmedizin Berlin in Germany (Charité),
where more than 90% of the patients are adults with allergies.
Studies point to high levels of volunteering activity in Israel
and Germany, suggesting that their willingness to help a
distressed patient-peer may not be affected despite cultural
differences[31,32]. In addition, both centers are characterized
by the low cost of EAI due to a national health insurance
program allowing elimination of the EAI cost from the list of
behavioral barriers to respond to ERC aderts in these
communities.

Finaly, data analysis of the European Anaphylaxis Registry
(EAR) of anaphylaxis events [33,34], collected by 90 tertiary
alergy centers in 10 European countries, will alow us to
develop scenarios of typical acute anaphylactic eventsthat will
reflect the emergency events of an ERC alergy app.

Theimproved knowledge of the behavioral and spatial decision
factors would be useful in designing interventions that support
patients with allergy to respond to and potentially improve
emergency outComes.
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Figure 1. Proximity-based emergency response community during an anaphylactic event.
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Objectives

Themain goal of thisstudy isto identify behavioral and spatial
factorsinfluencing patientsat risk of an acute anaphylactic event
in responding to emergency eventsand providing their personal
EAI to anearby patient-peer in need through a scenario-based
survey. To determine typical acute anaphylactic scenarios, we
analyzed the EAR dataset with 10,000 records of anaphylactic
events.

Methods

Recruitment

Between May 2017 and June 2018, we conducted a
scenario-based survey that was distributed in The Yahel Isragli
Foundation for Food Allergy in Israel, whose members are
parents of minor patients with food allergy and adult patients,
and the outpatient clinic at the Department of Dermatology,
Venereology and Allergology, Charité - Universititsmedizin
Berlin in Germany, which mainly treats adult patients.

Inclusion criteria for both centers were as follows: current
diagnosis of alergy, considered to be at continuing risk for
anaphylactic reaction, and current EAI prescription.

http://mhealth.jmir.org/2019/8/€13414/
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Exclusion criteriafor both centers were as follows: at low risk
for anaphylactic reaction as per an assessment and no current
EAI prescription.

A total of 126 Israeli participants, members of the officia
Facebook page of Yahel, were recruited consecutively through
apost. The post invited group members at risk of anaphylactic
eventsand having an EAI prescription to participatein asurvey.
Members who wished to participate were directed through a
link to answer an external online four-part survey.

Although recruitment through Facebook may lead to aselection
biasin which the most motivated group memberswill respond,
the distribution of a detailed four-part survey among group
memberswith amajority of parents of minor patientswith food
allergies during their summer vacation months leads to a low
motivation to respond [35]. To increase responsiveness, persona
messages were sent to the group members every 3 days and the
post was repeated periodically over a period of 2 months.
Eventually, only 3% of Yahel Facebook members were
recruited.

A total of 121 German patients at risk of an anaphylactic event
and with an EAI prescription, who visited the Charité outpatient
clinic, were recruited in a consecutive manner during the same
period. Figure 2 described the selection process of the dual
sampling methodology of Israeli and German participants.
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Figure 2. Recruitment process of study participants. EAI: epinephrine auto injector.
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Questionnaires and Scenario Development

The survey was built to examine the effect of shared identity,
bystander effect [19,21,36], time of emergency [27,37], and
location familiarity [38,39] on willingness to respond to
anaphylaxis events through an ERC app. The questionnaire
contained four sections:

Thefirst section covered the participants’ anonymous personal
data and information on allergy status (Multimedia Appendix
1).

In the second section, participants were given an explanation
of the ERC app for alergy patients and its potential lifesaving
activity during acute anaphylactic events. Participants were
assured that they will not bear any legal liability for participating
in emergency eventsthat are protected by Good Samaritan laws
[22,40]. Subsequently, they were asked to project themselves
as ERC members who use the app. Their initial level of shared
identity was measured through an in-group identification tool
[41] (Multimedia Appendix 2).

Thethird section of the survey presented usage scenarios[42,43]
describing various anaphylaxis events when no EAl was
available and help was summoned through the ERC app
(Multimedia Appendix 3).

The scenarios were devel oped through the following two-stage
process.

Table 1. Decision factors' research matrix.

Stage 1: Categorizing European Anaphylaxis Registry
Events According to Location and Triggers

The EAR records details of anaphylaxis events collected by 90
tertiary allergy centersin 10 European countries. It was created
in 2007 and as of 2019, it contains nearly 14,000 records [34].

To determine scenarios that represent typical triggers and
locations of acute anaphylactic events, we clustered 10,000
cases from the EAR dataset using a two-step cluster algorithm
applied through SPSS [computer software] (Version: 25.0.
Armonk, NY: IBM Corp). Clustering results were used to
analyze the data set by two variables: (1) allergy €elicitor, which
included the following seven values—food, venom, latex, drugs,
exercise, stress, cold and “I don’t know”—and (2) incident
location, which included the following 10 values—place of
work, medical practice, garden or park, urban public place,
restaurant or takeaway food, friend's home, dentist, home,
school or kindergarten, public transportation, and “I don't
know.”

Stage 2: Developing Scenarios of Anaphylactic Events

Cluster analysis results formed the basis of the scenarios
storylinesin which location familiarity, time of emergency, and
bystander effect were activated to measure their impact on
willingness to respond through the levels noted in Table 1.

Bystander effect Daytime Nighttime

Unfamiliar location Familiar location Unfamiliar location Familiar location
Single responder 1 2 5 7
Multiple responders 3 4 6 8

http://mhealth.jmir.org/2019/8/€13414/
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The 2 x 2 x 2 research matrix of Table 1 resulted in final eight
scenarios with the following combinations:

Daytime, unfamiliar location, a single responder
Daytime, familiar location, a single responder
Daytime, unfamiliar location, multiple responders
Daytime, familiar location, multiple responders
Nighttime, unfamiliar location, a single responder
Nighttime, familiar location, a single responder
Nighttime, unfamiliar location, multiple responders
Nighttime, familiar location, multiple responders

O N O~ WDN P

To improve participants ability to project themselves into
scenarios, the locations of incidents and the main character’s
personal details were attuned to each study region. Following
presentation of the scenario, participantswere asked to rate their
willingnessto respond to ERC emergency requests considering
the scenario circumstances. Finally, to validate our selection of
scenarios’ location, we asked participantsto rate their familiarity
levelswith each scenario location through alocation familiarity
guestionnaire (Multimedia Appendix 4).

Data Collection

Each group was divided into two subgroups. Each Isragli
subgroup received adifferent online version of asurvey through
a closed Facebook page of Yahel foundation. Each of these
versions contained two scenarios. Each German subgroup
received asimilar paper version of the survey with two scenarios
each, distributed at the Charité. None of the groups was made
aware of the other survey version. All participants were given
an explanation of the ERC app for allergy patients and itsrole
in calling responders during anaphylactic events.

M easures

Developed in English, Hebrew, and German, the survey was
built to examine the effect of shared identity, bystander effect,
time of emergency, and location familiarity on willingness to
respond to anaphylactic events through an ERC app using 18
items measured on a 10-point Likert scale. All questions were
piloted for comprehensibility and content validity on an
independent sample of 40 patients randomly selected and not
included in the study sample. Minor adjustments were made to
thefirst draft after the pilot study. The scenarios were validated
for content by agroup of 25 allergy patients not included in the
study sample. Their feedback indicated that the scenarios were
reasonable and that the participants were ableto put themselves
in the hypothetical position of the ERC responding member
(Multimedia Appendix 5). Participants anonymous personal
data and information on alergy status were collected through
a five-item demographic questionnaire. To measure shared
identity, participants were asked to rate their level of agreement
or disagreement with an eight item in-group identification tool.
To measure willingness to respond, participants were asked to
rate their level of agreement or disagreement through a
three-item agreement or disagreement tool, accompanied by a

http://mhealth.jmir.org/2019/8/€13414/
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series of survey statements on willingnessto respond. Location
familiarity levels were measured using a three-item geospatial
familiarity questionnaire [36]. All survey instruments are
presented in the Multimedia Appendices.

Survey Statistical Analysis

We used simple descriptive statistics to analyze participants’
sociodemographic and clinical data. To assess the strength of
the association between shared identity and the willingness to
respond, we obtained Pearson correlations.

We performed subgroup analyses through an independent
samplet test to determine whether the levels of shared identity
and willingness to respond differed when the sample was
restricted to sociodemographic subgroups. Level of familiarity
with the locations of emergency scenarios was compared using
independent samplet test on the whole-sample level.

To test for the main effects of bystander effect, time of
emergency, and location familiarity, we preformed two-way
and three-way analyses of variance and t tests on each stratified
sample: the full sample, parents of minor patients with food
allergy, adult patientswith food allergy, and patientswith venom
alergy.

Results

Participant Characteristics

A total of 247 questionnaires were delivered to 146 adultswith
severe allergy having an EAI prescription and 101 parents of
children with severe allergic having an EAI prescription.

The majority of the 126 Israeli participants (80%) were parents
of children with the risk of an anaphylactic episode due to food
allergy, who had an EAI prescription. The mean age of this
group was 32 years, and 67% were women (Table 2). The
second subgroup of the Israeli patients were adult anaphylaxis
patients with a long-term EAI prescription; their average age
was 21 years, and 48% of them were women.

In Germany, all 121 patientswith EAI prescription were adults.
Their average age was 47 years, and 64% were women. Only
one participant was a parent of a patient. In addition, 21%
suffered from food allergy, 75% had venom alergy, 2% had
drug allergies, and 2% had other allergies.

Comparing Shared | dentity and Willingness to
Respond According to Sociodemographic Data

Investigating the effect of shared identity on the willingnessto
respond for the whole sample required examination of the
possibility to bind the sample regardless of the patients’ origin.

Table 3 compares the mean scores for shared identity and
willingnessto respond between | sragli and German adult patients
with food allergy.
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Characteristics Israel (n=126) Germany (n=121)
Gender, n (%)
Male 43 (35) 43 (36)
Female 83 (65) 78 (64)
Age: mean, median 30,31 47,49
Participant type, n (%)
Adult patient 25 (20) 120 (99)
Parent of minor patient 101 (80) 1(1)
Elicitor, n (%)
Food 126 (100) 26 (21)
Venom _a 91 (75)
Drug — 2(2
Other — 2(2
ot available.
Table 3. Scoresfor shared identity and willingness to respond among Israeli and German adult patients with food allergy.
Adult patients with food allergy Shared identity Willingness to respond
n (%) Mean (SD) n (%) Mean (SD)
Isragli patients 25 (20) 6.85 (2.08) 25 (20) 7.15 (1.56)
German patients 26 (21) 6.05 (1.53) 24 (20) 6.93 (2.13)

Although a statistical test was not applicable due to the limited
sample size of the two groups, resultsindicate small differences
between the scores of shared identity and willingnessto respond
between German and Israeli adult patients with food alergy.
As such, we reported unified results for the entire sample.

Assessment of the strength of association between shared
identity and the willingness to respond revealed a significant
moderate positive correlation between these two constructs for
thefull sample (r=0.31, P<.001), asignificant strong correlation
for the parents of minor patients with food alergy (r=0.505,
P=.03), a significant small correlation for adults with food
alergy (r=0.289, P<.001), and asmaller correlation for patients

http://mhealth.jmir.org/2019/8/€13414/
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with venom alergy (r=0.189, P<.001). Table 4 shows subject
characteristics according to their level of shared identity and
willingnessto respond. An independent samplet test across all
baseline characteristics revealed significant differences in the
level of shared identity and the willingnessto respond between
the type of participant and the alergy €elicitor. These results
indicate that parents of young patients have significantly
stronger shared identity (t,45=—9.077, P<.001) and significantly
higher levels of willingness to respond than adult patients.
Patients with food allergy have a significantly stronger shared
identity (t,3s=8.9, P<.001) and significantly higher levels of
willingness to respond than patients with venom alergy.
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Table 4. Results of t testing for shared identity and willingness to respond according to participants' characteristics.

Variable Shared identity Willingness to respond
n (%) Mean (SD) P value n (%) Mean (SD) P value
Type of participants
Adult patient 143 (57) 5.28 (2.20) <.001 143 (57) 7.7(2.18) <.001
Minor patients' parent 102 (41) 7.56 (1.51) <.001 102 (41) 8.7 (1.53) <.001
Gender
Male 86 (35) 6.10 (2.24) .36 86 (35) 8.2(0.98) 74
Female 159 (65) 6.30 (2.25) 36 159 (64) 8.15 (2.01) 74
Elicitor
Food 152 (61) 7.08 (1.92) <.001 152 (62) 8.5 (1.69) <.001
Venom 89 (36) 4.78 (2.03) <.001 89 (36) 7.5(2.24) <.001
Drug 2(0.8) 5.43 (2.09) 15 2(0.8) 6.12 (3.79) 4
Other 2(0.8) 7.37 (1.01) 15 2(0.8) 8(L77) 4

Detecting Spatial and Behavioral Decision Factors
Through Emer gency Response Communities Scenarios

To detect theinfluence of spatial and behavioral decision factors
on the willingness to respond, we first developed eight ERC
survey scenarios according to the results of the EAR cluster
analysis.

Data were clustered into two high-quality clusters.

The first cluster included 46.9% of anaphylaxis cases. In this
cluster, 100% of incidents were triggered by venom; 50% of
the incidents occurred in gardens and parks, 25% occurred in

public places or at the place of work, and 25% of the cases did
not report the location of the incident.

http://mhealth.jmir.org/2019/8/€13414/

The second cluster included 53.1% of cases. Inthiscluster, 48%
of incidents were triggered by food, 30% were triggered by
drugs, 8% were triggered by venom, and 14% did not report
thetrigger. In addition, 50% of the incidents occurred at home;
15% occurred at medical practices and hospitals; 7% occurred
in restaurants and hotels; and 28% were split between schooal,
friend’s home, urban public places, gardens and parks, place of
work, and missing data.

Next, we compared the response decisions of the eight survey
groups across three stratified populations.

Table 5 compares the average mean levels of willingness to
respond across eight scenarios and four stratified survey
populations.

IMIR Mhealth Uhealth 2019 | vol. 7 | iss. 8 |e13414 | p.169
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Gaziel Yablowitz et al

Table 5. Mean levels of willingness to respond, for each assigned scenario across survey populations.

Scenarios Full sample Patients with food allergy Petientswith venom dlergy (all
Parents of minor patients Adult patients adults, no parents)

n (%) Mean (SD) n (%) Mean (SD) n (%) Mean (SD) n (%) Mean (SD)
NUM? 55 (22) 595(146) _b — 11 (4) 6.18(134)  40(16) 6.0 (40)
NUSS 55 (22) 9.2(1.22) 1(0.4) 10 (1) 10 (4) 9.8(0.34) 40 (16) 9.0 (40)
pud 63 (25) 8.5(1.67) 53 (21) 8.6 (1.57) 10 (4) 8.0 (1.90) — —
DUME 63 (25) 8.6 (1.65) 48 (19) 8.5 (1.69) 15 (6) 8.8 (152) — —
DES 61 (25) 8.6 (2.08) 1(0.4) 5.0 (1) 13 (5) 8.8(2.1) 48 (19) 8.6 (2.07)
DEMY 58 (23) 6.1 (1.85) — — 14 (5) 5.8 (0.69) 44 (18) 6.22 (2.09)
NES 63 (26) 9.1(1.42) 48 (19) 9.1(1.47) 15 (6) 933(L24) — —
NEM! 63 (26) 8.8(1.33) 53 (21) 8.8 (1.30) 10 (4) 8.7 (1.56) — —

3NUM: Nighttime, unfamiliar location, multiple responders.
PNot available.

°NUS: Nighttime, unfamiliar location, a single responder.
dpus: Daytime, unfamiliar location, a single responder.
€DUM: Daytime, unfamiliar location, multiple responders.
DFs: Daytime, familiar location, a single responder.
9DFM: Daytime, familiar location, multiple responders.
PNFs: Nighttime, familiar location, a single responder.
INFM: Nighttime, familiar location, multiple responders.

To test the impact of the bystander effect, time of emergency,
and the type of location and its interactions on the willingness
to respond, we performed variance analysis on four stratified
samples (Table 6). As described in Table 4, significant
differencesin the scores of shared identity and the willingness
to respond were detected between adult patients and parents of
minor patients with food and venom allergy. Table 6 presents
the main effects of each treatment factor for the full sample,
parents of minors with food allergy, adults with food alergy,
and adults with venom allergy: A significant main effect was
observed for the bystander effect (F, 472=108.20, P<.001) for
the full sample. The post hoc t test analysis showed that the
bystander effect significantly decreased the willingness to
respond to emergency alerts among allergy patients (t,,4=8.47,
P<.001).

The bystander effect was also observed as a significant factor
for adults with food allergy (F; 95=28.33, P<.001) and adults

with venom allergy (F;165=100.435, P<.001), but not for the
parents of minor patients with food allergy (P=.48).

To test for the impact of emergency location on the willingness
to respond, we first examined patients familiarity with
scenarios’ locations. The results of at test for independent
samples (t476=—6.9, P<.001) validated that patients distinguished
between unfamiliar and familiar locations and decided how to
respond. A two-way significant interaction was revealed

http://mhealth.jmir.org/2019/8/€13414/

between emergency location and time for the full sample
(F1475=77.304, P<.001) and for adults with food allergy

(F100=13.44, P<.001).

A post hoc independent sample t test for the full sample
(ty3,=—3.9, P<.001), and patientswith food dlergy (t;3,=—2.110,
P=.04) showed that the ERC night alerts received in strange
locations significantly decreased participants’ willingness to
respond compared to ERC alerts received in strange locations
during the day.

In addition, t test resultsfor the full sample (t,,3=6.43, P<.001)
and adults with food allergy (t4,=3.39, P<.001) indicate that

night alertsreceived in familiar locations significantly increase
thewillingnessto respond compared to the alertsreceived during
the day in strange locations.

A significant three-way interaction was revealed between the
bystander effect, location familiarity, and time of emergency
for the full sample (F, 473=88.19, P<.001) and for adults with
food allergy (F;90=69.5 , P<.001). The result of a post hoc t
test for the full sample (t;1=11.10, P<.001) and adults with
food alergy (t,0;=12.63, P<.001) indicated that the knowledge
of other potential respondersin rangewill significantly decrease
the patient-peer willingness to respond to ERC night alerts
received in strange |locations.
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Table 6. Main effects and interactions of the three independent variables found by three-way analysis of variance test.

Treatment factors Full sample Patients with food allergy Patients with venom alergy
Parents of minor patients Adult patients (all adults, no parents)
F (df) Pvaue F (df) Pvalue F (df) Pvalue F (df) P value
Bystander effect 108.202 (1,473) <.001  0.857(1,198) 0.36 28.33(1,90) <001  100.435(1,168) <.001
Time of day 4513(1,473) .03 6.457 (1,198) 0.01 443(1,90) .04 _a —
Type of location 0547 (1,473) 46 4311(1,198) 0.04 0.024(1,90) .88 — —
Bystander effect* Timeof Day ~ 4.177 (1,473) 04 — — 2.88(1,90) .09 — —
Time of Day* Typeof location ~ 77.3 (1,473) <001 1.63(1,198) 0.2 1344(1,90) <001 — —
Typeof location* Bystander effect 0.282 (1,473) .60 — — 0.412(1,90) .52 — —
Type of Location* Bystander ef-  88.91 (1,473) <001 — — 69.5 (1,90) <.001 — —

fect* Time of day

3ot available.

Discussion

Principal Findings

This two-center study set out to identify the behavioral and
spatial decision factors influencing food and venom alergy in
patients and parents of minor patients to participate in the
emergency response app, in which these patients can provide
their personal EAI to a patient-peer in need.

The results of this study with 247 lsradi and German
participants show the following: The overall score of willingness
to respond to ERC alerts was high, especially among parents
of minor patientswith food allergy. The overall score of shared
identity among patients with food allergy was high and varied
across different types of participant. The association between
shared identity and the willingnessto respond was strong among
parents of patients with allergy and moderate among the full
sample. Bystander effect significantly decreased thewillingness
to respond in the full sample, patients with food allergy, and
patients with venom alergy. It did not decrease the willingness
to respond among parentswith minors having food allergy. The
combination of emergency time and its location significantly
affected the willingness to respond among the full sample and
adults with allergy. A three-way interaction between these two
spatial constructs and the bystander effect significantly
decreased the willingnessto respond among thefull sasmpleand
adult patients with allergy.

These findings lead to the following observations. First, the
high scores of willingness to respond suggest that an ERC
allergy app has the potential to improve outcomes in the case
of anaphylactic events. Nevertheless, the significant differences
in the sense of shared identity among adults with food allergy,
parents of minors with food allergy, and patients with venom
allergy indicate that not all patients at risk of anaphylaxis are
the same and their response decisions will differ.

Second, the low score for shared identity found among the full
sample of patients with venom allergy compared to the full
sample of patients with food allergy is not surprising. With a
strong lobbying activity for food labeling and allergen-free
public spaces, patients with alergy and their families have a

http://mhealth.jmir.org/2019/8/€13414/

stronger common ground than those who are alergic to venom
[44,45]. The high score of shared identity found among parents
of minors with food alergy compared to adult patients with
food alergy can be attributed to the former’s strong parental
identity as caregivers of chronicaly ill children who share a
common medical condition [46,47].

Third, the significant strong correl ation between shared identity
and the willingness to respond found among parents with food
alergy along with their high score of shared identity and
willingness to respond confirm the results of previous studies
about the association between active bystander intervention and
high sense of shared identity, especially among patient-peers
[22,26,48-51].

The bystander effect, which was identified as a significant
barrier to response[17,21,52] among thefull sample, including
adults with food allergy and patients with venom allergy, did
not impact the willingness to respond among parents of minor
patients with food allergy. These results show that patientswill
not aways respond to ERC aerts, irrespective of the
circumstances, and are selective in their response decision.
Hence, there is a low possibility that participants response
decisions were biased due to a social desirability effect. The
use of an anonymous online instrument for half of the survey
population further reduces the chance of social desirability bias
[53,54].

These results also suggest that an effective ERC alergy app
should combine the members’ proximity and strong collective
identity. Thus, designing such proximity-based apps for local
social community grouping of severe alergy patients can
increase response rates to ERC alerts; in other words, being
coincidentally in proximity is not as effective as feeling you
belong to a community group. This conclusion matches what
we know about the strong ability of peer patients local
communities to benefit from health care delivery and improve
health behavior among its members dueto strong social cohesion
and local networks [55,56].

Fourth, spatial decision factors decrease the response rate only
when combined. Theinteraction between thetime of emergency
and its location, which was significant for the full sample and
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adults with food allergy showed that response to anaphylactic
events would be limited in a strange location during the night.
In accordance, athree-way interaction between ERC night alert,
strange location, and the bystander effect will significantly
decrease the response scores.

Indeed, studies reported low rates of prosocial behavior during
nighttime due to fear, especially when the emergency occursin
unfamiliar locations [27,37]. Nevertheless, the results of post
hoc t tests for the interaction between time and emergency
location identified participants' favorability to respond to night
alerts over day alerts in unfamiliar locations. This further
corresponds with studies showing that bystander intervention
occurs when it helps the victim and does not harm the hel per
[57,58]. Hence, thefear of responding to night alertsin astrange
location was much greater for the responder than the “ potential
profit” of benefiting a patient-peer in need. It follows that
improving members’ sense of personal security during an ERC
event may contribute to higher response scores. This need can
be answered through real-time communication platforms that
support constant contact between ERC respondersandtheEM S
center in the same manner that the EM S center communicates
with its own first responders [59-61].

Limitations

This study has several limitations. The study samples consisted
of lsraeli and German participants with EAI prescriptions due
to arisk of anaphylaxis. Although this represents two distinct
cultures and geographies, the generalizability of findings to
allergy patientsfrom other geographic areasand culturesisstill
limited and further studies are needed to this effect.

The sample populationincluded | sragli parents of childrenwith
allergy, Isradli adult patients, and German adult patients. Future
research including German parents of children with allergy can
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complete the picture about the barriers and facilitators of
participation in ERC events among I sraeli and German patients
at risk of anaphylaxis.

Conclusions

An ERC allergy app has the potentia to improve outcomesin
the case of anaphylactic events, but this depends on patient-peer
willingness to respond. The results of this study showed that
adults and parents of young patientsat risk of anaphylaxiswere
willing to travel and givetheir personal EAI to apatient in need
when dispatched by an ERC app. The strong positive correlation
between shared identity and the willingness to respond for the
parent subgroup suggest that an effective ERC allergy app
should prefer alocal online social community of patients with
severe allergy who can respond to ERC alerts, thanks to their
proximity and a strong socia cohesion, rather than taking
national or generally branded approaches. The significant impact
of the bystander effect on the willingness to respond on the
subgroups and significant lower scores for shared identity
reinforce this conclusion.

The decision factors of time and location of emergency event
significantly decreased the response score only wheninteracting
with each other. Future examinations of design strategies that
would increase ERC members’ sense of personal security may
overcome these barriers.

Finally, as proximity-based mHealth interventions take an
innovative role in delivering emergency care, identifying its
members  decision factors for participation through
patient-centered strategies becomes crucia. Thisstudy identified
the behavioral and spatial decision factors of severe allergy
patients, providing a basis for future research of participation
behavior among members of proximity-based mHealth
interventions.
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Abstract

Background: Health care systems are rapidly deploying digital tools for disease management; however, few studies have
evaluated their usability by vulnerable populations. To understand the barriers to app usage among vulnerable populations, we
employed user-centered design (UCD) methods in the development of a new text messaging app.

Objective: The study aimed to describe variationsin patients’ engagement in the app design process, focusing on limited health
literacy (LHL), limited English proficiency (LEP), and limited digital literacy (LDL).

Methods: We conducted 20 in-depth semistructured interviews with primary care patients at a public health care system, used
open-ended discussions and card sorting tasks to seek input about mobile phones and text messaging, and used open coding to
categorize the patterns of mobile phone usage and to evaluate engagement in the card sorting process. We examined qualitative
differences in engagement by examining the extensiveness of participant feedback on existing and novel text messaging content
and calculated the proportion of patients providing extensive feedback on existing and novel content, overall and by health literacy,
English proficiency, and digital literacy.

Results. The average age of the 20 participants was 59 (SD 8) years; 13 (65%) were female, 18 (90%) were nonwhite, 16 (80%)
had LHL, and 13 (65%) had LEP. All had depression, and 14 (70%) had diabetes. Most participants had smartphones (18/20,
90%) and regularly used text messaging (15/20, 75%), but 14 (70%) of them reported having difficulty texting because of inability
to type, physical disability, and low literacy. We identified 10 participants as specificaly having LDL; 7 of these participants
had LEP, and all 10 had LHL. Half of the participants required amodification of the card sorting activity owing to not understanding
it or not being able to read the cardsin the allotted time. The proportion of participants who gave extensive feedback on existing
content was lower in participants with limited versus adequate English proficiency (4/13, 30% vs 5/7, 71%), limited versus
adequate health literacy (7/16, 44% vs 3/4, 75%), and limited versus adequate digital literacy (4/10, 40% vs 6/10, 60%); none of
these differences were statistically significant. When examining the proportion of patients who gave extensive feedback for novel
messaging content, those with LHL were less engaged than those with adequate health literacy (8/16, 50% vs 4/4, 100%); there
were no statistical differences by any subgroup.

Conclusions: Despite widespread mobile phone use, digital literacy barriers are common among vulnerable populations.
Engagement in the card sorting activity varied among participants and appeared to be lower among those with LHL, LEP, and
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LDL. Researchers employing traditional UCD methods should routinely measure these communication domains among their
end-user samples. Future work is needed to replicate our findingsin larger samples, but augmentation of card sorting with direct
observation and audiovisual cues may be more productive in liciting feedback for those with communication barriers.

(JMIR Mhealth Uhealth 2019;7(8):€14250) doi:10.2196/14250

KEYWORDS

health information technology; mHealth; user-centered design; health literacy; digital literacy; limited English proficiency

Introduction

Methods

Background

Despite the potential promise of health-related mobile appsin
improving the health of individual swith chronic diseases[1-4],
few studies evaluate their usability and feasibility, and even
fewer do so among vulnerable populations [5-7]. Existing data
suggest that populations with limited health literacy (LHL),
limited digital literacy (LDL), and limited English proficiency
(LEP) arelesslikely to use health information technology (HIT),
including mobile apps [6,8-11]. Given that smartphone
ownership ratesare similar in low income, minority populations
compared with the general population of the United States, there
are likely other barriers contributing to this decreased use of
health apps [12]. To better understand these barriers and to
reduce the disparitiesin the use of HIT for the management of
chronic diseases, it is criticadl to include the vulnerable
populations in the process of app development [13,14].

Even more specifically, there is a need to advance the field in
terms of appropriate design science methods for working with
vulnerable populations, including racial or ethnic minorities
and those with low socioeconomic status and educational
attainment [7]. There is similarly a need to understand the use
and effectiveness of these methodsin patients with mental health
disorders that are associated with lower activation and
engagement, such as depression [15]. Standard user-centered
design (UCD) methods, such as prototyping and card sorting,
often use rapid-fire sessions with end users to generate and
prioritize alarge amount of potential content for adigital health
program or intervention [16-18]. Although the goal of these
methods is to understand the experiences, beliefs, and
preferences of end users, they could represent a cognitively
demanding approach for the participants—especially in terms
of hypothetical discussions about future health behaviors and
sifting through large volumes of potential content.

Objectives

We sought to understand which design methods worked well
within a larger study employing UCD methods to develop a
text messaging app aimed at increasing physical activity among
patients with comorbid diabetes and depression. In this paper,
we evaluate data from 2 sets of semistructured interviews
conducted during the early phases of the app development and
describe the patterns of mobile phone usage and variations in
engagement with design methods by health literacy, English
proficiency, and digital literacy of patients recruited from a
public health care system.

http://mheal th.jmir.org/2019/8/e14250/

Resear ch Setting and Sampling Procedure

Data for this study comprise 20 transcripts of semistructured
interviews collected during 2016 to 2018 over 2 phases. All
patientswere recruited from primary care clinicsfrom the public
health care system for the city and county of San Francisco. A
total of 10 transcripts are from patients who had completed a
previoustrial evaluating automated text messages as an adjunct
to cognitive behavioral therapy for depression (MoodText trial,
NCT01083628) [19], and 10 are from a separate group of
patients participating in early design sessionsto develop atext
messaging app to increase physical activity in patients with
diabetes and depression (Diabetes and Depression Text
Messaging Intervention [DIAMANTE] trial, NCT03490253).
Inclusion criteria were as follows. age =18 years, English- or
Spani sh-speaking, ownership of any type of mobile phone, and
adiagnosisof depression. Exclusion criteriawere active suicidal
ideation with a plan and active severe psychosis.

Data Collection Procedure

Short questionnaireswere administered to the participantsduring
recruitment to assess sociodemographic factors (including age,
gender, race and ethnicity, education level, income, employment
status, and English proficiency), health status, and health
literacy. Semistructured, in-depth interviews were conducted
with al 20 participants in either English or Spanish. All
interviews were 1.5 hours in duration, and the interviews in
Spanish were conducted by study staff who were native
speakers. Interview guidesfor all participantsincluded questions
about mobile phone usage, physical activity, and feedback on
sample text messages and text messaging interventions
(interview guides and card sorting instructions are available by
request). Participants also completed a closed card sorting
activity. Card sorting is a method used to explore how people
group concepts, and this has previously been used in the
development of text messaging interventions [20]. Participants
were given aset of note cards with sampletext messageswritten
at a sixth-grade reading level in either English or Spanish,
depending on their preferred language, and were asked to sort
the cardsinto 3 piles depending on whether they liked, disliked,
or felt neutral about the messages on the cards. They were then
asked to explain why they liked or disliked these messages. If
they did not provide a reason for liking or disliking the
messages, they were probed once more by the interviewer. If
the participants did not understand the card sorting activity or
had difficulty reading the cards, card sorting was modified such
that the interviewer read cards aloud and elicited feedback on
each sample text message one at atime. On completion of the
card sorting activity, participants were asked if they had any
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additional ideas for potential text message content or structure
of the text messaging intervention.

Qualitative Analysis

The qualitative analysis was done with open coding of all
transcripts using inductive and deductive coding techniques
(Dedoose version 8.1.8). One author (SN) created the initial
codebook based on the interview questions. A second author
(PA) read a subset of transcripts and coded using the original
codebook. SN, PA, and CL met frequently to review the
codebook, discuss the emerging themes, and resolve
disagreements. For this study, we specifically coded for (1)
patterns of mobile phone usage and (2) engagement in the design
methods. This involved categorizing both the thematic ideas
that emerged from the interviews, as well as the extensiveness
of participation in (1) the card sorting activity to provide
feedback on the existing text messaging content and (2) the
semistructured interview to provide novel suggestions for new
text messaging content. Feedback on existing content was further
categorized as extensive if it included not only what the
participants liked or disliked but also why they liked it and how
they felt it would help them. If the feedback on the existing
content consisted only of what the participantsliked or disliked,
it was determined to be minimal. Novel suggestions were
extensive if they provided detailed content for possible text
messages and also offered new types of messages. If novel
suggestions were repetitions of text messages aready developed
by the study and shared with the participant, or if they were
unrelated to the purpose or content of the study, they were
determined to be minimal or misaligned.

Exploratory Analyses

For our secondary analyses, wewereinterested in the differences
in key themes by participant demographics, specifically, health
literacy, English proficiency, and digital literacy. Health literacy
was measured using the single-item assessment by Chew et al,
“How confident are you filling out medical formsby yourself?’
As previoudly validated in a population similar to that of this
study, adequate health literacy was defined by answering
“extremely,” whereas LHL was defined by answers*“not at all,”
“a little bit,” “somewhat,” or “quite a bit” [21-23]. English
proficiency was also measured using a validated single-item
assessment, collapsing Spani sh-speaking participantswith those
that reported “moderate,” “little,” and “very little ability” with

http://mheal th.jmir.org/2019/8/e14250/
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speaking English [24]. Owing to the lack of avalidated survey
measure of digital literacy that iswidely used for mobile phone
usage, we created a definition of digital literacy based on the
interview responses about the current use of mobile phones.
We categorized participants with very limited use or engagement
and/or self-reported difficulty in using their mobile phones as
having LDL . We based our definition in Kayser et al’s concept
of eHealth literacy [25], incorporating both capabilities and
experience/lengagement in using technologies. We did not
include accessto technology in our definition asall participants
owned a mobile phone. We then quantitatively compared the
prevalence of LDL by participants' health literacy and English
proficiency using Fisher exact teststo assess for differences by
these 2 independent variables.

Finally, in an exploratory way, we calculated the sum of the
number of unique feedback statements or novel suggestions per
participant given during the card sorting task. We calculated
the means and ranges of the total number of statements given
and then preliminary Wilcoxon rank sum tests were conducted
to evaluate the differences in these frequencies by health
literacy, English proficiency, and digital literacy. We aso
calculated the number of participants who provided extensive
versus minimal feedback statements and novel suggestions and
used Fisher exact tests to evaluate the differences in these
proportions by health literacy, English proficiency, and digital
literacy. Analyses were conducted using Stata/SE 15.0.

Results

Participant Characteristics

The average age of the participants was 59 (SD 8) years,; 65%
(13/20) werefemale, 90% (18/20) were nonwhite, 65% (13/20)
had LEP (50% (10/20) Spanish-speaking), 45% (9/20) had a
high school education or less, and 80% (16/20) had LHL (Table
1). None of the participantswere employed full time; 45% (9/20)
were disabled, and 20% (4/20) were unemployed. A total of
70% (14/20) of the participants had type 2 diabetes mellitus,
and 65% (13/20) self-rated their health status as fair or poor.
The proportion of participantswith LEP (80% vs 50%) and with
diabetes (90% vs 50%) was higher in the DIAMANTE trial
than the proportion of participants in the MoodText trial;
otherwise therewere no differencesin the demographic or health
data by study.
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Table 1. Participant characteristics (N=20).

Nouri et d

Characteristics Values
Age (years), mean (SD) 59.0 (7.7)
Gender, n (%)
Men 7(35)
Women 13 (65)
Income (USD), n (%)
<$20,000 11 (55)
>$20,000 2(10)
Other/refused 7(35)
Employment status, n (%)
Part time 4(20)
Unemployed 4(20)
Disabled 9 (45)
Retired 3(15)
Race or ethnicity, n (%)
White 2(10)
Hispanic or Latino 11 (55)
Black or African American 4 (20)
Asian or Pacific |slander 2(10)
Other 1(5)
Limited English proficiency, n (%) 13 (65)
Limited health literacy, n (%) 16 (80)
Education, n (%)
None or primary school 7(35)
High school graduate or GED? 2(10)
Some college or technical school 9 (45)
College graduate or graduate degree 2(10)
Diabetes, n (%) 14 (70)
Depression, n (%) 20 (100)
Health status, n (%)
Fair or poor 13 (65)
Good 7(35)

8GED: General Education Devel opment.

Maobile Phone Use and Digital Literacy

We uncovered major categories of mobile phone usage related
to texting networks, mobile phone carriage, and difficulty with
the basic features of mobile phones (ie, text messaging). Overall,
nearly al participants (18/20) had a smartphone and used text
messaging regularly with a network of family and friends
(15/20). A total of 5 participants described having limited texting
networks, texting only family members or research studies.
Most participants (17/20) reported carrying their mobile phones
with them whenever leaving home.

http://mheal th.jmir.org/2019/8/e14250/

Degspite the overal high rate of mobile phone usage, many
participants were defined as having LDL. Participants were
categorized ashaving LDL if they had limited texting networks,
frequently did not carry their mobile phones or turned them off
for long periods of time (limited mobile phone carriage), or had
difficulty using their phones or sending text messages owing
specifically to unfamiliarity with or difficulty typing or using
the microphone feature. Overall, 10 participants were
categorized as having LDL ; others were categorized as having
adequate digital literacy. Those who described difficulty using
their phones attributed this primarily to being new smartphone
owners and still learning how to use their phones. Several aso
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cited their phones being turned off or forgetting to check their
phones, low literacy, and having to use the microphone feature
on their smartphone as hindrances to text messaging:

Now that | just got this phone, and before | was able
to send text messages but now |’ve forgotten. [...] |
didn’'t want a high-tech phone[ ...] but my kids gifted
me a phone and said, “you have to learn, mom”

[tranglated from Spanish]

| didn’t check my phone or my phone was off for the
day. Sometimes I'll turn my phone off and | forget to
turn it back on.

Yes, because | don’t use the keys and sometimeswhen
you speak into the microphone, it doesn’t write the
words that you want to say correctly. My daughter
calls me out on that. So, if I'm going to send a
message that’s not going to be correct like it should
be, 1'd feel bad. [trandlated from Spanish]

Of the 10 participants with LDL, 7 had LEP and 10 had LHL.
Therewas asimilarly high proportion of participantswith LEP
and/or LHL within each of the mobile phone usage domains
we used to definethe LDL (Table 2). Specifically, the majority

Nouri et d

of participants with limited texting network, limited maobile
phone carriage, and difficulty using their phone or texting had
LEP and/or LHL. Fisher exact test results were not statistically
significant.

The other most commonly mentioned barriers to mobile phone
usagethat were not related to digital literacy included being too
busy and forgetting to respond, having a physical impairment
(eg, arthritis) that made typing difficult, and not being in the
mood to respond to text messages:

Um, | got real busy, | didn’t hear - | didn’t check my
phone or my phone was off for the day. Sometimes
I’ll turn my phone off and | forget to turn it back on
and, um, then it’s late and then I’'m sleepy so | won't
answer.

It has such small letters and | have a problem with
my hands because | have Raynaud’s syndrome, where
your hands fall asleep. [translated from Spanish]

Sometimes, well, | don’t pay attention and sometimes
| do. Not every day. Sometimes I’'m in a bad mood
[laughs], sorry for sayingit. [trand ated from Spanish]

Table 2. Mobile phone digital literacy, as well as domains used to measure digital literacy by English proficiency and health literacy.

Moabile phone digital literacy Total number of patients, N (%) LEP? n (%) LHLb, n (%) Both LEPand LHL, n (%)
Subdomains of mobile phone digital literacy

Limited texting network 5(25) 4(80) 4 (80) 4 (80)

Limited mobile phone carriage 3(15) 3 (100) 3(100) 3(100)

Difficulty using phone and/or texting 10 (50) 7 (70) 10 (100) 7 (70)
Overall limited digital literacy 10 (50) 7 (70) 10 (100) 7 (70)

3_EP: limited English proficiency.
BLHL: limited health literacy.

Engagement in Card Sorting Activity

Engagement was examined in 2 ways. First, we determined the
frequency of feedback given about the existing content and the
frequency of novel suggestions provided. We also used our
qualitative coding to identify the extensiveness of both feedback
on the existing content and novel suggestions.

Feedback on Existing Text Message Content

Feedback on text message content waselicited by acard sorting
activity—half of the participants required amodification of the
activity as they either did not understand it or had difficulty
reading the cardsin the alotted time.

The most common positive feedback wasfor the text messaging
content to encourage participants to reflect on their behaviors
or thoughts, give concrete ideas or advice, or be highly positive
and motivating. The most common negative feedback was for
the content that was viewed as repetitive. Several exemplar
quotes demonstrated these positive and negative feedback
themes:

But most of the times when | received the messages,
they came at a good time and it just helped me to
evaluate, um, you know, my thinking and my feelings,
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which if it hadn’t came, then | wouldn't have been
thinking about, you know, different things [theme:
encourage reflection]

These are all concrete suggestions of things that you
can try because they will probably improve your mood
just because you try. [...] So | think it's just little
suggest