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S U M M A R Y

PURPOSE Several studies have concluded that mobile health (mHealth)
apps can e�ectively support health behavior change. Nonetheless, results
have not been consistent because engagement levels of users with mHealth
apps typically collapse after short periods of time. To foster behaviors of
engagement, mHealth apps employ a set of intervention strategies. The
e�ectiveness of a given app to promote a set of target behaviors largely
depends on the specific combination of intervention strategies the app
employs.

However, what is mostly unknown is the contribution to the overall app
impact of individual intervention strategies. Hence, this dissertation
presents empirical data on the impact of four singular intervention
strategies on user engagement levels: reward mechanisms, social
comparison, adaptive goal setting, and personality tailoring. To select
these strategies, inspiration was drawn from gamification research.

Furthermore, the e�ects on health behavior of mHealth apps have been
inconsistent because intervention contexts di�er. Although contextual
factors apparently influence behaviors of engagement too, contextual
information is typically not encoded in scientific theories. As a result, one
cannot derive from existing theories what intervention strategies an
mHealth app should employ to promote user engagement levels in a given
intervention context. Therefore, this dissertation also presents a method to
estimate the potential impact of intervention strategies in a given context
based on existing empirical data.

METHODS To investigate the impact of singular intervention strategies,
we have performed a series of studies (with durations ranging from 4 to 20
weeks and sample sizes ranging from 36 to 290 participants). Our studies
were targeted at sedentary o�ce workers in occupational contexts and
(pre)adolescents with low socioeconomic status (SES) in educational



contexts. In these contexts, and using a single mHealth app, we evaluated
di�erent implementations of the four intervention strategies. The impact of
an intervention strategy was determined by measures of user engagement
(e.g., the number of days participants visited the app and the number of
health behaviors that they registered in the app).

Finally, based on our own empirical studies, we developed SciModeler.
SciModeler can estimate the potential impact of a specific intervention
strategy in a given intervention context. Using this toolbox, one can record
(i.e., through the annotation of research articles) the intervention strategies,
context, and theoretical constructs that are evaluated in an empirical study,
as well as its outcomes, in a central database.

RESULTS Regarding the e�ectiveness of singular mHealth intervention
strategies, our results firstly show that reward mechanisms can e�ectively
promote engagement levels, even at a reasonable cost per participant, if
variable reinforcement schedules are employed to distribute the rewards.
Secondly, social comparison was demonstrated to foster engagement
levels, especially if its implementation includes encouragement from role
models. Thirdly, we found that adaptive goal setting can promote
behaviors of engagement, especially when this strategy is employed to
personalize the frequency of engaging in a health goal, rather than its
intensity. Fourthly, we observed that personality tailoring did not directly
foster engagement levels, although users reported appreciating it. Finally,
we have demonstrated how SciModeler could be used (i.e., by querying its
central database) to explore promising intervention strategies for a specific
intervention context.

CONCLUSIONS This dissertation is among the first to evaluate the impact
of singular intervention strategies using a single mHealth platform, and to
explicitly target low SES populations. In conclusion, mHealth apps can
employ gamified intervention strategies to foster behaviors of engagement.
To be able to optimize an app for a specific intervention context, though,
follow-up research that assesses the impact of other intervention strategies
(in that specific context) is required. These follow-up studies should be
consolidated using a toolbox like SciModeler that can integrate multiple
pieces of empirical data.



S A M E N V AT T I N G

ONDERZOEKSDOEL Uit verschillende overzichtsstudies is gebleken dat
mobiele gezondheidsapps (mHealth-apps) eindgebruikers succesvol
kunnen begeleiden naar een gezondere leefstijl. Helaas verliezen
eindgebruikers doorgaans na korte tijd hun interesse in dergelijke apps. Om
de betrokkenheid van eindgebruikers te vergroten, maken mHealth-apps
tegenwoordig gebruik van verschillende interventiestrategieën. De algehele
e�ectiviteit van een mHealth-app hangt dus grotendeels af van de
interventiestrategieën die de app toepast.

Het is nog onbekend in hoeverre een specifieke interventiestrategie
bijdraagt aan de algehele e�ectiviteit van een mHealth-app. Dit proefschrift
presenteert een reeks empirische studies waarin de impact van vier
interventiestrategieën op de betrokkenheid van eindgebruikers wordt
geanalyseerd. De geselecteerde strategieën zijn: beloningsmechanismen,
sociaal vergelijken, het stellen van adaptieve doelen, en personalisatie op
basis van persoonlijkheidskenmerken. Om deze strategieën te selecteren
werd inspiratie gehaald uit gamification-onderzoek dat de motiverende
aspecten van games gebruikt om betrokkenheid te stimuleren.

Daarnaast is het bekend dat de impact van interventiestrategieën wordt
beïnvloed door contextuele factoren (bijvoorbeeld door de relaties tussen
eindgebruikers onderling). Contextuele informatie wordt doorgaans niet
gecodeerd in wetenschappelijke theorieën, waardoor uit bestaande
theorieën niet kan worden afgeleid welke interventiestrategieën de
betrokkenheid van eindgebruikers mogelijk positief kan beïnvloeden in een
bepaalde interventiecontext. In dit proefschrift wordt een methode
voorgesteld om de potentiële impact van interventiestrategieën in een
bepaalde context in te schatten op basis van empirische data.



METHODEN Om de impact van individuele interventiestrategieën te
onderzoeken, hebben we een reeks studies uitgevoerd (de
steekproefgrootte varieerde per studie van 36 tot 290 deelnemers en de
duur varieerde van 4 tot 20 weken). De studies waren gericht op zittende
kantoormedewerkers in een arbeidscontext en tieners met een lage
sociaaleconomische status (SES) in een onderwijscontext. Met behulp van
een mHealth-app evalueerden we in deze contexten verschillende
implementaties van de geselecteerde interventiestrategieën. De impact van
een individuele interventiestrategie werd bepaald door de betrokkenheid
van eindgebruikers te meten (bijvoorbeeld door te tellen hoe vaak
proefpersonen de app bezochten of hoeveel gezonde gedragingen ze in de
app registreerden).

Tenslotte hebben we op basis van onze eigen empirische studies
SciModeler ontwikkeld. SciModeler kan gebruikt worden om de impact van
een interventiestrategie in een specifieke interventiecontext in te schatten.
Met behulp van deze toolbox kan men (door wetenschappelijke artikelen te
annoteren) de interventiestrategieën, -context en theoretische constructen
die in een empirische studie worden geëvalueerd, evenals de resultaten
ervan, vastleggen in een centrale database.

RESULTATEN Onze onderzoeksresultaten tonen aan dat
beloningsmechanismen kunnen worden toegepast in mHealth-apps om de
betrokkenheid van eindgebruikers te vergroten, met name als gebruik wordt
gemaakt van variabele bekrachtiging. Ten tweede kan ook sociaal
vergelijken de betrokkenheid vergroten, vooral als gebruik wordt gemaakt
van aanmoediging door rolmodellen. Ten derde ontdekten we dat het
stellen van adaptieve gezondheidsdoelen de betrokkenheid van
eindgebruikers kan vergroten wanneer deze strategie wordt gebruikt om de
frequentie van gezond gedrag te personaliseren, in tegenstelling tot de
intensiteit ervan. Ten vierde ontdekten we dat personalisatie op basis van
persoonlijkheidskenmerken niet direct de betrokkenheid van
eindgebruikers stimuleert, hoewel zij deze strategie wel erg op prijs stellen.
Tot slot hebben we gedemonstreerd hoe SciModeler kan worden gebruikt
om in kaart te brengen welke interventiestrategieën veelbelovend zijn voor
een specifieke interventiecontext.



CONCLUSIES Dit proefschrift is een van de eerste die de impact
evalueert van verschillende individuele interventiestrategieën binnen één
mHealth-app en dat zich uitdrukkelijk richt op populaties met een lage SES.
We kunnen concluderen dat het gebruik van gamified
interventiestrategieën in mHealth-apps de betrokkenheid van
eindgebruikers succesvol kan vergroten. Om een mHealth-app te kunnen
optimaliseren voor een specifieke interventiecontext is vervolgonderzoek
nodig dat de impact van verschillende interventiestrategieën in die
specifieke context bepaalt. We adviseren om deze vervolgstudies ook te
consolideren met behulp van een toolbox zoals SciModeler, zodat de
resultaten van meerdere empirische studies kunnen worden
geïntegreerd.





P R E FA C E

Do you know that feeling you get after a positive experience? After a
passionate conversation with a colleague on a subject that fascinates the
both of you? Or after a walk, out in the fresh air? You feel energized! To feel
energized is to feel vigorously inspired, energetic, and roused. To feel
energized is to feel a fire burning inside. This thesis project has been all
about exploring how to trigger that feeling.

I believe that maintaining a healthy lifestyle is a relatively simple way to
energize yourself. For me, that means: regular physical exercise, a tasty and
balanced diet, su�cient sleep, a safe home, close relationships with family
members and friends, using common sense, set daily routines and regular
variations in schedule. Unfortunately, in today’s society, we seem to have
lost touch with the belief that living a healthy life can be energizing. Instead,
present-day obesity rates are thriving, mostly due to preventable causes
because we spend most of our days sedentary at work, at school, or even
when traveling.

For the past four years, my goal has been to restore the notion that a healthy
life means an energetic life. Specifically, I have tried to enthuse people to
live healthier lives (and feel energized) through a mobile health (mHealth)
app. Essentially, I have tried to influence people’s lifestyle choices and
behaviors—to energize people—through their smartphones. I found that the
art of influencing human behavior through a mobile app is much like playing
music. Like with music, the possibilities to intervene are bounded by the
laws of physics, though within these mathematical constraints lies an infinite
freedom to inspire an audience. Also, a piece of music might be experienced
di�erently over time and received di�erently by di�erent people. Music can
be played alone or with others too. When playing music with others, it is the
responsibility of the musicians to select the right instruments, the rhythm,
the tone, the beat to convey a particular emotion or experience; otherwise,
the ensemble may not sound like anything.



Since there are so many instruments to choose from, this task can sometimes
be challenging. The same holds for designing a digital health intervention
(i.e., particularly to decide on the appropriate intervention strategies to
employ). In music, at least we know what style is best conveyed by what
instrument (i.e., an electric guitar screams rock and an acoustic guitar is
especially common in country music) and how di�erent instruments sound
together. But with digital interventions, we do not know in what context a
specific intervention strategy may flourish, and how di�erent components
interact—yet. In mHealth research, we are still left exploring the sound of
individual instruments.

Through my research, I have tried to identify those sounds. In other words, I
have tried to disentangle the impact of individual intervention strategies
on user engagement levels with mHealth apps. After four years, I feel that I
have made some valuable contributions to this challenge. I am also proud
to have attracted 905 participants to engage in my digital lifestyle programs
throughout this period. My programs have encouraged the majority of this
sample to engage in a healthier lifestyle.

However, I also feel that I have not fully accomplished my mission just yet. It
is likely that my programs impacted participants’ lifestyle choices only for a
short period of time (i.e., for the duration of the program). Hence, I have yet
to measure the lasting impact of my programs after they ended. On the other
hand, perhaps it is also asking too much to expect lasting impact. Lifestyle
is about a whole life: It does not stop after following an mHealth program
for a month. Lifestyle does not stop after a Ph.D. has been obtained.

I hope this dissertation proves to be inspiring and educational. In addition,
I hope that the ideas conveyed in this dissertation may challenge you and,
ultimately, may energize you to apply them yourself. I must emphasize
that this dissertation would not have been possible without the support of
many individuals. Particularly, I want to thank my daily supervisor Pieter
Van Gorp for hiring me and believing that I was the right person for the
job. You were preeminently the colleague with whom I could have in-depth
conversations about the subjects that fascinate us both immensely: health,
human behavior, and IT.



I am also grateful to the entire supervising team, including Prof. Dr. Pascale
Le Blanc, Dr. Monique Simons, Dr. Ir. Astrid Kemperman, and Dr. Ir. Pauline
van den Berg. Thank you for the honest and constructive feedback on my
work. Thank you for setting me free to develop this dissertation, while also
providing clear boundaries to ensure the e�ort was realistic.

Additionally, I would like to thank the external committee, consisting of Prof.
Dr. Harri Oinas-Kukkonen, Prof. Dr. Juho Hamari, and Prof. Dr. Steven Vos,
for critically reviewing this dissertation. I want to thank my co-authors,
including Alireza Khanshan, Ehsan Hadian Haghighi, Jens D’Hondt, Tom
Borghouts, Juup Hietbrink, Dr. Chao Zhang, Maxine Derksen, Prof. Dr. Panos
Markopoulos, and Prof. Dr. Wijnand IJsselsteijn for their pleasant and
constructive collaboration.

Finally, I would like to thank my parents. Thanks to your guidance and
support, both within and outside my professional life, I was able to study at
Eindhoven University of Technology. From experience, I now know that
pursuing a Ph.D. can be immersive. It can provide for an energizing
experience. However, I have also experienced that pursuing a Ph.D. can be
stressful. In those moments, it is the person closest to you who can help
you recover and build resilience. I want to thank Margriet for being that
person. I hope you can be the energizing force of my research in the years
to come.

Raoul Nuijten
Moerdijk, January 2022
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Part I

B A C K G R O U N D





1
I N T R O D U C T I O N

1.1 SOCIAL CAUSE
Increasing the frequency of exercise is among the most popular New Year’s
resolutions [66]. However, research suggests that people tend not to stick
to their New Year’s resolutions beyond a few weeks [83, 187]. Increasing the
frequency of exercise seems to require more than a pledge at New Year’s
Eve [310]. A root cause for the limited impact of New Year’s resolutions on
people’s actual lifestyles is that increasing the frequency of exercise
requires a person to change their daily routines and behavior. Because
human behavior is complex and volatile, behavior change is hard to realize
and even harder to sustain. As the intention–behavior gap describes,
knowing what is to be done is not the same as actually doing it [101].

However, it is essential that we get a grip on this intention–behavior gap,
and that we find ways to e�ectively support health behavior change. For
example, consider that lifestyle factors such as physical inactivity and poor
dietary intake are related to higher chances of hospitalization and mortality
in COVID-19 patients [317]. The same lifestyle factors have been linked to
weight gain [2, 155, 365]. Between 1980 and 2015, global weight gain caused
the prevalence of obesity to double in 70 countries [122]. In 2015, excess
weight accounted for four million deaths globally [122]. Nearly 40% of these
deaths occurred in individuals who were not yet obese, but merely labeled
as being overweight [122]. More than two-thirds of these deaths were due
to cardiovascular disease [122], as excess weight (and therefore physical
inactivity and poor dietary intake) increases risk for cardiovascular disease
and diabetes [122, 289].



CH. 1 INTRODUCTION

What is clear from this introduction is the need for interventions that
e�ectively assist people to take control of their lifestyles. Since the
emergence of the discipline of health promotion in the 1990s, the design of
interventions that assist health behavior change has been a core subject of
study [13]. Over the past decade, especially mobile health (mHealth) apps
have emerged as promising tools for health promotion [193, 295], with more
than 100,000 mHealth apps listed on app stores at present [196]. The
growth of the mHealth market was enabled by the rapid expansion of the
mobile phone market, with currently over five billion mobile phone users
globally [180] (the number of smartphones exceeded the world population
in 2014 [323]), as well as the increasing availability of cellular internet [295].
The current ubiquity of smartphones and cellular internet allows mHealth
apps to unobtrusively integrate with our daily lives at a large scale and
relatively low cost [88, 295]. This dissertation aims to find ways to make
these mHealth apps more engaging and thereby to increase their health
impact.

1.2 SCIENTIFIC MOTIVATION
Several review studies have concluded that mHealth apps, or digital health
interventions, can e�ectively foster lifestyle change [94, 193, 197, 268, 295,
324]. Nonetheless, outcomes have not been consistent and were mostly
short term [94, 197, 268, 324]. This may be explained by the observation
that engagement levels with mHealth apps typically collapse after a short
period of time [54]. For example, an mHealth app focused on asthma control,
developed in collaboration with Apple, reported 40,683 downloads in the
first six months. However, only a total of 7,593 users (18.7%) completed the
registration procedure by verifying their email address, and only 175 users
(0.4%) completed a survey after six months of participation [43]. Similarly,
a medical center in Los Angeles engaged 79,953 users to share their fitness
data, but after 37 days, 8,019 users (10.0%) had never used the app, and
only 499 users (0.6%) had uploaded their data [272]. Lastly, an app for the
management of posttraumatic stress disorder was downloaded by 153,834
individuals. However, retention rates were steep: 61.1% of users used the
app at least once beyond the first day, 52.1% beyond the first week, 41.6%
beyond the first month, 28.6% beyond the first three months, 19.4% beyond
the first six months, and 10.6% beyond the first year [263].
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To foster user engagement, mHealth apps typically employ a set of
intervention strategies. In mHealth research, an intervention strategy, or
behavior change technique, is an intervention component that is employed
to foster a set of target behaviors [228]. The e�ectiveness of an mHealth
app to stimulate user engagement levels largely depends on the specific
(combination of) intervention strategies that the app employs [94, 228, 324].
The average mHealth app employs 5 to 22 strategies [95]. Nevertheless,
mHealth apps are not necessarily more e�ective when they employ more
intervention strategies [281]. It is suggested that the intervention strategies
that are employed within an mHealth app should be carefully selected in
accordance with the intervention context (e.g., the target health behaviors
and target audiences) [94, 281, 324].

However, the contribution to an app’s overall impact of any one
intervention strategy in a particular context remains mostly unknown [176,
194]. Currently, a detailed description of the exact intervention strategies
that are employed within an mHealth app is oftentimes lacking from
scientific reports [94, 228, 324]. Nevertheless, evaluating the potential
e�ectiveness of singular intervention strategies to promote engagement
with mHealth apps has a number of benefits: (1) it enables researchers to
identify which intervention strategies contribute to the e�ectiveness of an
app, and (2) it enables studying how di�erent strategies interact
(e.g., whether the e�ect of a strategy is strengthened or weakened when
another one is present) [194].

Moreover, although a singular intervention strategy may have been
demonstrated to promote user engagement with an mHealth app in one
intervention context, these results do not automatically translate to
another context [94, 324]. Nevertheless, in scientific theories, contextual
information is typically not encoded [195], so it typically cannot be derived
for whom, and under which conditions, a specific intervention strategy is
most e�ective. As a result, it is not straightforward to derive from existing
scientific theories what intervention strategies are needed to promote user
engagement with an mHealth app in a given context. This has increased the
relevance of developing tools to estimate the impact of specific, singular
intervention strategies on user engagement levels in a given context based
on existing empirical data [195, 228, 353].
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1.3 RESEARCH PROBLEM
1.3.1 Definition of a target measure: Engagement
Ultimately, the impact of an mHealth app is evaluated based on the change
in an individual’s health status, preferably using objective measures such
as body weight and BMI, or subjective measures such as perceived health
status. However, engagement with an mHealth app is a prerequisite for
reaping its benefits. Due to dramatically low retention rates, several review
studies have suggested that stimulating (long-term) engagement currently is
the key challenge of mHealth research [54, 94, 197, 268, 324]. This dissertation
focuses on evaluating the impact of intervention strategies in mHealth apps
on user engagement levels.

In mHealth research, engagement is most commonly captured via
behavioral measures [269, 368]. A distinction is oftentimes made between
measurements of behaviors of app usage (i.e., micro engagement) and
measurements of behaviors that support the wider intervention goals
(i.e., macro engagement), such as engagement in actual health
behavior [368]. Additionally, within micro engagement, a distinction may be
made between behaviors of passive engagement (e.g., visiting an app, also
known as “lurking”), and active engagement (e.g., registering that you have
performed a particular health behavior in an app) [269]. The distinction
between micro and macro engagement, as well as between passive and
active engagement, is visualized in figure 1.1.

This dissertation focuses on the investigation of micro engagement levels,
especially the relationship between passive and active engagement. In this
dissertation, passive engagement is operationalized as the number of
distinct days a subject had visited our app; active engagement is
operationalized as the number of health behaviors a subject registered in
our app. To accurately obtain a measure for active engagement, we have
required our end users to prove that they engaged in specific health
behaviors by including a photo or video of themselves engaging in the
behavior or providing data from automatic activity trackers such as Google
Fit and Fitbit.
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Passive engagement

Micro engagement

Active engagement

Registering health 
behavior in our app

Visiting our app, or 
opening an app page

Leading outcome

Macro engagement

Lagging outcome

Improved health 
status, or reduced BMI

Engagement in acutal 
health behavior

FIGURE1.1: Framework of concepts and measurements related to user engagement.

1.3.2 Our first scientific challenge
The research problem that this dissertation addresses is twofold. The first
scientific challenge of this thesis project was to collect empirical data on
the impact of singular mHealth intervention strategies aimed at health
behavior change on user engagement levels. The development of mHealth
apps relies largely on knowledge from the field of health promotion and
behavior change, a scientific domain that is a blend of psychology,
behavioral economics, environmental planning, urban planning,
epidemiology, public policy, information technology, and computer science.
Consequently, with so many backgrounds, a plethora of mHealth
intervention strategies are available to study. In this dissertation, we have
selected four strategies to investigate.

To derive a subset of intervention strategies to investigate, we drew
inspiration from research on game-based design and gamification.
Gamification is a set of motivational techniques that employ game
mechanics outside of game contexts to foster participation and
engagement and promote a set of target behaviors through enjoyable
experiences [82, 167], and several review studies have shown its promise
when applied to mHealth apps [81, 94, 145]. We also made sure that the
strategies we chose stimulated behaviors of engagement through di�erent
mechanisms. Particularly, several leading theories of behavior change
(e.g., the Fogg Behavior Model [109] and the COM-B System [229]) argue that
a behavior can occur if an individual has the capability and opportunity to
engage in that behavior, and if the strength of motivation to engage in it is
greater than for any competing behaviors [109, 229]. Hence, behavior can be
influenced through one or more mechanisms: through developing one’s
capability, stimulating one’s motivation, or increasing the opportunities
within one’s living environment. In our selection of intervention strategies,
we made sure that each strategy steered behavior through a di�erent
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mechanism of influence. The intervention strategies that we chose and
their mechanisms for influencing behavior are displayed in figure 1.2.

Target behavior

Behaviors of active enga-
gement (e.g., registering 
activities in our app)

Behaviors of passive 
engagement (e.g., visiting 
our mHealth app)

Physical environment

Opportunity

Social environment

Intervention strategy:
Reward mechanisms

Intervention strategy:
Social comparison

Reflective motivation

Motivation

Automatic motivation

Intervention strategy:
Personality tailoring

Intervention strategy:
Adaptive goal setting

Physical capabilityPsychological capability

Capability

FIGURE1.2: Selection of four singular gamified intervention strategies, as adapted
from the COM-B System [229].

According to the COM-B System, as adapted in figure 1.2, both the physical
and social environment trigger behaviors of passive and active engagement
and actual health behaviors. This dissertation focuses on intervention
strategies that target opportunities from both the physical and social
environment. To exploit physical opportunities for fostering mHealth app
engagement, di�erent reward mechanisms were evaluated. Rewards were
identified as a promising intervention strategy, because they have been
successfully employed in gamified systems to promote a variety of
short-term health behaviors [203]. On the other hand, to utilize social
opportunities to promote engagement levels, social comparison was
selected as an intervention strategy of interest based on studies of its
e�ectiveness [269, 303].
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Additionally, figure 1.2 distinguishes between processes of motivation that
are either reflective (involving evaluations and plans) or automatic
(involving emotions and impulses, based on inner drives). This dissertation
focuses on intervention strategies that target both processes. To target
reflective processes of motivation to foster user engagement, we have
implemented adaptive goal setting, based on a review of mHealth
interventions that concluded that tailored goals were more e�ective to
promote physical activity than static, generic goals [324]. Similarly, a
meta-analysis of game-based interventions for healthy lifestyle promotion
suggested to tailor interventions based on “the di�culty level the [end
user] can master” [81]. To utilize automatic processes of motivation for
stimulating engagement levels, strategies of personality tailoring were
employed, because several review studies argue that personalized
interventions are perceived as more engaging than non-tailored ones [81,
269, 303].

Finally, as shown in figure 1.2, capability consists of two mechanisms for
influencing behavior: physical capability (e.g., skill, strength, and stamina),
and psychological capability (e.g., mental capacity and knowledge). However,
this dissertation does not evaluate singular intervention strategies that
target an individual’s capability in order to foster user engagement. Instead,
measurements of physical and psychological capabilities have been included
as context-specific control variables in our studies. For example, we have
controlled for the potential influence of individuals’ physical capabilities to
set personalized goals in a study on adaptive goal setting.

1.3.3 Our second scientific challenge
In the previous subsection, we outlined the four intervention strategies that
we investigated in this dissertation. We had to narrow down our research to
these due to the sheer volume of intervention strategies that are available,
which is at the core of our second scientific challenge. Although a lot of
e�ort has been put into deriving taxonomies of intervention strategies
(e.g., see [1, 227, 228]), it has proven extremely challenging to reach
consensus on a standardized taxonomy with so many scientific disciplines
being involved in the field of health behavior change [70, 228, 353], and this
disagreement still hinders collaboration among disciplines [353]. The lack
of standardization has led to poor replicability of studies and has
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complicated comparisons between studies [353]. Furthermore, one of the
more broadly accepted taxonomies of intervention strategies (the Behavior
Change Technique Taxonomy (v1) [228]) was criticized as di�cult to apply in
practice. Distinguishing between di�erent strategies has been especially
problematic [41], and it has remained challenging to consistently identify
the individual intervention strategies employed in existing mHealth
apps [170].

Another approach has been to create an all-encompassing theory of
behavior change (e.g., see the Integrative Model of Behavioral
Prediction [108] or the COM-B System [229]). Although these theoretical
frameworks help advocate general principles of health behavior change
interventions, they cannot fully capture the richness of contextual
factors [281]. Knowledge of these contextual factors may be particularly
important for selecting the appropriate intervention strategies [5, 145, 229,
259, 260]. The current taxonomies of intervention strategies do typically not
distinguish between di�erent intervention contexts, nor do they include
evidence of impact or e�ectiveness within a specific context [195]. Hence,
while they include e�ective strategies for promoting user engagement, they
may also contain ine�ective, or even counter-e�ective,
techniques [195].

Summarizing, our second scientific challenge is to develop a method to
estimate the impact of (a set of) singular mHealth intervention strategies
in a given intervention context, based on existing empirical data. This
information is di�cult to derive from existing theoretical frameworks.
Nowadays, it seems that the development of digital health interventions is
like shooting with hail: mHealth apps that e�ectively foster engagement
levels in a given context are developed through the accidental combination
of intervention strategies. To be able to make more informed decisions
about the best intervention strategies for a given context, it is essential to
collect empirical data on the impact of singular intervention strategies in
di�erent—but specified—contexts. Similarly, it is important to develop
methods to record both the strategies of a specific mHealth tool, as well as
the impact of those strategies in the specific context of application.
Evidence from studies that were executed within similar contexts could then
be combined to inform the development of mHealth interventions.
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1.4 RESEARCH METHODOLOGY
1.4.1 Research scope
Target behaviors
From a social perspective our aim has been to promote health behaviors,
as targeting lifestyle choices is essential to preventing, for example, weight
gain [2, 148]. As a result, in this dissertation we primarily focus on promoting
physical activity and, secondarily, on improving dietary intake. Moreover, we
took an integrative approach toward health and lifestyle. Our perspectives
on health and lifestyle were based on the Positive Health philosophy by
Machteld Huber and colleagues [163]. According to this philosophy, health is
“the ability to adapt and to self-manage, in the face of social, physical and
emotional challenges” [163]. The Positive Health philosophy emphasizes
that health is a dynamic concept, instead of the mere absence of disease.
This view on health includes physical activity and dietary intake, but also
dimensions of quality of life and social participation [163]. Therefore, we
have tried in our experiments to embrace other health-related behaviors,
such as those that stimulate social relationships or contribute to a sense of
purpose.

Target audiences
For this dissertation, sedentary o�ce workers and (pre)adolescents with a
low socioeconomic status (SES) were identified as the main target
audiences, because they share an increased risk of becoming overweight.
For example, o�ce work is characterized by sustained sedentary time,
which has been identified as a potential cause of obesity [48, 266].
Moreover, the overall societal trend is toward much greater sedentary
activity [360]. Daily living environments, including transport and
employment, have become less conducive to physical activity [171, 360].
Over time, the daily occupation-related energy expenditure has decreased,
and this reduction in energy expenditure accounts for a significant portion
of the increase in mean body weights for women and men [48].

Besides sedentary o�ce workers, low SES (pre)adolescents are at increased
risk of becoming overweight at some point in their lives. Over the past
decade, public health literature has clearly demonstrated a relationship
between SES and unhealthy lifestyle behavior [29, 147, 265]. Lower SES
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individuals are generally less physically active and follow poorer diets than
higher SES individuals [265]. Additionally, in the past, researchers have
struggled to access and engage participants from lower SES populations [30,
349]. In this dissertation, we have targeted low SES (pre)adolescents, because
interventions at this stage in life will likely also impact health at a later stage,
as newly adopted lifestyle behaviors track into adulthood [361]. Furthermore,
since (pre)adolescents spend most of their time in classrooms [280], we have
chosen to target schools for hosting our intervention programs. Deploying
our interventions in an educational setting had an additional advantage
in that pupils could participate in a safe environment, with teachers and
supervisors closely monitoring students’ performance [280].

1.4.2 General research framework
To study the impact of specific intervention strategies within our mHealth
app on user engagement, we have adopted an information systems
research perspective. This research perspective stems from two paradigms:
(1) the behavioral science paradigm and (2) the design science
paradigm [154]. The behavioral science paradigm seeks to develop and
verify theories that explain or predict human behavior [154]. This paradigm
recognizes that information systems research should build on the existing
knowledge base [154, 355]. In this dissertation, we build on theories of
behavior change and theories of play, games, and gamification. In turn, the
outcomes from information systems research extend the existing
knowledge base by producing new insights [154, 355].

The design science paradigm, on the other hand, seeks to extend the
boundaries of human capabilities in a given context by creating new and
innovative artifacts (e.g., mHealth apps) [154, 355]. This paradigm recognizes
that understanding the context of an investigation is essential for
understanding the research problem [355]. When aiming to foster behaviors
of engagement with an mHealth app, it is important to understand the
intervention context, as its characteristics may influence human behavior,
too [5, 145, 229, 259, 260].

The Persuasive Systems Design framework describes the characteristics of
an intervention context [259]. According to this framework, understanding
an intervention context entails specifying the intended outcomes of the
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intervention (the intent), identifying its end users and its mode of delivery
(the event), and defining the intervention strategies it employs (the
strategy) [259, 260]. In this thesis project, from a social perspective, our
intent has been to promote specific health behaviors (i.e., levels of macro
engagement). From a scientific viewpoint, we have operationalized that
intent as fostering behaviors of engagement with our mHealth app
(i.e., levels of micro engagement). We have tried to stimulate these
behaviors in individuals from our target populations using the same mode
of delivery (event): our gamified mHealth app. Subsequently, we have
evaluated the impact of four singular intervention strategies on user
engagement with the intended behaviors.

From the information systems research perspective, we have derived a
research framework that is visualized in figure 1.3. The framework consists
of the intervention context (including the intent, the event, and the
strategy [259, 260]), a knowledge base (including theories of behavior
change and of play, games, and gamification), and an artifact that is the
main subject of study (our gamified mHealth platform). Figure 1.3 also
demonstrates why, as explained before, findings in information systems
research do not necessarily translate to other contexts [94, 324]: The artifact
itself becomes a part of that context and can therefore only be studied in
relationship to that context. Hence, our findings are likely to be conditional
on contextual factors, even though our intent, target audiences, and mode
of delivery have been predefined. As a result, our findings may not readily
translate to another intervention context.

Theories of behavior change and gamification
Knowledge base

The intent, the event, the strategy
Intervention context

Gamified mHealth platform
Artifact

interact

advance

FIGURE1.3: Overview of the research framework that was adopted in this
dissertation, adapted from [154] and [355].
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1.4.3 Addressing our first scientific challenge
Our first scientific challenge has been to collect empirical data on the impact
of singular mHealth intervention strategies on user engagement levels, in
populations of sedentary o�ce workers, and low SES (pre)adolescents. To
address this challenge, we have investigated the impact of our artifact, in
real-life intervention contexts (the “interact” relationship in figure 1.3). We
have conducted a total of eight randomized intervention trials and two case
studies. In our intervention trials, data was collected during time periods
of one to five months from samples of 30 to 300 subjects of populations
of sedentary o�ce workers and low SES (pre)adolescents. We used this
data to evaluate the impact of four distinct gamified intervention strategies
on engagement levels with our mHealth app: (1) reward mechanisms, (2)
social comparison, (3) adaptive goal setting, and (4) personality tailoring
(see figure 1.2).

Besides these intervention strategies, other contextual factors were likely
to influence user engagement levels with our mHealth app. For example, a
reward mechanism may have di�erent e�ects on engagement levels in
users with di�erent personalities or preferences; strategies of social
comparison may be more e�ective in individuals that closely relate to each
other. Because these contextual factors may be important (and
omnipresent) influences of behavior [5, 145, 229, 259, 260], we have
accounted for some context-specific control variables in our individual
studies. We describe these in the chapters that present each study.

Our overarching strategy to standardize our intervention contexts was to
host all our studies on the same mHealth app. This measure ensured that
our mode of delivery was uniform. In all our studies, data was collected
using the mHealth platform, GameBus. GameBus was especially designed
for health promotion, with the philosophy that health promotion should be
fun and social. At the same time, GameBus enables researchers to gather
health data in a manner compliant with European privacy legislation. The
research tool can be used to host multiple experimental designs on a single
platform. Particularly, since GameBus is built of modular components, an
app variant with the exact components that are relevant for a given study
can be assembled relatively easily. The configuration of the app variant that
was deployed in a study is discussed in detail in the chapter that presents
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that study. Nevertheless, in all our studies the app variants generally had
the same structure. For example, the app always included screens and
components to suggest health behaviors to users. For registering their
engagement in the suggested health behaviors in our app (e.g., via a photo,
video, or automatic activity tracker), users were typically awarded virtual
points. Subsequently, our app always included screens and components to
display a user’s performance, such as the number of points the user had
obtained. In every study, we have modified the pages and components that
displayed user performance and suggested health behaviors using a specific
intervention strategy. Hence, through GameBus we were able to create
di�erent app variants that implemented specific intervention strategies,
such that we could study their impact in isolation.

1.4.4 Addressing our second scientific challenge
In the final part of this dissertation, we synthesize outcomes from our
investigation and contribute this knowledge to the existing knowledge base
(i.e., the “advance” relationship in figure 1.3). The behavioral science
paradigm, from which the information systems research perspective
proceeds [154], suggests that theoretical contributions in this research field
classify as mid-range generalizations [355]. A mid-range theory shows some
extent of generalization based on empirical evidence from prior theoretical
frameworks, but not at the levels that are typically found in physics or
chemistry [239, 355]. Figure 1.3 clearly shows why mHealth research typically
yields mid-range theories: The artifacts (i.e., the mHealth apps) themselves
are part of the intervention context and can therefore only be studied in
relationship to that context. However, as outlined in the description of our
second scientific challenge, in the field of health promotion many
mid-range theories exist that are presented as having high levels of
generalization, but without explicating the intervention context for which
they apply [195]. Therefore, it remains challenging to distinguish which
intervention strategies are needed to change di�erent behaviors, for whom,
and under which contextual conditions these are most e�ective [176,
194].

The missing link in modern theoretical frameworks between specific
intervention strategies and the intervention contexts that are promising for
their use is at the core of our second scientific challenge. This challenge
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has been to develop a method to estimate the impact of (a set of) singular
mHealth intervention strategies in a given context and, potentially, to refine
existing scientific theories based on existing empirical data. To address this
challenge, we have developed and evaluated a toolbox, SciModeler, that
aids in recording empirical data on the impact of (a set of) intervention
strategies, as well as information on specific characteristics of the
intervention context of an empirical study. Our solution is not another
all-encompassing theory of health behavior change. Instead,
SciModeler consists of a graph database of (mappings between) empirical
data, contextual information, and scientific theory from the field of health
behavior change. In this dissertation, we demonstrate how empirical data
from our own investigation and the mapping of this data with theoretical
constructs can be recorded in a graph database and can be used to (1)
explore possibilities for identifying promising intervention strategies for a
context of choice and (2) refine existing scientific theories.

1.5 DISSERTATION OUTLINE
BACKGROUND In this first chapter, we have outlined the social cause for
our research, as well as the added value of this dissertation for science. We
have introduced the domain of health promotion and lifestyle change and
outlined the potential of current mHealth apps, as well as their challenges.
Lastly, the scope of this dissertation and the overall research methodology
were presented. In chapter 2 we elaborate how human behavior emerges
and how this process can be influenced according to some leading scientific
theories of behavior change. Additionally, we argue why gamification
techniques are promising mHealth intervention strategies. We first discuss
definitions of gamification and related concepts (e.g., playfulness and
games), and then we outline the potential benefits of deploying
gamification techniques for promoting health behaviors.

INVESTIGATION We address our first scientific challenge in four parts.
In part II, we explore the impact of reward mechanisms on user engagement
levels. In chapter 3, we evaluate the impact of virtual, non-financial rewards
(i.e., virtual points), as well as the impact of monetary rewards, in
populations of sedentary o�ce workers. Our results indicated that
monetary incentives e�ectively engage participants with an mHealth app.
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Subsequently, in chapter 4 we explore the impact of di�erent reinforcement
schedules for distributing financial rewards within the same population. We
have aimed at finding a reinforcement schedule with high impact on user
engagement levels and low financial costs for the study organizer. In this
study, we explicitly accounted for several control variables that could have
influenced the impact of the monetary incentives, such as personal
characteristics (e.g., an individual’s ability to defer gratification).
Next, chapter 5 discusses the impact of framing of reward mechanisms
(e.g., a reward can either be presented as a gain or as a loss). Our results
suggested that the frame of a reward did not necessarily stimulate
engagement levels, but rather that user engagement was fostered by the
presence of a reward in the first place. Lastly, chapter 6 discusses how
reward mechanisms can be employed e�ectively in low SES populations.
Our results suggested that in this target audience it was not so much the
extrinsic rewards that fostered engagement, but rather social
comparison.

Part III focuses on disentangling the impact of social comparison on user
engagement levels. Chapter 7 evaluates how social comparison drives low
SES preadolescent students’ engagement with our mHealth app. In light of
the typical context of this study, we monitored as control variables the
strength of students’ relationships with one another and with their teachers.
Our results indicated that teachers play an important part as role models in
engaging their students with our mHealth app, as their relationship with
their students influenced student engagement levels.
Subsequently, chapter 8 discusses and addresses the unique challenges of
applying social comparison in an occupational setting, with sedentary o�ce
workers. Namely, we explore how the diversity of personal health goals and
privacy concerns in such a setting increase the di�culty of designing
engaging mHealth programs. Our results indicated that an occupational
physician could play an important role in engaging employees with an
mHealth app. Participants especially appreciated the involvement of an
occupational physician in setting personalized goals.

In part IV, we have investigated in more depth the impact of automated
adaptive goal setting. Chapter 9 evaluates the impact of this intervention
strategy on user engagement levels with our mHealth app among sedentary
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o�ce workers. We explicitly took into account several control variables that
could have influenced the impact of our adaptive goal setting strategy, such
as general characteristics of the goal (e.g., the type of activity). Our results
indicated that adaptive personalization of goals is particularly promising for
promoting the frequency of an activity (e.g., number of sessions per week)
rather than the intensity of the activity (e.g., distance or duration).

Part V more deeply explores the potential of personalization in mHealth.
Chapters 10 and 11 are case studies that discuss the possibilities of
automated personality tailoring based on mHealth app data. In these
chapters, we have evaluated to what extent personal preferences can be
automatically derived from user event data from our mHealth app using
methods of artificial intelligence. Lastly, in chapter 11, we evaluate the
impact of persuasive messages on user engagement with our mHealth app
among sedentary o�ce workers. Our results suggest that adaptive
persuasion improves end users’ attitudes toward persuasive attempts but
does not necessarily cause long-term behavior change.

SYNTHESIS Finally, in part VI, we address our second scientific challenge.
In chapter 13 we present our toolbox, SciModeler, demonstrating how it can
be used to record and link scientific theory and empirical data (i.e., our own
studies). Based on the recorded data, we demonstrate how SciModeler can
be used to (1) explore promising intervention strategies for a specific
intervention context and (2) refine scientific theories. We end this
dissertation with chapter 14, which provides a general discussion and
integration of the results we have obtained in this thesis project,
recommendations for practice and science, and suggestions for future
research.
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T H E O R E T I C A L B A C K G R O U N D

In chapter 1 we have argued that health promotion through mHealth apps
and engagement with those apps essentially require end users to change
their behaviors. Hence, to be able to contribute to the scientific challenges
we have identified in chapter 1, it is essential to comprehend how human
behavior emerges, and how this process can be influenced. This chapter
summarizes some of the leading scientific theories of behavior change, and
outlines their interrelationships. Particularly, this chapter aims to
demonstrate how individual scientific theories from the field of behavior
change integrate. Subsequently, we explore how strategies of gamification
can be employed to foster behavior change. To that end, we discuss
concepts that closely relate to gamification (e.g., playfulness and games)
and we evaluate why gamification techniques are especially promising for
use in mHealth apps to promote user engagement levels and, consequently,
health behaviors. Using this theoretical background, we have derived a set
of general principles for developing our gamified mHealth app in such a
way that we build on the existing knowledge base, as much as possible. The
specific scientific theories that were used to design our individual studies
are briefly reintroduced in the chapter that presents that study.

2.1 THREE ANTECEDENTS OF BEHAVIOR
Several commonly used scientific theories of behavior change argue that, in
order for a certain target behavior to occur, an individual must have the
capability and opportunity to engage in that target behavior, and the
strength of motivation to engage in it must be greater than for any
competing behaviors (e.g., see the AMO Framework by Eileen Appelbaum,
Thomas Bailey and colleagues [9], the Fogg Behavior Model by B.J.
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Fogg [109], and the COM-B System by Susan Michie and colleagues [229]).
Interestingly, although these scientific theories have emerged from
di�erent disciplinary backgrounds (i.e., human resource management [215],
persuasive systems design [109], and health psychology [229], respectively),
these theories explain the emergence of behavior using the same
antecedents. Their interpretations are the same for the antecedents
motivation and capability (also referred to as “ability”).

Nevertheless, they use slightly di�erent interpretations of the antecedent
opportunity. For example, within the COM-B System, opportunity is defined
as “all the factors extrinsic to an individual that either prompt the behavior
or allow enactment of the behavior” [225, p. 86]. This definition emphasizes
that opportunities emerge from an individual’s environment (i.e., extrinsic
to the individual). The Fogg Behavior Model furthers that interpretation, by
emphasizing that “without an appropriate trigger, behavior will not occur
even if both motivation and ability are high” [109]. By refining the
conceptualization of opportunities as triggers, Fogg emphasizes that an
individual must actually perceive the opportunity in order for the
opportunity to enact (i.e., trigger) a target behavior.

Furthermore, each theory has a slightly di�erent view on how the
antecedents of behavior interact. For example, the COM-B System argues
that “motivation can be influenced by both opportunity and capability,
which can in turn influence behavior” [229, p. 86]. Meanwhile, “behavior can
then have a feedback influence upon a person’s opportunity, motivation
and capability to perform the behavior again” [229, p. 86]. To illustrate that
feedback loop, consider how one may be motivated to start running, but
only through the behavior of buying running shoes can one alter the direct
environment to trigger the behavior of running (i.e., motivation can
influence opportunity, through behavior). The Fogg Behavior Model, on the
other hand, emphasizes that motivation and capability are trade-o�s of a
sort. Particularly, Fogg argues that an individual with low motivation may
only perform a target behavior if that behavior is simple enough, whereas,
if motivation is high enough, the individual may be capable of very di�cult
behavior [109].
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Finally, the COM-B System decomposes the antecedents of behavior into
subcomponents, arguing that capability conceptually constitutes both
physical capability (e.g., skill, strength and stamina) and psychological
capability (e.g., knowledge, and mental capacity to engage in thought
processes). This framework also distinguishes between reflective processes
of motivation (e.g., involving intentions, evaluations and plans) and
processes of motivation that are automatic (e.g., involving emotions and
impulses, based on inner drives). Meanwhile, this framework argues that
behavior is influenced through both the physical opportunities created by
the physical environment (e.g., time, financial resources, access, and cues)
and the social opportunities created by the social environment (e.g., culture,
and the people and institutions with whom an individual interacts). In the
following sections, we discuss some of the leading scientific theories for
each antecedent of behavior.

2.1.1 Motivation
Motivation is a key antecedent of behavior. But what does being motivated
actually look like? The COM-B System distinguishes between automatic and
reflective processes of motivation [229]. Automatic motivation is determined
by a variety of inner drives. From an evolutionary perspective (e.g., as
emphasized in David Bakan’s Certainty Principle) it is argued that we first
focus on survival (i.e., we have a need for certainty and security), and we will
flee or fight if our very existence is threatened [16, 292]. Additionally, leading
scientific theories of motivation such as the Self-Determination Theory by
Edward Deci and Richard Ryan propose that people generally: (1) have a
need to make autonomous choices [78, 292], (2) crave feelings of mastery
and competency [78], and (3) have a desire for interpersonal attachment, or
relatedness, and need to belong [24, 78, 292]. Recent studies from the field of
neuroscience have suggested some additional inner drives: (1) we are driven
to acquire prestige or status [292], (2) we appreciate being treated fairly
and equally [292], and (3) occasionally, we crave new stimuli and variation
instead of certainty [15].

Surely these are not the only inner drives that motivate people, but they are
the most extensively documented in scientific literature. People also
appear to have di�erent hierarchies of inner drives [293]. Still, in general,
people want to restrain their inner drives as little as possible, a
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phenomenon that is known as loss aversion [179]. In fact, restrictions of our
drives are processed in our brains in much the same way as physical
pain [293]. Restraining our inner desires and needs has a more profound
impact than satisfying them. Similarly, negative events carry more weight
than positive events [22]. Because losses loom larger than gains, we are
programmed to avoid restrictions of our drives [22, 179].

On the other hand, reflective processes play an important part in human
motivation as well. Reflective processes of motivation involve plans
(e.g., self-conscious intentions and goals) and evaluations (e.g., beliefs
about what is good and bad) [229]. The Theory of Planned Behavior by Icek
Ajzen examines how intentions trigger intended behavior (i.e., behavior
originating from reflective processes) [4]. Nevertheless, an intention to
engage in a behavior does not guarantee actual engagement in that
behavior [132]. Using the Theory of Planned Behavior, scientists have been
able to identify the key factors that strengthen the relationship between
intentions and engagement in actual behavior. For example, it was found
that a more precisely formulated intention has a larger predictive value of
behavior than intentions that are formulated open-ended [69]. Similarly,
Peter Gollwitzer and Paschal Sheeran found that an implementation
intention that spells out the when, where, and how of a target behavior in
advance is an e�ective vehicle to promote a target behavior, as well as
shielding the pursuit of ongoing behavior change from unwanted
influences [131, 132]. Additionally, according to the Theory of Planned
Behavior, a key factor in the successful execution of a behavior is the ways
in which goals and plans shape intentions, and consequently behavior [4].
For example, Ajzen’s theory has been used to predict engagement in health
behavior, including exercising and dietary behaviors [56, 240], and in these
studies, the participants’ intentions to engage in health behaviors were
strongly influenced by their goals and needs.

To examine what factors in goal setting can increase reflective motivation to
attain a goal, the Goal-Setting Theory by Edwin Locke and Gary Latham has
been widely adopted [206]. The Goal-Setting Theory builds on research from
Carol Dweck and colleagues, who argue that, for an individual to engage in
a new behavior, the orientation of a goal makes a huge di�erence. Goals
can be oriented as either: (1) learning goals, in which individuals seek to
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increase their competence, to understand or master something new, or (2)
performance goals, in which individuals seek to gain favorable judgments
or to avoid negative judgments of their competence [92]. It was found that
especially learning goals can stimulate motivation to engage in a (new) target
behavior [92, 206]. Meanwhile, individuals have a natural tendency to define
their goals from either a learning or performance orientation depending on
their context [206], and hence they may be influenced by triggers from the
physical and social environment, as discussed in section 2.1.3.

From the distinction between learning goals and performance goals, it can
be derived that human motivation can either be enacted intrinsically or
extrinsically. Intrinsically motivated behavior is that which an individual is
driven to perform for its own sake (i.e., engagement in the behavior itself
provides gratification, an outcome that may be fostered through learning
goals), whereas extrinsically motivated behavior is driven by contingent
rewards (i.e., the outcome of the behavior provides gratification, which is
typically true for the behaviors that constitute performance goals) [26, 75,
117, 359]. When engaged in intrinsically motivated behavior, an individual
perceives a strong association between the behavior and its outcome and
sees these two as inseparable [359]. But the strength of association between
an activity and its outcome can vary, and therefore, so too does intrinsic
motivation [117, 359]. Hence, motivation varies on a continuum from more
extrinsically originated to more intrinsically originated [117, 359].

Oftentimes, intrinsically motivated behavior is preferred, as individuals that
are intrinsically motivated tend to persist longer in the behavior and perform
better, compared to individuals that are mainly extrinsically motivated [77,
107]. Still, extrinsic motivation is not necessarily to be avoided, as extrinsic
motivation will be more e�ective in predicting persistence on uninteresting,
e�ort-driven behaviors [117]. Intrinsic motivation will be more e�ective
in predicting persistence in interesting or more creative behaviors [117].
The dichotomy between the impact of extrinsic motivation and intrinsic
motivation on human behavior has been e�ectively demonstrated using
Duncker’s candle problem [91]. In this test, a subject is instructed to mount
a candle on a wall in such a way that candle wax does not drip onto the
floor, using only some matches and a tray of pushpins. The problem can
be solved by tacking the emptied tray to the wall using the pushpins and
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placing the candle in or on it. In a famous experiment, Sam Glucksberg
challenged participants to solve the problem as quickly as possible. Half
the participants were instructed that the top 25% of the subjects in their
group would win $5 each, and that the fastest subject would receive $20 (a
more extrinsically motivated task). The other participants were informed
that the experiment was executed to obtain norms on the time needed to
solve the problem (a more intrinsically motivated task). Meanwhile, there
was another experimental condition: For some participants, the pushpins
were lying next to the tray making the solution clear and thereby trivializing
the problem, whereas for other participants the pushpins were in the tray at
the start (i.e., e�ectively masking the solution of the problem, and thereby
introducing the problem as a more creative task). In the first situation
the extrinsically motivated subjects, drawn by earning money, solved the
problem faster on average than subjects from the intrinsically motivated
group (3.67 minutes compared to 4.99 minutes). However, in the second
situation the intrinsically motivated subjects solved the problem much
faster (7.41 minutes compared to 11.08 (!) minutes on average). Hence, it was
concluded that extrinsic motivators work well for familiar or obvious target
behaviors, whereas intrinsic motivators foster engagement in creative and
unfamiliar target behaviors [127].

Furthermore, research has shown that motivation can shift over time from
being more intrinsically originated to more extrinsically originated, and
vice versa [359]. According to the Overjustification E�ect and Motivation
Crowding Theory, for an intrinsically motivated behavior that is rewarded
extrinsically, intrinsic motivation will gradually be crowded out [74, 99, 334].
For example, in a scenario where a payment for an enjoyable task is first
provided, but subsequently taken away, individuals may perform worse than
if they were not initially paid [74, 99]. In this scenario, a financial reward may
feel “controlling” [76], or create the misperception that the task at hand is
not enjoyable [201]. On the other hand, studies have shown that engaging
in extrinsically motivated behavior can foster intrinsic motivation when the
reward is administered immediately after the subject engages in the target
behavior [359]. Particularly, as opposed to delayed rewards, immediate
rewards can modify the association between a behavior and its outcome by
creating the perceptual association that gratification comes from engaging
in the activity itself instead of from an extrinsic motivator [359].
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At any given moment, an individual’s motivation to engage in a target
behavior is determined by the individual’s continuous evaluation of
potential losses and gains in any category of inner drives, intentions, or
goals. This analysis is often influenced by an individual’s current
environment (see section 2.1.3), emotions (e.g., consider how anger can
deplete a person’s strength of self-control [23]), and personal preferences
(e.g., recall how a learning goal orientation can stimulate engagement in a
new target behavior [92]). Meanwhile, this analysis can lead to conflicting
motivations. Essentially, motivation is about internal struggle: Di�erent
motivations continuously compete for precedence.

How di�erent motivations struggle for precedence was e�ectively
demonstrated in the famous marshmallow experiment by Walter Mischel
and colleagues. In their experiment, four-year-old children were served one
marshmallow and promised another if they could resist for a while the
temptation to eat the first one. Essentially, this study exhibited the struggle
between the motivation to eat the marshmallow right away on the one
hand, and the motivation to wait for another marshmallow on the other.
Most children visibly struggled to control themselves (hint: search for
“marshmallow experiment” on YouTube). Outcomes indicated that children
who could resist eating the first marshmallow for a longer period of time
developed into more cognitively and socially competent adolescents,
performing better at school and coping better with frustration and
stress [232]. Hence, the experiment demonstrated that the privileged
motivation (in this case the urge to eat the marshmallow) does not have to
be the motivation that is most beneficial to the individual in the long
term [23, 232]. The immediate consequences of engaging in a behavior have
the upper hand in determining an individual’s motivation [23, 328, 348].
However, as can be concluded from the marshmallow experiment, as well
as from a large body of literature from the field of behavioral economics,
motivation depends on one’s capability of self-control (also referred to as
time preference, or the capability to defer gratification), which di�ers from
person to person [23, 113].

Most of the time, our continuous analysis of potential losses and gains to
decide on a privileged motivation runs unconsciously. In fact, large parts
of our motivations are automatic instead of reflective, because our brains
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are designed to run economically and e�ortlessly make many decisions [85].
The Dual Systems Theory proposes that, conceptually, our brains employ
two distinct modes of processing [320]. The first mode, typically referred to
as System A, draws on associations to spot regularities and make decisions.
These processes run automatically and unconsciously, and one is aware of
the outcomes of these processes only [320]. For example, System A is where
our instincts live, such as our inner drive to survive or make autonomous
choices, both of which are components of automatic motivation. The other
system, System B, is more conscious and e�ortful. System B involves the
intentional retrieval of explicit knowledge (e.g., rules) from memory and
uses this knowledge to guide processing [320]. System B keeps track of the
goals we aim to achieve and the plans we make to progress toward these
goals, which are components of reflective motivation.

2.1.2 Capability
The concept of capability entails a person’s physical and psychological
capacity to perform a target behavior [229]. An individual’s capability
determines if an individual can perform a target behavior both physically
and mentally. Moreover, besides a person’s actual capabilities, the
individual’s belief in his/her capacity to execute a target behavior is
essential, a concept referred to as self-e�cacy by Albert Bandura in his
Social Cognitive Theory [18, 19], and that was included in the Theory of
Planned Behavior [4], and Self-Determination Theory [73]. Particularly, if a
target behavior is perceived as too di�cult to perform, one may feel
anxious and may therefore not engage in the behavior. On the other hand,
if a target behavior is perceived by someone as too easy, one may feel
bored and may therefore not engage in the behavior, either. Hence, an
individual’s capability, and the level of complexity of a target behavior have
to be aligned. This trade-o� is well described in the Flow Theory [61] and
the Fogg Behavior Model [109] (as outlined in section 2.1).

Meanwhile, although goals are a component of reflective motivation, the
goals of an individual are strongly influenced by the individual’s capability,
as well as one’s perception of his/her capability (i.e., self-e�cacy) [206]. For
example, from the Goal-Setting Theory it is known that the complexity of a
target behavior should generally be at the verge of someone’s capabilities
to stimulate engagement in that behavior, since di�cult but attainable tasks
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generally result in higher levels of engagement (too simple a behavior leads
to boredom, and too complex a behavior triggers anxiety or frustration) [206].
However, there is a temporal aspect to this adage as well: In the Flow
Theory it is observed that a person’s capability can change over time. For
example, someone’s capabilities increase whenever (s)he practices more
challenging behaviors [61]. Hence, in order to engage an individual in a
target behavior over a longer period of time, the complexity of the behavior
should be updated continuously in accordance with the individual’s actual
and perceived capability [19].

2.1.3 Opportunity, triggered by the direct environment
Earlier we distinguished between two systems of processing that are
employed by our brains. System A relies on associative memory and runs
unconsciously and e�ortlessly, whereas System B requires more mental
e�ort to make conscious decisions based on the retrieval and processing of
knowledge [320]. Psychological studies suggest that System A is typically
dominant in our everyday lives [85]. Evidence from the neuroscience
research of Ann Graybiel and colleagues similarly suggests that a large part
of our everyday behavior is automatic and habitual [136]. This is especially
because automatic behavior, operated by System A, requires less brain
activity and therefore less e�ort, which conserves energy for more creative
behaviors that typically originate from System B [136].

The dominance of System A also shows in the impact that subtle
environmental cues can have on our decisions and, consequently, our
behavior. For example, it has been demonstrated that the mere exposure to
the scent of all-purpose cleaner can cause individuals to keep their
immediate environment tidier [159]. Hence, the physical environment
reinforces consistent, default behavior, because deviating from a default
requires mental e�ort (a System B operation). For example, countries that
employ an opt-in system for donor registrations report donor consent
percentages below 30% [177]; on the other hand, countries that employ an
opt-out system report donor consent percentages above 85% [177]. Hence,
defaults are an e�cient vehicle to “nudge” people’s behavior [340].
Nevertheless, similarly, environmental cues can trigger unwanted behaviors.
For example, signs of disorderly and petty criminal behavior trigger more
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disorderly and petty criminal behavior, thus causing an unwanted behavior
to spread [188].

Besides the influence of the physical environment on behavior, the social
environment can trigger behavior. Triggers from the social environment
typically relate to motivational factors, such as our inner desire for
interpersonal attachment, or relatedness [24, 78, 292] (e.g., as emphasized
by the Self-Determination Theory, see section 2.1.1). The behaviors of others
can prompt us to engage in their behaviors as well, especially when we
trust and feel connected to them [197]. Consider, for example, the types of
appeals that spur hotel guests to reuse their towels. Robert Cialdini and
colleagues demonstrated that appeals emphasizing the behaviors of other
hotel guests generate higher levels of conservation [130]. The appeal that
“the majority of guests reuse their towels” has more impact on towel reuse
than traditional appeals that focus solely on environmental protection.
Moreover, appeals that emphasize that “the majority of guests in this room
reuse their towels” have even more impact on towel reuse, as they call to
mind people that the guest is related to (people who have stayed in the
same room) [130]. Similarly, it was found that individuals of outstanding
achievement can serve as role models to others, inspiring them to behave
like they do [208]. On the other hand, a role model may discourage rather
than inspire a target audience, if the role model has achieved such extreme
success that it seems beyond most people’s grasp [208]. It has been
suggested that the ideal role model is a person who is “somewhat older and
at a more advanced stage [in life] than the target individuals and who has
achieved what these individuals hope for (i.e., outstanding but not
impossible success) at an enterprise in which they too wish to
excel” [208].

Di�erent triggers from the physical and social environment reside in
conceptually di�erent systems. The Socio-Ecological Model by Urie
Bronfenbrenner argues that individuals are not only influenced by their
immediate environments, but also through larger social systems (e.g., at the
micro-, meso-, and macro-level), in which these environments are
embedded [35]. These ideas have been used to develop the Ecological
Model for Health Promotion [222]. In this model, behavior is viewed as
being determined by: (1) intrapersonal factors, (2) interpersonal factors, (3)
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institutional factors, (4) community factors, and (5) public policy.
Intrapersonal factors entail an individual’s own knowledge, attitudes,
behavior, self-concept, and skills. On a higher level, an individual’s behavior
is influenced by interpersonal processes within the individual’s social
networks, including family, colleagues, and friends. Next, behavior is
steered by social institutions with specific organizational characteristics
and rules and regulations for operation. On an even higher level,
relationships among organizations, institutions, and informal networks
within defined boundaries exert some control over an individual’s behavior.
Lastly, on the highest level, local and national laws and policies influence
an individual’s behavior. The individual layers provide di�erent
opportunities for promoting health behaviors [222]. Note that the reasons
why people are motivated by interpersonal and community factors have
been described in section 2.1.1. Nevertheless, the Ecological Model for
Health Promotion surely goes beyond such motivational factors by also
considering the e�ects of, for example, relationships among organizations
or of legislation.

2.2 INFLUENCING BEHAVIOR
The three antecedents of behavior can either drive or restrain a target
behavior. When attempting to change behavior, the interplay between these
driving and restraining forces determines whether one succeeds or
not [202]. Driving forces symbolize the advantages of a new, targeted
behavior, but also the disadvantages of the original, alternative
behaviors [202]. Restraining forces symbolize the disadvantages of the
target behavior and the advantages of alternative behaviors [202]. The
important question to answer is: How can one increase the likelihood that
the targeted behavior occurs? By maximizing the driving forces? Or by
minimizing the restraining forces? Psychologist Kurt Lewin formulated an
answer to this question that Nobel laureate Daniel Kahneman considered
the best idea in psychology ever [178]. According to Lewin, it is more
e�cient to focus on removing restraining forces than to add driving
forces [202]. Lewin’s adage holds because the negative aspects of a target
behavior loom larger than the positive aspects of that behavior [22, 179]. In
general, our brains try to avoid immediate negative consequences [23, 328,
348]. When learning a new behavior, resorting to old routines is often the

29



CH. 2 THEORETICAL BACKGROUND

most e�ective way for our brains to avoid the negative aspects of the new
behavior [32]. Therefore, when changing behavior, it is oftentimes more
e�cient to employ intervention strategies that ease the target behavior,
removing restraining forces. Moreover—to apply Lewin’s adage another
way—besides employing intervention strategies that make the target
behavior easier, one may choose to employ strategies that make alternative
behaviors more di�cult.

Sometimes, however, it may be challenging to apply Lewin’s adage in
practice. For example, intervening through an mHealth application that
subjects must first download, install and set up is, by definition, aimed at
adding driving forces instead of removing restraining forces. Still, Lewin’s
adage may somehow be taken into account, particularly if interpreted in
relation to ideas from B.F. Skinner. Skinner is known for his theories on
shaping behavior through reinforcing behaviors that are successively closer
and closer to the target behavior [318]. This step-by-step procedure of
reinforcing di�erent behaviors until the ultimate behavior is achieved is
called shaping or successive approximation [318]. Shaping applies Lewin’s
adage by changing the target behavior to a simpler alternative, thereby
e�ectively removing restraining forces. B.J. Fogg too recognizes the
importance of taking small steps in behavior change. In the Tiny Habits
Method, which builds on the Fogg Behavior Model, he advocates breaking
down a target behavior into easier-to-adopt, smaller behaviors [110]. Taking
small steps in behavior change makes sense, as success typically provides
gratification and thereby furthers motivation. This phenomenon is named
the Progress Principle and is demonstrated by the work of Theresa Amabile
and colleagues [8]: Taking smaller steps just makes it easier to experience
progression and, consequently, gratification [8, 110].

Finally, when influencing behavior, there is a temporal aspect to
consider [66, 278]. For example, Katherine Milkman and colleagues
demonstrated that pursuits for behavior change increase following
temporal landmarks, such as the outset of a new week, month, year, or
semester, on a birthday, or a holiday [66]. Google searches for the term
“diet”, and gym visits thrive in January [66]. This phenomenon, which is
referred to as the Fresh Start E�ect, implies that there are specific moments
at which individuals are more open to changing their behavior [66]. This
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phenomenon is also emphasized by the Transtheoretical Model of Behavior
Change, which posits that behavior change involves progression through six
stages: (1) precontemplation, (2) contemplation, (3) preparation, (4) action,
(5) maintenance, and (6) termination [279]. In the precontemplation phase,
individuals are not intending to take action in the foreseeable future, and
can be unaware that their behavior is problematic. In the contemplation
phase, they start to recognize that their behavior is problematic and start to
look at the pros and cons of their continued actions. In the preparation
phase, individuals intend to take action in the immediate future and may
begin taking small steps toward behavior change. In the action phase, they
have made specific overt modifications in their behaviors or have acquired
new behaviors. In the maintenance phase, individuals have been able to
sustain a target behavior for at least six months. Lastly, in the termination
phase, individuals have no temptation to relapse into old routines as a way
of coping. Each stage calls for di�erent interventions to eventually enact a
target behavior [278, 279].

2.3 INFLUENCING BEHAVIOR THROUGH GAMIFICATION
In this dissertation, we have employed gamification techniques to influence
behavior. Gamification is a set of motivational techniques that employ game
mechanics outside of game contexts to foster participation, engagement, and
loyalty [82, 167]. In this section, we briefly revisit the origins of gamification
by exploring definitions of associated concepts, such as play and game.
Then, we explain how gamification can support behavior change.

2.3.1 The act of playing (games)
Playfulness and play are deeply rooted in human life [164]. Consequently,
play and play theory have been a subject of study for a long time. The book
Homo Ludens by the Dutch cultural historian Johan Huizinga is one of the
founding studies of play theory. According to Huizinga, play is not just a
frivolous activity, but a primary category of life and constitutive for culture as
such [164]. Huizinga defines play as “a free activity standing quite consciously
outside ordinary life, as being not meant, but at the same time absorbing
the player intensely and utterly” [164, p. 13]. Hence, Huizinga stipulates
that play is fun, and “it is precisely this fun element that characterizes
the essence of play” [164, p. 3]. Additionally, play “proceeds within its
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own proper boundaries of time and space according to fixed rules and in
an orderly manner” [164, p. 13]. Moreover, play “promotes the formation
of social groupings which tend to surround themselves with secrecy and
to stress their di�erences from the common world by disguise or other
means” [164, p. 13]. The play drive first appears as infants try to adapt the
physical world to their needs. Through play, children create new learning
experiences, and these self-created experiences enable them to acquire
social, emotional, and intellectual skills they could not acquire in any other
way [97, 114, 164, 274]. Particularly, the psychologist Jean Piaget argued that
play teaches children, without them being aware, the behaviors that are
most needed for intellectual growth, such as persistence, which is important
in all learning [274]. Sigmund Freud, the founder of psychoanalysis, argued
that play is therapeutic and enables children to deal with their negative
feelings [114]. Lastly, according to Huizinga, play is indispensable for the
well-being of a community and enhances human flexibility to deal with
the unexpected [164]. Hence, besides the act of play being an enjoyable
experience, it is a functional one as well, since play encourages learning and
contributes to cognitive and social development [97, 114, 164, 274].

The concept of “play” closely relates to the term “game”. In fact, these
terms are often used interchangeably. Huizinga’s definition of play also
seems to describe most games, although Huizinga does not explicitly refer
to games as such. According to philosopher Bernard Suits, “to play a game
is to engage in activity directed toward bringing about a specific state of
a�airs, using only means permitted by rules, where the rules prohibit more
e�cient in favor of less e�cient means, and where such rules are accepted
just because they enable such activity” [329]. Suits rephrased this definition
into a “simpler and, so to speak, more portable version” in his book The
Grasshopper, where he outlined that “playing a game is the voluntary
attempt to overcome unnecessary obstacles” [330, p. 41]. Game researcher
Jane McGonigal embraced this definition in her book Reality is Broken, and
specified four defining characteristics of games [221]. According to
McGonigal, all games have: (1) a goal, (2) rules, (3) a feedback system, and
(4) a requirement for voluntary participation [221]. The goal is the specific
outcome that players will aim to achieve. The goal focuses users’ attention
and provides them with a sense of purpose [221]. Rules place limitations on
how users can achieve that goal and thereby push users to explore
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previously uncharted possibilities, unleash creativity and foster strategic
thinking [221]. The feedback system tells users how close they are to
achieving the goal and provides a motivation to keep playing [221].
Voluntary participation requires that everyone who is playing the game
accepts the goal, rules, and feedback system. This agreement establishes
common ground for multiple people to play together. The freedom to enter
or leave a game at will ensures that an intentionally stressful and
challenging task is experienced as a safe and pleasurable
activity [221].

Though from these descriptions it remains hard to distinguish between
the act of playing and the act of playing a game, perhaps one could argue
that playing a game is generally more goal directed—think of a game of
chess or soccer with their clear goals and rules for winning. In contrast,
“playing” has a much looser framework of goals—for example, sandboxes or
Minecraft’s creative mode are all fairly open ended, with no clearly stated
goals. What becomes clear from the discussion of playing (games) though,
is that the act of playing (games) is associated with enjoyment and fun [164,
290] and is inseparable from personal development and learning [97, 114,
164, 274]. Numerous gamers find joy in playing games and envision games
as some sort of toy. Using games as such implies that the activity itself is
intrinsically motivating because it provides fun [290]. And the intrinsically
motivating nature of play implies persistence of playing and a high likelihood
of repetitive usage [290].

However, when we grow older, perhaps during elementary school, the
entertainment and learning purpose of playing games start to drift apart.
Older children may even associate play with being “noneducational” and
learning with being “anything but enjoyable” [290]. This is a rather
unfortunate position because increasing motivation and engagement
through enjoyment may be critical to foster learning, since levels of
motivation and enjoyment are critical for adherence to training and
learning e�ects [307]. Nowadays, digital media are considered tools that are
able to reunite the purpose of entertainment and education in games [290],
which are commonly referred to as serious games.
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The term “serious games” was coined by Clark Abt in 1987, who conducted
research on simulation games utilized for educational purposes [290]. The
term gained interest after the Serious Games Initiative was established in
2002 [290]. A serious game is “a game in which education (in its various
forms) is the primary goal, rather than entertainment” [224, 290]. Serious
games relate closely to games for learning: These terms are used as
synonyms throughout the literature [33]. In the past decade, it was
suggested that little systematic research was available to actually prove
that game technology provides unique opportunities for deep, sustained
learning [290, 315]. In response, Thomas Connolly, Elizabeth Boyle, and
colleagues conducted a systematic literature review on empirical evidence
of the impacts and outcomes of computer games and serious games [57].
Recently, they updated their systematic literature review with present-day
evidence [33]. These studies reviewed empirically tested outcomes of
playing entertainment and serious games with respect to engagement and
learning. From these reviews, the most frequently occurring outcome
reported for serious games was knowledge acquisition, while entertainment
games were generally found to address a broader range of outcomes, such
as behavior change, or physiological outcomes [33]. Hence, it was
concluded that games might be used to enable and encourage various
forms of learning and personal development [33, 57].

2.3.2 The gravitational pull of playing games
To summarize, playing games is an immersive and enjoyable experience, that
contributes to self-development. Many people play games, although mostly
for entertainment, and not so much for personal development. But why do
people enjoy playing games? In this subsection, we explore the gravitational
pull that games have on people, through the lens of the behavioral theories
presented at the beginning of this chapter.

Empirical research has shown that games can motivate and engage an
individual by tapping into the individual’s inner drives [172, 315]. For
example, digital games are played to experience a certain degree of
control [172, 300], which conforms to our inner drive to make autonomous
choices [78, 292]. Particularly, users may find the virtual world of a game
appealing because it allows them to act as agents exerting control over the
game character and its context. However, control is never total: Users are
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confronted immediately with the limits of their command when they make a
mistake [172, 300], a feature that taps into people’s desire for surprise and
variation [15]. Additionally, digital games can be played to fulfill the desire
to experience challenge and competition. Users like to push themselves to
attain a higher level of skill and often feel a need to win or surpass
others [172, 300, 315], which conforms to our craving for feelings of mastery
and competency [78], as well as our drive to acquire prestige or status [292].
Besides people’s desire to compete against each other, they also enjoy
collaborating with each other and pursue social interaction [300, 315]. This
is obviously the case when people seek to play multiplayer games online,
but also single-player digital games are often played in the company of
siblings or friends [315]. Furthermore, it was found that gaming is attractive
because it unleashes players’ fantasies. Users engage in a variety of acts
that will be di�cult or impossible to perform in real life [172, 315]. Often,
users use the adventurous game world to test their own behaviors and
emotions. As a result, the game comes to function as a kind of safe
laboratory [172], which taps into our drives to experience certainty and
security [292]. Lastly, users often feel a need to play digital games because
they seek diversion, using the game to take their minds o� their usual
concerns by doing something entirely di�erent [172, 315] (again, a strategy
to seek for new stimuli and variation [15]).

In summary, it can be concluded that elements of games can foster specific
components of intrinsic motivation. As a result, games are often perceived
as fun (recall that, by definition, intrinsically motivated behavior is behavior
that is enjoyable in itself [26, 75, 117, 359]). Meanwhile, from scientific
theories of motivation, it is observed that people engage longer in
intrinsically motivated behavior than extrinsically motivated behavior [77,
107], which may explain why gamers repetitively engage in gameplay over
longer periods of time [290].

2.3.3 Using game elements to gamify behavior
People do not necessarily associate playing games with improving their
lifestyle, but games have huge potential to transfer learning and promote
health behaviors, while at the same time providing enjoyable experiences.
Gamification tries to translate the potential of games (i.e., personal
development through enjoyable experiences) to our everyday lives [301].
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Gamification is “the application of game design elements and principles in
non-game contexts” [82] and entails a set of motivational techniques that
are aimed at promoting one or more target behaviors [301], such as
behaviors of engagement [82, 167]. Generally, gamified systems provide a
clear goal [62, 145] that requires the target behavior to be performed; the
act of playing the game entices a target behavior. Typically, these systems
transform a distant, long-term goal (e.g., to live healthy) into actionable,
short-term goals (e.g., to go for a daily 20-minute walk), which is in line with
the concept of shaping [110, 318]. Then, oftentimes, gamified systems
employ a set of feedback systems using game elements to display an
individual’s progression toward the clear goal, fostering a sense of
progression as encouraged by the Progress Principle [8].

Note that, from this description of gamification, it remains hard to pinpoint
exactly where serious games end, and where gamification starts, a debate
that is ongoing within scientific literature [354]. Some researchers have
argued that serious games are full-fledged games that are independent and
separate from real-world systems, whereas gamification can never exist on
its own and is always a part of a real-world system that maintains its
instrumental functionality [354]. Still, this explanation does not settle the
debate, because it largely remains unclear what the criteria are that
determine whether a system is a full-fledged game [354]. In this
dissertation, we are not bothered with the fuzzy relationship between the
concepts of serious games and gamification. Rather, we regard serious
games and gamification as being two ends of a granular scale that runs
from “fully independent from” to “fully integrated with” real-world
systems.

By now, it may come across as if increasing motivation, engagement, and
overall uptake of (health) behavior is straightforward using gamification
techniques. However, one of the chief misconceptions about gamification is
that any system that employs a set of gamification techniques will be more
engaging [62]. The application of gamification techniques will only produce
the desired outcome, if the game elements e�ectively shape the antecedents
of behavior that were described at the beginning of this chapter. In our
context, gamification can promote a health behavior if the application of
game elements can reduce the behavior’s restraining forces and/or promote
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its driving forces (i.e., in line with Lewin’s Force Field Theory [202]). Hence, it
is too shortsighted to believe that, without a properly designed intervention
system that is based on scientific theory, awarding a virtual badge for a
certain target behavior will e�ectively promote that behavior among a target
audience [62].

Nevertheless, when applied properly, gamification techniques can promote
one or more target behaviors [145, 176, 303]. Juho Hamari, Jonna Koivisto,
and Harri Sarsa conducted a systematic literature review in 2014 to
determine whether gamification does work to promote engagement in a
(set of) target behavior(s). Their review suggested that gamification
provides positive e�ects, but the e�ects heavily depend on the context in
which the gamification techniques are employed; for example, employing
the same gamification technique among di�erent target audiences may
yield di�erent outcomes [145]. Furthermore, e�ects of gamification may not
be long term, but instead could be caused by a novelty e�ect [145]. Still,
removing gamification might have detrimental e�ects to those users who
are still engaged by the gamification, possibly due to loss aversion from, for
instance, losing earned points [145], an observation that is in line with the
Overjustification E�ect [74, 99, 334]. Additionally, it was found from
systematic literature reviews that gamification could have a positive e�ect
on health behavior and engagement with an artifact such as an mHealth
app, but only when the applied game elements e�ectively account for and
shape the antecedents of behavior [176, 303]. These reviews confirmed that
gamification stimulated intrinsic motivation [176]. Lastly, they emphasized
that gamification is broadly accessible through mobile technology, and
therefore cost e�cient [176].

As a result, the application of gamification techniques has flourished over
the past decade, and the number of gamification techniques and
frameworks has grown substantially. A literature review of gamification
design frameworks has identified a total of eighteen frameworks with
varying elements and strategies [236]. Historically, gamification elements
have included virtual points, leaderboards, achievements and badges,
levels, stories and themes, rewards, and challenges [145]. For example,
virtual points can be awarded for successful accomplishment of activities
within a gamified system and thereby represent a user’s performance [301].
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Using a leaderboard, these points can be used to measure a user’s
performance relative to the performance of other users. Alternatively, these
points can be used to distribute rewards and badges. Rewards and badges
are visual representations of a user’s achievements and exhibit a user’s
goal accomplishments [301]. More recent frameworks of gamification
elements add a variety of other elements as well, such as avatars,
reminders, surprises, puzzles, or time pressure [309, 343]. In this
dissertation, we have evaluated four gamification strategies: reward
mechanisms using virtual points, badges, and financial rewards; social
comparison using leaderboards and feedback from role models; adaptive
goal setting using challenges; and personality tailoring using reminders. In
the remainder of this dissertation, the impact of each of these gamified
intervention strategies on user engagement levels with our mHealth app is
evaluated and discussed (see parts II to V). Finally, in the last part of this
dissertation (part VI), outcomes from individual studies are synthesized and
integrated.
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E V A L U AT I N G F I N A N C I A L R E W A R D S W I T H
S E D E N TA R Y O F F I C E W O R K E R S : M O N E TA R Y
I N C E N T I V E S B O O S T U S E R E N G A G E M E N T

This chapter is in review for publication at: Nuijten, R. C. Y., Van Gorp, P. M. E.,
Khanshan, A., Blanc, P. M. L., Kemperman, A. D. A. M., Van den Berg, P. E. W., and
Simons, M., “Money talks: Evaluating the impact of virtual incentives and
monetary rewards on user engagement levels in a health promotion context”,
Digital Health, in review.

3.1 INTRODUCTION
It is well known that obesity rates, and consequently the prevalence of
cardiovascular diseases and diabetes, are rising globally [122]. Research has
shown that this increase is largely caused by physical inactivity and poor
diets: two lifestyle factors that we ourselves can influence [155, 365]. For
example, although the benefit of physical activity for health is well
established, it remains challenging for individuals to adopt more active
lifestyles, with inactivity accounting for 9% of premature mortality
globally [199]. Similarly, poor dietary intake was found to be responsible for
11 million deaths and 255 million disability-adjusted life years among adults
aged 25 and over in 2017 [2]. It was found that mHealth apps can be utilized
to promote physical activity and improve dietary intake, particularly if these
tools employ evidence-based behavior change strategies [94]. Promising
results have been obtained by using gamification techniques as behavior
change strategies [81, 94, 145]. Gamification is a set of motivational
techniques that employ game mechanics outside of game contexts, to
foster participation, engagement, and loyalty [82, 167].
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Rewards are foundational components of gamified interventions [203].
Generally, rewards are divided into two categories; non-financial
(e.g., virtual) rewards and financial (i.e., monetary) rewards [145, 203]. The
most common non-financial rewards in gamification are virtual points [145,
203].

Although gamified mHealth apps have been successfully applied to impact
lifestyle behavior change [145], the actual impact of these point-based
systems on the system’s e�ectiveness (e.g., to engage users in health
behaviors, or to engage users with the app itself) remain unclear. For
example, a large body of literature on mHealth apps claim to have
e�ectively impacted people’s health status, without employing gamification
techniques such as point-based systems. More specifically, it was found
that health status can be e�ciently impacted through health data insights
that are collected through wearables and associated mHealth
applications [46, 174, 284]. Hence, a key question remains open: Does the
implementation of a point-based system actually have a significant impact
on the e�ectiveness of mHealth apps? Monetary incentives, on the other
hand, have proven to foster lifestyle behavior change. In a meta-analysis
conducted by Mitchell and colleagues it was found that monetary incentives
can increase exercise session attendance for up to six months [233].
Furthermore, a review of randomized controlled trials by Wall and
colleagues found that monetary incentives can have a positive e�ect on
food purchases, food consumption, and weight loss [350].

In this study, we compared the impact on user engagement levels with
an mHealth app of non-financial rewards (i.e., point-based incentives) and
financial (i.e., monetary) rewards to a control situation without any rewards at
all. Through the app, participants were suggested to perform a set of health-
related activities (e.g., to go for a walk). Subsequently, we evaluated three
study arms which implemented di�erent strategies to incentivize subjects
to perform these suggested activities. Participants in the control arm (SA1)
received neither point-based rewards, nor monetary rewards for performing
the suggested activities. Participants in the second study arm (SA2) were
rewarded with point-based incentives for performing the activities. Lastly,
participants in the third study arm (SA3) were rewarded with point-based
and monetary incentives for performing activities.
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Based on the proposition that gamified (mHealth) apps are especially
promising to foster participation, engagement, and loyalty [82, 167], we
hypothesized that the introduction of point-based incentives, as introduced
in SA2 and SA3, would positively impact user engagement levels (H1).
Similarly, based on the body of literature on the positive impact of
monetary rewards [233, 350], we hypothesized that participants in the
combined condition (i.e., SA3, with both point-based and monetary
incentives) would show higher levels of engagement than those in the other
conditions (H2).

Additionally, we have explored the impact of discontinuing the monetary
incentive with participants in SA3, as we assured that participants in SA3
only had a specific time window to obtain a monetary reward. According to
the Overjustification E�ect and Motivation Crowding Theory, for an
enjoyable behavior that is rewarded extrinsically, intrinsic motivation will
gradually “crowd out” [74, 99, 334]. For example, in a scenario where a
payment (i.e., a monetary incentive) for an enjoyable task (i.e., intrinsically
motivated behavior) is first provided, but subsequently taken away,
individuals may perform worse (e.g., as they expected payment) than if they
were not initially paid [74, 99]. In this scenario, a financial reward may feel
“controlling” [76], or create the misperception that the task at hand is not
enjoyable [201]. Based on the Motivation Crowding Theory, we hypothesized
that engagement levels and levels of intrinsic motivation of participants in
SA3 would decrease, after the window of opportunity to collect a financial
reward had closed, and no monetary incentive was supplied to replace it
(H3).

Lastly, we have explored the impact of personality trait di�erences on
engagement levels of participants that were assigned to SA3. We
hypothesized that personality trait di�erences may influence the impact of
the monetary incentive on engagement levels of participants in SA3 (H4).
For example, a study by Depue and Collins found that extraverts may be
more sensitive to monetary rewards [79]. The remainder of this chapter
details the recruitment strategy and intervention context, as well as the
study design and the outcome measurements used for statistical analysis.
Subsequently, results are presented and discussed.
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3.2 METHODS
3.2.1 Recruitment
Participants were recruited among sta� members and students at a university
in the Netherlands during November 2020. The entire population comprised
roughly 3,000 sta� members and 12,000 students, distributed over 9 di�erent
departments. The study was advertised as a health promotion campaign
and conducted only after explicit consent of the participants. The explicit
consent of participants was collected upon registration for the campaign. All
procedures were approved by the ethical committee of the host university
(protocol code ERB2020IEIS48).

3.2.2 Intervention context
To evaluate the impact of di�erent combinations of virtual and monetary
rewards and test our hypotheses, we have designed our intervention using
the GameBus mHealth platform [314] (e.g., see www.gamebus.eu). This
platform was especially designed for health promotion and provides a
highly configurable gamification engine that can be used to host multiple
experimental designs on a single platform. At the same time,
GameBus enables researchers to gather rich data in a manner compliant
with European privacy legislation. Lastly, since GameBus is built of modular
components, a web interface with just the components that are relevant for
a particular study can relatively easily be assembled. For this study, a
customized variant of GameBus was employed. This custom web app was
used to suggest a set of health-related activities to our participants. Our
program focused on: (1) increasing physical activity, (2) promoting healthy
dietary intake, and (3) fostering sustainable relationships among
participants. From these focal areas, a list of health-related activities was
compiled by the authors. The aim was to define activities that participants
would be capable of performing, enjoy doing, and benefit their health
(e.g., “Go for a short walk of at least 1,500 steps”, or “Eat a piece of fruit”).
The entire program lasted five weeks. Every week, a subset of six to seven
health-related activities was suggested, see appendix A for a complete
overview of prescribed activities per week and the number of virtual points
awarded per activity for participants in SA2 and SA3. Eventually, every week
a set of six unique activities were suggested to participants, and in the last
week a set of seven unique activities. Every week included a mix of activities
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from di�erent focal areas. Some activities were duplicated over multiple
weeks. Participants were prompted to perform the suggested activities.
They could prove their engagement in an activity by uploading to the app a
recent photo or video of themselves performing the activity. Additionally,
participants were equipped with a smartwatch (i.e., a Samsung Galaxy
Watch Active 2) to automatically track their daily number of steps.

3.2.3 Study design
This study evaluated three study arms. In the control arm (SA1), participants
only were suggested to perform a set of health-related activities every
week, see figure 3.1a. Subjects that were assigned to SA1 could self-track
how many times they had performed each activity. Additionally, participants
could see the health-related activities that other participants had
performed. All health-related activities that were performed by the study
participants were displayed in a newsfeed, which showed an entry for each
activity. Such entries could be liked or commented upon in a manner similar
to mainstream social media platforms such as Facebook and Instagram.
Participants in the second study arm (SA2) were suggested the same set of
health-related activities every week as participants in SA1. Also, participants
in SA2 could self-track how many times they had performed each activity.
However, in SA2, each health-related activity that participants performed
was awarded a number of virtual points, see figure 3.1b and appendix A for
an overview of the number of points that were awarded per activity. The
goal of participants in SA2 was to obtain as many virtual points as possible.
This goal was expressed using two performance visualizations. Participants
in SA2 could switch between these performance visualizations at any time,
and as many times as they wanted. The first visualization included an
individual dashboard, that displayed personal statistics based on the
number of virtual points a subject had obtained, see figure 3.1c. The second
visualization let participants compare their performance with other
participants using a social leaderboard, see figure 3.1d. Note that
participants could not win something from for example reaching the first
position on the leaderboard—other than social recognition.
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(a) (b)

(c) (d)

FIGURE3.1: Overview of the suggested activities in the first week to: (a) subjects in
SA1 (i.e., without points), and (b) subjects in SA2 and SA3 (i.e., with points),
as well as an overview of the (c) individual dashboard, and (d) social
leaderboard that were available to subjects in SA2 and SA3.
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The third study arm (SA3) was identical to SA2, only with the addition that
participants in SA3 could win a voucher of €25 in the third week of the
campaign if they obtained more than 25 points in that week. A participant’s
individual progress to win the vouchers was visualized in a dedicated
widget, that was displayed on top of the performance visualization (i.e., the
individual dashboard, or the social leaderboard) a subject had selected,
see figure 3.2. Eligible participants received the voucher in the fourth week
of the campaign. The voucher could be cashed-in at a well-known Dutch
online shopping platform.

FIGURE3.2: Widget to display a participant’s progress on obtaining more than 25
points to win a voucher of €25. This widget was exclusively available
to participants in SA3, and only displayed during the third week of the
campaign.

3.2.4 Study procedures
Email reminders
At the start of every week, all participants received a campaign update via
email. These emails included participation instructions, and instructions on
calling for support. Additionally, to inspire (passive) participants, these
emails included statistics on the overall performance of all
participants.

Fraud detection
The experimental setup was vulnerable to fraudulent usage. In theory,
participants could upload photos and videos of activities that were not
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performed by themselves, or that they had already used to claim points. The
research team has manually validated incoming activities on a day-by-day
basis. When any form of fraud was detected in an activity registration, all
the potential virtual points and monetary rewards that were obtained from
that activity were withdrawn. Participants who committed fraud were also
alerted by a pop-up stating that their user account could be suspended,
whenever they continued cheating. Throughout the study, no accounts were
suspended, but the points from 2 activities that were registered by 2 di�erent
users were withdrawn for not including a valid proof (e.g., a photo or video
which proved that the participant had actually engaged in the activity).

COVID-19 pandemic
Since this study was executed during the COVID-19 pandemic, participants
were not actually physically present at the university. Instead, students were
educated via videoconferencing. Hence, also our intervention, including
participant recruitment, was hosted entirely online.

3.2.5 Measurements
Objective exposure data
In mHealth, engagement is most commonly captured via measures of
application usage [269, 305] (i.e., measures of behavior). Using our mHealth
app, engagement of participants had been repeatedly measured as: (1) the
number of days a participant had been online (i.e., the number of distinct
days the participant opened the mHealth app), and (2) the number of
activities a respondent performed. These variables complement each other
since the former may be limited to passive engagement, whereas the latter
requires active participation (i.e., performing the suggested activities). Both
measurements were recorded per participant per week. Also, both
measurements were used to operationalize the concept of engagement our
hypotheses. Lastly, users’ engagement levels were categorized in one of two
categories, depending on their actual engagement levels: (1) subjects that
enrolled in the program, but did not engage in the suggested activities and
instead only watched the mHealth app were labeled passive users, and (2)
subjects that enrolled in the program and did perform at least one of the
suggested activities were labeled active users.
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Subjective survey data
A post-test survey that participants completed after the five-week program,
was used to collect demographic data from our sample. First, this survey
was used to record participants’ gender as well as their a�liation to the
university where the program was hosted. Second, a total of 5 custom
survey items were included in the post-test survey to measure the
perceived lifestyle impact of the program on: (1) walking frequency, (2)
running frequency, (3) biking frequency, (4) frequency of fruit intake, and (5)
frequency of contact with peers. These items were measured on 5-point
Likert scales (i.e., coded between −2 “very low” and +2 “very high”). Third,
overall interest/enjoyment with the program was measured using 7 items
from the Intrinsic Motivation Inventory (IMI) [299], measured using 5-point
Likert scales (i.e., coded between −2 “very low” and +2 “very high”). The
interest/enjoyment scale is considered a self-report measure of intrinsic
motivation [299]. We have included this scale to evaluate e�ects of
crowding in participants in SA3: Participants that experience crowding
e�ects may have developed the (mis)perception that the program is not
enjoyable [76, 201]. Using a subjective measure of intrinsic motivation, we
could compare di�erent levels of interest/enjoyment among study arms
and levels of participant engagement. Fourth, Big Five personality profiles
were estimated using the mini-IPIP scales [89], that measured, using 5-point
Likert scales (i.e., coded between −2 “strongly disagree” and +2 “strongly
agree”), respondents’ degrees of: (1) openness to experience (i.e., “the
breadth, depth, originality, and complexity of an individual’s mental and
experiential life”, as opposed to closed-mindedness); (2) conscientiousness
(i.e., “socially prescribed impulse control that facilitates task- and
goal-directed behavior”); (3) extraversion (i.e., “an energetic approach
toward the social and material world and includes traits such as sociability,
activity, assertiveness, and positive emotionality”); (4) agreeableness
(i.e., “prosocial and communal orientation toward others”); and (5)
neuroticism (i.e., “negative emotionality, such as feeling anxious, nervous,
sad, and tense”) [175].

3.2.6 Statistical analysis
To test our hypotheses a total of four sets of statistical analyses was
performed. The first set of statistical analyses included an exploration of
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user statistics, including descriptive statistics of demographic
characteristics and descriptive statistics of the perceived health impact of
the program. Additionally, an exploratory analysis was performed to
evaluate dropout rates of participants. Lastly, in this first set of analyses, a
linear model was fit to determine whether the number of dropouts changed
over time and was di�erent per study arm. The second and third set of
statistical analyses were executed to evaluate the impact of the program on
user engagement levels. The second set of statistical analyses focused on
evaluating passive user engagement levels (i.e., based on the number of
days participants visited the mHealth app), whereas the third set of
statistical analyses focused on evaluating active user engagement levels
(i.e., based on the number of suggested activities participants performed).
For both sets of analyses, an exploratory analysis was performed using
mean plots to detect potential di�erences between study arms.
Subsequently, for both sets of analyses, several hierarchical linear models
were estimated for: (1) the the number of days a participant had been
online, and (2) the number of activities a respondent had performed,
respectively. In both sets of analyses, time (i.e., the ordinal week number),
and study arm were used as predictors. It was tested whether significant
second-order interaction e�ects existed among these variables. In all
models we have allowed random intercepts for individuals. The final model
was selected based on Akaike information criterion [302]. The Akaike
information criterion estimates the relative quality of statistical models for
a given set of data. The measure rewards goodness of fit, and includes a
penalty for increasing the number of predictors (i.e., to prevent overfitting,
as increasing the number of predictors generally improves goodness of the
fit). The third set of statistical analyses was executed to evaluate the impact
of the program on levels of intrinsic motivation. Again, an exploratory
analysis was performed using mean plots to detect potential di�erences
between study arms. Subsequently, several linear models were estimated
for: (1) all five dimensions of perceived health impact, (2) all three
aggregated dimensions of user experience, and (3) the level of perceived
intrinsic motivation, respectively. Again, in all analysis, time (i.e., the ordinal
week number), and study arm were used as predictors. Additionally,
participants’ categorization of engagement level as either passive, or active
was used as a predictor. It was tested whether significant second-order
interaction e�ects existed among these variables. Finally, a set of statistical
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analyses was executed to evaluate the impact of personality trait
di�erences on engagement levels of participants that were assigned to SA3.
It makes sense to assume that subjects in SA3 that won a voucher in the
third week, were particularly triggered by the monetary incentives.
Therefore, we have evaluated whether significant di�erences in personality
scores existed between users that did collect a monetary reward, and users
that did not. Again, an exploratory analysis was performed using mean
plots to detect potential di�erences between these di�erent groups.
Subsequently, several linear models were estimated for all five personality
traits that were measured. In all analysis we have distinguished between
users that did collect a monetary reward, and users that did not, to be able
to detect potential significant di�erences between these groups.

3.3 RESULTS
3.3.1 User statistics
In total, 95 unique participants joined the study. The participants were
randomly assigned to the di�erent study arms: 22 subjects were assigned to
SA1, 37 to SA2, and 36 to SA3. Of the 95 participants, 62 subjects performed
at least one activity (i.e., and were labeled active users); the other 33
subjects had only been checking the application (i.e., and were labeled
passive users). Figure 3.3 displays a cohort diagram which details the
number of subjects engaged in di�erent study phases. The post-test survey
was taken by 35 participants, of which 30 responses were complete, also
see figure 3.3. Sample demographics based on post-test survey responses
are displayed in table 3.1. Note that the breakdown of a�liation and gender
in table 3.1 is based on 35 responses (i.e., all 35 participants that took the
post-test survey completed these items), whereas the breakdowns of
personality traits are based on only 30 responses.
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Population 
N ≈ 15,000 

(12,000 students + 3,000 staff members) 

Active users: Participants
who registered at least 1 activity 

n = 62

Sample: Participants
who joined the program 

n = 95

Passive users: Participants who 
did not register activities 

n = 33

Participants who did not
complete the post-test survey 

n = 26

Participants who completed
the post-test survey 

n = 7

Participants who completed
the post-test survey 

n = 27

Participants who did not 
complete the post-test survey 

n = 35

FIGURE3.3: Cohort diagram that details the number of subjects engaged in di�erent
study phases.

Characteristic Sample SA1 SA2 SA3

A�liation (N; %) N = 35 N = 7 N = 14 N = 14
Student 21; 60% 3; 44% 8; 58% 10; 72%
Ph.D. 4; 11% 2; 28% 2; 14% 0; 0%
Sta� 5; 14% 2; 28% 1; 7% 2; 14%
Alumnus 3; 9% 0; 0% 2; 14% 1; 7%
Other 2; 6% 0; 0% 1; 7% 1; 7%

Gender (N; %) N = 35 N = 7 N = 14 N = 14
Female 19; 54% 3; 43% 8; 57% 8; 57%
Male 15; 43% 3; 43% 6; 43% 6; 43%
Undisclosed 1; 3% 1; 14% 0; 0% 0; 0%

Personality (µ; σ) N = 30 N = 6 N = 12 N = 12
Openness −0.667; 0.592 −0.708; 0.292 −0.792; 0.782 −0.521; 0.482
Conscentiousness −0.575; 0.711 −0.708; 0.621 −0.417; 0.875 −0.667; 0.587
Extraversion −0.342; 0.638 0.208; 0.459 −0.729; 0.588 −0.229; 0.538
Agreeableness −1.100; 0.430 −0.944; 0.136 −1.194; 0.502 −1.083; 0.452
Neuroticism 0.492; 0.706 0.542; 0.534 0.604; 0.727 0.354; 0.787

TABLE3.1: Sample demographics based on post-test survey responses.

Figure 3.4a displays the decrease in the number of participants that visited
the mHealth app during a given week. The number of participants that joined
the program for the first time in a given week are displayed in green. The
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number of participants that dropped out in a specific week are displayed in
red. The number of participants that visited the mHealth app in a specific
week, although they dropped out in an earlier week (i.e., reclaimed users)
are displayed in yellow. Using linear models, no significant di�erences in
dropout rates between study arms could be detected. Hence, it is assumed
that dropouts are spread equally over study arms. Finally, figure 3.4b displays
participant’s perceived health impact in subjects that completed the post-
test survey (N = 30). Visual inspection of figure 3.4b suggests that, in general,
subjects claimed to have somewhat improved their walk performance and
fruit intake, regardless of the study arm they were assigned to.
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FIGURE3.4: (a) overview of the number of participants that visited the mHealth app
(at least once) per week, and (b) mean plot of perceived health impact
per study arm (post-tested participants, N = 35).

3.3.2 Analysis of objective engagement data
Evaluation of passive engagement levels
Passive engagement was measured as the number of days participants
visited the mHealth app within a given week. Figure 3.5a displays the
average number of days participants were online (i.e., visited the mHealth
application) per week, per study arm. See [255] for the complete output of
statistical models. From the second set of statistical analyses, performed
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on all enrolled subjects (N = 95), a significant interaction e�ect was
detected between the third, fourth and fifth week with SA3 (i.e., +0.284 days
at p < .05; +0.279 days at p < .05; and +0.226 days at p < .05). Overall
di�erences between study arms were not detected. However, every week
had a significant impact on the number of days participants were online of
−0.601 days at p < .001; −0.840 days at p < .001; −1.690 days at p < .001;
and −2.136 days at p < .001, for the second, third, fourth and fifth week,
respectively, in participants in SA3. No other significant (interaction) e�ects
were detected.
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FIGURE3.5: Mean plots of: (a) the number of days subjects visited the mHealth app
per study arm (all subjects, N = 95), and (b) the number of activities
subjects registered per study arm (active subjects, N = 62).

Evaluation of active engagement levels
Figure 3.5b displays the average number of activities participants have
performed per week, both per type of incentive and payout schedule. In the
third set of statistical analyses, performed on active users (i.e., subjects
that registered at least one activity throughout the campaign, N = 62), again
no overall di�erences between study arms were detected. However, a
significant interaction e�ect was found between the third week and SA3
(i.e., +1.373 activities at p = .01). Furthermore, we found a significant impact
on the number of activities participants performed of −0.541 activities at
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p < .05; and −0.898 activities at p = .01, for the fourth and fifth week,
respectively. No other significant (interaction) e�ects were detected.

3.3.3 Analysis of subjective engagement data
Evaluation of intrinsic motivation
Figure 3.6a displays the average perceived interest/enjoyment (i.e., a proxy
for intrinsic motivation) per study arm, di�erentiated between passive and
active subjects. Passive subjects in SA3 rated interest/enjoyment lowest,
although this di�erence was not statistically significant.
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FIGURE3.6: Mean plots of: (a) perceived interest/enjoyment of subjects in di�erent
study arms per user type (post-tested subjects, N = 30), and (b)
personality scores of subjects in SA3 that either did, or did not collect a
voucher in week three (post-tested subjects in SA3, N = 12).

Evaluation of personality profiles in participants in SA3
Finally, we zoomed in on the participants that were assigned to SA3. Of these
36 participants, 15 participants won a voucher of €25 in the third week. The
fourth set of statistical analyses was performed on subjects that completed
the post-test survey, and were assigned to SA3 (N = 12). Of these 12 subjects,
6 had won a voucher, and 6 had not. Figure 3.6b displays the di�erences in
personality traits between these two groups. From this final set of statistical
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analyses, one personality trait was found to be significantly di�erent in these
groups. Particularly, it was found that the subjects that obtained a voucher
were less agreeable (−0.500 at p < .05) than the subjects that had not won
a voucher.

3.4 DISCUSSION
3.4.1 Principal findings
This study evaluated the impact of di�erent combinations of virtual and
monetary rewards on user engagement in a health promotion context. We
found that both passive and active engagement with our mHealth app
decreased significantly over time in all study arms. The introduction of
point-based incentives did not have a significant impact on user
engagement. Nevertheless, descriptive means were in the expected
directions, with participants in SA2 and SA3 being consistently more
engaged than control subjects in SA1 on average, both in terms of the
average number of days they visited the application (i.e., passive
engagement), and the number of activities they performed (i.e., active
engagement). Hence, our hypothesis that the introduction of point-based
incentives would positively impact user engagement levels was not
accepted (H1). However, a study with larger power (e.g., more participants)
may potentially find that point-based incentives can actually significantly
benefit engagement levels.

Furthermore, we did find that participants in the combined condition
(i.e., SA3, with both point-based and monetary incentives) were significantly
more engaged in the third week, both passively and actively, than
participants in the other conditions. These increased levels of engagement
in SA3 are likely caused by participants in SA3 aiming to collect 25 virtual
points such that they would receive a voucher of €25 at the end of that
week. Therefore, in line with [233, 350], we accept our hypothesis that that
inclusion of monetary rewards in a point-based gamified system can
significantly promote engagement levels of participants with that system
(H2).

Interestingly, also in the fourth and fifth week, the participants in SA3 were
significantly more passively engaged as well. Potentially, because they were
watching the program for opportunities to collect additional monetary
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rewards. However, when the opportunity to collect a monetary reward was
taken away in subsequent weeks, the active engagement of participants in
SA3 diminished to levels that were also found in participants in SA1 and SA2.
But the levels of active engagement in SA3 did not fall below the level of
active engagement that could have been expected if monetary rewards
were not provided at all (i.e., as obtained from participants in SA1 and SA2).
Hence, although active participation was reduced when the monetary
incentive was taken away, e�ects of crowding did not occur (i.e., active
engagement levels dropped to levels that were to be expected in a scenario
without monetary rewards at all). However, we also found that passive
users in SA3 rated interest/enjoyment lowest, and were therefore least
intrinsically motivated to engage with the program, a result that may be
indicative of the Overjustification E�ect (i.e., e�ects of crowding) [76, 201].
Although this di�erence was not significant, participants in SA3 that were
only passively engaged (i.e., only checking the application, without
performing activities) could never have obtained the monetary reward.
Their low intrinsic motivation may be explained by the proposition that
passive users in SA3 may have learned that they had missed an opportunity
to win a €25 voucher. Then, perhaps e�ects of crowding do exist with
passively engaged users that learned about their foregone reward.
Alternatively, the passively engaged participants in SA3 may have disliked
the idea of financial compensation in trade for lifestyle change in the first
place, or their low intrinsic motivation may be explained by a di�erent
co-variate. Summarizing, we reject our hypothesis H3, because e�ects of
crowding do not seem to exist in the short term in active users, but caution
is needed as we found indications that passive users (e.g., that learn about
a missed opportunity to obtain a financial reward) may potentially
experience e�ects of crowding.

Finally, when zooming in on participants in SA3, we did find that di�erences
in personality traits influenced the impact of the monetary incentive on
engagement levels of participants in that group (i.e., which confirms H4).
Particularly, we found that a di�erence in the level of agreeableness in
subjects in SA3 that won a voucher, and subjects that did not win a voucher.
Although results have to be interpreted with care due to relatively low sample
sizes, winners were significantly less agreeable than non-winners. Being less
agreeable is linked to being more competitive [138]. In hindsight, this makes
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sense: More competitive individuals are likely to strive for meeting the
eligibility criteria to obtain the monetary incentive. Hence, we confirm that
di�erences in personality profiles can potentially impact user engagement
levels when individuals are incentivized using financial rewards to adopt
healthy routines. Nevertheless, in this study, the influential personality trait
was not an individual’s degree of extraversion (e.g., as suggested by [79]), but
an individual’s degree of agreeableness (e.g., as explained by [138]).

3.4.2 Study limitations
This study was subject to several weaknesses. First, this study evaluated
the impact of our intervention on a particular target group (i.e., university
sta� members and students) within a specific context (i.e., a university
environment). Based on the current study, findings cannot be generalized
yet, as results were derived from a relatively small sample (i.e., N = 95, from
a population of 15,000 people). Similarly, due to low post-test response
rates, some statistical analyses, and the fourth set of statistical analyses in
particular, are based on even smaller sample sizes. Although measures were
taken to attract as many participants as possible to complete the post-test
survey (e.g., via email invitations and reminder), taking the post-test—and
participation in the program in general—was voluntary. Hence, the post-
test response rate and program participation rate could not be controlled.
Second, from this study, it remains unclear whether e�ects of crowding are
a risk in health promotion programs in the long run. With a crowding period
of only two weeks, findings are only indicative for short-term e�ects, and
not for long-term e�ects.

3.4.3 Future work
Since our results indicated that financial rewards can be employed e�ectively
to engage participants in a health promotion context, it is now relevant to
study how monetary incentives could be designed with maximum impact,
but at minimal financial costs. Potentially, the financial rewards could be
distributed using lotteries. In fact, scholars have already employed lottery-
based incentives to promote health behaviors: lottery-based incentives have
been used to foster the completion of a health risk assessments [143], and to
foster physical activity levels and gym attendance in overweight adults [332].
The question is, whether engagement levels can be stimulated to a similar
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degree when lottery-based incentives are employed, instead of financial
rewards that are guaranteed. Finally, future studies should explore whether
health promotion programs that include monetary rewards may potentially
su�er from crowding e�ects in the long run.

3.5 CONCLUSIONS
Monetary incentives can be employed e�ectively to engage participants in
a health promotion context, with little risk of crowding e�ects in the short
term. Although introduction of point-based incentives seemed to only have a
small, non-significant impact on user engagement levels, adding a monetary
incentive clearly had a positive impact on both passive and active user
engagement, compared to a situation without any (financial) incentives. We
suggest practitioners to apply monetary incentives in mHealth interventions
aimed at health behavior change for increasing participant engagement
levels in the short term.
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E V A L U AT I N G R E I N F O R C E M E N T S C H E D U L E S F O R
D I S T R I B U T I N G F I N A N C I A L R E W A R D S W I T H
S E D E N TA R Y O F F I C E W O R K E R S : B U Y U S E R
E N G A G E M E N T AT LO W C O S T S T H R O U G H V A R I A B L E
S C H E D U L E S W I T H I M M E D I AT E PAYO U T S

This chapter has been published before as: Nuijten, R. C. Y., Van Gorp, P. M. E.,
Khanshan, A., Blanc, P. M. L., Kemperman, A. D. A. M., Van den Berg, P. E. W., and
Simons, M., “Health promotion through monetary incentives: Evaluating the
impact of di�erent reinforcement schedules on engagement levels with an
mHealth app”, Electronics, vol. 10, no. 23, p. 2935, 2021, doi:
10.3390/electronics10232935.

4.1 INTRODUCTION
4.1.1 Research context
Research suggests that mHealth apps1 can be employed to e�ectively
promote physical activity and improve dietary intake, particularly if these
tools employ evidence-based intervention strategies [94]. Promising results
have been obtained by using gamification techniques as intervention
strategies [81, 94, 145]. Gamification is a set of motivational techniques that
employ game mechanics outside of game contexts, to foster participation,
engagement, and loyalty [82, 167]. Rewards are fundamental components of
gamified applications [203]. Typically, rewards are subdivided into two
categories: (1) non-financial (e.g., virtual) rewards, and (2) financial
(i.e., monetary) rewards [145, 203]. Monetary incentives have proven to
foster health behavior change. In a meta-analysis, monetary incentives
were reported to increase exercise frequency in eight of the eleven included
studies [233]. Furthermore, a review of randomized controlled trials found
that monetary incentives were reported to have a positive e�ect on food
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purchases, food consumption, and weight loss, in all four included
studies [350].

However, for an intervention organizer, prolonged provision of monetary
incentives may not be sustainable in the long run. By designing alternative
schedules of reinforcement (e.g., variable schedules, such as lotteries),
practitioners can determine whether every response is followed by
reinforcement, or whether only some responses are followed by
reinforcement [231]. Also schedules that do not reinforce every user
response (e.g., lotteries) are e�ective to promote health behaviors. For
example, a study (N = 1,299) even found that, to promote the completion of
a health risk assessment, it is more e�ective to distribute financial
incentives through a lottery (i.e., prize value of $100, with an expected value
of $25), than to pay end users a fixed fee of $25 for completing the
assessment [143]. Furthermore, it was found that financial rewards
(i.e., €100, or a voucher for a luxury family-vacation) distributed through
lotteries are especially promising to increase physical activity levels and
gym attendance in overweight adults (N = 163) [332]. Nevertheless, the
relationship between di�erent reinforcement schedules and their
implications for the overall mHealth campaign costs remain unclear.

4.1.2 Related work
When designing a reinforcement schedule, there are some important
dimensions to consider. For example, the schedule can either be an
interval-based schedule, or a ratio-based schedule. In an interval schedule,
reinforcement is based on a number of units of time, whereas, in a ratio
schedule, reinforcement is given for a number of behaviors [231]. Besides,
the schedule can either be fixed, or variable. A fixed schedule, executes
every x time units (i.e., interval-based) or n behaviors (i.e., ratio-based),
whereas in a variable schedule, reinforcement is stochastically related to
the amount of time units that have elapsed, or the amount of behaviors
that have been performed [231]. Summarizing, these two dimensions can be
combined into a total of four (i.e., a two-by-two matrix) reinforcement
schedules: (1) a fixed interval schedule that reinforces every x amount of
time, (2) a variable interval schedule that reinforces at varying amounts of
time, (3) a fixed ratio schedule that reinforces every nth behavior, and (4) a
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variable ratio schedule that reinforces at a varying number of
behaviors [231].

It was found that particularly variable ratio schedules tend to produce very
rapid and steady responding rates, in contrast with fixed ratio schedules,
where the frequency of response usually drops after the reinforcement
occurs [27, 103]. Furthermore, the e�ectiveness of a reinforcement schedule
is influenced by a number of other factors. For example, the time between
the occurrence of a behavior and the reinforcing consequence is important:
For a consequence to be most e�ective as a reinforcer, it should occur
immediately after the behavior occurs [231]. In a 12-month clinical trial (N =
512), it was found that immediate reinforcement schedules are more
e�ective at promoting moderate-to-vigorous physical activity than delayed
reinforcement schedules [27]. In that study, participants that were assigned
an immediate reinforcement schedules obtained a variable number of
points (i.e., varying from 0 to 500 points) every day for reaching their
moderate-to-vigorous physical activity goals, and wearing their wearable
devices. Subsequently, they could exchange 500 points for gift cards with a
value of $5.00. On the other hand, in that study, participants that were
assigned a delayed reinforcement schedule received a financial incentive
only at a 60-day interval, for wearing a wearable device, with a total value
of up to $265. After only 5 days, participants assigned to the immediate
reinforcement schedule were already engaging in more
moderate-to-vigorous physical activity, on average: A trend that continued
throughout the remainder of the intervention period [27]. Lastly, the
e�ectiveness of a reinforcement schedule is influenced by individual
di�erences [231]. The likelihood of a consequence being a reinforcer varies
from person to person, so it is important to determine whether a financial
reward is actually a reinforcer for a particular study participant. It is
important not to assume that a particular stimulus will be a reinforcer for a
person just because it appears to be a reinforcer for most people [231]. For
example, it was found that people with more extravert personalities are
typically more sensitive to monetary incentives [79].

4.1.3 Research case
In this study we evaluated the impact of three reinforcement schedules
on engagement levels with an mHealth app and overall campaign costs.
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Especially, we focused at reinforcement schedules that reinforce an “amount
of behavior” (i.e., ratio-based). The first schedule we evaluated was a fixed
schedule that reinforced every n health behaviors with €5. The second
schedule was a variable schedule that reinforced every n health behaviors
with €5, if the user was lucky enough to win a virtual lottery. In both these
schedules, reinforcement followed the behavior immediately (although not
deterministic in the latter case). The third reinforcement schedule was
similar to the second schedule, but in this schedule, reinforcement occurred
only at the end of the program (i.e., delayed), and not immediately after
the behavior was performed. We hypothesized that participants receiving
the variable ratio reward would be more engaged (H1). Particularly, because
it was found that variable ratio schedules tend to produce long-lasting
responding rates, as opposed to fixed ratio schedules, where the frequency
of response usually drops after the reinforcement occurs [27, 103]. Also,
we have evaluated the di�erence between immediate reinforcement and
delayed reinforcement in terms of impact on engagement and cost. We
hypothesized that respondents are particularly engaged through schedules
that trigger reinforcement immediately after a behavior, probably at lower,
or similar costs (H2), because it was found that immediate reinforcement is
more e�ective than delayed reinforcement [27, 231]. Finally, we hypothesized
that subjects who are triggered by monetary incentives (e.g., subjects that
strive to obtain a financial reward), have more extraverted personalities (H3),
as people with more extravert personalities were found to be more sensitive
to financial rewards [79].

4.2 METHODS
4.2.1 Recruitment
Participants were recruited among sta� members and students at
Eindhoven University of Technology in the Netherlands, in February 2021.
The entire population comprised roughly 3,000 sta� members and 12,000
students, distributed over 9 di�erent departments. The study was
advertised as a health promotion program and conducted only after explicit
consent of the participants. The explicit consent of participants was
collected upon registration for the program. All (operational) procedures
were also approved by the ethical committee of Eindhoven University
(experiment ID: ERB2021IEIS7).
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4.2.2 Intervention context
To evaluate our reinforcement schedules in a health promotion context, we
have designed our intervention using the mHealth platform
GameBus (e.g., see www.gamebus.eu). This platform was especially
designed for health promotion and provides a highly configurable
gamification engine that can be used to host multiple experimental designs
on a single platform. At the same time, GameBus enables researchers to
gather health data in a manner compliant with European privacy legislation.
Lastly, since GameBus is built of modular components, a web interface with
just the components that are relevant for a study can relatively easily be
assembled.

For this study, a customized variant of GameBus was employed. This custom
web app was used to promote a set of health-related activities among
participants. Participants themselves selected a total of four activities from
a list of 18 predefined health-related activities. The list was designed to
include activities that have a potential health benefit. The activities fell in
any one of three health-related categories [163]: physical activity (e.g., “Make
a total of 6000 steps per day”), healthy dietary intake (e.g., “Eat a piece
of fruit”), or meaning & happiness (e.g., “Write down three things you are
grateful for”), see [355] for a complete overview of suggested activities.
Participants could update their selection of activities at any moment in time
throughout the program. The entire program lasted six weeks.

Participants were awarded virtual points if they performed a health-related
activity, again see [355] for an overview of the number of points that were
awarded per activity. Subjects could prove their engagement in an activity
by uploading to the mHealth app a recent photo or video of themselves
performing the activity. Additionally, participants were equipped with a
smartwatch (i.e., a Samsung Galaxy Watch Active 2) to automatically track
their daily number of steps (i.e., for a detailed description of the smartwatch
application, see [354]).

Virtual points were displayed on an individual dashboard and social
leaderboard. The individual dashboard displayed charts (e.g., heatmaps and
trendlines) of a user’s performance in di�erent categories (e.g., walk
performance in number of steps, or run performance as the frequency of
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engaging in a run), see figure 4.1a. Users could customize the dashboard to
include the widgets they found relevant. The social leaderboard displayed
the total number of points per participant, and the average number of
points per department, see figure 4.1b. Users could customize the
leaderboard to display only the individuals they wanted to compare
themselves with. Moreover, all health-related activities that were
performed by the study participants were displayed in a newsfeed,
see figure 4.1c. Participants could like and comment on each other’s
activities in a manner similar to mainstream social media platforms such as
Facebook and Instagram.

(a) (b) (c)

FIGURE4.1: Overview of di�erent performance visualizations that were available to
all participants: (a) displays the individual dashboard, (b) displays the
social leaderboard, and (c) displays the social newsfeed.

Finally, every week, participants were notified via email. These emails
included instructions (e.g., on using the smartwatch, or on calling for
support). Additionally, to inspire (passive) participants, these emails
included statistics on the overall performance of all participants. All email
templates can be retrieved from Figshare [254].
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4.2.3 Study design
In this study, three study arms were evaluated. Each arm got assigned a
unique reinforcement schedule. In all study arms, participants had the
opportunity to collect vouchers that could be cashed-in at a well-known
Dutch online shopping platform. In the first study arm (FR-now), participants
received a voucher worth €5 for every 80 points they scored (i.e., fixed ratio),
with a maximum of 5 vouchers, with a total value of €25, see figure 4.2a.
Reinforcement was immediate in this schedule, as the payout followed
immediately from the behavior (i.e., receiving 80 points).

(a) (b) (c)

FIGURE4.2: Implementation of the reinforcement schedules that were unique per
study arm: (a) displays FR-now (i.e., an immediate, fixed ratio schedule),
(b) displays VR-now (i.e., an immediate, variable ratio schedule), and (c)
displays VR-delay (i.e., a delayed, variable ratio schedule).

In the second study arm (VR-now), participants could exchange 10 points to
open a virtual lootbox, and have a 10% chance of winning a voucher worth
€5, see figure 4.2b. Again, subjects could win at most 5 vouchers, with a
maximum value of €25. Participants were not informed on the 10% odd
ratio. This treatment had a variable reinforcement schedule, as payout was
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not guaranteed when a participants exchanged his/her points to open the
lootbox. Also in this schedule, reinforcement was immediate, as the payout
followed immediately from the behavior (i.e., opening a lootbox).

In the third study arm (VR-delay), participants could also exchange 10 points
to open a virtual lootbox. However, this time they did not have a 10% chance
of winning an actual voucher, but rather did they have a 10% chance of
winning a lottery ticket for a prize lottery that was hosted at the end of
the program, see figure 4.2c. In this prize lottery, vouchers worth €5 (10×),
€25 (5×) and €125 (1×) were distributed randomly over the lottery tickets,
with a maximum of one voucher per lottery ticket. Hence, obtaining more
lottery tickets eventually increased a participant’s chance to win a voucher.
Again, this treatment had a variable reinforcement schedule, although it was
delayed, as the payout only followed at the end of the program.

4.2.4 Study procedures
Estimated study costs
From the start of the program, the maximum expense of VR-delay was
already known, as in the prize lottery at the end of the program, a maximum
of 16 vouchers with a total value of €300 would be ra�ed. However, the
expense of FR-now and VR-now were unknown at the start of the program,
as the monetary value of these treatments depended directly on user
actions that were unknown at the start. Hence, to estimate the potential
expenses of these treatments, we have performed a stimulation study
(i.e., see [355]). After 10,000 simulations, we found that FR-now had an
expected cost of €450.07, compared to €397.91 for VR-now. Furthermore, the
simulation suggested a minimum cost of €380 and €255 for FR-now and
VR-now respectively, and a maximum cost of respectively €530 and €560.
The total expected cost of this study were estimated to be
€450.07+ €397.91+ €300 = €1, 147.98.

Fraud detection
The experimental setup was vulnerable to fraudulent usage. In theory,
participants could upload photos and videos of activities that were not
performed by themselves, or that they had already used to claim points.
The research team has manually validated the registered activities. When
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any form of fraud was detected in an activity registration, all the potential
virtual points and monetary rewards that were obtained from that activity
were withdrawn. Participants who committed fraud were also alerted by a
pop-up stating that their user account could be suspended, whenever they
continued cheating. Throughout the study, no accounts were suspended,
and no points were withdrawn, but one user received a warning once to
upload a more recent photo as valid proof.

4.2.5 Measurements
Objective exposure data
In mHealth research, engagement is most commonly captured via measures
of app usage [269, 305]. Using our mHealth app, engagement of participants
was repeatedly measured as: (1) the number of days a participant had been
online (i.e., the number of distinct days the participant opened the app),
and (2) the number of activities a respondent performed (i.e., and
registered in our app). These variables complement each other since the
former may be limited to passive engagement, whereas the latter requires
active participation (i.e., performing the suggested activities). Both
measurements were recorded per participant, per week. Lastly, users were
categorized in one of two categories: (1) subjects that enrolled in the
program, but did not engage in the suggested activities and instead only
watched the mHealth app were labeled passive users, and (2) subjects that
enrolled in the program and did perform at least one suggested activity
were labeled active users.

Subjective survey data
In a pre-test survey (i.e., see [355] for the actual survey), Big Five personality
profiles were estimated using the mini-IPIP scales [89], that measured,
using 5-point Likert scales (i.e., measured between −2 and +2),
respondents’ degrees of: (1) openness to experience (i.e., “the breadth,
depth, originality, and complexity of an individual’s mental and experiential
life”, as opposed to closed-mindedness); (2) conscientiousness
(i.e., “socially prescribed impulse control that facilitates task- and
goal-directed behavior”); (3) extraversion (i.e., “an energetic approach
toward the social and material world and includes traits such as sociability,
activity, assertiveness, and positive emotionality”); (4) agreeableness
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(i.e., “prosocial and communal orientation toward others”); and (5)
neuroticism (i.e., “negative emotionality, such as feeling anxious, nervous,
sad, and tense”) [175].

Additionally, a post-test survey (e.g., again see [355] for the actual survey)
that participants completed after the six-week program, was used to collect
demographic data from our sample. First, the post-test survey was used to
record participants’ gender, age group, and their a�liation with the host
university. Second, five custom survey items were included to measure the
perceived health impact of the program on: (1) walking frequency, (2)
physical activity frequency, (3) improvement of dietary intake, and (4)
frequency of contact with peers. These items were measured on 5-point
Likert scales (i.e., coded between −2 and +2). Third, overall
interest/enjoyment with the program was measured using 7 items from the
Intrinsic Motivation Inventory (IMI) [299], measured using 5-point Likert
scales (i.e., coded between −2 and +2). This scale is considered a
self-report measure of intrinsic motivation [299]. Fourth, a subject’s
willingness to postpone receiving an immediate reward in order to gain
additional benefits in the future was measured using 12 items from the
deferment of gratification survey [285], using 5-point Likert scales
(i.e., coded between −2 and +2). Delay discounting has been found to
significantly improve the prediction of health behaviors such as exercise
frequency, eating breakfast, and estimated longevity [68]. We included this
measure, because its predictive power for these behaviors had been
stronger than the Big Five personality traits [68].

4.2.6 Statistical analysis
To test our hypotheses a total of four sets of statistical analyses were
performed. All study data and statistical procedures can be retrieved from
Figshare [254]. The first set of statistical analyses included an exploration of
user statistics, including descriptive statistics of demographic
characteristics. Additionally an exploratory analysis was performed to
evaluate dropout rates of participants. Furthermore, in this first set of
analyses, a linear model was fit to determine whether the number of
dropouts changed over time and were di�erent per study arm. Lastly, we
have performed exploratory analyses and statistical tests to evaluate the
impact of the program on subject’s self-perceived health status
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(e.g., frequency of walking, improvement of dietary intake, etc.). Particularly,
we have performed a Wilcoxon rank sum test for each health dimension to
test if the impact on a specific health dimension was significant (i.e., larger
than zero).

The second set of statistical analyses was executed to evaluate the impact
of the program on user engagement levels. First, our statistical analyses
focused on evaluating passive user engagement levels (i.e., based on the
number of days participants visited the app), second our analyses focused
on evaluating active user engagement levels (i.e., based on the number of
health-related activities participants performed). For both measures,
exploratory analyses were performed using mean plots to detect potential
di�erences between study arms. Subsequently, several hierarchical linear
models were estimated for: (1) the number of days a participant had been
online, and (2) the number of activities a respondent had performed,
respectively. For both measures, time (i.e., the ordinal week number), and
study arm (i.e., the assigned reinforcement schedule) were used as
predictors. It was tested whether significant second-order interaction
e�ects existed among these variables. In all models we have allowed
random intercepts for individuals. The final models were selected based on
Akaike information criterion [302]. The Akaike information criterion
estimates the relative quality of statistical models for a given set of data.
The measure rewards goodness of fit, and includes a penalty for increasing
the number of predictors (i.e., to prevent overfitting, as increasing the
number of predictors generally improves goodness of the fit). For the final
models, a set of post-hoc comparisons were performed through estimated
marginal means contrasts [181], in order to test more focused hypothesis
than the overall omnibus F-test of a linear model. Particularly, post-hoc
comparisons were performed for all three contrasts of reinforcement
schedules, as well as for generating all pair-wise contrasts for each
reinforcement schedule, comparing the outcome variable for all weeks to
the first week.

The third set of statistical analyses was similar to the second set, although
this set focused on distinguishing engagement levels between subjects that
won a voucher, and subjects that did not win a voucher. Again, hierarchical
linear models were estimated for (1) the the number of days a participant
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had been online, and (2) the number of activities a respondent had
performed, but now using the ordinal week number and user performance
classification (i.e., whether a user won a voucher, or not) as predictors. The
Akaike information criterion [302] was again used to select the final models,
and post-hoc comparisons were again performed using estimated marginal
means contrasts [181].

Finally, a set of statistical analyses was executed to evaluate individual
di�erences among participants that either won a voucher, or did not win a
voucher. Particularly, we have evaluated whether significant di�erences in
personality scores existed between these two groups. Again, an exploratory
analysis was performed using mean plots to detect potential di�erences
between these groups. Subsequently, several linear models were estimated
for all five personality traits that were measured. Additionally, we have
evaluated whether these groups di�ered significantly in terms of their
self-reported capability to defer gratification, and self-reported intrinsic
motivation. Again we have performed exploratory analysis and fitted
several linear models to detect potential di�erences between subjects that
won a voucher, and subjects that did not win a voucher, on these
dimensions, using the user performance classification (i.e., whether a user
won a voucher, or not) as a predictor.

4.3 RESULTS
4.3.1 User statistics
In total, 61 unique participants joined the study. The participants were
randomly assigned to the di�erent study arms: 14 subjects were assigned to
SA1, 26 to SA2, and 21 to SA3. Of the 61 participants, 39 subjects performed at
least one activity (i.e., and were labeled active users). The other 22 subjects
have only been checking the app (i.e., and were labeled passive users).
Figure 4.3 displays a cohort diagram which details the number of subjects
enrolled in di�erent study phases. The pre-test survey was completed by
41 participants, of which 41 responses were complete. The post-test survey
was completed by 26 participants, of which 26 responses were complete. A
total of 22 subjects completed both the pre-test survey and the post-test
survey, also see figure 4.3.
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Population 
N ≈ 15,000 

(12,000 students + 3,000 staff members) 

Active users: Participants
who performed at least 1 activity 

n = 39

Sample: Participants
who joined the program 

n = 61

Passive users: Participants who did
not perform activities 

n = 22

Participants who did not
complete the pre-test survey 

n = 11

Participants who completed
the pre-test survey 

n = 11

Participants who completed
the pre-test survey 

n = 30

Participants who did not 
complete the pre-test survey 

n = 9

Participants who did not
complete the post-test survey 

n = 10

Participants who completed
the post-test survey 

n = 1

Participants who did not
complete the post-test survey 

n = 9

Participants who completed
the post-test survey 

n = 21

Participants who did not
complete the post-test survey 

n = 10

Participants who completed
the post-test survey 

n = 1

Participants who did not
complete the post-test survey 

n = 6

Participants who completed
the post-test survey 

n = 3

FIGURE4.3: Cohort diagram that details the number of participants per study phase.

Sample demographics based on pre-test and post-test survey responses
are displayed in table 4.1. Note that the breakdown of gender, age group,
and a�liation in table 4.1 is based on 26 responses (i.e., as 26 participants
took and completed the post-test survey), whereas the breakdowns of
personality traits are based on 41 responses (i.e., the number of
respondents that completed the pre-test survey).

Evaluation of dropouts and health impact
Figure 4.4a displays the decrease in the number of participants that checked
the mobile app during a given week. The number of participants that joined
the program for the first time in a given week are displayed in green. The
number of participants that dropped out in a specific week are displayed in
red. The number of participants that checked the mobile app in a specific
week, although they dropped out in an earlier week are displayed in yellow.
No significant di�erences in dropout rates between study arms could be
detected. Hence, it is assumed that dropouts are spread equally over study
arms. Figure 4.4b displays participants’ perceived health impact. From a
Wilcoxon rank sum test, it was found that subjects generally reported to
have increased their walk frequency (at p = .012). Significant improvements
were not reported for any other health dimension.
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Characteristic Sample FR-now VR-now VR-delay

Gender (N; %) N = 26 N = 6 N = 10 N = 10
Female 10; 39% 1; 17% 5; 50% 4; 40%
Male 16; 61% 5; 83% 5; 50% 6; 60%

Age group (N; %) N = 26 N = 6 N = 10 N = 10
18-24 9; 34% 2; 34% 3; 30% 4; 40%
25-34 14; 54% 4; 66% 6; 60% 4; 40%
35-44 1; 4% 0; 0% 1; 10% 0; 0%
45-54 2; 8% 0; 0% 0; 0% 2; 20%

A�liation (N; %) N = 26 N = 6 N = 10 N = 10
Student 14; 54% 4; 66% 4; 40% 6; 60%
Ph.D. 3; 11% 0; 0% 2; 20% 1; 10%
Sta� 6; 23% 1; 17% 2; 20% 3; 30%
Alumnus 2; 8% 1; 17% 1; 10% 0; 0%
Other 1; 4% 0; 0% 1; 10% 0; 0%

Personality (µ; σ) N = 41 N = 9 N = 16 N = 16
Openness −0.780; 0.633 −0.694; 0.950 −0.781; 0.625 −0.828; 0.435
Conscentiousness −0.396; 0.768 −0.722; 0.678 −0.375; 0.816 −0.234; 0.755
Extraversion 0.146; 0.716 −0.167; 0.781 0.172; 0.568 −0.297; 0.797
Agreeableness −0.846; 0.671 −0.444; 0.601 −0.792; 0.842 −1.125; 0.342
Neuroticism 0.250; 0.831 0.500; 0.545 0.078; 0.999 0.281; 0.785

TABLE4.1: Sample demographics based on pre-test and post-test survey responses.

4.3.2 Analysis of objective engagement data
Analyses per reinforcement schedule
Passive engagement was measured as the number of days participants
visited the app within a given week. Figure 4.5a displays the average
number of days participants were online (i.e., visited the mHealth app) per
week, per reinforcement schedule. From the second set of statistical
analyses, performed on all enrolled subjects (N = 61), no significant
di�erences were detected in the number of days participants were online in
di�erent reinforcement schedules. However, every week had a significant
impact on the number of days participants were online of −0.226 days at
p < .001; −0.256 days at p < .001; −0.319 days at p < .001; and −0.934 days
at p < .001, for the third, fourth, fifth and sixth week, respectively. No
significant (interaction) e�ects (between reinforcement schedule and week
number) were detected.
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FIGURE4.4: (a) Number of subjects that visited the app at least once, per week (all
participants, N = 61), and (b) mean plot of perceived health impact (post-
tested participants, N = 26).
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FIGURE4.5: Mean plots per study arm of: (a) the number of days participants visited
the app (all participants, N = 61), and (b) the number of activities
participants registered (active participants, N = 39).
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Additionally, we have evaluated the active engagement of participants in
each reinforcement schedule. Figure 4.5b displays the average number of
activities participants have performed per week, per reinforcement
schedule. From our statistical analyses, performed on all active subjects (N
= 39), again no significant di�erences were detected in the number of
activities participants performed in di�erent reinforcement schedules. Also,
the number of activities participants performed did not change significantly
per week. However, in the last week, participants performed significantly
less activities (i.e., −2.013 activities at p < .001). No significant (interaction)
e�ects (between the schedule and week number) were detected.

Finally, the total costs of each reinforcement schedule are displayed
in table 4.2. Eventually, 16 participants have won a total value of 24
vouchers, worth €440.00. In the first study arm (FR-now) a total of 13
vouchers, worth €65.00 were distributed over four participants, out of 14
participants that were assigned to this arm; in the second study arm
(VR-now) a total of 24 vouchers, worth €120.00 were distributed over nine
participants, out of 26 participants that were assigned to this arm; in the
third study arm (VR-delay) a total of 11 vouchers, worth €255.00 were
distributed over three participants, out of 21 participants that were
assigned to this arm. These results translate to costs of €4.64, €4.62, and
€12.14 per individual, for the first, second, and third arm, respectively.

Arm N Expected
value

Lootboxes Winners Total
value

Cost per
subject

FR-now 14 €450.07 N.A. 4 €65.00 €4.64
VR-now 26 €397.91 213 9 €120.00 €4.62
VR-delay 21 €300.00 123 3 €255.00 €12.14

Total 61 €1,147.98 336 16 €440.00 €7.21

TABLE4.2: Total costs of reinforcement schedules.

Analyses per user performance
For subsequent statistical analyses we have distinguished between subjects
that won a monetary incentive, and subjects that did not win a voucher.
Figure 4.6 displays both the number of days participants visited the app, as
well as the number of activities participants performed. From the third set
of statistical analyses based on figure 4.6a, it was found that the number of
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days participants checked the app was significantly higher for participants
that won a voucher in the second to sixth week. Particularly, our contrast
analysis showed that participants that won a voucher were 0.924 days more
online at p = .002 in the second week; 1.989 days more online at p < .001
in week three; 1.862 days more online at p < .001 in week four; 2.376 days
more online at p < .001 in week five; 1.818 days more online at p < .001 in
week six, than subjects that did not win a voucher. The di�erence between
both groups in the first week was not significant at p = .157. Furthermore,
the number of days participants that won a voucher checked the app did
not change significantly over time, compared to the first week. However,
the number of days participants that did not win a voucher checked the
app changed significantly in the second to the sixth week, compared to the
first week (i.e., −0.105 days at p = .011 in the second week; −0.600 days at
p < .001 in week three; −0.630 days at p < .001 in week four; −0.808 days
at p < .001 in week five; and −1.562 days at p < .001 in week six).
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FIGURE4.6: Mean plots of: (a) the number of days subjects visited the app (all
participants, N = 61), and (b) the number of activities subjects registered
(active participants, N = 39).

Subsequently, from our statistical analyses based on figure 4.6b, it was found
that the number of activities participants performed was significantly higher
for participants that won a voucher in all weeks. Particularly, our contrast
analysis showed that participants that won a voucher performed 1.408 more
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activities at p = .005 in the first week; 5.306 more activities at p < .001 in
the second week; 6.465 more activities at p < .001 in week three; 4.980 more
activities at p < .001 in week four; 4.538 more activities at p < .001 in week
five; 1.161 more activities at p = .008 in week six, than subjects that did not
win a voucher. Furthermore, the number of activities participants that won
a voucher performed increased significantly from the first to the second
week (i.e., +0.687 activities at p = .024). From the third to the fifth week,
the number of activities participants that won a voucher performed did not
change significantly, compared to the first week. But, in the sixth week, the
number of activities participants that won a voucher performed dropped
significantly (i.e., −2.224 activities at p < .001), compared to the first week.
The number of activities participants that did not win a voucher performed
dropped significantly in the third, fifth, and sixth week, compared to the first
week (i.e., −0.582 activities at p = .017 in week three; −0.455 activities at
p = .035 in week five; and −1.910 activities at p < .001 in week six).

4.3.3 Analysis of subjective engagement data
Analyses per user performance
In the fourth set of statistical analyses, we have explored whether the
group of participants that won a voucher and the group of participants that
did not win a voucher had di�erent personal characteristics. From our
statistical analyses of personality traits based on figure 4.7a, we did not find
any significant di�erences between these two groups in terms of Big Five
personality traits. However, from our statistical analysis of participant’s
self-reported capability to defer gratification, based on figure 4.7b, it was
found that participants that won a voucher were significantly more capable
to defer gratification (i.e., +0.312, at p = .043). Also, we found that
participants that won a voucher reported significantly lower levels of
intrinsic motivation with the program (i.e., −0.757, at p = .010).

4.4 DISCUSSION
4.4.1 Principal findings
From this study, it is found that (variable) monetary incentives can foster
health behavior, which is in line with findings from earlier studies [27, 143, 233,
332, 350]. However, as opposed to findings from Berardi and colleagues [27],
no single reinforcement schedule was found to have a more profound impact
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FIGURE4.7: Mean plots per participants that either did, or did not win a voucher
of: (a) self-reported personality scores (pre-tested participants, N =
41), and (b) perceived deferment of gratification, and perceived intrinsic
motivation (post-tested participants, N = 26).

on app engagement or the adoption of health behaviors in our study: In
our study, every reinforcement schedule we evaluated had a similar impact
on user engagement levels. Hence, although variable ratio schedules have
been found in earlier studies to be more e�ective [103], we could not confirm
our hypothesis H1, as participants that were assigned to a variable ratio
reinforcement schedule were not necessarily more engaged, in our study.
Moreover, we could also not (fully) confirm our hypothesis H2. Reinforcement
that occurs immediately after a targeted behavior has previously been found
to be a more e�ective reinforcer [27, 231], but we could not replicate that
finding in this study. Nevertheless, we did find that the immediate, variable
ratio schedule can foster engagement levels at relatively low costs (i.e., at
€4.62 per participant, the lowest cost per participant in our study). Hence,
we would suggest practitioners to experiment with this schedule.

Although all reinforcement schedules have fostered engagement levels to a
similar extent, it seems that this outcome is produced by only a small
subset of our sample: the group of subjects that won a voucher. It makes
sense to assume that people that won a voucher, were particularly triggered
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by the monetary incentives. We saw huge di�erences in engagement levels
between subjects that did win a voucher, and subjects that did not.
Particularly, subjects that won a voucher were consistently engaged with
the app, both passively and actively, throughout the entire program (6
weeks). Only in the last week, the number of activities this group of subjects
performed (i.e., active engagement) dropped significantly. This drop was
likely explained by the upcoming Christmas break, that started immediately
after our program had ended. Subjects that did not win a voucher (and were
likely not triggered by the monetary incentives) were significantly less
engaged with the program. First, the average level of active engagement in
this group was consistently lower than the average active engagement
levels that were reported in subjects that did win a voucher. Second,
although passive engagement levels were similar for all subjects in the first
week, passive engagement dropped significantly (and rapidly) in subjects
that did not win a voucher in the weeks that followed. Note that it makes
sense that the average number of days participants visited our app in the
first week was similar among all participants: It shows that all participants
were equally curious to join the program at baseline, and only after learning
the specific intervention strategies were employed in the program
(e.g., monetary incentives), engagement levels in subjects that were not
triggered by these strategies dropped.

Finally, subjects that won a voucher, and subjects that did not win a voucher
were not di�erent in terms of Big Five personality traits. Therefore, we could
not confirm our hypothesis H3, suggesting that subjects with extraverted
personalities are especially triggered by financial rewards, in general.
However, the participants that won a voucher were distinguishable in terms
of other personal characteristics. Users that won a voucher were
significantly more capable to defer gratification (self-reported) and
significantly less intrinsically motivated (self-reported) to engage with the
program. This makes sense, as individuals with a larger ability to defer
gratification are more likely to be achievers [285], and therefore strive to
obtain a financial reward. Also, it makes sense that individuals that were
triggered by the monetary incentive were less intrinsically motivated.
Instead, these participants were more extrinsically motivated to participate
in our program (and hence triggered by the financial incentive). Although
these results are obvious in hindsight, these insights may be used to
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categorize participants at the start of a health promotion program, to
decide whether an individual could be triggered with monetary incentives,
or not. Admittedly, deriving intrinsic motivation before the program has
started relies on judgements about your future self, which may be biased.
But, deferment of gratification can easily be measured beforehand, without
judgements about your future self, using standardized survey
instruments [285]. This measure may be used to select monetary incentives
as an intervention strategy, for a specific subject at the start of a health
promotion program, and e�ectively tailor end user experiences, although
further research is required.

4.4.2 Study limitations
This study was subject to several limitations. First, this study evaluated the
impact of our intervention program on a particular target group
(i.e., university sta� members and students) within a specific context (i.e., a
university environment). Based on the current study, findings cannot be
generalized yet, as results were derived from a relatively small sample
(i.e., N = 61, from a population of 15000). Similarly, due to low post-test
response rates, some analyses, and the last set of statistical analyses in
particular, were based on even smaller sample sizes. Although measures
were taken to attract as many participants as possible to complete the
post-test survey (e.g., via email invitations and reminders), taking the
post-test—and participation in the program in general—was voluntary.
Hence, the post-test response rate and program participation rate could not
be controlled, although these rates did influence study power.

4.4.3 Future work
Future studies should explore whether a measure of deferment of
gratification can be used to e�ectively identify users that are generally
triggered by financial rewards. Particularly, in an intervention trial,
participants should take the deferment of gratification survey as a pre-test.
It can be expected that, subjects with a higher ability to defer gratification
are more engaged with the study than subjects with a lower ability to defer
gratification, when the study employs financial rewards to engage end users.
Additionally, future work should focus on improving our understanding of
the impact of personality traits in a health promotion context. Although,
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personality trait data did not explain the impact of the financial rewards
that we evaluated in this study, personality trait data may still be relevant
to explain overall engagement levels with an mHealth app, or overall
intrinsic motivation with a health promotion program.

4.5 CONCLUSIONS
Financial rewards have traditionally been employed in mHealth apps to
promote user engagement levels, and foster health behaviors. However, the
optimal reinforcement schedule for distributing monetary incentives have
remained unclear. In this study, we have aimed at identifying a reinforcement
schedule with a high impact on user engagement levels, and low overall
costs for the study organizer. We have evaluated the impact of di�erent
reinforcement schedules on engagement levels with our mHealth app in
a six-week, three-arm randomized intervention trial. In line with findings
from earlier studies, we found that monetary incentives can e�ectively
stimulate mHealth app engagement levels. In our study, every reinforcement
schedule we evaluated had a similar impact on user engagement levels. Still,
we suggest practitioners to experiment with variable ratio reinforcement
schedules with immediate payouts, as this schedule was reported to have the
lowest cost per participant in our study. Finally, we emphasize that financial
incentives may not be e�ective to stimulate engagement levels in everyone.
Particularly, we found that individuals that were triggered by the financial
incentives generally had a greater ability to defer gratification.
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5
E V A L U AT I N G T H E F R A M I N G O F E X T R I N S I C
R E W A R D S W I T H S E D E N TA R Y O F F I C E W O R K E R S :
N OT T H E F R A M E B U T T H E I N C E N T I V E I T S E L F
S T I M U L AT E S U S E R E N G A G E M E N T

This chapter has been adapted from: Nuijten, R. C. Y., Van Gorp, P. M. E., Kaymak,
U., Simons, M., Kemperman, A. D. A. M., and Van den Berg, P. E. W., “Evaluation
of the impact of extrinsic rewards on user engagement in a health promotion
context”, in 2019 41st Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC), IEEE, 2019, pp. 3600–3604, doi: 10.1109/
embc.2019.8856296.

5.1 INTRODUCTION
To date, the impact of individual intervention strategies that mHeath apps
employ to stimulate user engagement remains unclear [203, 228]. This
study evaluates the impact on user engagement of (the combination of)
two such intervention strategies: social comparison and tangible rewards.
Social comparison stems from the idea that people tend to self-evaluate
by comparing themselves with others (e.g., through their engagement in
competitive and cooperative processes) [125, 161]. This process is engaging to
people because they do typically like to push themselves to attain a higher
level of skill and often feel a need to win or surpass others [172, 300, 315],
which conforms to their inner drive to strive for mastery and competency [78],
as well as their drive to acquire prestige or status [292]. Meanwhile, besides
people’s desire to compete against each other, they also enjoy collaborating
and pursuing social interaction [300, 315]. On the other hand, the perspective
of a tangible reward is generally engaging to people. For example, a review
study has found that rewards can be used to e�ectively increase physical
activity [331].

https://doi.org/10.1109/embc.2019.8856296
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CH. 5 FRAMING OF EXTRINSIC REWARDS

In this study, we set up participants in a condition that exploited social
comparison or a condition that exploited both social comparison and
tangible rewards. In these conditions, the social comparison was enforced
through a competition between teams of colleagues. On a leaderboard,
participants could compare their own team performance with other teams.
Moreover, in the condition that included tangible rewards, participants had
the opportunity to obtain an individual prize. To obtain that prize,
participants had to meet eligibility criteria that were predetermined and
fixed throughout the study. To “win” at the competition (i.e., the
implementation of social comparison in this study) though, the eligibility
criteria were way more dynamic, as the position of a participant’s team in
the competition was likely to change continuously, depending on the
actions of other participants. We expected that participants that got the
opportunity to obtain a tangible reward would engage with the program
until they were just eligible to obtain their prize. However, participants
solely assigned to the social competition were expected to persist in
collaborating with their colleagues to obtain the highest rank in the
competition. Hence, we hypothesized that subjects that only experienced
social comparison would be more engaged than subjects that experienced
social comparison and got the opportunity to obtain a tangible reward
(H1).

Meanwhile, note that we do not propose that tangible rewards cannot
stimulate user engagement levels with mHealth apps: We have just referred
to evidence that suggests that “rewards seem to be an e�ective strategy for
increasing physical activity” [331]. Arguably, the impact of a reward on user
engagement levels may depend on the framing of the reward [331]. Using
framing, a reward can be presented di�erently [179]. For example, a reward
can be framed as a gain by handing out the reward after a person has met
certain eligibility criteria, or it can be framed as a loss by handing out the
reward right away but taking it back after a person has not met the
eligibility criteria within a certain time period. Studies have shown that
people are programmed to avoid losses, a phenomenon known as loss
aversion [179]. Hence, a tangible reward may be perceived as more engaging
when framed as a loss rather than when framed as a gain [179, 331]. A
loss-framed reward may also be perceived as more engaging because it
leverages the rule for reciprocation, which states that people are likely to
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return a benefit to those who have given them a benefit [49]. To optimize
the return of this rule, what is given first should be perceived as meaningful,
unexpected, and customized [50]. This study also aims to evaluate whether
a tangible reward can be made more powerful when its frame (i.e., its
presentation) is altered. We assumed that subjects encountering a
loss-framed reward would be more engaged than those introduced to a
gain-framed reward (H2).

Furthermore, sensitivity to tangible rewards also stems from personality
traits. According to Depue and Collins people with more extraverted
personalities are more sensitive to extrinsic rewards [79]. Hence, we have
included participants’ personality profiles as covariate in our study and
hypothesized that especially subjects with more extraverted rather than
introverted personalities were more engaged through the tangible rewards
(H3).

Finally, in this study, we expected that the most engaged subjects reported
a larger impact on self-reported health measures and would be more
satisfied with the campaign (H4). The remainder of this chapter details the
experimental setup that was employed to test these hypotheses. Thereafter,
results and the implications of those results are discussed.

5.2 METHODS
5.2.1 Recruitment
Study participants were recruited among sta� members at Eindhoven
University of Technology. Participants were allocated to a team
corresponding to their a�liated (academic or support) departments, and
therefore, potentially twenty teams of participants could have been
recruited. Although the recruitment campaign was targeted at sta�
members only, students were also allowed to participate.

To recruit study participants, subjects were invited via email (e.g., internal
corporate mailings) and several announcements were made via corporate
and private social media channels (Facebook, Twitter and LinkedIn).
Additionally, a professional advertorial video was distributed via several
screens on the campus and roughly 250 flyers were handed out.
Furthermore, in collaboration with the university’s sports center, banners
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were distributed among the campus. Finally, a recruitment team has been
present at the yearly employee health check that was organized by the
university’s sports center. At the same time, this event marked the start of
the campaign. The active recruitment of participants was halted after the
first week of the campaign. Nevertheless, participants were still allowed to
join the experiment, up until the very last day of the campaign. In the
statistical analysis however, only subjects that joined within the first week
(and therefore before the treatment notification was sent) were
evaluated.

On entering the study, informed consent was obtained from participants.
Participants were free to opt-out at any time during the experiment. The
study’s experimental procedures involving human subjects are in
agreement with the ethical principles as detailed in the declaration of
Helsinki [363].

5.2.2 Intervention context
To test the impact of social comparison and extrinsic rewards, a virtual
competition was hosted among members of the departments of Eindhoven
University of Technology. Participants were invited to demonstrate their
own department as the healthiest of the entire organization. To prove the
overall “health status” of their departments, participants were requested to
track their daily, healthy activities (e.g., active transport, engagement in
sports, and fruit intake) using our mHealth app
GameBus (e.g., see www.gamebus.eu). The mobile app would then award
virtual points for each activity (i.e., see [314] for an overview of the number
of virtual points awarded per activity) and the health status of a particular
department would then be calculated as the average number of virtual
points scored within that department. During a four-week campaign,
participants were allowed to claim virtual points for their departments. To
review their progress, the mHealth app allowed participants to compare
their team performance (i.e., performance of their departments) and
individual performance within their team. The goal of the competition was
to obtain the highest score as a team. During the campaign, the winning
department was promised to receive a cup as proof of winning the “TU/e
Vitality Challenge 2018”. Note however that at participant recruitment time,
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nobody had been promised an opportunity to win a tangible reward of any
kind.

5.2.3 Study design
To compare the motivational impact of the social comparison principle and
two di�erently framed tangible rewards, teams of participants were
randomly distributed over three treatment groups: Group N, Group L, and
Group G. Individuals in Group N did not have a chance to win a tangible
reward at all. The only (intangible) reward they could obtain was honors at
the department level. On the contrary, participants in Group G were given a
chance to win a physical reward (i.e., a co�ee mug) with their individual
score exceeding 50 virtual points. Finally, to frame the tangible reward as a
loss, participants in Group L received a mug at the beginning of the
competition, which in turn they had to return (i.e., a loss) whenever their
individual score was lower than 50 virtual points. Note that participants in
all treatment groups were exposed to social comparison, since the mobile
app allowed all participants to compare their team as well as personal
performance, thereby fostering social comparison and highlighting subject
interdependence. Hence, as could be derived from the literature survey in
the Introduction, it was expected that participants in Group N would be
more engaged than participants in both Group L and Group G, because
subjects in Group L and Group G were expected to be engaged just until
they secured their tangible reward (i.e., by obtaining 50 virtual points).
Participants in Group N on the other hand were likely motivated through the
social comparison principle to keep scoring points, as to demonstrate their
own department as the healthiest of the entire organization. Meanwhile, it
was expected that participants in Group L would be more engaged than
participants in Group G, because the loss-aversion principle likely made
subjects in Group L want to hold onto the mug they received.

Individuals within the di�erent treatment groups were notified of their
treatment on the tenth day since the start of the campaign via email.
Participants were unaware of the existence of other experimental groups.
To minimize the chance of information exchange between members of
di�erent treatment groups, the assignment to treatment groups was made
at the team level (i.e., a randomized block design), rather than at an
individual level.

87



CH. 5 FRAMING OF EXTRINSIC REWARDS

5.2.4 Study procedures
Throughout the campaign, the organizing committee has communicated
with the subjects via email. Several emails have been sent to inform and
engage participants. At the start of the campaign, an email was sent to
inform everybody on how to get started. After one week, an informative
message was sent, explaining how to register activities automatically. On the
tenth day, the treatment notification was sent, which consisted of a general
and personalized message. The general part of the message highlighted
the score of the best performing department at that time, in order to foster
social comparison. The personalized part of the message depended on a
subject’s assigned study arm. Subjects in Group L were notified that they
would receive a mug in the upcoming week, which they were obliged to
return when their personal goal of obtaining 50 virtual points was not met.
Similarly, subjects in Group G were notified about the opportunity they had
to win a mug, whenever they hit their personal goal of obtaining 50 virtual
points. Subjects in Group N did not receive any additional personalized
message. On the 22nd day another informative message was sent, informing
subjects on how to obtain bonus points by performing additional tasks
(i.e., Deskercises). On the 25th day, another personalized notification was
sent to foster social comparison among subjects. On the 29th day a closing
message was sent, and on the 30th day subjects in Group L and Group G were
informed on the procedure to either return or collect their prizes.

5.2.5 Measurements
To perform quantitative analysis and test the hypothesis, measures of
engagement were derived from raw data from our mHealth app, as well as
from an online post-test questionnaire. Finally, the engagement of
participants was approximated as: (1) the number days participants visited
the app (i.e., the number of distinct days a participant had been online, as
objectively derived from the mHealth app), and (2) the number of
health-related activities participants registered (i.e., both self-reported and
automatically recorded through our app).

Participants’ self-reported degree of extraversion was included in the
analysis as a confounding variable for subjects that filled out the additional
questionnaire. Extraversion was measured using a subset of The
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International English Big-Five Mini-Markers [342]. Additionally, the post-test
included questions to assess the subjective impact of the campaign on
participants’ (1) level of physical activity, (2) fruit intake, and (3) interaction
with colleagues, as well as questions to measure the satisfaction of
participants with the campaign.

5.2.6 Statistical analysis
To assess the degree of similarity (i.e., independence) of treatment groups
at baseline (i.e., in the first week, before the treatment notification), one-
way ANOVA tests have been performed in R [282] on continuous variables
(i.e., engagement metrics) and a chi-square analysis has been performed for
the categorical variable gender.

Subsequently, using lme4 [21], a mixed-e�ect regression model with random
intercepts and random slopes was employed to test the primary and
secondary hypothesis and detect a di�erence in the rate of change between
the di�erent study arm in the number of days participants visited the app
per week and the number of health-related activities participants
registered per week. Random intercepts were fit per subject and team
(i.e., department) and random slopes were allowed for subjects over
di�erent time periods. To assess the third hypothesis, subjects that filled
out the online post-test questionnaire were evaluated separately. In this
analysis, the impact of incorporating a subject’s degree of extraversion as a
co-variate in the model was evaluated. Finally, again on this subset,
one-way ANOVA tests have been performed to assess the fourth hypothesis
and thereby determine whether di�erent treatment groups perceived the
campaign di�erently in terms of impact on their (1) level of physical activity,
(2) fruit intake, and (3) interaction with colleagues, as well as on (4)
campaign satisfaction measures.

5.3 RESULTS
5.3.1 User statistics
A total of 143 participants (i.e., with 45, 53, and 45 participants in respectively
Group N, Group L, and Group G) engaged in the campaign and all teams
had participants subscribed (average number of participants per team =

8.35, maximum number of participants per team = 36, minimum number
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of participants per team = 1), although only 16 out of 20 teams had active
participants involved (i.e., participants scoring more than zero virtual points).
Two participants (i.e., one in Group N and one in group G) chose to leave the
experiment prematurely. Of the subscribed participants, 43% were males
whereas 57% were females. Three participants were students, while the other
140 participants were university sta� members. One-Way ANOVA tests and
a chi-square analysis revealed that treatment groups were not statistically
di�erent in terms of engagement metrics and gender distribution in the
week before the treatment notification was sent.

5.3.2 Analysis of objective engagement data
Statistical analysis was performed on a subset of participants that were
subscribed within the first week of the campaign (n = 122, with 42, 49, and 31
participants in respectively Group N, Group L, and Group G). The number of
activities performed per week ranged from 0 to 88, whereas the number of
distinct days participants were online per week varied from 0 to 7. Before the
analysis, the square root of the number of activities performed was taken
to assure valid interpretation of the regression model. Visual inspection
of figure 5.1 suggests di�erences in mean engagement between Group N and
both the extrinsically rewarded groups (i.e., Group L and Group G), but no
di�erences between Group L and Group G.

The number of days participant in Group N visited the app was reduced
by 0.414 (95% CI = −0.623, 0.144) weekly. In participants in Group L and
Group G this number weekly decreased by 0.069 (95% CI = −0.531, 0.162)
and increased by 0.106 (95% CI = −0.137, 0.350), respectively. The di�erence
between Group N and Group G is significant (p = .005), but the di�erence
between Group N and Group L is not (p = .086). The di�erence between
Group L and Group G, is also not significant. The square root of the number
of activities that participants in Group N registered is reduced by 0.279 (95%
CI = −0.475, −0.0785) weekly. In participants in Group L and Group G this
number weekly increased by 0.0673 (95% CI = −0.118, 0.253) and 0.145 (95%
CI = −0.0876, 0.378) respectively. Both the di�erence between Group N and
Group L and the di�erence between Group N and Group G are significant
(p = .035, and p = .020, respectively). The di�erence between Group L and
Group G, is not significant.
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FIGURE5.1: Box plots with highlighted means per study arm of: (a) the number of
days participants visited the app (n = 122), and (b) the number of activities
participants registered (n = 122).

5.3.3 Analysis of subjective engagement data
Of the post-tested subjects (n = 48), 18.8% reported to have engaged in
physical activity more often than usual, 14.6% reported to have eaten more
pieces of fruit than they would have usually done, and 35.5% reported to have
interacted with colleagues more often, see figure 5.2. In the analysis of post-
tested subjects that were subscribed within the first week (n = 42), a subject’s
degree of extraversion was not a significant predictor. Additionally, none of
the one-way ANOVA tests reported significant di�erences in ratings on health
impact and campaign satisfaction between the treatment groups.

8.3%

43.8%

12.5%

29.2%

Interaction with colleagues
I interacted with colleagues more often than usual

22.9%

41.7%

20.8%

10.4%

Fruit intake
I ate pieces of fruit more often than usual

16.7%

37.5%
27.1%

14.6%

Engagement in physical activity
I engaged in physical activity more often than usual

Strongly AgreeAgreeNeutralDisagreeStrongly Disagree

FIGURE5.2: Donut charts of post-test responses on the intervention’s health impact
measures (n = 48).
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5.4 DISCUSSION
5.4.1 Principal findings
Despite social comparison being present, engagement seems to decrease
over time in participants in Group N (i.e., negative e�ect sizes for both
engagement metrics, although the negative direction of the e�ect cannot
be verified for the number of days participants visited the app, since its
confidence interval included zero). Engagement in Group L seems to increase
over time in terms of the number of health-related activities participants
registered (i.e., positive e�ect size) and decrease in terms of the number
of days participants visited the app (i.e., negative e�ect size), although
additional data must be collected to determine whether these e�ects truly
exist since these e�ects were non-significant (i.e., both confidence intervals
included zero). Finally, engagement in Group G seems to increase over
time (i.e., positive e�ect sizes for both outcome measures), although again
additional data must be collected to determine whether these e�ects truly
exist, since again these e�ects were non-significant (i.e., both confidence
intervals included zero).

The di�erence in the number of activities performed between Group N
and both Group L and Group G is statistically significant, which suggests
that the perspective of obtaining a tangible reward has stimulated user
engagement levels. Nevertheless, it was expected (H1) that participants
in Group N would be more engaged than participants in both Group L and
Group G. More specifically, it was expected that participants in Group N would
continue to engage with the program to “demonstrate their own department
as the healthiest of the entire organization.” However, as it turned out, the
perspective of obtaining honors at the department level was not strong
enough to engage participants in Group N over time.

Furthermore, within this study, no statistical di�erences in engagement were
found between Group L and Group G (H2), which suggests that the frame
of the reward has not influenced user engagement levels. The supposed
absence of an e�ect may be explained by the fact that participants in Group
L did not perceive the mug as su�ciently meaningful to actively prevent
losing it [50, 331], or by the fact that these participants were not expecting
the organizing committee to reclaim the prize in case their personal goal
was not met.
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Moreover, participants engagement levels could not be explained by
participants’ degree of extraversion (H3) since the inclusion of a subject’s
degree of extraversion did not significantly alter the model. Hence, it may
be concluded that more extravert subjects in Group L and Group G were not
engaged more. However, this result may also be explained because this
analysis was performed on a small subset only (n = 42; post-tested subjects
that had subscribed within the first week).

Finally, the higher engagement of participants in Group L and Group G did
not result in a more positive evaluation of the campaign’s impact on self-
reported health measures or campaign satisfaction (H4).

5.4.2 Study limitations
Study limitations included a sampling bias, which is a potential threat to the
study’s external validity. Since participants were recruited at convenience,
they were expected to be generally more motivated to participate in a health
promotion campaign or demonstrate their team (i.e., department) as the
healthiest of the entire organization. Additionally, this study has been prone
to a potential threat to internal validity since subjects in di�erent treatment
groups have been communicated with di�erently. Particularly, subjects in
Group L have been in physical contact with a member of the organizing
committee during the distribution of tangible rewards, whereas subjects
in Group N and Group G have not. Furthermore, since this study focused
on assessing the impact of di�erent treatments, baseline measurements
on participants’ level of physical activity, fruit intake, and interaction with
colleagues were not recorded. Finally, this study mainly relied on self-
reported measures, which may have a�ected the validity of our statistical
results.

5.4.3 Future work
Future research should focus on collecting more data to better estimate
e�ect sizes and the impact of extraversion and sensitivity to extrinsic
rewards. Collecting more data seems particularly di�cult for obtaining
post-test responses since only 48 participants from a sample of 143 have
completed the online questionnaire (34%). Therefore, a beneficial line of
research is to explore methods to approximate survey responses
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(i.e., personality traits) from app event data and user performance metrics.
Additionally, future research experiments may include baseline
measurements on participants’ health status, such that the intervention’s
health impact can be estimated objectively. Furthermore, a baseline
measurement may tailor the intervention toward a subject’s personal needs.
Finally, future research should focus on conducting an experiment where
the impact of unexpected rewards is compared with the impact of expected
rewards.

5.5 CONCLUSIONS
This study aimed to compare the impact of di�erent mHealth intervention
strategies (i.e., social comparison and tangible rewards) on user
engagement levels in a real-life setting. It was found that engagement
levels of participants inevitably decreased over time. Nevertheless, the
perspective of obtaining a tangible reward was found to significantly
stimulate engagement levels of participants in a health promotion context.
The frame of the reward did not influence the impact of the tangible reward
on engagement.
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This chapter is accepted for publication at: Nuijten, R. C. Y., Van Gorp, P. M. E.,
Hietbrink, J. E. J., Blanc, P. M. L., Kemperman, A. D. A. M., Van den Berg, P. E. W., and
Simons, M., “Pilot evaluation of the impact of lottery-based incentives on
engagement levels of male low SES vocational students with an mHealth app”,
Frontiers in Digital Health, vol. 3, no. 748588, 2022, doi:
10.3389/fdgth.2021.748588.

6.1 INTRODUCTION
Over the past decade, public health literature has clearly demonstrated a
relationship between socioeconomic status (SES, an individual’s standing in
the economic and social stratification system [265]) and unhealthy lifestyle
behavior [29, 147, 265]. In particular, it has been shown that lower SES
individuals are generally less physically active and adhere to poorer diets
than people with a higher SES [265]. In order to support lower SES
individuals to adopt healthier lifestyles, lifestyle interventions may be
employed [228]. Unfortunately, deploying lifestyle interventions among
lower SES individuals remains challenging, as researchers in the past have
struggled to access, and engage participants from lower SES
populations [30, 349]. As a result, lower SES groups are not
well-represented in the populations that are typically studied in health
promotion [30, 327]. Vocational educational environments provide a
potential setting to reach lower SES individuals, since socioeconomic status
heavily correlates with educational level [265, 367]. An added benefit of
targeting vocational students (i.e., individuals in their (pre)adolescence) is
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that newly adopted lifestyle behaviors may potentially track into adulthood,
which also ensures health benefits at a later stage in their lives [361, 362].
Meanwhile, an educational environment provides a relatively safe setting in
which students are likely to be willing to participate in pilot health
promotion programs [280]. Hence, this study was hosted within a vocational
educational setting.

A challenge of lifestyle intervention design is to select the appropriate
strategies to stimulate user engagement with the intervention [94, 228].
Gamification strategies are a promising set of motivational techniques that
employ game mechanics outside game contexts in order to foster
participation, engagement, and loyalty [82, 167]. Gamification has often
been hypothesized to be especially powerful at engaging lower SES
individuals in lifestyle interventions, but the impact of gamification on this
population has only been scarcely evaluated [327]]. From the set of
gamification techniques [153], particularly the application of lottery-based
incentives seems a promising strategy to engage our target group.
Especially, because from both empirical data and survey-based studies it
was consistently found that lower SES individuals engage in higher rates of
lottery gambling than higher SES individuals [115]. Moreover, a study by
Haisley and colleagues evaluated the use of lottery-based incentives for the
completion of health risk assessments and found that lower SES individuals
had higher odds of completing the assessment than higher SES individuals
when stimulated through a lottery-based incentive [143]. Additionally, a
study by Van der Swaluw and colleagues found that lottery-based
incentives can increase physical activity levels and gym attendance in
overweight adults [332]. Particularly, in that study, regret lotteries were
found to have a profound impact on participant engagement levels [332]. In
a regret lottery, prizes are drawn from all participants. Yet, non-eligible
“winners” are not awarded; instead they are informed of their forgone
prize [370]. This type of incentive leverages anticipated regret—a negative
emotion that we experience when realizing that our present situation would
have been better, had we decided di�erently—and our tendency to avoid
that emotion [370]. This feeling likely triggers a participant to take action
(e.g., by engaging in health-related activities), to minimize the chances of
receiving a notification on a foregone prize. For example, Hussain and
colleagues have demonstrated that the implementation of incentives that
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trigger feelings of anticipated regret can improve adherence with an
intensive self-monitoring study protocol. They concluded that regret
lotteries may represent a cost-e�ective tool to improve user engagement
levels [168].

This study aims to extend the body of literature on the impact of regret
lotteries on engagement levels with an mHealth app in lower SES populations.
In this pilot study, we explored the impact on student engagement levels of
either social, or individual regret lotteries, by controlling whether lottery
outcomes were publicly announced (i.e., the social variant), or not (i.e., the
individual variant). Because anticipated regret was proposed to be larger
if also visible to (significant) others [370], we hypothesized that the impact
of the social regret lottery-based incentive on engagement levels would be
larger than the impact of the individual variant. Additionally, we explored
the impact of varying payout schedules in terms of timing and monetary
value. It was proposed that regret is larger for foregone prizes with a higher
(monetary) value, and that regret is larger if the consequences start to
materialize sooner [370]. In a between-subject experimental design, we
explored the trade-o� between a short-term, low-value payout schedule
and a long-term, high-value payout schedule, to explore which component
(i.e., either the timing, or monetary value) of a reward has a more profound
impact on user engagement levels.

6.2 METHODS
6.2.1 Recruitment
Participants were recruited among first-year and second-year (i.e., 15- to
20-year-olds), vocational students at a vocational school (i.e., MBO) in The
Netherlands in April 2020. The entire population comprised 72 students,
distributed over 6 di�erent school classes. The study was advertised as
a health promotion program that students joined voluntarily. The written
consent of students was collected digitally upon registration for the program.
All (operational) procedures were approved by the ethics committee of
Eindhoven University of Technology (protocol code ERB2020IEIS22, approved
May 7, 2020).
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6.2.2 Intervention context
For this study, we have developed a custom web interface using the
mHealth app GameBus [350, 314] (e.g., see www.gamebus.eu), to suggest a
set of health-related activities to participants (i.e., see [253] for detailed
visualizations of the mHealth app). The app awarded students with virtual
points for performing these activities, based on a photo or video of the
student performing the activity, to prove that the student engaged in that
activity. Additionally, the app provided a newsfeed, which showed an entry
for each activity from any student that was rewarded with points. Such
entries could be liked or commented upon in a manner similar to
mainstream social media platforms such as Facebook and Instagram. Also,
the app provided a chat environment, where students could exchange
messages with their own school class, or entire school. Moreover, the app
included the lottery-based incentives custom to this study (i.e., details can
be read in the next section). Prior studies that have evaluated the impact of
lottery-based incentives have hosted and communicated their incentives
outside the digital tool that supported their intervention (e.g., by sharing
lottery outcomes via email, or text messages) [168, 332]. To provide a more
integrated experience, we hosted the lottery-based incentives inside the
our app (i.e., as is common in present-day entertainment games).

The overall goal of the intervention from the students’ perspective was to
obtain as many virtual points as possible by performing the suggested
health-related activities. In particular, it was set by the school’s
management to focus on: (1) increasing physical activity, (2) improving
dietary intake, and (3) fostering sustainable relationships among students
(i.e., in line with contemporary conceptualizations of health, such as the
Positive Health Philosophy [163]). From these focal areas, a list of
prescribed activities (i.e., including the number of points awarded per
activity) was compiled. The aim was to define activities that students were
capable of performing, that they would enjoy doing, and that would benefit
their health. In a co-creation session (i.e., supervised by one researcher), a
group of two students and one teacher drafted a list of 43 unique activities
that met these criteria. Eventually, the list included a broad range of
activities (including e.g., “wrestle arms with someone of at least 40+”, or
“make a healthy smoothie”). We have aimed at giving students ample
opportunity for engaging in activities they would personally enjoy.

98

https://www.gamebus.eu


REWARD MECHANISMS

Particularly, as it is known from motivational theories of (health) behavior
change (e.g., the Self-Determination Theory [78]) that autonomous choice is
essential to foster engagement levels.

The entire program lasted ten weeks, and was divided into five program
“waves”, each with a duration two weeks. Every wave, a subset of activities
were suggested, see appendix B for a complete overview of prescribed
activities per wave and the number of virtual points awarded per activity.
Eventually, all waves consisted of 11 unique activities, except for the third
wave, which consisted of 12 unique activities. Each wave included a mix of
activities from di�erent focal areas. Some activities were duplicated over
multiple waves, again see appendix B for a detailed overview. Additionally,
at the start of each wave, all participants received a notification via email.
The email included instructions, for example on how to participate, or on
the suggested activities to perform in a given wave. Furthermore, to inspire
(passive) participants, the email included a video compilation of randomly
selected activities their peers had performed in the wave before. Finally,
teachers were kindly requested to bring up the program in their classroom
during teaching hours, such that students were regularly reminded of the
program.

6.2.3 Study design
To explore di�erent aspects of meaningful (regret) lottery design in a health
promotion context, we have designed an experiment with four study arms.
In a within-subject experimental design, we have evaluated the impact of a
social regret lottery-based incentive, compared to the impact of an individual
lottery-based incentive. Subjects in both the first and third study arm (i.e., SA1
and SA3) were assigned to the individual lottery-based incentive in the first
wave (i.e., and in the next waves alternately to the social regret lottery and
the individual lottery, respectively). Subjects in both the second and fourth
study arm (i.e., SA2 and SA4) were assigned to the social regret lottery-based
incentive in the first wave (i.e., and in the next waves alternately to the
individual lottery and the social regret lottery, respectively). Additionally, in
a between-subject experimental design, we have evaluated the impact of a
short-term, low-value payout schedule, compared to the impact of a long-
term, high-value payout schedule. Subjects in SA1 and SA2 were assigned
to the short-term, low-value payout schedule, whereas subjects in SA3 and
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SA4 were assigned to the long-term, high-value payout schedule. Lastly,
participants were allocated to the di�erent study arms using a randomized
block approach (i.e., school classes were randomly distributed over the
di�erent study arms), resulting in a study design that was theoretically
balanced with 14 to 20 students per study arm. The entire study design is
detailed in table 6.1. The next subsections provide more details on the actual
implementations of the di�erent lottery-based incentives.

Arm School class Between-subjecta
Within-subjectb

W1 W2 W3 W4 W5

SA1 1 class, 14 students ST:LV I S I S I
SA2 2 classes, 20 students ST:LV S I S I S
SA3 1 class, 19 students LT:HV I S I S I
SA4 2 classes, 19 students LT:HV S I S I S

a ST:LV = Short-term, low-value; LT:HV = Long-term, high-value. b W = wave number; S = social
regret lottery-based incentive; I = individual lottery-based incentive.

TABLE6.1: Overview of study arms and treatment allocation per school class.

Social aspects of (regret) lottery-based incentives
IMPLEMENTATION OF A SOCIAL REGRET LOTTERY-BASED INCENTIVE
The social lottery-based incentive was visualized as a leaderboard, that
displayed the total number of points a participant had obtained in a given
wave, also see figure 6.1a. At the end of a wave, prizes (i.e., both tangible
rewards and virtual badges) were randomly distributed over participants
with a number of virtual points greater than a target value. The target value
to be eligible to win prizes was 400 points in the first wave, 100 virtual
points in the second wave, and 50 virtual points in the last three waves.
Winners were announced at the end of each wave via an in-app chat message
that was visible to all participants within a particular study arm. Note that,
to maximize anticipated regret, prizes were drawn from all participants,
although non-eligible “winners” were not awarded, but instead they were
publicly informed on their forgone prize. Anytime, participants could review
each other’s position on the leaderboard and eligibility to win prizes.

IMPLEMENTATION OF AN INDIVIDUAL LOTTERY-BASED INCENTIVE
The individual lottery-based incentive was visualized as a digital slot
machine, also see figure 6.1b. Participants could exchange their virtual
points for a spin of the slot machine. The costs of spinning were 40 virtual
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(a) (b)

FIGURE6.1: Overview of the di�erent incentive types: (a) is the social regret lottery-
based incentive, and (b) the individual lottery-based incentive. See [253]
for additional visualizations of the mHealth app.

points in the first wave, 10 virtual points in the second wave, and 5 virtual
points in the last three waves. Note that anticipated regret was minimal, as
it was unclear if di�erent actions (i.e., performing more activities, and
spinning the slot machine more often) would have actually resulted in a
better outcome (i.e., winning more prizes). Additionally, others were not
informed on an individual’s foregone prizes, thereby again minimizing
anticipated regret.

Aspects of payout schedules
The school’s management had provided several tangible rewards that were
likely attractive for the students. The school provided 54 tangible rewards.
Hence, only roughly 11 tangible rewards were available per wave, which had
to be distributed over a sample that could theoretically contain up to 72
students. To increase participant’s overall chances to win a prize, several
virtual badges were introduced. Note that these badges did not have any
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monetary value. The prizes (i.e., both tangible rewards and virtual badges)
were distributed throughout the program in a between-subject experimental
design, to explore the impact of varying payout schedules in terms of timing
and monetary value.

IMPLEMENTATION OF A SHORT-TERM, LOW-VALUE PAYOUT SCHEDULE
Several prizes were distributed in a short-term, low-value payout schedule.
The payout schedule was short-term as prizes were distributed regularly
(i.e., at the end of every wave). The payout schedule was low-value because
the prizes were of lower monetary value (i.e., between €2.50 and €15.00,
also see table 6.2 for an overview of rewards distributed per wave with the
odds of winning prizes in the individual lottery-based incentives displayed in
footnotes). Note that subjects could also win di�erent virtual badges during
the waves, though these badges did not have any monetary value. Note
that in this scenario, anticipated regret was particularly triggered from the
timing of the payout: Since payouts of rewards were scheduled every wave,
consequences of actions materialized sooner, thereby potentially increasing
anticipated regret.

IMPLEMENTATION OF A LONG-TERM, HIGH-VALUE PAYOUT SCHEDULE
Several prizes were distributed in a long-term, high-value payout schedule.
The payout schedule was long-term as prizes were distributed at the end of
the program. The payout schedule was high-value because the prizes were
of higher monetary value (i.e., up to €100.00), see table 6.3 for more details
on the di�erent rewards that were available. Again, the odds of winning
prizes in the individual lottery-based incentive are displayed in footnotes.
Note that subjects could also win di�erent virtual badges during the waves,
though these badges did not have any monetary value. The schedule was
long-term, because the grand prize (i.e., a hard drive worth €100.00) was
only be distributed at the end of the program. Particularly, the grand prize
was ra�ed over participants in both SA3 and SA4 with at least 400 virtual
points at the end of the program. Lastly, note that anticipated regret was
in this scenario particularly triggered from the value of the payout. Since
payout of monetary rewards were scheduled at the end of the program,
consequences of actions materialized later, thereby lowering anticipated
regret. At the same time, the monetary value of rewards was significantly
larger, thereby potentially increasing anticipated regret.
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Prize Value
SA1 SA2

W1 W2 W3 W4 W5 W1 W2 W3 W4 W5

Charging cable € 15.00 1 1 1
Power bank € 10.00 1a 1d 1a

Multi-tool € 2.50 1a 1a

Notebook € 2.50 1 1 1
Bike gadget € 2.50 1
Smartphone holder € 5.00 1d

Mug € 7.50 2b 2 2b 2 2d 2 2b 2 2b 2

Party horn badge € 0 1 1 1 1 1
Shamrock badge € 0 2 2 2 2 2
Jackpot badge € 0 1a 1a 1d 1a 1a

Lucky bird badge € 0 2b 2b 2d 2b 2b

Gold badge € 0 1b 1 1b 1 1 1b 1 1b

Silver badge € 0 2c 2 2c 2 2 2c 2 2c

Bronze badge € 0 4d 4 4d 4 4 4d 4 4d

Total value €120.00 €125.00
a odd = 0.01; b odd = 0.05; c odd = 0.10; d odd = 0.15

TABLE6.2: Overview of rewards per wave for the short-term, low-value payout
schedule.

6.2.4 Measurements
Objective measures of engagement
In mHealth research, engagement is most commonly captured via measures
of app usage [269, 305]. Using the GameBus platform, engagement of
participants has been repeatedly measured as: (1) the number of days a
participant had been online (i.e., distinct days the participant opened the
app), and (2) the number of activities a respondent performed. These
variables complement each other since the former may be limited to
passive engagement, whereas the latter requires active participation
(i.e., performing the suggested activities). Both measurements were
recorded per participant per wave. For each record, also the wave number
relative to the respondent’s participation date was recorded. Hence, a
record for a particular subject who joined the program only in the fifth
wave, would have a relative wave number of one for that record. Finally,
users were categorized in one of three categories, depending on their
actual engagement level. Subjects that did not enroll in the program were
labeled as non-enrolled users. Students that enrolled in the program, but
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Prize Value
SA3 SA4

W1 W2 W3 W4 W5 W1 W2 W3 W4 W5

Hard drive € 100,00 1

Power bank € 10.00 1
Smartphone holder € 5.00 1e

Multi-tool € 2.50 1e 1
Bike gadget € 2.50 1
Mug € 7,50 1c 2 1c 2 1e 2 1c 2 1c 2

Party horn badge € 0 1 1 1 1 1
Shamrock badge € 0 2 2 2 2 2
Jackpot badge € 0 1a 1a 1e 1a 1a

Lucky bird badge € 0 2b 2b 2e 2b 2b

Gold badge € 0 1b 1 1b 1 1 1b 1 1b

Silver badge € 0 2d 2 2d 2 2 2d 2 2d

Bronze badge € 0 4e 4 4e 4 4 4e 4 4e

Total value €110.00 €125.00
a odd = 0.01; b odd = 0.05; c odd = 0.06; d odd = 0.10; e odd = 0.15

TABLE6.3: Overview of rewards per wave for the long-term, high-value payout
schedule.

did not engage in the suggested activities were labeled passive users.
Finally, subjects that enrolled in the program and did register at least one
health-related activity were labeled active users.

Subjective measures of engagement
A post-test survey was used to collect demographic data (e.g., age and
gender) from the entire target population. The survey was distributed at the
end of the program to the entire target population. Students were allowed
to complete the post-test survey during classroom hours. Additionally, at
the end of the program, two semi-structured, focus group interviews were
conducted to further elaborate on participants motivation to either
participate, or not to participate. The first focus group panel consisted of
three randomly selected participants that did not register any activities into
the mHealth app, whereas the second focus group panel consisted of three
randomly selected participants that were among the participants with the
highest number of activity registrations. The interviews were conducted
online, via videoconferencing software, and were supervised by two
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researchers. The main focus of the interviews has been to qualitatively
derive: (1) the students’ preferences for either the social variant, or
individual variant, of the lottery-based incentives, and (2) the students’
perceptions of attractiveness of the tangible rewards. Additionally, within
the panel of non-enrolled participants, we have also focused at deriving the
barriers that withheld them from participating in the program. Finally,
within the panel of active participants, we have also aimed to derive the
students’ perceptions of the impact of the program on their overall health
status and engagement in health behaviors.

6.2.5 Statistical analysis
Our statistical analyses were focused at evaluating the engagement levels
of respondents. For both outcome variables (i.e., the number of days a
participant had been online, and the number of activities a respondent had
performed), exploratory analyses were performed using mean plots to detect
potential di�erences between study arms, over time. Subsequently, several
generalized (i.e., Poisson) hierarchical linear models were estimated for these
two outcome variables, using time (i.e., the relative wave number), and the
treatment variables (i.e., the incentive type—either social, or individual—and
the payout schedule—either short-term, low-value, or long-term, high-value)
as predictors. To obtain the final models for both outcome variables, a
backward elimination selection procedure was employed [80]. Backward
elimination starts with all predictors (i.e., the relative wave number, the
incentive type, and payout schedule) included in the model, with variables
subsequently being eliminated, one at the time. At each step, the predictor
with the highest p-value with p > .05 is deleted [80]. This method of deletion
continues until all predictors are significant (i.e., p 6 .05). We have not
tested whether significant second-order interaction e�ects existed among
these variables, as sample sizes in individual clusters would then have been
too low for a thorough analysis of second-order interaction e�ects. In all
models we did allow for random intercepts between individual participants.
Subsequently, we have used Pearson’s Chi-Squared test to confirm our final
models do not su�er from overdispersion. Overdispersion of a Poisson
model occurs when the variance value of the underlying data is greater than
the mean value of that data, suggesting that the data is not likely to be
modeled well using a Poisson model [34]. Lastly, we have checked that our
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final models do not su�er from zero-inflation, too much. A zero-inflated
Poisson model may predict an excess number of zero counts, that is not
representative of the Poisson distribution anymore. In this study, the ratio
between the predicted number of zero counts, and the actual number of
zero counts is preferred to be greater than or equal to 0.95. Finally, based on
the digital recordings of the two focus group interviews, we have selected
a set of quotes that all participants within a focus group panel (i.e., three
interviewees per panel) did explicitly agree to. The selection of quotes was
performed by three researchers.

6.3 RESULTS
6.3.1 User statistics
In total, 38 unique participants joined the study. Among the participants
were 36 students, and 2 teachers (but teachers were excluded in further
statistical analyses). The students were assigned to the di�erent study arms
using a randomized block approach: 6 students were assigned to SA1, 17
to SA2, 2 to SA3, and 11 to SA4. Of the 36 students enrolled, 10 students
performed at least one activity; the others have only been checking the app.
Figure 6.2 displays a cohort diagram which details the number of students
enrolled in di�erent study phases. The post-test survey was completed by
41 students, of which 25 students were enrolled in the program (i.e., they
created a user account), also see figure 6.2.

Population of students 
N = 72

Active users: Students that
performed at least 1 activity 

n = 10

Non-enrolled users: Students
that did not join the program 

n = 36

Enrolled users: Students that
joined the program 

n = 36

Passive users: Students that
did not perform activities 

n = 26

Students that completed the
post-test survey 

n = 16

Students that did not complete
the post-test survey 

n = 20

Students that did not complete
the post-test survey 

n = 10

Students that completed the
post-test survey 

n = 16

Students that did not complete
the post-test survey 

n = 1

Students that completed the
post-test survey 

n = 9

FIGURE6.2: Cohort diagram that details the number of students enrolled in di�erent
study phases.
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The entire population was reported to be male, 28 students were 18+, and 13
students were less than 18 years of age (i.e., based on 41/72 subjects that
completed the post-test). Within our sample, 15 students were 18+, and 10
students were less than 18 years of age (i.e., based on 25/36 participants that
enrolled in the program and completed the post-test). A total of 20 students
have visited our app in the first wave, 22 in the second wave, 7 in the third
wave, and 8 individuals visited our app in fourth and fifth waves.

6.3.2 Analysis of objective engagement data
Impact on average number of days online
Passive engagement was measured as the number of days participants
checked the app within a given wave. Figure 6.3 displays the number of
days participants were online (i.e., checked the mHealth app) on average per
wave, both per type of incentive and payout schedule. Note that the sloped
horizontal lines in these mean plots are a visual aid to highlight di�erences
between (treatment) group averages.
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FIGURE6.3: Mean plots of the number of days participants visited the app (all
participants, N = 36), per: (a) type of incentive, and (b) payout schedule.

From a backward elimination selection procedure we have obtained a final
model for predicting the number of days participants checked the app with
just one significant predictor. Particularly, we found that the number of days

107



CH. 6 EXTRINSIC REWARDS WITH LOW SES STUDENTS

participants checked the app significantly decreased over time (i.e., −0.146
days per wave, at p = .01). The model was validated not to be harmed
from overdispersion. Still, the model may have underfitted zeros, slightly
(i.e., zero-inflation ratio was 0.94, instead of 6 0.95). Finally, although payout
schedules were not reported to have a significant impact on passive levels
of engagement, figure 6.3b suggests that the long-term, high-value payout
schedule especially fostered passive engagement levels in the fifth wave.
As outlined before, we have not tested whether significant second-order
interaction e�ects existed among, for example, the relative wave number and
payout schedule, as sample sizes in individual clusters would then have been
too low for a thorough analysis of second-order interaction e�ects (i.e., only
a total of 8 students engaged with our app in the last wave). Still, figure 6.3b
may indicate that long-term, high-value payout schedules particularly foster
passive engagement levels as its deadline approaches.

Impact on average number of activities
Figure 6.4 displays the average number of activities participants have
performed per wave, both per type of incentive and payout schedule. From
an additional backward elimination selection procedure to derive a model
for predicting the number of activities participants performed, we have
obtained a final model with two predictors. Particularly, we found that the
number of activities participants performed significantly increased over
time (i.e., +0.209 activities per wave, at p < .001). Additionally, it was found
that that the number of activities participants performed decreased when
engaged with the individual lottery-based incentive (i.e., −0.726 activities,
at p < .001), as opposed to the social lottery-based incentive. The model
was validated not to be harmed from overdispersion and not to be
underfitting zeros (i.e., with a zero-inflation ratio of 0.95). Finally,
again, figure 6.4b seems to suggest that the long-term, high-value payout
schedule especially fostered active engagement levels in the fifth wave.
Again, we have not tested whether significant second-order interaction
e�ects existed among predictors (i.e., because only a total of 8 students
engaged with our app in the last wave). Still, figure 6.4b may again indicate
that long-term, high-value payout schedules particularly foster active
engagement levels as its deadline approaches.
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FIGURE6.4: Mean plots of the number of activities participants registered (all
participants, N = 36), per: (a) type of incentive, and (b) payout schedule.

6.3.3 Analysis of subjective engagement data
Focus group interview with non-enrolled participants
As the main reason for not engaging with the program, participants within
the panel of non-enrolled participants designated the overall low uptake
with the program: “I only would have participated in the program when
more people would have joined”. Additionally, a participant mentioned: “I
would have liked to engage in a competition with my peers, but when I
checked the leaderboard, I did not see too many active participants, which
in turn did not spark my interest to participate”. Another reason for not
engaging with the program was that interviewees found the suggested
activities and prizes insu�ciently attractive: “Although the suggested
activities and prizes looked like they could have been attractive for some,
they did not stimulate me to engage with the program”. Nevertheless, the
interviewees even speculated that prizes with a higher monetary value
would also not have triggered them to actively participate: rather would
they have engaged in a program with a higher overall uptake. Lastly,
interviewees were hesitant to participate because of (potential) invasions
of privacy: “I did not like the fact that I was required to upload photos and
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videos of myself engaging in the suggested activities, as I felt my privacy
could thereby potentially be invaded”.

Focus group interview with active participants
Participants within the panel of active participants agreed that they “did
not participate to win prizes”: their main incentive was “to engage in a
competition with other participants”. One focus group interviewee
mentioned that he “wanted to be better than the others”. He added:
“Especially, I wanted to beat the ones with a comparable number of virtual
points as myself: even when we could not see from each other the number
of points we had collected [because we were engaged in the individual
lottery-based incentive], we kept each other posted on the number of
points we had collected”. “Whenever I was falling behind, I would make
sure to perform more activities to catch up.” The drive to compete against
others made participants hesitant to exchange their virtual points for a spin
of the slot machine in the individual lottery-based incentive. One subject
mentioned that he did not want to spend his points at the digital slot
machine, because he was “afraid to loose his points”. He mentioned: “I was
told that an other participant had spent all his points without winning
anything, so I rather kept my points.” Lastly, participants were unsure
whether the program empowered them to change their lifestyle: “I cannot
say that the [mHealth] app changed my behavior, because I already
engaged in physical activities regularly before the intervention”. However,
he mentioned: “The [mHealth] app made engaging in healthy lifestyle
behaviors more fun, especially when we could compete against each
others by collecting points”. Participants agreed that the implementation of
(push) notifications could further increase the impact of the
intervention.

6.4 DISCUSSION
6.4.1 Principal findings
In this pilot study we evaluated engagement levels of vocational students
with a health promotion program that employed lottery-based incentives.
Half of the target population of 72 male students voluntarily engaged with
the program and were exposed to the lottery-based incentives. The other
half of the population had never engaged with the program. From focus
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group interviews, we learned that the main reason for non-enrolled subjects
to neglect the program was not related to the lottery-based incentives, nor
the prizes that were awarded. Instead, non-enrolled subjects did not join the
program since their peers were not joining the program. In other words, we
found that the program would have been more engaging if more students had
actively participated initially. This seems to be a paradox of participation:
subjects withhold their active participation until a larger portion of the
sample is actively participating. However, if everyone is waiting for their
peers to participate, no one will participate. This paradox may potentially be
resolved by introducing interdependencies among participants [350], such
that individuals require the active participation of others in order to progress
themselves. In the current implementation, it was actually beneficial to be
the only active participant in both lottery-based incentives, as this would
increase one’s chances of winning (tangible) rewards.

From our analyses of subjects that did actually enroll in the program, we
found that a large proportion of participants stopped interacting with the
program over time (e.g., after participating for 2 waves, with a total duration
of four weeks). A reason may be that students tried to minimize potential
feelings of regret by ignoring the study [126]. Another reason may be that
students forgot about the program, or found the program insu�ciently
engaging. Nevertheless, although results have to be carefully interpreted due
to relatively low sample sizes, from the analyses of engagement levels it was
found that the social regret lottery-based incentive stimulated active user
engagement, as participants performed significantly more activities when
assigned to this variant (i.e., compared to the individual variant). Despite
relatively large levels of variance within our sample, it was also reported
in the focus group interviews with active participants that they found the
social regret lottery-based incentive to be more stimulating.

Finally, from our exploratory statistical analyses of user engagement levels
it was suggested that the long-term, high-value payout schedule fostered
student engagement levels, especially in the last wave of the program.
Although we could not statistically validate this observation (i.e., as sample
sizes in individual clusters would have been too low for a thorough analysis
of second-order interaction e�ects), this observation may indicate that the
impact of a long-term, high-value payout schedule is largest when the
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deadline approaches (i.e., when a long-term deadline becomes short-term).
Hence, in line with the proposition of Zeelenberg [370], a short-term,
low-value payout schedule may also be employed to foster engagement,
particularly at the beginning of a program, if the prize is su�ciently large.
Note however, that from the focus group interviews we learned that
students found the prizes attractive, but that they mainly participated to
compete against their peers, indicating that the incorporation of social
aspects in lottery-based incentives potentially has a larger e�ect on user
engagement levels.

6.4.2 Study limitations
This study was subject to several limitations. First, this study evaluated
the impact of our intervention on a particular target group (i.e., vocational
students) within a specific context (i.e., the school environment). Based on
the current pilot study, findings cannot be generalized yet as results were
derived from a small target population (i.e., N = 72) that only included male
subjects. Moreover, only 36 out of 72 students enrolled in the study and,
through our randomized block design, subjects were unevenly distributed to
study arms (i.e., 6 subjects in SA1, 17 subjects in SA2, 2 subjects in SA3, and 11
subjects in SA4). Although measures were taken to attract as many students
as possible to join the program (e.g., via repeated teacher invitations), as
well as to balance sample sizes over study arms (e.g., in theory each study
arm should have included 14 to 20 subjects), students participated in the
program voluntarily. As a result, the overall sample size and sample sizes
over study arms could not be controlled.

Second, we have not employed a control group in our study design, that
would allow us to compare our treatments to a situation without
lottery-based incentives. The control condition was not included, because
the study organizer (i.e., the vocational school) had expressed a desire for
all participating students to have the opportunity to win a tangible
reward.

Third, additional data measures could have helped to better interpret the
results. In particular, we have not measured the levels of regret participants
actually perceived from the di�erent lottery-based incentives. Similarly, no
data was recorded on the number of times teachers brought up the
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program in their virtual classrooms, nor the degree(s) of students attending
to these classrooms, which could have helped to explain adoption rates.
Besides, the study could have benefited from an exploration of social
relationships between students in order to be able to assess which
students were befriended, which students were most popular and which
teachers were beloved. Potentially, this analysis could have helped to
target the most influential subjects, and motivated them to actively
participate. Presumably, these subjects could have then triggered others to
actively participate (e.g., as close relationships among lower SES students
have been found to influence participation rates, at least in physical activity
participation [165]).

Fourth, the experimental setup was vulnerable for fraudulent usage. In
theory, participants could upload photos and videos of activities that were
not performed by themselves, or that they had already used to claim points.
The research team has validated incoming activities on a day by day basis.
When any form of fraud was detected in an activity registration, all the
points and possible prizes that were obtained from that activity were
withdrawn. Participants who committed fraud were also alerted by a pop-up
that their user account could be suspended, whenever they continued
cheating (i.e., see [253] for detailed visualizations of the fraud detection
procedure). Throughout the study, no accounts were suspended, but the
points from 7 activities that were registered by 3 di�erent students were
withdrawn for not including a valid photo or video (i.e., a valid photo or
video proved that the student had actually engaged in the activity).

Finally, since this study was executed in times of the COVID-19 pandemic,
students were not actually physically present at school. Instead, students
were educated via videoconferencing. Hence, also our intervention, including
participant recruitment by teachers, was hosted entirely online. This may
have harmed the e�ectiveness of the participant recruitment strategy.

6.4.3 Future work
To counter the paradox of participation that we identified, and to persist
with momentum throughout the program, follow-up studies may evaluate
the impact of creating interdependencies between participants, as well as
using bot accounts to artificially boost the number of active participants.
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Additionally, follow-up studies could explore combinations of di�erent
payout schedules to find the optimal configuration for sustaining user
engagement over a longer period of time. Lastly, follow-up studies could
benefit from recording participants’ levels of perceived regret from di�erent
lottery-based incentives. These measurements provide insight into the
degree of anticipated regret vocational students perceive from di�erent
implementations of lottery-based incentives.

6.5 CONCLUSIONS
We found that lottery-based incentives that trigger feelings of anticipated
regret can potentially be employed in lifestyle interventions to promote
engagement with mHealth apps among lower SES vocational students.
However, besides these lottery-based incentives, practitioners may want to
employ other methods to initially attract a larger portion of the population
to enroll in the program. Sole deployment of lottery-based incentives
seems insu�cient to attract an entire target population. But, paradoxically,
a higher uptake may increase the actual impact of the lottery-based
incentive itself. Additionally, the impact of lottery-based incentives may be
fostered by including social and interpersonal (e.g., competitive) aspects.
Particularly, we found that an incentive with social and competitive
elements was more engaging than an incentive solely at the individual level.
Finally, we have found initial evidence of payout schedules increase
engagement, particularly when their deadline approaches. Hence, di�erent
payout schedules with alternating deadlines may potentially be employed
to foster engagement at di�erent phases throughout a lifestyle intervention.
Still this observation has to be studied in more depth.
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E V A L U AT I N G S O C I A L C O M PA R I S O N W I T H LO W S E S
( P R E ) A D O L E S C E N T S T U D E N T S : E L E M E N T S O F
C O L L A B O R AT I O N A R E E S S E N T I A L TO S T I M U L AT E
U S E R E N G A G E M E N T

This chapter has been published before as: Nuijten, R. C. Y., Van Gorp, P. M. E.,
Borghouts, T., Blanc, P. M. L., Van den Berg, P. E. W., Kemperman, A. D. A. M.,
Hadian Haghighi, E., and Simons, M., “Preadolescent students’ engagement with
an mHealth intervention fostering social comparison for health behavior
change: Crossover experimental study”, Journal of Medical Internet Research,
vol. 23, no. 7, 2021, doi: 10.2196/21202.

7.1 INTRODUCTION
7.1.1 Research context
Many people with chronic diseases and other health-related problems may
benefit greatly from increased physical activity and improved dietary
intake [351]. To support individuals adopting these healthier routines,
behavior change interventions, including various intervention strategies
(i.e., behavior change theories) to encourage certain targeted behaviors,
may be used [228]. The aim of this study is to strengthen the empirical
evidence on the impact of one specific technique (i.e., social comparison)
for engaging a specific target group—in our case, preadolescents (i.e., 10- to
13-year-olds).

We have chosen to target preadolescents because application of
interventions at this stage in life will likely also impact health at a later
stage, particularly because newly adopted lifestyle behaviors will track into
adulthood [361]. By the time of preadolescence, the human brain is still
developing, particularly strong in the areas of social skills and peer
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relationships [362]. Therefore, when designing an intervention for
preadolescents, taking into account the social dynamics within that target
group is of vital importance for intervention e�ectiveness.

At the same time, social dynamics have been used to foster health behavior
changes. Social comparison is one of the intervention strategies that is
consensually agreed to be e�ective for the general population [228]. This
intervention strategy stems from the idea that, by nature, people tend to self-
evaluate by comparing themselves with others [161]. Comparing oneself is a
universal process that all of us engage in regularly, although some more than
others [125]. Similarly, competitive processes, as manifestations of social
comparison [105], are prevalent in our societies [121]. As these phenomena
are common in everyday life, it seems beneficial to evaluate whether these
processes can be applied to promote health behavior change.

In mobile health (mHealth) interventions, the adoption of leaderboards
o�ers an opportunity to implement social comparison and competitiveness
as intervention strategies [210]. Leaderboards are a form of gamification, a
set of motivational techniques that use game mechanics outside game
contexts, to foster participation, engagement, and loyalty [82, 167].
Leaderboards may be used to increase participant engagement and are
widely adopted as one of the most popular gamification techniques [145].
The degree to which individuals are engaged in a particular social
comparative setting is determined by di�erent situational and individual
factors [121]. In this study, we investigate how to design such social
comparative settings (i.e., leaderboards) for the optimal engagement of
preadolescents.

7.1.2 Related work
By nature, people tend to self-evaluate by comparing themselves with
others [161]. This study evaluates how this natural tendency may be
leveraged to sustain the engagement of preadolescent students in a health
promotion campaign. Comparing ourselves with others may occur in
di�erent directions; we may compare ourselves, based on a specific aspect,
with others who are worse (i.e., downward comparison) or better
(i.e., upward comparison). Both downward and upward comparisons may
a�ect one’s self-concept [105] and can foster competitive behavior [121].
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Downward comparison will often enhance the self-concept of the
comparator [358]. However, as downward comparison reveals that ones’
status could decline if others catch up, the feeling of being threatened and
discouragement might also be evoked [358]. Comparing ourselves with a
superior other might cause negative feelings too, as the other performs
better on certain attributes [321]. At the same time, upward comparison can
lead to the assimilation of the characteristics of the superior other and
provide hope and inspiration, especially if the superior is a role model
(e.g., a student’s teacher) [208].

The social comparison model of competition describes the factors that
influence competitive behavior [121]. The model proposes that competitive
processes are influenced by situational factors. For example, it was found
that the number of competitors is best kept as low as possible: the lower
the number of competitors, the more intense the competition (i.e., the N
e�ect [120, 345]). Furthermore, it was found that incentives, such as tangible
rewards, increase people’s engagement in a competitive setting [121, 203,
314].

In addition, the social comparison model of competition proposes that
competitive processes are influenced by individual factors. For example, it
was found that, for a competition to be engaging, participants have to
perceive the dimension of comparison as relevant to the self [25]. This
e�ect is particularly amplified if competitors perceive their relationships as
close [337, 338]. Furthermore, it was found that when competitors, either as
a group or as individuals, share similar characteristics (e.g., race or
education), the competition intensifies [105, 128]. Similarly, personality
traits are known to increase competitiveness. In particular, social
comparison orientation [125], competitive dispositions [162], and
individuals’ orientation toward performance goals [67, 275] seem to
influence competitiveness. Moreover, the personality trait openness to
experience (i.e., as defined by the Big Five personality framework [129]) is a
potential trait that can influence competitiveness: people who score lower
on this trait and are therefore less independent and creative may be more
competitive [40].
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Finally, a key decision when designing such a setting is to determine
whether comparative and competitive processes occur either intra- or
intergroup [294]. In an intragroup setting, individuals compete against each
other, whereas in an intergroup setting, groups of individuals collaborate to
compete against other groups. It has been previously demonstrated that
especially intergroup competitions can enhance engagement in an
activity [294] because it includes a mix of collaborative and competitive
aspects. It was found that an intergroup competition can potentially trigger
processes of self-enhancement in children and processes of enhancement
of others, whereas intragroup competitions are likely to solely promote
self-enhancement, potentially even at the expense of others [37, 60]. These
principles were not yet tested with preadolescents in schools. This study
aims to further such theoretical insights via a study design that contrasts
inter- and intragroup competition in schools and that tests whether
teachers as role models can increase engagement. Potential moderation of
situational factors and personality traits is accounted for.

7.1.3 Research case
In this study, we evaluate the implementation of social comparison
(i.e., either fostering intra- or intergroup comparisons) that is most e�ective
in promoting healthy routines in preadolescents. As social dynamics among
preadolescents are likely articulated in their school environment and
because the World Health Organization has put forward the key objective of
“[generating] scientific evidence on e�ective Health Promoting School (HPS)
interventions” [362], we have implemented our intervention at a high
school. In this environment, educational levels and classes are the main
social structures. Moreover, teachers have an exemplary function within a
school environment and potentially serve as positive role models for
students [261]. In our experiment, we analyzed the role of social dynamics
between students and teachers in three study arms.

We hypothesized that an intergroup approach, which combines
collaborative and competitive aspects, would be engaging for students and
would encourage them to adopt new healthy routines. We based our
hypothesis on the observation that an intergroup approach can potentially
trigger processes of self-enhancement in children and processes of
enhancement of others, whereas intragroup competition is likely to solely
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promote self-enhancement, potentially even at the expense of others [37,
60]. This claim is supported by a recent review of competitive versus
cooperative aspects in social exergames: cooperative play can “increase
motivation, promote continued play, and increase prosocial behaviors,”
whereas competitive play mainly yields short-term, physiological
arousal [216]. To empirically evaluate whether the potential spillover e�ects
of intergroup competitions do indeed positively influence students’
engagement levels in a health promotion campaign, we designed study
arms that ranged from more intragroup to more intergroup focused. Before
explaining these treatments in detail in the Methods section, the factors
influencing the social comparative behavior are evaluated in depth.

7.2 METHODS
7.2.1 Recruitment
Participants were recruited among first-year, prevocational (i.e., VMBO
[Voorbereidend Middelbaar BeroepsOnderwijs]) students (i.e., 11- to
13-year-olds) at a high school in the Netherlands in April 2019. The study
was advertised as a health promotion campaign and conducted only after
obtaining explicit written consent of the participants (i.e., the students) and
their parents or guardians. Explicit consent of the students was collected
upon registration for the campaign. Explicit consent from their parents or
guardians was collected via consent letters that they signed and returned
to the school’s administration.

More operational procedures were also approved by the ethical committee
of Eindhoven University (Archie experiment ID 920). The ethical review
committee concluded that the potential benefits of this study outweighed
its potential risks. However, besides the potential positive impact of social
comparison on health behavior, it was acknowledged that the target group
may have also experienced the negative e�ects of social comparison
(e.g., feeling threatened or discouraged [358]). Meanwhile, it was found that
the school environment provided a su�ciently safe setting to host this
experiment, especially because teachers were advised to check in weekly
with their students on the impact of the campaign. As such, the more
vulnerable students could have been identified and corrective actions could
have been taken.
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7.2.2 Intervention context
To test our hypotheses, we have used the mHealth tool GameBus that is
manufactured and maintained by Eindhoven University of Technology
(e.g., see www.gamebus.eu). GameBus was especially designed for health
promotion and provides a highly configurable gamification engine that is
used to sustain participants’ engagement. According to the classification of
gamification elements by Hamari an colleagues [145], GameBus implements
the gamification mechanisms of challenges, points, goals, progress
visualizations, leaderboards, and rewards. In addition, it allows configuring
of these mechanisms for testing scientific hypotheses. The tool supports
hosting multiple experimental designs on a single platform, ensuring that
user experience remains similar across these di�erent designs. At the same
time, the platform enables researchers to gather rich data in a manner
compliant with European privacy legislation. For this study, a dedicated
Privacy Impact Assessment was approved by the Data Protection O�cers of
Eindhoven University of Technology and the high school.

GameBus includes a mobile app (i.e., available via the web as well as on
Android and iOS) for tracking healthy activities. The platform is designed
to allow rewarding any healthy activity with points, from social, to mental,
to physical activities. For this study, the rewarded activities have been
defined in consultation with the school’s management and a student council.
Several cocreation sessions were held with the aim of defining activities that
students were capable of performing, that they would enjoy doing, and that
would benefit their health. The mHealth tool would then reward students
for performing these activities, based on a selfie as proof of conducting the
activity.

Users could compare their performance on a leaderboard that summed up
the points per user. In addition, for the intergroup approaches, additional
leaderboards showed per team (i.e., per class) the average number of points
across team members. The app also provided a newsfeed, which showed
an entry for each team member that scored points. Such entries could be
liked or commented upon in a manner similar to mainstream social media
platforms such as Facebook and Instagram.
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The overall goal of the intervention from the students’ perspective was
to obtain as many points as possible by adopting healthier routines. In
particular, it was set by the school’s management to focus on (1) increasing
physical activity; (2) promoting healthy nutrition; (3) fostering sustainable
relationships: friends, love, and intimacy; and (4) emphasizing the (potential)
impact of stress, drugs, alcohol, and gaming.

From these focal areas, a list of prescribed activities was compiled in
consultation with the school’s management and a student council. The aim
was to define activities that students were capable of performing, that they
would enjoy doing, and that would benefit their health (e.g., “Wrestle arms
with someone of at least 40+” or “Peel an (unbroken) apple peel of at least
20 centimeters”), resulting in a list of 51 unique activities. These activities
were distributed over the course of the campaign and renewed every wave
(i.e., every 2 weeks; a complete overview of prescribed activities per wave is
provided in [350]). The entire campaign lasted 12 weeks (i.e., 6 waves).
Eventually, the first wave consisted of 12 unique activities, and in the other
five waves, nine activities were prescribed. Each wave included a mix of the
focal areas. Some activities were duplicated over multiple waves (a detailed
overview is provided in [350]).

7.2.3 Study design
Treatment allocation
From a scientific perspective, the intervention included three di�erent
social comparative settings as treatments, to test whether an
intergroup—rather than an intragroup—competition would be more
e�ective in promoting healthy routines in preadolescent students. A
crossover study design was adopted to ensure that all the participants were
exposed twice to every treatment. We adopted a randomized block
approach to randomly distribute the treatments to the participants. By
order of the school’s management, the three clusters that this study design
required were defined based on educational level (Dutch prevocational
education distinguishes three such levels). Participants received the
treatments in 2-week periods (i.e., in so-called waves). The entire campaign
lasted for 12 weeks (i.e., 6 waves); therefore, each participant received every
treatment twice.
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Our treatments e�ectively simulated three di�erent implementations of the
social comparison technique. One approach represented an intragroup
competition, whereas the other two approaches represented intergroup
competitions. In one of these intergroup competitions, an additional
comparative element was introduced (i.e., by explicitly highlighting the
performance of teachers), as this manipulation was expected to increase
students’ engagement levels even further, because teachers potentially
serve as role models for students and may, therefore, foster hope and
inspiration in students during the competition, particularly if they perform
(somewhat) better than their students [208]. Note that, although the
treatments were di�erent in nature, the overall objective was always the
same from the participants’ perspective—to collect as many points as
possible by performing the healthy activities prescribed in each specific
wave. The player, or team, with the greatest number of points at the end of
a wave (i.e., the absolute winner) was awarded a small gift (i.e., either a
medal or a stress ball). The following paragraphs describe the di�erent
treatments in detail. Table 7.1 displays how the treatments were distributed
across the participants. The rows distinguish between the three treatment
groups. In the columns, it can be read what treatment each treatment group
is assigned in a given wave.

Educational level
Wave

1 2 3 4 5 6

Educational level A SCS2a SCS1b SCS3c SCS2 SCS1 SCS3
Educational level B SCS3 SCS2 SCS1 SCS3 SCS2 SCS1
Educational level C SCS1 SCS3 SCS2 SCS1 SCS3 SCS2

a SCS2 = second social comparative setting; b SCS1 = first social comparative setting; c SCS3 =
third social comparative setting.

TABLE7.1: Distribution of treatments over participants and waves.

First social comparative setting: Intragroup competition
In the first social comparative setting (SCS1), students and teachers of a
treatment group (i.e., educational level) competed individually. In this
intragroup competition, players could read each other’s performance from
a leaderboard but could not see the actual activities, other than their own,
that were performed to accumulate this score in the newsfeed of the
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mHealth tool (figure 7.1a). Only the absolute winner was awarded a small
gift for this competition type.

Second social comparative setting: Intergroup competition
In the second social comparative setting (SCS2), students of a particular class
and their mentoring teachers joined forces to compete against other classes
within their treatment group (figure 7.1b). In this intergroup competition,
players could read their class’ performance (i.e., the average number of
points collected by the members of their class) on the leaderboard. In
addition, they could read their own contribution to the score of their class
relative to the contribution of their class members and mentors, but they
could not read the individual contributions of students and mentors of
other classes. Similarly, players could see the actual activities that others
performed to accumulate their score if, and only if, that player was within
their own class. At the end of the wave, the entire winning team was awarded
a small gift.

Third social comparative setting: Intergroup competition with an additional
dimension of comparison
The third social comparative setting (SCS3) closely resembled the second
treatment: this setting also featured an intergroup competition in which the
entire winning team was awarded a small gift at the end of a wave. In SCS2
however, students could not transparently compare their performance with
their teachers (other than their own mentoring teachers) because a
teacher’s score was concealed in the average score of the class they mentor
and can, therefore, not be read by students from other classes. However,
Lockwood and Kunda [208] argue that students can draw inspiration from
the act of comparing themselves with their teachers, especially if their
teachers (slightly) outperform them (i.e., triggering upward
comparison) [208]. Therefore, to allow students to compare themselves
with their teachers, SCS3 included two extra teams that were composed of
teachers only (figure 7.1c). These two teams included teachers who mentor
students from the two other treatment groups (i.e., the two other
educational levels). Therefore, in SCS3, students would collaborate with
their class members and mentoring teachers to compete against other
groups of students and teachers.
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(a) (b) (c)

FIGURE7.1: Leaderboard view of di�erent treatments (i.e., with students’ and class’
names removed for the sake of confidentiality): (a) displays the
leaderboard of the first social comparative setting, (b) of the second
social comparative setting, and (c) of the third social comparative setting.

7.2.4 Study procedures
At the start of the campaign, a kick-o� day was scheduled. Before this day,
teachers were introduced to the mHealth app and study context.
Subsequently, the teachers instructed their students on using the mobile
app. Throughout the kick-o� day, a dedicated support team was present to
assist students with installing the mHealth app. In addition, several
workshops were organized by the Public Health Services to introduce
students to topics such as healthy nutrition, the dangers of smoking,
alcohol abuse, and the use of drugs.

To keep the campaign under the attention of students for the entire 12-week
period, teachers were instructed to discuss their students’ progress in class
once a week. It was particularly suggested to review in plenary class sessions
the leaderboard and discuss the activities the students had performed over
the last week. This review could not take place in the third and fourth weeks
(i.e., the second wave) of the campaign owing to the spring break.
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7.2.5 Measurements
In mHealth, engagement is most commonly captured via passive measures
of app use [305]. Using the GameBus platform, engagement of participants
was repeatedly measured as (1) the number of days a participant had visited
the app, and (2) the number of unique activities a respondent performed.
These variables complement each other because the former may be limited
to passive engagement, whereas the latter requires active participation
(i.e., performing healthy activities). Note that our second outcome variable
measures the number of unique activities a respondent performed rather
than the total number of activities that were performed. The main reason is
that we aim to encourage preadolescents to adopt a multitude of healthy
routines, not just repeat a single routine (i.e., quality over quantity). However,
our results and conclusions did not di�er when analyzing the total number
of activities that respondents performed instead.

In addition, participants (i.e., students only) filled out a post-test survey
(i.e., see [350] for the actual survey) in which their propensity toward the
individual factors proposed by the social comparison model of
competition [121] was assessed. Specifically, students’ perception of
closeness to their teachers, students’ perception of closeness to their peers,
students’ perception of similarity to their teachers, students’ perception of
similarity to their peers, students’ perception of relevance of the prescribed
activities, and students’ personality were assessed. To assess their
personality, respondents completed a personality test in accordance with
the Big Five personality traits [129]. The post-test survey was completed by
112 students.

7.2.6 Statistical analysis
The first set of statistical analyses focused on the evaluation of dropouts.
A respondent is labeled as a (provisional) dropout if the respondent has
not visited the app in a given wave and is assumed to have lost interest
(i.e., dropped out) in the wave before. Several multiple regression models
were fit to determine whether the number of dropouts changed over time
and were di�erent for each treatment. Subsequent analyses were performed
on a subset of respondents who have participated in the study since the
start of the first wave.
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The second set of analyses focused on the evaluation of the engagement
levels of both students and teachers. To evaluate treatment di�erences,
further analyses were performed on respondents who actually had a chance
to get exposed to the treatment. Therefore, from the entire data set, a
subset was derived by preserving the combination of a particular
respondent and wave only if the respondent had ever checked the app in
that wave. Subsequently, several hierarchical linear models were estimated
for the two outcome variables (i.e., the number of days a participant had
visited the app and the number of unique activities a respondent had
performed) using time (i.e., wave number), holiday, and treatment as
predictors. We tested whether significant second-order interaction e�ects
existed among these variables. In all models, we allowed random intercepts
for both individuals and the classes they were in. The final model was
selected based on Akaike information criterion [302]. Next, in the final
models, posthoc tests using Tukey adjustments were performed on the
treatment variable. The same procedure was repeated to separately fit a
model for students and teachers.

Finally, the third set of analyses focused on evaluating the impact of
individual factors on engagement levels. Data on individual factors were
derived from a post-test survey that was filled out by students only and not
by teachers. Survey observations were linked via email addresses to
GameBus user accounts to match individual factors with engagement levels.
Although 112 students completed the survey, 10 responses could not be
traced back to actual users of the mHealth platform. Furthermore, to
evaluate the impact of individual factors, analyses were again performed on
respondents who had a chance to get exposed to the treatment. Therefore,
from the entire data set, a subset was derived, preserving the particular
respondents that had checked the app over the course of the entire
campaign at least twice, leaving 67 respondents in the data set for further
analyses. Note that, in contrast to the second set of analyses, data are now
aggregated over the course of the entire campaign and not per wave.
Subsequently, several multiple regression models were fitted for the two
outcome variables using the 10 individual factors as predictors. On the
basis of Akaike information criterion, a backward selection procedure was
used to select the final model [302].
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7.3 RESULTS
7.3.1 User statistics
In total, 313 unique participants, including 290 students (92.7%) and 23
teachers (7.3%), participated in the study. Educational level A included 61
students and 6 teachers, educational level B included 110 students and 9
teachers, and educational level C included 119 students and 8 teachers.
Figure 7.2 displays the degradation of the number of participants who
checked the mobile app during a given wave. The number of participants
who joined the campaign for the first time in a given wave is displayed in
green. The number of participants that dropped out in a given wave is
shown in red. The number of participants who checked the mobile app in a
given wave, although they dropped out in an earlier wave (i.e., reclaimed
users), is displayed in yellow. It was found that students tended to drop out,
especially at the beginning of the campaign (i.e., the wave number was
significant at p = .003) and during holidays (p = .04). No significant
di�erences in dropout rates within treatments were detected. Therefore, it
is assumed that dropouts are spread equally over treatments.
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FIGURE7.2: Number of participants who checked the app (at least once) per wave.
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7.3.2 Analysis of objective engagement data
A total of 3 respondents only joined in the third wave and, therefore, were
excluded from further statistical analysis, leaving a total of 99% (288/290)
of students and 95.5% (22/23) of teachers in the data set.

Impact on the average number of days visiting the app
Figure 7.3 displays the number of days participants were visiting the app on
average, per treatment.
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FIGURE7.3: Mean plot of the number of days participants visited the app per
study arm. SCS1: first social comparative setting; SCS2: second social
comparative setting; SCS3: third social comparative setting.

From the second set of statistical analyses, it was found that students’
engagement dropped over time (i.e., -0.740 days visiting the app per wave;
P<.001) and also declined during holidays (i.e., -0.595 days visiting the app;
P<.001). In addition, it was found that students in SCS2 were significantly
(P<.001) visiting the app more often (i.e., +0.469 days) than students in SCS1.
Further, students in SCS3 were visiting the app more often (i.e., +0.215 days)
than students in SCS1; however, this di�erence was not significant. Finally,
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students in SCS2 were visiting the app more often (i.e., +0.255 days) than
students in SCS3; however, this di�erence was not significant. No significant
interaction e�ects were detected, and all treatments were equally impacted
by holidays and time.

From the second set of statistical analyses, it was also found that teachers’
engagement also decreased over time (i.e., -0.763 days visiting the app per
wave; P<.001). No additional significant (interaction) e�ects were observed.
Teachers in SCS2 seemed to be visiting the app more often (i.e., +1.250 days)
than teachers in SCS1, teachers in SCS1 seemed to be visiting the app more
often than teachers in SCS3 (i.e., +0.173 days), and teachers in SCS3 also
seemed to be visiting the app less often (i.e., -1.423) than teachers in SCS2;
however, none of these di�erences were reported to be significant.

Impact on the average number of unique activities
Figure 7.4 displays the average number of unique activities that participants
performed per treatment (i.e., see [350] for an overview of the number of
times students and teachers performed each prescribed activity).

From the second set of statistical analyses, it was also found that the
number of activities students performed decreased over time (i.e., −1.249
activities per wave; p < .001) and during holidays (i.e., −2.611 activities;
p < .001). In addition, it was found that students in SCS2 performed, on
average, more unique activities than students in SCS1 (i.e., +0.457 activities);
however, this di�erence was not significant. Students in SCS3, on the other
hand, performed fewer unique activities, on average, than students in SCS1
(i.e., −0.611 activities); however, this di�erence was not significant. Students
in SCS2 performed significantly more activities, on average, than students in
SCS3 (i.e., +1.068 activities; p = .004). No significant interaction e�ects
were detected; all treatments were equally impacted by holidays and time
(i.e., wave number).

From the second set of statistical analyses, it was found that the number of
activities teachers performed also decreased over time (i.e., −0.067 activities
per wave; p < .001). Teachers, on average, performed fewer unique activities
during holidays (i.e., −0.019 activities); however, this di�erence was not
significant. In addition, teachers in SCS2 performed more unique activities
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FIGURE7.4: Mean plot of the number of unique activities participants have registered
per study arm. SCS1: first social comparative setting; SCS2: second social
comparative setting; SCS3: third social comparative setting.

than teachers in SCS1 (i.e.,+1.227 activities; p = .04); teachers in SCS3 seemed
to have performed slightly more unique activities than teachers in SCS1
(i.e., +0.035 activities), although this di�erence was not significant; and
teachers in SCS2, on average, performed more unique activities than teachers
in SCS3 (i.e., +1.192 activities; p = .09), although this di�erence was only
close to significance.

7.3.3 Analysis of subjective engagement data
Impact on the average number of days visiting the app
To analyze the impact of individual factors on the average number of days
participants checked the app, the model selection procedure selected a final
model with four predictors. From this final model, it was found that students’
perception of closeness to their teachers had a positive impact on the
average number of days they were visiting the app (i.e., +1.162 days; p = .03).
In addition, it was found that the personality traits conscientiousness (+1.444
days; p = .02) and openness to experience (+1.398; p = .09) had a positive
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impact on the number of days students checked the app, although the
impact of the latter personality trait was not significant. Finally, it was found
that the personality trait extraversion had a negative impact on the number
of days students were visiting the app (i.e., −0.743 days; p = .03).

Impact on the average number of unique activities
To analyze the impact of individual factors on the average number of
unique activities performed by participants, the model selection procedure
selected a final model with three predictors. In particular, it was found that
the students’ perception of closeness to their teachers had a positive
impact on the number of unique activities they performed (i.e., +0.095
activities; p = .002). On the other hand, it was also found that the students’
perception of closeness to their peers had a negative impact on the number
of unique activities they performed (i.e., −0.103 activities; p = .002). Finally,
it was found that the students’ perception of the relevance of the
prescribed activities had a positive impact on the number of unique
activities they performed (i.e., +0.047 activities; p = .05).

7.4 DISCUSSION
7.4.1 Principal findings
The aim of this study is to evaluate the implementation of social
comparison (i.e., either fostering intra- or intergroup comparisons) that is
most e�ective in engaging preadolescent students in a health promotion
campaign. Overall, our results indicated that students seem to monitor the
intergroup competitions (i.e., SCS2 and SCS3) more closely than the
intragroup competition (i.e., SCS1), as they, on average, checked the
mHealth app more often when engaged in team-based comparisons. This
result supports our hypothesis that an intergroup competition, with both its
collaborative and competitive aspects, can better sustain engagement of
students with an mHealth intervention than an intragroup competition,
which involves only competitive aspects. In an intergroup competition,
active players are more likely to discuss the position of their class on the
leaderboard and encourage other class members to engage in the
competition, as their own success (i.e., winning the competition) depends
on the performance of their class members. On the other hand, in an
intragroup competition, it would have actually been beneficial for a student
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to be the only active player, as only the absolute winner would receive a
small gift. Therefore, active players in the intragroup competition had no
incentive to encourage other players to engage in the competition. Finally,
the number of competitors was lower in the intergroup competitions than
in the intragroup competition, which may have intensified the competition
(i.e., according to the N e�ect [120, 345]).

In addition, it was found that students did, on average, complete
(significantly) more unique activities in SCS2 (compared with SCS1 and SCS3).
However, students in SCS3 completed fewest unique activities on average,
whereas we expected that SCS3 would trigger, on average, the highest
adoption of healthy routines, as we had introduced an additional
comparative element in this setting (i.e., by explicitly highlighting the
performance of teachers).

In summary, we found that students adopted the most healthy routines in
an intergroup competition and the fewest healthy routines in an intergroup
competition. As a result, it is di�cult to explain the di�erence between SCS2
and SCS3 based on the number of competitors or incentive structure because
these were similar in both cases. However, this unexpected result may be
explained by other factors. On the one hand, this result may be explained
by the locked variable educational level. As we had to select a randomized
block approach (i.e., based on students’ educational level) to distribute our
treatments and given that the majority of our data were collected in the first
wave (e.g., due to increasing dropout over time), the crossover study design
may not have prevented that the impact of a certain treatment is bound to
a specific educational level.

On the other hand, the di�erence between the average number of unique
activities that students performed in SCS2 and SCS3 may be explained by
examining the teacher’s performance in more detail; a plausible
interpretation is that an intergroup competition, in which students
cooperate with their mentoring teachers to beat other classes, requires
actual involvement of the same mentoring teachers. The discrepancy
between SCS2 and SCS3 may then be explained by the fact that teachers
completed (significantly) more unique activities, on average, in SCS2 than in
SCS3 and SCS1. The fluctuations in the number of activities teachers
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performed were not controlled for; however, in a social comparative setting
where students are likely to draw inspiration from their teacher’s
actions [208], these coincidences can have an e�ect. By coincidence,
teachers did not perform many activities in SCS1. Still, in this intragroup
competition, students were probably su�ciently motivated by other active
students to perform the healthy routines. It so happened that teachers
were also passive in setting SCS3; although in this intergroup setting, their
behavior probably demotivated students (who depended on them to pull
up the class average and inspire other passive students in their class). It so
happened that, compared with those in both SCS1 and SCS3, the teachers in
SCS2 were actually, on average, performing (significantly) more unique
activities. As a result, these teachers could have inspired their students,
which explains the higher number of unique activities students performed
on average.

Furthermore, when evaluating the individual factors that have influenced
students’ engagement levels, it was found that students’ perception of
closeness to their teachers had a positive impact on the average number of
days they were visiting the app and the average number of unique activities
they completed. It is likely that students who feel closer to their teachers
participate more actively because their teachers have especially invited
them to participate. This result supports the claim that teachers potentially
serve as positive role models for students [261].

On the other hand, it was also found that students’ perception of closeness
to their peers had a negative impact on the number of unique activities
they performed. Furthermore, in accordance with the findings of Beach and
Tesser [25], it was found that students’ perception of the relevance of the
prescribed activities had a positive impact on the average number of unique
activities students performed. It was also found that the personality trait
conscientiousness had a positive impact on the average number of days
students checked the mHealth app. However, in contrast to the findings of
Buunk and Gibbons [40], it was found that the personality trait openness to
experience actually had a positive impact on the number of days students
checked the app. This may be explained by the context in which our study
was executed; the health promotion campaign was advertised as a rather
alternative form of education and is, therefore, likely perceived by students
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as something new. Finally, it was found that the personality trait extraversion
had a negative impact on the number of days students were visiting the
app. The negative impact of extraversion on students’ engagement may be
explained by the observation that extraverts are more easily bored [123] and,
therefore, quit the mHealth intervention earlier than introverts.

Finally, it must be noted that engagement levels with the intervention
dropped faster over time than expected. The spring break seemed to have a
dramatic impact on students’ engagement levels. In addition, teachers
seemed to have been unable to drag their students’ attention back to the
health promotion campaign after the holiday period, although their role
was implied to be important in raising campaign awareness.

7.4.2 Study limitations
This study did not actively control fluctuations in the engagement levels of
teachers (e.g., the number of activities they performed). The diverse behavior
of teachers has likely influenced the engagement levels of students to some
extent. In addition, as the focus of this study was on students’ engagement,
teachers did not fill out the post-test survey, which means that no qualitative
data were collected on how they perceived the di�erent treatments. Finally,
no data were recorded on the number of reviews of the app’s leaderboard
teachers had actually hosted during plenary class settings.

Furthermore, although students did fill out the post-test survey, the degree
of social relationships between the students was unclear at the start of
the experiment. As a result, we could not assess what preadolescents were
befriended, what students were most popular, and what teachers were
beloved. Potentially, this analysis could have helped to target the most
influential subjects and drag their attention back to the health promotion
campaign after the spring break. Presumably, the most influential subjects
could have also triggered the others to continue active participation.

Another weakness of this study is that social comparison was not studied in
complete isolation (e.g., some external rewards were provided as well). We
kept the additional incentives stable across the treatment groups. Still, it
is interesting to evaluate social comparison without any other incentives
(e.g., without the small gifts that were distributed in this study) to obtain a
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better estimate of the true impact social comparison has on engagement
levels with an mHealth app.

Similarly, this study evaluated the impact of our intervention on a particular
target group (i.e., preadolescents) within a specific context (i.e., the school
environment). It is likely that the results will translate to other audiences
and contexts because social comparison and its derivatives are universal
processes [105, 121, 125]]; however, it remains unclear what its impact on
health behavior would be in di�erent settings.

7.4.3 Future work
A follow-up study should control the engagement levels of teachers (e.g., by
controlling the number of activities they perform) to analyze the exact
impact of either passive or active teachers in intragroup and intergroup
competitions. Further research is also needed to evaluate whether teachers
are su�ciently strong positive role models for preadolescents. It has been
demonstrated that social media influencers can serve as alternative role
models by, for example, enhancing the dissemination of public health
messages [135]. Therefore, a follow-up study could potentially benefit from
social media influencer involvement. Finally, future studies may have
students create their own teams (e.g., in intergroup competitions). It was
observed that people interact with di�erent social networks (e.g., a network
of people for physical interaction and a network of people for sharing
web-based messages) [364]. It would be interesting to investigate what type
of network (i.e., social comparative setting) is most e�ective in promoting
the adoption of health routines among preadolescents.

Finally, we encourage studies evaluating persuasive strategies other than
social comparison in this target population, such that we can compare the
impact of individual intervention strategies on preadolescents. We suggest
that scholars should also conduct these studies within a relatively safe
environment for preadolescents, such as their high schools. Although
mHealth tools are deployed to promote something good in its users (i.e., a
person’s health), the persuasive nature of intervention strategies may
potentially threaten an individual’s freedom of conduct. Ethical guidelines
for developing moral mHealth tools for preadolescents are still in their
infancy. Dedicated research within the ethics community is trying to answer
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questions on the moral aspects of the development of mHealth tools [112],
and guidelines for developing moral artificial intelligence interventions are
emerging [341], which may also apply to specific mHealth interventions. We
welcome additional ethical guidelines for the development of mHealth
tools and the execution of empirical studies to evaluate these tools.

7.5 CONCLUSIONS
When using social comparison to engage preadolescents in a health
promotion campaign using an mHealth app, an intergroup
competition—rather than an intragroup competition—can increase
preadolescents’ passive engagement with mHealth apps. However, an
intergroup competition, as compared with an intragroup competition, does
not necessarily result in preadolescents performing more unique activities
on average. The active involvement of a role model (e.g., a teacher) can
influence the average number of unique activities preadolescents perform
in an intergroup setting. For example, if the role model is active,
preadolescents seems more likely to actively participate as well, because
preadolescents are likely to draw inspiration from the actions of their role
models. Moreover, preadolescents’ perception of closeness to their role
model seems to amplify this e�ect.

From this study, it is concluded that HPS interventions can use social
dynamics to engage preadolescent students in healthier routines. However,
additional behavior change strategies seem necessary to sustain students’
engagement over time. In this process, an especially important role seems
reserved for the teachers who serve as role models for their students and
can potentially inspire them if they are actively involved in the HPS
intervention themselves as well.
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S E T T I N G O N L I N E S T I M U L AT E S U S E R E N G A G E M E N T

This chapter has been adapted from: Zhang, C., Van Gorp, P. M. E., Derksen, M.,
Nuijten, R. C. Y., IJsselsteijn, W. A., Zanutto, A., Melillo, F., and Pratola, R.,
“Promoting occupational health through gamification and e-coaching: A
5-month user engagement study”, International Journal of Environmental
Research and Public Health, vol. 18, no. 6, 2021, doi: 10.3390/ijerph18062823.

8.1 INTRODUCTION
8.1.1 Research context
In the modern Western society, many people spend roughly one-third of
their time on weekdays at their workplace [71]. As a result, the behaviors
one engages in at work (e.g., sitting at a desk, or drinking sugar-sweetened
beverages during breaks) should have a significant impact on people’s
health statuses. Unfortunately, the design of modern-day workplaces may
inconspicuously elicit several health risks (e.g., type-2 diabetes, and
hypertension). For example, people with more knowledge-intensive jobs
typically engage in long bouts of sedentary behavior throughout their
workday, as these o�ce workers spend most of their working hours seated
in front of computer screens [98, 171, 266]. People with more labor-intensive
jobs on the other hand, are generally exposed to health risks as well:
Although the nature of their jobs forces them to move more, the
monotonous nature of physical behaviors they engage in do not actually
contribute to their health status. Moreover, job-related stress is common in
many occupations (i.e., from o�ce work, to more labor-intensive work),
which may undermine both mental and physical health [119, 124, 316, 336].
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As these health issues become increasingly salient, employers become
aware that occupational health promotion is of utmost importance. In fact,
already in 2001, an expert committee from the US Institute of Medicine
recommended that “work site interventions and evaluations are needed to
promote behavioral change [...], and increase healthy environments” [319].
The committee also highlighted that such interventions should take into
account multiple intervention components, such as “individual-level
attributes, family and neighborhood factors, and environmental and social
policies” and intervention strategies, such as “social support and social
norms” [319]. Promising initiatives include the Health Promoting Workplace
task force by the World Health Organization [169] and the Total Worker
Health program by the National Institute for Occupational Safety and
Health [308]. Moreover, several other organizations and private companies
started to employ health promotion programs, and contributed to research
on the topic (e.g., see [38, 212, 270, 314]).

However, occupational health promotion has remained challenging. For
example, it has been widely acknowledged among researchers that solely
advertising the importance of a healthy lifestyle and informing people on
the requirements of a healthy lifestyle is typically insu�cient to promote
actual health behavior [102, 230, 241]. Nevertheless, a promising
development in this area is the use of gamified mHealth apps to promote
heath behaviors among individuals [5, 62, 133, 192]. In gamification, game
mechanics are employed outside game contexts in order to motivate
participation, engagement, and loyalty [82, 166], by leveraging people’s
natural desires for autonomy, competence and relatedness [298]. This
unique potential to foster (intrinsic) motivation makes gamification
techniques promising for increasing engagement with occupational health
programs [145]. State-of-the-art mHealth apps are sophisticated enough to
incorporate multiple such intervention strategies, or gamification
techniques, to engage users with their health goals [95]. These apps have
been demonstrated to e�ectively promote health behaviors in specific
contexts [176, 303, 373], although their long-term benefits are still under
debate [326]. In this study, we will employ a gamified mHealth app in an
occupational setting, and explore some of the unique challenges and
opportunities that arise from applying gamification techniques in this
context.
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8.1.2 Related work
Over the past decade, many (digitized and gamified) occupational health
programs have been successfully employed at worksites, for example, to
improve dietary intake [258, 271], advertise smoking cessation [333], and
promote cycling [230]. Two promising persuasive strategies that these
studies reported on were: (1) applying social dynamics (i.e., motivating
others, or being motivated by others), and (2) personalization (i.e., tailoring
an intervention to personal preferences). Millonig and colleagues [230]
found that social dynamics had a very strong e�ect on participants,
suggesting that emotional aspects (e.g., team spirit, and fun) have greater
potential to encourage participants to adopt health behaviors than more
rational strategies (e.g., warning participants that their current behavior
yields negative health outcomes). Additionally, Oenema and
colleagues [258] argued that the positive impact of their personalized,
web-based intervention on dietary intake may be partly explained by the
perceived personal relevance and individualization of the information. The
meta-analysis by DeSmet and colleagues [81] supports this claim by
recognizing that personalized interventions are more e�ective than their
non-tailored counterparts.

Recent studies have tried to isolate aspects of occupational health programs
at a more fine-grained level, in order to find the exact mechanism that
triggers behavior change in its participants. For example, it has been found
that in the context of an occupational health program, computer-tailored
coaching messages do strongly influence the behavioral intentions that
people make, but further work is needed to let these nudges trigger actual
behavior [316]. Furthermore, it has been demonstrated that particularly
tangible rewards may be adopted to engage participants in an occupational
health program, although further research is needed to reach consensus on
the type of reward that is most e�ective [314]. This study aims to uncover
particularly the social aspects that trigger behavior change in occupational
health programs by evaluating a gamified intervention that fosters social
comparison and includes personalized digital coaching.

To evaluate whether mHealth app users actually progress toward their
health goals over time, the Transtheoretical Model of Behavior Change is
commonly used in gamificaiton research [146]. This scientific theory was
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originally developed for understanding (and changing) addictive behaviors
(e.g., smoking), but its most notable contribution is the identification of
di�erent stages in behavior change processes [277]. A behavior change
process (e.g., smoking cessation) is assumed to include phases of: (1)
precontemplation (e.g., not recognizing smoking as a health risk), (2)
contemplation (e.g., being aware that smoking is a health risk), (3) planning
(e.g., planning to quit smoking), (4) action (e.g., actively controlling the urge
to smoke), and (5) maintenance (e.g., maintaining a streak of days without a
smoke). Note that a subject may not necessarily progress linearly through
these stages, as the model acknowledges that one may relapse to earlier
stages (e.g., from maintenance, to planning).

8.1.3 Research case
In this study, we designed an occupational health program using a gamified
mHealth app. The gamified program was designed to address some of the
challenges and opportunities that are specific to health promotion in
occupational settings. For example, occupational contexts provide a natural
and meaningful setting for social interaction and social comparison [319],
which may be reinforced through gamification (e.g., through the use of
leaderboards). A social mHealth app could prompt employees to compete
against their colleagues to achieve their health goals. However, what may
be challenging in that scenario is to ensure the competition is fair [6].
Particularly, employees are likely to be very di�erent in terms of baseline
health statuses, and consequently, are likely to have heterogeneous health
goals. For example, a 50-year-old manager with a chronic health condition
may want to eat fruits on a more regular basis during lunch breaks, whereas
a young intern in his/her twenties may be especially willing to make use of
the in-company fitness facilities more often. The diversity of goals may lead
to unequal opportunities and/or rewards, if the gamification architecture is
not properly designed, which potentially decreases employee motivation
and engagement with the program [198, 304]. While it is possible to create
sub-group competitions, it is more interesting to explore whether a creative
design can enable users with di�erent goals to compete in the same
program (e.g., through asymmetrical game design, see [160]). Moreover, in
an occupational health promotion program, preserving employee privacy is
key [218]. Given the sensitive nature of health data in general, employees
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may not want their colleagues to access their health goals (e.g., to lose a
certain amount of weight, or to reduce alcohol consumption), nor the
health behaviors they engage in. Meanwhile, employee privacy may be
further compromised if their health data is disclosed to their managers. For
example, it has been found that online, personal profiles and traces on
digital media (e.g., Facebook’s newsfeed) can severely influence one’s
career prospect [257]. Hence, privacy protection is a strict requirement
when employing a social mHealth app in a corporate setting, although it
adds to the challenge of making a transparent and fair game. In this study,
we have aimed at designing a program that is social, but at the same time
privacy-preserving and fair. To that end, we have employed an innovative
two-level design, with personal health goals at the individual level (i.e., the
first layer) and social goals at the organizational level (i.e., second layer). At
the first layer, individual employees recorded their personal health goals. At
the second layer, the personal goals of the first layer were translated into a
unified point system, that awarded points to participants for performing
health behaviors that contributed to their personal goals (i.e., without
enclosing to other subjects the participant’s goals or health behaviors).
Using that unified point system, participants could compare their
performance with each other (i.e., using a leaderboard).

Additionally, occupational settings provide an opportunity to personalize a
health promotion program (i.e., without personalized support, people often
fail to translate their health goals and intentions to actions because of
temptations, lack of self-control, or bad habits [371]). Particularly, large
organizations usually employ one or more occupational physicians, who
(i.e., in an European context): (1) assess for a company the (potential) health
risks that the company exposes its employees to, and (2) monitor the health
statuses of individual employees. In theory, these physicians can augment a
gamified mHealth app (e.g., and tailor a health promotion program toward
the needs and preferences of employees) in many ways, including
goal-setting consultancy, online diet and exercise coaching, and relapse
prevention. Moreover, they are usually trusted by the employees from their
organization. Digital systems, in turn, give these physicians an opportunity
to interact closer with their clients, at the cost of marginal additional e�ort.
In the past, it has been observed that one-on-one human coaching is not
scalable. However, with recent advances in mobile development, sensor
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networks and Internet of Things solutions (i.e., the fourth industrial
revolution, also known as Industry 4.0), one-on-one human coaching may
actually be e�ciently scaled [17]. Nonetheless, despite this their potential
added value, it remains unclear to what extent occupational physicians
should be involved in gamified mHealth programs, from the perspective of
both e�ectiveness and costs. Therefore, in this study, we explore what role
an occupational physician can play in a digital occupational health program.
Particularly, the physician supported employees in setting their health goals
(i.e., in the domains of dietary intake, physical activity, alcohol consumption,
smoking, and/or weight management) at the start of the program.
Moreover, they continuously monitored employee performance, and
stimulated employees to attain their goals through motivational messages
(i.e., one-way communication, from the coach to the participant).

We have evaluated the occupational health program in an observational field
study at a Dutch university, wherein participants engaged with our gamified
mHealth app for a period of 5 months (i.e., 20 weeks) in their natural working
and home environments. Through this field study we have aimed to: (1)
observe the impact on user engagement levels of the gamification features
that we employed, as well as of the involvement from the occupational
physician, and (2) study the health impact of the program with real users, in
an actual occupational setting.

8.2 METHODS
8.2.1 Recruitment
We have executed our study at a Dutch university with a population of
roughly 3,000 employees, between July and December 2019. Most
employees were highly educated, and many were relatively accustomed to
digital technologies. As is plausible in any research institute, at our host
organization, occupational health was likely a salient problem, mainly
because of the long hours workers would typically be sedentary and the
high work pressure that is prevalent in academia. At the university level,
there were occasional short-term health programs for employees to engage
with, but there was no (centrally coordinated) mHealth program to support
employee health on a more regular basis. We recruited our participants
through promotional messages (i.e., via email, and flyers). The program was
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advertised as an opportunity to engage with a novel mHealth app and be
supported by a professional lifestyle coach (i.e., an occupational physician).
For compensation, participants were rewarded an activity-tracking wearable
(i.e., Xiaomi Mi Band 3), which was also used for automatically tracking
physical activities during the study.

Participants’ personal data were controlled and processed according to the
General Data Protection Regulation under the law of the European Union
(GDPR) and Dutch laws for data protection. Personal data was stored on a
dedicated server during the study, and removed after the study had
terminated. Participants were provided with a detailed explanation of our
data management plans, privacy policy and terms and conditions. It must
be noted that an occupational physician had access to participants’ data,
but only during the actual study period, for the purpose of coaching. In
treating the participants in this study, we strictly complied with the ethical
principles outlined in the Declaration of Helsinki [363]. The study was also
approved by the local ethical committee at the participating university
(study number 944).

8.2.2 Intervention context
For this study, we have designed an occupational health program using the
mHealth platform GameBus (e.g., see www.gamebus.eu). This platform was
especially designed for health promotion and provides a highly
configurable gamification engine that can be used to host multiple
experimental designs on a single platform. Using this platform, an mHealth
app was compiled that employed a number of theory-based intervention
strategies, or behavior change techniques [1]. Particularly, the app
employed strategies to: provide information, prompt goal setting, prompt
self-monitoring, provide contingent rewards, provide feedback on behavior,
and provide opportunities for social comparison [1]. Figure 8.1a illustrates
the overall architecture of our mHealth app. Throughout the intervention
period, employees (i.e., coachees) interacted with the app to monitor their
own goals and collect virtual points by registering their health behaviors in
our app (e.g., see figure 8.1b). Subsequently, users could track their own
progress, for example by comparing the number of points they had
obtained with other participants using a social leaderboard
(e.g., see figure 8.1c). Moreover, participants could track the progress of their
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peers, for example trough the social leaderboard, but also through a social
newsfeed which showed an entry for each activity from any participant.
Such entries could be liked or commented upon in a manner similar to
mainstream social media platforms such as Facebook and Instagram.

(e.g., set goals, send messages)
Provide coaching

(e.g., dietary intake, weight loss)

(e.g., food diary, exercise)

Monitor employee data

(e.g., points, messages)
Receive feedback

Register health behaviors

Employee

Physician

(a) (b) (c)

FIGURE8.1: (a) displays the overall system architecture, (b) displays a user’s goals
and progress, and (c) displays the social leaderboard.

Throughout the program, the occupational physician (i.e., coach), monitored
employee data to provide coaching through motivational messages
(e.g., see figure 8.1a). Also, the physician assisted users in setting their goals
at the start of the program. To assist participants in setting their health
goals, employees who registered themselves for the study were invited to
attend an intake meeting (i.e., with 2–3 other participants, for a duration of
roughly 30 minutes). During this meeting, participants were informed on
the study setup through an 8-minute presentation and invited to ask
questions if the setup was unclear to them. Subsequently, participants read
and signed two consent forms (i.e., one on the study setup, and one on
privacy and data management). After providing their consent, participants
individually completed three procedures (i.e., in parallel). The first
procedure included a conversation with the occupational physician to
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assess the subject’s current lifestyle, and determine a set of personal
health goals to strive for in the next 5 months. Meanwhile, the physician
also created a user account for the participant, and recorded his/her health
goals in the system. In the second procedure, the participant was
introduced to the features of our mHealth app, and informed on the use of
the wearable to automatically track his/her physical activities. During the
third procedure participants formulated implementation intentions.
Implementation intentions spell out the when, where, and how of a target
behavior in advance, and are e�ective vehicles to promote a target
behavior, as well as to shield ongoing behavior change pursuit from
unwanted influences [131, 132]. In our case, participants formulated an
implementation intention to record their dietary intake in our app
(e.g., “Every day, before I go to sleep, I will register my dietary intake in the
mHealth app”). Participants were instructed to, consecutively, write down
their implementation intention, to imagine themselves engaged in the
behavior (i.e., for one minute), and then sign the document. Participants
were rotated to go through all three procedures before leaving the intake
meeting. Finally, all participants took a pre-test survey.

8.2.3 Study design
Using our gamified mHealth app, we have especially aimed to create an
occupational health program that leveraged the natural opportunity of
occupational contexts to exploit social interaction and social comparison
in order to promote health behaviors among employees. However, social
gamification (e.g., a competition using leaderboards) in occupational settings
is prone to issues of fairness (i.e., due to the heterogeneous nature of health
goals) and privacy (i.e., due to the sensitivity of health data). Hence, we
have employed an innovative two-level health goal architecture to reassure
that the competition would be perceived as fair, and that employee privacy
would be preserved. At the first layer, the personal health goals of individual
employees were recorded. Users could register in the app behaviors that
contributed to their health goals, and were awarded virtual points for doing
so. The points at the first layer were e�ectively a measure of progress
toward a goal (e.g., displaying a user obtained 50 of 100 points for a specific
health goal). At the second layer, the personal goals of the first layer were
translated into a unified point system, that awarded points to participants
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for performing health behaviors that contributed to their own personal
goals. Particularly, at this layer, users received a point every time they
performed a behavior that contributed to their own personal goals at the
first layer (i.e., points at the second layer were e�ectively a measure of
goal compliance). The total number of points individual participants had
obtained throughout the study were displayed on a social leaderboard. The
social leaderboard was refreshed every month, and the three participants
with the highest number of points were awarded small gifts (i.e., either a
drinking bottle, or co�ee mug).

Additionally, in our program, the occupational physician played a pivotal role
in making sure the program was perceived as fair. Particularly, at the start
of the campaign, the physician set the personal health goals of individual
participants (i.e., during the intake meeting). The physician set personalized
health goals at the individual level (i.e., the first layer), and assigned a
number of virtual points for di�erent behaviors that contributed to that
goal in such a way that would make for a fair competition at the social
level (i.e., the second layer). Note that the system was very flexible. Not
only was the system flexible in terms of types of goals that were allowed
(e.g., some employees may have selected goals that were related to physical
activity and dietary intake, while other employees may have chosen to focus
on their alcohol consumption exclusively), but also in terms of temporal
granularity of goals. For example, besides concrete and short-term goals for
performing certain actions (e.g., daily fruit intake, or physical exercise), users
could have long-term weight-loss goals and the mHealth app would reward
them for incremental weight losses throughout the program. Furhtermore,
to preserve employee privacy (i.e., given the sensitive nature of health data,
especially in an occupational setting), the health behaviors that employees
registered in our app did not show up directly in the app’s newsfeed. Rather,
participants could see in the newsfeed whomever had scored points for
the social leaderboard (i.e., at the second layer), but could not review the
details of the underlying health behavior (i.e., at the first layer) that their
peer had performed to be eligible to be awarded points at the second level.
Through this design choice, we have made sure not to disclose health goals,
nor health behaviors, at the second layer.
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Meanwhile, the occupational physician could review participants’ health
data using the coaching dashboard. This design choice was required to allow
the physician to send personalized motivational messages to participants
throughout the program, in order to stimulate them to attain their health
goals. The system included several predefined message templates, but the
physician was also free to compose original messages. We have not enforced
strict rules on the frequency or number of messages the physician was
supposed to sent. Lastly, every month, the physician sent to all participants
an elaborate educational message via email on changing a specific lifestyle
behavior (e.g., avoiding sugar-sweetened beverages).

8.2.4 Measurements
Measures were collected from our mHealth app, a pre-test and post-test
survey, and interviews. From our mHealth app, we recorded: (1) the number
of health behaviors participants registered in our app, as well as (2) the
number of virtual points participants scored on the social leaderboard
(i.e., at the second layer). Additionally, a pre-test survey was employed to
collect demographic information on: gender, age, education, a�liation to
the host university, and experience with mHealth apps. Furthermore, in
both the pre-test and post-test survey, we used a scale adapted from [213,
277] to determine a participant’s stage of change for each of the following
health domains: physical activity, dietary intake, alcohol consumption, and
smoking. For example, to estimate the stage of change of a participant’s
physical activity level, the participant responded “yes” or “no” to the
following four statements: (1) “I am currently paying attention to become
physically active”, (2) “I intend to pay more attention to become more
physically active”, (3) “I currently engage in regular physical activity”, and
(4) “I have been engaged in regular physically activity for the past six
months”. Then, if a participant answered the second statement with “yes”, a
participant was assumed to be in the planning phase for behaviors of
physical activity. If all four statements were answered with “no”, a
participant was assumed to be in the precontemplation phase. Based on a
participant’s pre-test and post-test survey responses, respectively, a change
score has been calculated per health domain. We computed a change score
for each participant, for each health domain. For example, a participant
would be attributed a change score of 1 if the participant progressed from
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action (i.e., stage 4) to maintenance (i.e., stage 5), or of -2 if the participant
ceased from planning (i.e., stage 3) to precontemplation (i.e., stage 1).
Moreover, the post-test survey, was used to evaluate the impact of the
occupational physician using two custom 7-point Likert scales (i.e., ranging
from “Not at all useful”, to “Very useful”). The items assessed the physician’s
impact on user engagement levels through: (1) setting personalized health
goals at the start of the program, and (2) sending motivational messages
throughout the program, respectively. Also, we asked participants to
express to what extent they appreciated (or disliked) the one-way
communication design (i.e., from the physician to the participant), as well
as to express the impact on their user engagement levels of this design
choice. Finally, 12 participants with varying levels of engagement during the
study were invited to an individual 30-minute semi-structured interview.
Two additional participants were invited to a 1-hour group interview
session, joined by the physician. Interview questions focused on the
perceived benefits of the mHealth app in their goal achievements and their
experience concerning interactions with the physician.

8.2.5 Statistical analysis
We tested whether participants had positive progress in their stages of
behavior change in two ways. First, at the group level, for each health
domain, a Fisher’s exact test was used to determine whether the distribution
of participants’ stages di�ered significantly before and after the study period.
Second, we examined behavior change progress at the individual level.
One-sample t-tests were used to test whether the participants’ change
scores were larger than zero on average, which would indicate positive
progress. For the two questions about participants’ communication with
the physician, we looked at the distributions of the answers and also used
paired t-tests to examine potential di�erence between their evaluations
for initial engagement and long-term adherence. All statistical tests were
two-tailed and an alpha level of 0.05 was used. All analyses were performed
using the R programming environment, version 3.63 [282]. Lastly, interview
data were analyzed following a deductive thematic analysis approach [141].
We first transcribed the interview data and then organized the transcript
in Microsoft Excel per interview question. The data were then coded and
themes were extracted for each interview question. The themes that we
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identified are reported in the Results section and are illustrated with actual
quotes from participants.

8.3 RESULTS
8.3.1 User statistics
A total of 61 university employees signed up for the study, but 5 withdrew at
various stages of the study and 3 did not complete the surveys, leaving 53
participants to be included in the data analyses. The eventual sample
consisted of 18 females and 35 males and they were between 25 and 57
years old (mean age = 32.7). About half of the participants were Ph.D.
candidates (56.6%), and others held positions as non-scientific sta� (20.8%),
PD Engineering trainees (13.2%), post-doctoral researchers (5.7%), and
tenured scientific sta� (3.8%). The sample was highly educated, including 6
with a doctoral degree, 41 with a master’s degree, 1 with a bachelor’s degree,
2 with a degree from universities of applied sciences (i.e., in Dutch: HBO),
and 3 with a secondary vocational education. About half (54.7%) had used
one or more mHealth apps, prior to the study. Of those who were
experienced mHealth users, 55.2% stated that their app(s) had helped them
in the past to achieve their health goals, 31% considered the benefits
limited, and 13.8% reported that the app(s) had not supported them.

8.3.2 Analysis of objective engagement data
Figure 8.2 displays the objective engagement levels with our mHealth app.
User engagement, as measured by the average number of data entries per
participant (e.g., a food entry, or a physical activity that was automatically
detected by the self-tracking wristband), decreased over the first five weeks
from 37 to around 5 and remained more or less stable at this level for the
remainder of the study (e.g., see figure 8.2a). During the first two months,
when most participants were actively engaged with the program, the majority
of participants earned between 10 and 20 points (e.g., see figure 8.2b).
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FIGURE8.2: (a) mean plot of the average number of activities participants registered,
and (b) histogram of the number of points earned by participants during
the summer challenge.

8.3.3 Analysis of subjective engagement data
Evaluation of survey data
EVALUATION OF HEALTH IMPACT Figure 8.3 shows the distributions
of participants in each of the five stages of change before and after the
5-month health promotion program. At the start of the study, it was evident
that participants had struggled more with following a healthy diet than with
maintaining a good level of physical exercises (i.e., more people are in the
action and maintenance phases for that health domain). Many participants
seemed to be aware of their unhealthy diets but were unable to take actions
to change them. Relatively few participants had problems with smoking
or excessive alcohol consumption1, but when they did, they tended to lack
motivation to change. Given these baseline patterns, it was most interesting
to examine whether participants managed to make progress in doing more
physical exercise and following a healthier diet.

1For alcohol consumption, to be in precontemplation meant that participants had no
intention to reduce their alcohol consumption, although this does not distinguish if they were
excessive drinkers. Based on observations from the occupational physician that was involved
in the study, we got confirmed that most participants were not drinking excessively.
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FIGURE8.3: Participants’ stages of change in before and after the intervention, per
health domain: (a) dietary intake, (b) alcohol consumption, (c) physical
activity, and (d) smoking behavior.

For the 41 participants who completed the post-test survey, visual
inspection of figure 8.3 suggests that participants especially made progress
in the domains of dietary intake and physical activity which indicates
participants may have changed their lifestyles through our mHealth
program. The positive change before and after the study was significant for
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diet (i.e., at p = .017), but not for physical activity (i.e., at p = .272). As
expected, since most participants did not set goals for alcohol consumption
or smoking, no significant di�erences were reported in these health
domains. At an individual level, 15 participants improved their dietary
intake, and 13 improved their levels of physical activity. Moreover, 11 and 5
participants made progress in reducing alcohol consumption and smoking,
respectively. Testing on individual-level change scores suggested a
significant positive progress for diet (i.e., M = +0.683, at p = .008),
non-significant positive trends for physical activity (i.e., M = +0.268, at
p = .110) and alcohol consumption (i.e., M = +0.463, at p = .134), and no
progress for smoking (M = +0.146, at p = .584).

EVALUATION OF PHYSICIAN INVOLVEMENT The perceived benefits of
involving the occupational physician were evaluated by the participants
through two questions in the post-test survey. Results showed that
participants especially perceived involvement of the physician to be
beneficial in the initial phase of the program (i.e., µ = 3.88, and σ = 1.91), as
opposed to the physician’s involvement during the program (i.e., µ = 3.12,
and σ = 1.83), reporting a statistically significant di�erence (i.e., at p = .001).
The di�erence might imply that participants were more satisfied with the
face-to-face goal-setting meeting at the beginning of the study than the
follow-up communications with the physician. We also asked explicitly to
participants whether the one-way communication with the physician
negatively a�ected their engagement in the health promotion program, and
the majority reported this to be the case (i.e., µ = 5.44, and σ = 1.61).

Evaluation of interview data
EVALUATION OF HEALTH IMPACT The quantitative results we have
obtained are illustrated using interview data. About half of the interviewed
participants stated that they were able to achieve some of the health goals
that they had set at the start of the study. The goals they had achieved
included a variety of health behaviors such as doing more moderate
physical exercise, not adding sugar to co�ee or tea, reducing consumption
of beer, and losing a certain amount of weight. Some participants also
explicitly acknowledged the value of the mHealth app in supporting them
to achieve their goals. The most cited reason was that, because specific
goals were set in the app, any discrepancies between their behaviors and
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the goal references resulted in a kind of pressure that motivated them to
reduce the discrepancies. This mechanism has been theorized as the
self-regulation function of goals in control theory [42] and is reflected in the
behavior change technique (i.e., intervention strategy) called
self-monitoring [226]. Participants vividly described their self-regulatory
experiences, for example:

Participant 1: “I don’t know if I would not have reached my goals without the app,
but I did start cycling to work instead of taking the car. I did already engage in
sports, but the app is a motivation because you want to register your physical
activity. So, it’s easier to go, because it keeps you on track.”

Participant 5: “One of my goals was to not add sugar anymore to my tea or co�ee.
I think I achieved this goal in two weeks. I just stopped right away. It was not
very di�cult. I’m still o� sugar. I’m eating sweet things, but I don’t add any
sugar. [...] In the beginning I was using the app, so I kept trying to stick to
this. Furthermore, I think the application in the beginning contributed to this
[achieving the goals].”

Participant 12: “I definitely think [the mHealth app supported me] in the first weeks.
Because you want to track your workout and reach your goals. However, if you
forgot to track your workout with the band it is very motivating to continue
another day. Because it was calculated in the app.”

The mHealth app was reported to be helpful to develop awareness of one’s
lifestyle. Many lifestyle behaviors are routinized behaviors that people
usually pay little attention to. The fact that the participants had to report
these behaviors in the application made them consciously remember and
process what they were doing, to reflect on the consequences, and even
to gain insights into their existing daily routines (i.e., self-discovery by self-
tracking [84, 204]). Particularly, consider the following disclosures by the
participants:

Participant 2: “I think in general the app was good for awareness, it was good for
motivation, but not if there was something beyond your control.”

Participant 8: “The app certainly helped me to lose 6 kilos of weight. This was not
something I was able to do before. [...] Yes, I think so [the mHealth app
supported me]. Filling in the food helps, and the comments from the coach
as well. I’m very sensitive to numbers, so things like the band really helped
me as well. The band and the project itself really stimulated me.”
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Participant 9: “I wanted to move more, because I was actually not sporting at all.
However, I did realize that I was already moving a lot anyway as discovered
by the app. I also started smoking and drinking less. I used to drink quite a
lot during the week but because I had to report it in the app, I adjusted how
much I drank. Furthermore, the most important goal was to lose weight, and
I think I achieved all my goals.”

Participant 13: “I wanted to lose weight and I achieved this. The goal of using the
app made you think about what you ate and that was a real profit. It made
you aware. Yes, I do [think the mHealth app supported me], because it’s an
ace in the hole [free translation from Dutch].”

EVALUATION OF PHYSICIAN INVOLVEMENT Themes identified from
interview data suggested that participants evaluated the initial goal-setting
meeting and the follow-up online communication with the physician very
di�erently. The initial meeting was very well received, and most believed
that setting goals together with a health professional was better than doing
it by themselves. Some participants believed that the physician was more
knowledgeable about health behaviors, and thus the goals made could be
defined more specifically and at more appropriate levels of di�cult and
intensity (e.g., compared to setting them yourself) [206]:

Participant 5: “There was no problem. It was clear. It is better to have a coach
otherwise you might set a goal that is too high for you to reach or too low
because you want short-term gratification. Overall it was nice to have [the
coach].”

Participant 6: “Having the coach set a couple of specific and achievable goals was
very good. Otherwise I would just be doing something without knowing where
I’m going. The goals for calorie intake and workouts were specifically set by
the coach. That was good.”

Others cited that setting goals together with another person created stronger
commitment to the goals [207] and some social pressure for achieving the
goals. This mechanism might have been especially e�ective because the
physician was trusted by the participants and was believed to add a “human
touch” to the health promotion program. For example:

Participant 9: “However, I especially think that the fact that there was a real coach
involved was a very useful aspect. It gave a feeling of trust. [...] Furthermore,
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I took the messages more seriously knowing that there was a real coach
involved. It felt more trustworthy and someone was putting in the e�ort so I
should do this as well.”

Participant 12: “It was okay. We decided on the targets, of course. The
communication with the doctor makes it more serious. It makes you more
confident about what you are doing because you are not always sure
yourself.”

In contrast, participants were less satisfied with the coaching throughout
the intervention period. Among di�erent types of messages sent by the
physician, participants especially liked the very detailed health tips sent
at the beginning of each month, such as why sugar is bad for health and
what to do to reduce sugar intake. However, participants felt that coaching
messages were not as personal as they wanted them to be, and even when
personal messages were sent, they were not frequent enough. More crucially,
many participants explicitly complained that the one-way communication
design was not optimal. They argued that the physician could have been
more helpful if the application allowed them to initiate conversations with
the physician when necessary. For example:

Participant 3: “Yes, and the possibility to send a message back. Because there was
a message like “it seems like some of you are not wearing the band anymore”.
Furthermore, then I thought, yes, I knew because my dog ate it. However, I
could not reply this. So more interaction [would be better].”

Participant 9: “It was one-way so there was not really communication. However,
what I received was nice, like I said about the theme messages. Once I received
a message that I was doing better than the average person so that was really
fun. However, it did not really feel like communication. However, I also don’t
really need this. Maybe sometimes to ask a quick question in the app when
we got the theme message. So now I googled any questions, but then I was
not really sure if it is true or not.”

Participant 14: “It was very frustrating that it was one-way communication. I could
not ask questions. It would have been nice to communicate with the coach.
The method for this does not matter as long as it’s possible.”

During the group interview, the physician himself also evaluated the initial
goal-setting meeting more positively than the follow-up coaching
experience. He found that it was di�cult to motivate people when only
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one-way communication was possible. Because participants could not send
messages to explain the reasons why they were not providing data, the
physician did not have other options but to stop communication after a few
reminders were sent.

Occupational physician: “Unfortunately, I was not able to receive an answer from
you so that was not very nice for me. If a person was not using the app
anymore, I stopped sending messages. So I concentrated on those who were
still active. However, I found it very hard to motivate people when I was not
able to communicate well with them. Two-way interaction would be
absolutely beneficial. The first meeting was the best, because I could set
goals together with the person. I would have been nice if you would have
been able to answer or ask me questions. I think it would improve the
overall results.”

8.4 DISCUSSION
8.4.1 Principal findings
In this study, we presented the design and evaluation of an occupational
health program that included a social gamified mHealth app that was
tailored specifically to promote health behaviors in an occupational setting.
Through an innovative two-level health goal architecture, we allowed
individual employees to pursue their own health goals (i.e., that were
potentially very diverse) at the first level. The personal health goals of
employees were translated into a unified point system. Hence, at the same
time, employees participated in a social competition with their peers
(i.e., again, who may have pursued very di�erent goals) at the second level.
To make sure that the mHealth competition was fair for all users, an
occupational physician was employed to set realistic goals that were similar
across users, in terms of di�culty levels. Meanwhile, employee privacy was
fully preserved by this design, as the system did not share individual health
goals, or health behaviors among employees. Our 5-month observational
field study has demonstrated the general feasibility and applicability of our
two-level approach: Over fifty employees from a Dutch university
participated in the same occupational health program while pursuing very
di�erent health goals.

158



SOCIAL COMPARISON

Moreover, both qualitative and quantitative data suggest positive health
impact of the app among the employees that joined the study. About half
of the participants stated during interviews that they successfully achieved
some of the health goals they had set at the beginning of the study, and that
the mHealth app helped supported this process (e.g., by fostering awareness
of the goal or supporting self-monitoring). Using measures of participants’
stage of change right before and after the study period, participants were
found to have progressed (i.e., to higher stages) in the domains of physical
activity and dietary intake.

However, while these results are encouraging, one should consider them to
be preliminary, because the attrition between the pre-test (N = 53) and the
post-test (N = 41) survey might have biased the results [150]. We cannot rule
out that the participants who did not respond to the post-test survey were
also the people who were the least successful in changing their behaviors,
even though we think this is unlikely. At the very least, when one looks at the
data at the individual level, a sizable percentage of the participants moved
at least one stage forward in their behavior change journeys. Conversely, it
is also possible that some participants stopped using the application after
the first two months since they had simply achieved their goals and did not
know what else to do (i.e., as the study was not designed to refine goals over
time). Then again, this threat was minimized by calling upon the expertise
of an occupational health physician to support goal setting.

Furthermore, an occupational physician was coaching participants
throughout the study by sending motivational messages. The design choice
to allow for one-way communication (i.e., from the coach to the participant)
was endorsed by physicians themselves (i.e., to reduce the e�ort of
operating the system). Nevertheless, our empirical results suggest that this
design choice should be reconsidered. Particularly, in hindsight, both
participants and the physician expressed that the current design
undermined the full potential of involving physicians, and that two-way
communication would have been of much more value. Another design
choice to reevaluate is the trade-o� between transparency and privacy. In
our two-level health goal architecture, we aimed for maximum privacy so
that it was not transparent to the users what health goals other people had
or how other users managed to earn a certain number of points in the
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social game. Although the user perception of this choice was not
systematically examined, we did receive feedback from participants that
the social purpose of the gamified mHealth app was compromised because
of this design choice, which might have demotivated some participants. On
the other hand, if we maximize transparency, employees may have serious
concerns about sharing the information about their health statuses and
health behaviors within the organization. This ethical issue can be
especially profound if more advanced biosensors are used in future health
promotion programs that automatically collect and share personal data
with the gamification system [17].

8.4.2 Study limitations
This study was subject to several limitation. First, because the occupational
health program was tested with real users for the first time, some usability
issues might have negatively a�ected user experience and potentially the
ability of the study to answer our main research questions. For example,
some participants became inactive too early to fully experience the program.
Those participants reported a too high registration burden for dietary intake
and they felt annoyed by automated system notifications. Second, our results
may be less applicable to companies or organizations with very di�erent
employees or culture. Our participants were highly educated knowledge
workers and many were familiar with other mHealth apps (e.g., Google Fit,
Fitbit). During the interviews, some participants believed that our app would
be even more useful for people that are less tech-savvy. Finally, the power of
this study was limited by the use of survey and interview data (i.e., subjective
data) and the lack of a control group.

8.4.3 Future work
Future work includes employing a randomized controlled trial to empirically
evaluate the impact of our two-level health goal architecture, based on
objective behavioral measures of engagement, and measures of health
behaviors (e.g., hours of physical activity per week, number of cigarettes, or
units of alcohol). For example, in order to develop gamified occupational
health programs that are both e�ective and ethical, a dedicated study is
needed to find the optimal balance between transparency and privacy.
Particularly, future research should aim at investigating whether it is more
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desirable to: (1) employ a program that is fully transparent, or (2) maximize
preservation of employee privacy [12]. Similarly, it is interesting to explore
in future studies whether recurrent goal setting with physicians (e.g., every
couple of weeks) can keep users motivated and engaged for a longer period
of time. Additionally, it should be tested whether our app is of value to
di�erent occupational settings (e.g., some of our high-educated
participants believed that our app would be particularly useful for people
that have less experience with digital technologies). Future studies may
evaluate this hypothesis, as well. Finally, future advancements of our
mHealth app (i.e., as well as similar gamification systems) should allow for
mutual online communication between users and physicians. In theory, the
physicians’ workloads could be optimized by automating the most mundane
messages, such as reminders and simple compliments using algorithms of
artificial intelligence.

8.5 CONCLUSIONS
In conclusion, our work contributes to the growing literature on gamified
occupational health programs and provides practical implications for all
stakeholders involved in workplace health promotion. Our findings show that
the two-level health goal architecture implemented in our mHealth app can
address issues of fairness and privacy and motivate employees to change
their health behaviors. Employers may consider adopting our mHealth
app (or similar gamification systems) to improve employee health within
their organizations. For occupational physicians, such systems extend their
current abilities to support their employees and may fundamentally change
the way they work. Especially, because our study strongly indicates that the
active involvement of an occupational physicians is crucial to sustain long-
term engagement of employees with occupational health programs.
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E V A L U AT I N G A U TO M AT E D A D A P T I V E G O A L
S E T T I N G W I T H S E D E N TA R Y O F F I C E W O R K E R S :
TA I LO R I N G H E A LT H G O A L S I S E S P E C I A L LY
E F F E C T I V E TO P R O M OT E A C T I V I T Y F R E Q U E N C Y

This chapter is in review (i.e., second round) for publication at: Nuijten, R. C. Y.,
Van Gorp, P. M. E., Khanshan, A., Blanc, P. M. L., Van den Berg, P. E. W.,
Kemperman, A. D. A. M., and Simons, M., “Evaluating the impact of adaptive
personalized goal setting on engagement levels of government sta� with a
gamified mHealth tool: Results from a 2-month randomized intervention trial”,
JMIR mHealth and uHealth, 2022, forthcoming/in press, doi: 10.2196/28801.

9.1 INTRODUCTION
9.1.1 Research context
Nowadays, sedentary behavior is highly pervasive. Sedentary behavior, as
distinct from physical activity, encompasses a broad range of behaviors
that involve sitting or lying down and do not increase energy expenditure
substantially during waking hours [3, 312]. On average, adults in Western
countries spend between 7 and 11 hours per day sitting [10, 55, 93, 217]. Adults
sitting more than 10 hours a day are expected to see their all-cause mortality
rates increase [45]. Conversely, adults who participate in at least 150 minutes
of moderate-intensity activity per week—an equivalent of 20 to 30 minutes
per day—are expected to decrease their mortality rate significantly [209].
However, even when an adult meets these guidelines, sitting for prolonged
periods can compromise health [264]. Hence, frequently interrupting periods
of sitting with (short) bouts of physical activity is also essential to remain
healthy [264].
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Although the benefits of an active lifestyle for health are well established, it
remains hard for people to engage more often in physical activity and reduce
sedentary behaviors, with inactivity accounting for 9% of the premature
mortality globally [199]. mHealth interventions can be used to promote
physical activity and reduce sedentary behavior, particularly if these tools
use evidence-based behavior change strategies (e.g., goal setting) [94].

Promising results have been obtained by using gamification techniques as
behavior change strategies [81, 94, 145]. Gamification is a set of motivational
techniques that use game mechanics outside game contexts to foster
participation, engagement, and loyalty [82, 166]. Gamification techniques
are especially e�ective when they are tailored toward an individual’s
particular preferences and needs (i.e., personalized) [81], because
intervention strategies (i.e., behavior change techniques) that motivate one
person may not appeal to someone else [262]. For example been
demonstrated that there are significant associations between specific
personality traits and the types of motivational techniques that individuals
prefer [173, 186], as well as the type of motivational messages that they
appreciate more [316]. Furthermore, it has been suggested that
interventions that take into account users’ individual capabilities when
setting intervention goals are better at sustaining user engagement [191,
219]. Similarly, a review of behavior change strategies to promote physical
activity using mHealth interventions concluded that (adaptively) tailored
goals seem to be more e�ective than static generic goals [324].

9.1.2 Related work
Several behavioral theories (e.g., the COM-B System [229] and the Fogg
Behavior Model [109]) argue that, for a certain (target) behavior to occur,
an individual must have the capability and opportunity to engage in the
(target) behavior; in addition, the strength of motivation to engage in it
must be greater than for any competing behaviors. The concept of capability
entails a person’s physical and psychological capacity to perform a target
behavior [229]. Besides a person’s actual capabilities, the motivation is key.
Several motivational theories highlight that besides actual capabilities, the
perceived ease or di�culty of performing a target behavior is an important
motivating factor (i.e., a concept that has been referred to as self-e�cacy
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by Bandura [18, 19] and was included as well in the Theory of Planned
Behavior [4] and in Self-Determination Theory [73].).

Hence, a dilemma arises when assigning someone a behavior to perform.
In particular, if the target behavior is too hard for an individual, they may
feel anxious and may therefore not (continue to) engage in the behavior. In
contrast, if the target behavior is too easy for them, they may feel bored
and therefore may not (continue to) engage in the behavior either. Hence,
an individual’s level of skill and the level of complexity (i.e., challenge) of a
target behavior have to be in harmony. This trade-o� is very well described
by Flow Theory, which was formulated by Csikszentmihalyi [61]. This theory
has inspired the design of several (gamified) mHealth tools such as Nike+,
Zombies, Run!, Fitocracy, and Runkeeper [144], which all aim at promoting
physical activity through the “provision of optimally di�cult challenges and
feedback” [144]. The trade-o� between a person’s skill and the level of
complexity of a suggested behavior is also described in Goal-Setting Theory,
which proposes that task performance can be moderated by a number of
factors, including task complexity and levels of self-e�cacy [206]. Especially,
from Goal-Setting Theory it is known that task complexity should generally
be at the verge of an individual’s capabilities to foster engagement because
di�cult—but specific and still attainable—tasks generally result in better
performance [206].

To summarize, although tasks that are too simple lead to dropout due to
boredom and tasks that are too complex trigger dropout due to anxiety
(or frustration), tasks that are di�cult—but specific and still attainable—
generally yield the highest levels of engagement. To adhere to this principle,
we designed a procedure in this study that takes into account participants’
self-reported capabilities and desired health goals in setting the tasks for
them to perform.

Finally, Flow Theory points out that a person’s (perception of their) capability
changes over time because their skill increases whenever they complete
more challenging tasks [61]. Hence, to engage individuals in a task over
a longer period time, the tasks’ complexity should be adaptively tailored
in accordance with the skill they possess. For example, a recent review
of behavior change strategies to promote physical activity using mHealth
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interventions concluded that increasing goal complexity by 20% to 100%
generally yields increased goal performance [324]. To adhere to this principle,
we have designed a procedure in this study that increased task complexity
every two weeks, to account for participants’ increased skill levels and
prevent dropout due to boredom.

9.1.3 Research case
In this study, we aim to replicate findings from [191, 219, 324] and focus on
adaptively tailoring our gamified mHealth program to the capabilities of
individual end users. On the basis of the findings by Sporrel and
colleagues [324], we hypothesized that an intervention that suggests health
goals to its users based on the users’ capabilities and preferences will be
more engaging (i.e., resulting in lower dropout rates as well as a higher
adoption rates of healthy routines) than an intervention that does not tailor
its goals. Note that in mHealth tools, capabilities are always relative to
other daily routines. Specifically, the researcher is typically not interested
in the participant’s actual peak capabilities for certain sports activities.
Instead, a researcher typically considers the participant’s capability to
perform a healthy activity in accordance with the participant’s professional
and personal duties. When also considering that mHealth interventions aim
to be scalable, researchers typically rely on participants’ self-reported
capabilities rather than inviting them for an endurance test.

We aim to extend existing literature with suggestions on how goals are
most e�ectively tailored in digital health promotion settings. Although it
has already been suggested that assigned—but personalized—goals may
be more e�ective than having users set their goals themselves [324], it
remains unclear what exact strategies are most e�ective in setting tailored
goals in a digital health promotion setting. Of course, di�erent strategies
for tailoring goals in a digital health promotion setting exist. For example,
promising results have been obtained by personalizing goals based on (1)
task complexity (e.g., by personalizing daily step goals [273]), (2) context
(e.g., by setting context-aware goals [283]), or (3) the user’s autonomy to
set goals (e.g., by recommending goals individually instead of having users
select goals from a predefined list [152]). However, the relationship between
the goal target behavior (e.g., to go for a walk, or run) and the impact of
the goal on user engagement levels remains unclear. Hence, in this study
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we aim to investigate the relationship between the goal target behavior
and the goal’s impact on user engagement by setting personalized goals for
di�erent types of health-related activities (i.e., walking, biking, and engaging
in sports).

9.2 METHODS
9.2.1 Recruitment
Participants were recruited among sta� members of seven governmental
organizations (i.e., 6 municipalities and 1 provincial organization) in the
region of Antwerp, Belgium, in October 2019. The study was introduced to
these sta� members as a health promotion campaign to promote physical
activity and reduce sedentary behaviors. Participants were enrolled only
after they gave their explicit consent, which was collected upon registration
for the campaign.

Participants were recruited by representatives of the sports departments of
the participating organizations. These representatives were organized in a
regional committee, with the aim to promote employee health. This
committee had also called for this scientific study to be conducted.
Di�erent methods for recruiting participants were used within di�erent
organizations (i.e., the means of recruiting participants were not prescribed
in a study protocol). Some organizations relied on word of mouth to
promote the campaign, whereas others used email advertising or printed
advertisement posters. Promotional wristbands had been made available
for further distribution by all committee members, but we did not supervise
the distribution. This approach was adopted to respect organizational
di�erences.

9.2.2 Intervention context
To test our hypothesis, we used the mHealth tool GameBus (e.g., see
www.gamebus.eu). GameBus was especially designed for health promotion
and provides a highly configurable gamification engine that is used for
sustaining participant engagement. According to the classification of
gamification elements by Hamari and colleagues [145],
GameBus implements the gamification mechanisms of challenges, points,
goals, progress visualizations, leaderboards, and rewards. In addition, it
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allows configuring of these mechanisms for testing scientific hypotheses.
The tool supports hosting multiple experimental designs on a single
platform, ensuring that user experience remains similar across these
di�erent designs. Moreover, the platform enables researchers to gather rich
data in a manner that is compliant with European privacy legislation. Using
GameBus, a health promotion campaign was designed to promote walks,
bike rides, and sports sessions. The campaign had a duration of eight weeks
and was split into two-week periods (so-called waves).

To foster awareness of the campaign and stimulate word of mouth,
participants could track their performance on two social leaderboards: a
leaderboard displaying the individual scores of participants within a certain
organization (figure 9.1a) and a leaderboard displaying the average scores of
participants within a certain municipal department (figure 9.1b). At the
commencement of each wave, the leaderboards were reset (i.e., scores were
set back to 0).

(a) (b)

FIGURE9.1: Overview of the social leaderboards: (a) is the individual leaderboard
that displays individual performance, and (b) is the departmental
leaderboard that displays the average performance per department.
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To score points on these two leaderboards, a participant was given a set of
tasks that, upon completion, were rewarded with points. At the
commencement of each wave, a participant received a set of six tasks
(figure 9.2). Three tasks were the same across all waves: (1) go for a walk of
at least 250 meters, (2) go for a bike ride of at least 1 kilometer, and (3)
share your healthiest moment of the week. These tasks were included to
provide participants with a sense of gratification relatively easily and make
them feel that all their physical e�orts were awarded.

The other three tasks were dynamic (i.e., updated at the commencement of
each wave) and arguably more di�cult to perform: (1) go for a longer walk of
at least X kilometers, (2) go for a longer bike ride of at least X kilometers, and
(3) go for a sports session lasting at least 30 minutes X times per week. In this
study, these three dynamic tasks were either updated generically (i.e., for
the control group) or personalized based on the user’s current self-reported
capabilities and health goals (i.e., for the treatment group). Specific details
on how these tasks were set for the di�erent treatment groups are presented
in section 9.2.3.

Users could either manually or automatically prove their engagement with a
certain task. By means of the mobile app, users could manually register that
they had performed a certain task. Alternatively, users could use an activity
tracker to automatically track their e�orts. The activity trackers that were
supported included Google Fit, Strava, and a GPS-based activity tracker that
was built into the native version of the GameBus app (available for both
Android and iOS devices).

To prevent users from repeating a single task over and over, we set a
maximum number of virtual points that could be obtained per task per
week, as well as a maximum number of times a task was rewarded per week
with virtual points, see table 9.1. Note that the sports session is rewarded X
times per week, where X depends on the actual campaign wave. Note that
therefore the number of points awarded per sports session needs to be
calculated for a given wave by dividing 40 (the maximum number of points
awarded per week) by X. Figure 9.2 displays the exemplar sets of tasks that
users in the control or treatment groups could be assigned through
GameBus.
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Finally, GameBus provided a set of features for social support: a newsfeed
showed when other participants had scored points, and participants could
like and comment on each other’s healthy achievements as well as chat with
each other.

Task Maximum number of
points per week

Maximum number of
times rewarded

Points per activity

Short walk 28 14 times per week 2
Longer walk 56 7 times per week 8
Short bike ride 28 7 times per week 4
Longer bike ride 56 7 times per week 8
Sports session 40 X times per week round(40 / X)
Healthy moment 10 1 time per week 10

TABLE9.1: Maximum number of points that could be obtained per suggested activity.

(a) (b)

FIGURE9.2: Overview of the di�erent tasks per study arm. In (a) are the tasks based
on national guidelines, as assigned to the control study arm, and in (b)
are the tasks personalized, as assigned to the treatment study arm.
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9.2.3 Study design
The study was designed as a two-arm randomized intervention trial. The
experimental setup was centered around setting the complexity parameters
(i.e., the X values) of the three dynamic tasks. In particular, the parameters
to determine were as follows: (1) the minimum distance of a longer walk, (2)
the minimum distance of a longer bike ride, and (3) the maximum number of
rewarded sports sessions (and consequently the number of rewarded points
per sports session). For the control group, these parameters were set based
on Belgian physical activity guidelines, whereas for the personalization
group, these parameters were tailored to the users’ self-reported capabilities
and health goals.

Control group: tasks based on guidelines
For the control group, the parameter values of the dynamic tasks were
based on national guidelines. The Belgian guidelines for physical activity
are based on the Australian activity guidelines [36]. These guidelines
recommend a minimum of 150 minutes (i.e., in line with the study by Long
and colleagues [209]) of moderate-intensity activity per week, with each
activity episode lasting at least 10 minutes. In addition, these guidelines
suggest regularly interrupting periods of sitting with (short) bouts of
physical activity (i.e., in line with the study by Owen and
colleagues [264]).

On the basis of these guidelines, it was agreed with the organizing committee
to suggest tasks with a duration of 10 to 30 minutes, giving participants ample
opportunity to engage in at least 150 minutes of moderate-intensity activity
per week. In addition, as described in table 9.2, we have increased the
minimum durations of tasks throughout the waves by 20% to 42% because it
was found that increasing goal complexity (by 20% to 40%) generally yields
increased goal performance [235].

Treatment group: personalized tasks
To set a value for the complexity parameters of the dynamic tasks for the
treatment group, it was necessary to have some insight into the users’
current capabilities and health goals. We obtained self-reports of the users’
capabilities and goals by means of a short intake survey. Note that all
participants (i.e., even control participants) were asked to complete this
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Parameter Wave 1 Wave 2 Wave 3 Wave 4

Minimum duration of a
longer walk

17.5 min
(i.e., 1500 m)

25 min
(i.e., 2000 m)

27.5 min
(i.e., 2250 m)

30 min
(i.e., 2500 m)

Minimum duration of a
longer bike ride

12.5 min
(i.e., 3500 m)

15 min
(i.e., 4000 m)

16 min
(i.e., 4250 m)

17.5 min
(i.e., 4500 m)

Minimum duration of a
sports session

30 min (max
4 times)

30 min (max
4 times)

30 min (max
5 times)

30 min (max
6 times)

TABLE9.2: Estimated time needed to complete a dynamic task per activity type, as
suggested to the control group.

intake survey to avoid introducing a bias because just the act of declaring
one’s goals may already foster motivation for the task at hand [206]. As an
incentive to fill out this short survey, a donation of €0.25 was made to
charity for every completed survey.

In the intake survey, participants were asked to provide an estimation of (1)
the number of steps they walked on a daily basis, (2) the number of
kilometers they biked on a weekly basis, and (3) the number of sports
sessions in which they participated on a weekly basis. Note that the
participants’ capabilities were explicitly evaluated in accordance with their
existing professional and personal duties because we aimed to promote
health-related activities that the participants could fit in their daily
routines.

Furthermore, participants were asked whether they wanted to improve on any
of these (estimated) numbers. If they wanted to improve their capabilities,
they were asked to express (depending on the dimension they aimed to
improve) the following: (1) the number of steps they wanted to walk on a
daily basis, (2) the number of kilometers they wanted to bike on a weekly
basis, and (3) the number of sports sessions they wanted to attend on a
weekly basis.

Subsequently, the data on participants’ capabilities and goals for walks
and bike rides was transformed to fit the description templates of tasks
(e.g., a task has the form of go for a longer walk of at least X kilometers,
not the form of walk X steps per day). The number of steps one could, and
wanted to, walk per day was multiplied by 0.73 (i.e., average stride length)
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and divided by 3 to obtain a minimum trip length (e.g., to reach a goal of
walking 7000 steps per day, we would suggest regularly going for a walk of
at least 7000 · 0.73÷ 3 = 1703 meters). The number of kilometers one could,
and wanted to, bike per week was divided by 5 (e.g., to reach a goal of biking
10 kilometers per week, we would suggest regularly going for a bike ride of
at least 10÷ 5 = 2 kilometers).

Now we could calculate the di�erence between a user’s current and
preferred level of capability. We would update a user’s task complexity at
the commencement of each wave to linearly grow toward their goal. Hence,
to personalize each parameter, we have used the formula equation (9.1),
where i is a reference to the individual participant for whom the parameter
value is calculated, t is the type of parameter (e.g., walking distance, biking
distance, or number of sports sessions), W is the total number of waves of
the campaign (i.e., 4), and w is the wave number of a given wave.

parameteri,t =
goali,t − capabilityi,t

W
·w+ capabilityi,t (9.1)

In addition, the value for capability was set by participants themselves
(i.e., by means of the intake survey). If a participant had not completed the
intake survey, their capability was estimated to be their last performance for
a particular activity type t. In case a participant had no recorded history on
the activity type t, their capability was defined as the average performance
of all other users on the activity type t. Note that in case there was no history
of any participant on the activity type t yet, that capability was defined as
a fixed value (e.g., 1 kilometer for t with regard to walking, 2 kilometers
for t with regard to biking, and 2 sessions for t with regard to engaging in
sports).

Furthermore, a participant’s goal was also defined by the participants
themselves, again by means of the intake survey. However, if a participant
had not completed the intake survey, their goal was derived by multiplying
their capability with a fixed value of 1.1 for t equals walks and bike rides
(i.e., indicating a 10% improvement) or by increasing their capability with a
fixed value of 1 for t equals sports sessions.
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Finally, the di�erent parameter values were capped by a predetermined
minimum and maximum. The minimum and maximum for walking distance
were 1 km and 10 km, respectively; the minimum and maximum for the
distance of a bike ride were 2 km and 17.5 km, respectively; and the number
of sports sessions that were rewarded per week was capped between 2 and
10. For instance, if the aforementioned formula equation (9.1) would suggest
to reward 0 sports sessions, this final check would override that value, and
instead allow a participant to claim points for their sports sessions twice
per week.

Treatment allocation
Users were allowed to join (and drop out) at any moment throughout the
campaign. Whenever a user joined the campaign, they would always be given
a default set of tasks until the end of the then-active wave (i.e., the default
set of tasks was displayed as the control treatment; figure 9.2a). After the
wave had ended (and at the start of a new wave), a user would be allocated
to either the control group or the treatment group and receive a new set of
tasks accordingly.

The control and treatment samples were stratified such that each sample
included the same number of people who had set a goal to improve their
current capabilities (e.g., new participants were immediately requested to
express their current capabilities and goals through the intake survey).
Obviously, the intention to improve one’s current capabilities is an
important covariate because people who have a certain goal in mind are
likely more motivated to engage with the campaign because this desire may
influence their performance levels [206]. By stratifying our samples, the
control and treatment groups were likely to be comparable.

9.2.4 Study procedures
Throughout the campaign we sent some email notifications to participants.
In particular, upon registration, participants received a welcome email with
a request to complete the intake survey. In addition, a campaign email was
sent at the start of each wave. These campaign emails included participation
instructions as well as directions for obtaining (technical) support. Finally,
at the end of the campaign, a closing email with a request to fill out the
post-test survey was sent. As an incentive to fill out this post-test survey, a
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donation of €1 was made to charity for every completed survey. After four
days, we sent out a reminder to fill out the post-test survey.

Finally, some of the seven organizations expressed some additional
requests. In particular, one organization (i.e., the municipality of
Wuustwezel) expressed the need for some additional tasks (e.g., ones that
were more specific than the catch-all task “share your healthiest moment of
the week”). Furthermore, the municipality of Essen requested for waves
with a duration of four weeks each (instead of a duration of two weeks
each). For them, the social leaderboards were reset every four weeks
(i.e., twice over the entire campaign). However, note that—and this applied
to the participants from Essen too—the personal set of healthy tasks was
still updated every 2 weeks.

9.2.5 Measurements
In mHealth research, engagement is most commonly captured by means of
measures of app use [269, 305]. Using the GameBus platform, the
engagement of participants was repeatedly measured as follows: (1) the
number of days a participant visited the app (i.e., the distinct days the
participant opened the mobile app) and (2) the number of activities a
participant registered. These variables complement each other because the
former may be limited to passive engagement, whereas the latter requires
active participation (i.e., performing the suggested tasks). Both
measurements were recorded per participant per wave. In addition, for
each record, the wave number relative to the participant’s participation
date was recorded. Hence, a record for a particular participant who joined
the campaign only in the fourth wave would have a relative wave number of
zero for that record. This relative wave number was used to model time in
this study to ensure that time e�ects (e.g., novelty e�ects) were equal
among participants.

In addition, the type of goal that the participants set in the intake survey
was recorded. A participant’s goal was either unknown (i.e., if they did not
complete the intake survey), maintain (i.e., if they did not want to improve
their current capabilities on any dimension), or improve (i.e., if they
expressed an intention to improve their current capabilities on at least one
dimension). Finally, participants filled out a post-test survey (presented in
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Appendix 1 of [371]) in which we especially assessed the perceived impact of
the campaign on their walking, biking, and sports performance, as well as
their perception of their capability to perform the prescribed tasks
(i.e., self-e�cacy).

9.2.6 Statistical analysis
The first set of statistical analyses focused on the evaluation of dropouts. A
participant was labeled as a (provisional) dropout if they had not visited the
app during a specific wave and was therefore assumed to have lost interest
(i.e., dropped out) during the previous wave. Several multiple regression
models were fit to determine whether the number of dropouts changed
over time and were di�erent per treatment. In particular, we tested for
significant second-order interaction e�ects of time (i.e., the wave number)
and treatment.

The second set of analyses focused on the evaluation of engagement levels
of the participants. To evaluate treatment di�erences, further analyses
were performed on participants who actually had an opportunity to receive
exposure to the treatment. Hence, from the entire data set, a subset was
derived preserving the combination of a particular participant and wave
only if they had ever checked the app during that wave and if they had
participated for a duration of at least two waves because during the wave in
which a participant signed up, they were not actually receiving a treatment
yet. Subsequently, several hierarchical linear models were estimated for
the two outcome variables (i.e., the number of days a participant visited
the app and the number of activities a participant had registered) using
time (i.e., the relative wave number), participant’s goal, and treatment as
predictors. We tested whether significant second-order interaction e�ects
existed among these variables. In all models we allowed random intercepts
for individuals and the governmental organizations they were part of. The
final model was selected based on the Akaike information criterion [302].
The Akaike information criterion estimates the relative quality of statistical
models for a given set of data. The measure rewards goodness of fit and
includes a penalty for increasing the number of predictors (i.e., to prevent
overfitting because increasing the number of predictors generally improves
the goodness of the fit).
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In addition, a third set of analyses zoomed in on the experimentally
controlled tasks (i.e., the longer walk, the longer bike ride, and the sports
sessions) to evaluate treatment di�erences at the level of individual activity
types. Specifically, for each activity type, a hierarchical linear model was
built to predict the number of times a participant registered a task for that
particular activity type. Again, these models included time (i.e., the relative
wave number), participant’s goal, and treatment as predictors. In addition,
we tested whether significant second-order interaction e�ects existed
among these variables. In all models we allowed random intercepts for
individuals and the governmental organizations they were part of. The final
model was selected based on the Akaike information criterion [302].

Finally, the fourth set of analyses focused on the evaluation of subjective
measures that were derived from a post-test survey. This final set of analyses
was performed on a subset of the data set that only included participants
who filled out the post-test survey and were using the mHealth app in
more than one wave. A set of three separate linear models was used to
estimate the perceived impact of the campaign on walking performance,
biking performance, and sports performance. An additional linear model
was used to estimate participants’ perception of their capability to perform
the tasks they were prescribed (i.e., self-e�cacy). Again, in all four models,
time (i.e., the total number of waves a participant had been visiting the app),
participant’s goal, and treatment were used as predictors, and we tested
whether significant second-order interaction e�ects existed among these
variables. To obtain the final models, a backward elimination selection
procedure was used [80]. Backward elimination starts with all predictors
included in the model, with variables subsequently being eliminated one at
a time. At each step, the predictor with the highest p > .05 is deleted [80].
This method of deletion continues until all predictors are significant.

9.3 RESULTS
9.3.1 User statistics
In total, 176 unique participants joined the study, and they were randomly
assigned to a treatment: 82 (46.6%) were assigned to the control treatment
and 84 (47.7%) were assigned to the personalized treatment, whereas 10
(5.7%) were not assigned to a treatment at all because they only signed
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up during the last wave and therefore only experienced the default set of
tasks. Of the 176 participants, 83 (47.2%) completed the intake survey (26/83,
31%, set themselves a maintenance goal and 57/83, 69%, set themselves an
improvement goal), whereas 93 (52.8%) did not complete the intake survey
and hence their goal was unknown. These data are summarized in figure 9.3,
which displays a cohort diagram that details the number of participants
engaged in di�erent study phases.

Population 
N ≈ 2,384 

Participants who completed the
intake survey 

n = 83

Sample: Participants who
joined the program 

n = 176

Participants who did not complete
the intake survey 

n = 93

Unknown goal: Participants who did  
not set a goal 

n = 93

Improvement goal: Participants
who wanted to improve their capabilities 

n = 57

Maintenance goal: Participants who did
not want to improve their capabilities 

n = 26

Participants who did not
complete the post-test survey 

n = 80

Participants who completed
the post-test survey 

n = 13

Participants who did not
complete the post-test survey 

n = 19

Participants who completed
the post-test survey 

n = 7

Participants who did not
complete the post-test survey 

n = 31

Participants who completed
the post-test survey 

n = 26

FIGURE9.3: Cohort diagram that details the number of subjects engaged in di�erent
study phases.

Table 9.3 displays sample demographics based on the results of the post-test
survey, which was filled out by 26.1% (46/176) of the participants. Gender,
age group, and personality scores are displayed for the entire sample as
well as per treatment. The demographic characteristics in the control group
and treatment group are distributed similarly. Hence, it is assumed that
these groups were comparable at baseline.

Figure 9.4 displays the decrease in the number of participants who visited
the mobile app during a given wave. The number of participants who joined

180



ADAPTIVE GOAL SETTING

Characteristic Sample Control group Treatment group No treatment

Gender (N = 46) (N)
Male 13 7 5 1
Female 33 15 18 0

Age group (N = 44) (N)
21-30 12 6 5 1
31-40 16 7 9 0
41-50 3 2 1 0
51-60 8 4 4 0
61-70 5 1 4 0

Personality scores (N = 41) (µ; σ)
Openness 2.573; 0.610 2.500; 0.473 2.643; 0.723
Conscentiousness 2.329; 0.616 2.250; 0.579 2.405; 0.654
Extraversion 2.780; 0.645 2.763; 0.599 2.798; 0.701
Agreeableness 2.006; 0.476 1.975; 0.499 2.036; 0.463
Neuroticism 3.299; 0.710 3.362; 0.681 3.238; 0.748

TABLE9.3: Sample demographics (N=46).
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FIGURE9.4: Number of participants that checked the application (at least once) per
wave.
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the campaign for the first time during a given wave are displayed in green.
The number of participants who dropped out during a specific wave are
displayed in red. The number of participants who checked the mobile app
during a specific wave, although they dropped out during an earlier wave
(i.e., reclaimed users) are displayed in yellow. Using multiple regression
analysis, it was found that participants tended to drop out over time (i.e., the
wave number is a significant factor for predicting dropouts at p = .03; Table
S1 in Appendix 2 of [371]). No significant di�erences in dropout rates between
treatments could be detected. In addition, no significant interaction e�ect
between time (i.e., the wave number) and treatment was detected. Hence, it
is assumed that dropouts were spread equally over treatments.

9.3.2 Descriptive statistics of complexity parameters
The complexity parameters of the dynamic tasks that the control
participants were assigned are presented in table 9.2. However, the
complexity parameters for the treatment group were di�erent for each
individual in that group and were only determined at the start of a new
wave. The mean, standard deviation, minimum, and maximum values of the
three complexity parameters are displayed per wave in table 9.4.

Parameter Wave 1 Wave 2 Wave 3 Wave 4

Minimum distance of the longer walk
Mean 1777 m 2025 m 2091 m 2054 m
Standard deviation 600 m 500 m 488 m 526 m
Minimum 1000 m 1000 m 1000 m 1004 m
Maximum 4365 m 4471 m 4578 m 4684 m

Minimum distance of the longer bike ride
Mean 7822 m 7439 m 7718 m 9127 m
Standard deviation 3704 m 3194 m 3386 m 3728 m
Minimum 2000 m 2000 m 2000 m 2000 m
Maximum 17500 m 17500 m 17500 m 17500 m

Number of suggested sports sessions
Mean 2.41 2.97 3.67 3.09 m
Standard deviation 1.02 0.83 0.85 0.93 m
Minimum 2 2 2 2
Maximum 7 7 7 8

TABLE9.4: Mean, standard deviation, minimum, and maximum of complexity
parameters per dynamic task as presented to the treatment group.
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9.3.3 Analysis of objective engagement data
Of the 176 participants, 10 (5.7%) only joined the study during the last wave;
hence, they were not assigned a treatment and were therefore excluded
from further statistical analysis, leaving 166 (94.3%) participants in the data
set. In addition, of these 166 participants, 55 (33.1%) only visited the app at
their registration (i.e., during their first wave) and hence were also excluded
from further statistical analysis, leaving a total of 111 (66.9%) participants in
the data set for evaluation of engagement levels (i.e., 51, 45.9%, assigned to
the control treatment and 60, 54.1%, to the personalized treatment).

Impact on passive engagement levels
Figure 9.5a displays the number of days participants visited the app on
average per wave per treatment. Figure 9.5b displays the number of days
participants visited the app on average per type of goal they set.
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FIGURE9.5: Mean plots of the number of days participants visited the app per
study arm, per (a) wave, and (b) their ambition to improve their current
capabilities.

From the second set of statistical analyses, it was found that the number
of days participants visited the app dropped over time (i.e., −1.174 days per
relative wave; p < .001; figure 9.5a and Table S2 in Appendix 2 of [371]).
No significant di�erence between treatments was detected, although it did
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matter whether participants completed the intake survey. In particular,
participants who completed the intake survey—and hence set themselves
a goal to either maintain or improve their current capabilities—visited the
app on more distinct days than those who did not set themselves a goal
(i.e., +2.176 days for participants with a maintenance goal; p < .001; and
+1.625 days for participants with an improvement goal; p = .005; figure 9.5b).
Finally, no significant interaction e�ects were detected; all treatments were
a�ected equally by the impact of time.

Impact on active engagement levels
Figure 9.6a displays the average number of activities participants registered
per treatment. Figure 9.6b displays the average number of activities
participants registered per type of goal they set. Appendix 3 of [371]
displays an overview of the number of times a particular suggested task
was registered per organization.

0

5

10

15

0 1 2 3 4
Wave (relative)

Nu
m

be
r o

f h
ea

lth
 b

eh
av

io
rs

 p
ar

tic
ip

an
ts

 re
gi

st
er

ed

Study arm Control Personalized

(a)

0

5

10

15

Unknown Maintain Improve
Goal

Nu
m

be
r o

f h
ea

lth
 b

eh
av

io
rs

 p
ar

tic
ip

an
ts

 re
gi

st
er

ed

Study arm Control Personalized

(b)

FIGURE9.6: Mean plots of the number of activities participants registered per study
arm, per (a) wave, and (b) their ambition to improve their current
capabilities.

Moreover, from the second set of statistical analyses, it was found that the
number of activities participants registered decreased over time
(i.e., −0.080 activities per wave; p < .001; figure 9.6a and Table S3 in
Appendix 2 of [371]). No significant di�erence between treatments was
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detected, although it did matter whether participants completed the intake
survey. In particular, participants who set themselves a maintenance goal
registered more activities than those who did not set themselves a goal
(i.e., +1.535 activities; p = .03; figure 9.6b). Moreover, participants who set
themselves an improvement goal registered even more activities
(i.e., +3.258 activities; p < .001; figure 9.6b). Finally, no significant
interaction e�ects were detected; again, all treatments were a�ected
equally by the impact of time (i.e., relative wave number).

Impact on the execution of particular activities
The third set of analyses zoomed in on the experimentally controlled tasks
(i.e., the longer walk, the longer bike ride, and the sport sessions) to evaluate
treatment di�erences at the level of activity types (figure 9.7).
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FIGURE9.7: Mean plots per study arm of the number of (a) longer walks, (b) longer
bike rides, and (c) sports sessions participants registered per ambition
to improve their current capabilities.

For each activity type, a hierarchical linear model was built to predict the
number or times a participant registered a task for that particular activity
type. No significant predictors were found for estimating the number of
longer bike rides a participant registered. However, the number of longer
walks a participant registered depended particularly on the goal they had
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set (i.e., +0.261 walks for maintenance goals; p = .53; and +0.917 walks for
improvement goals; p = .004; Table S4 in Appendix 2 of [371]). Moreover, the
number of sports sessions a participant registered was dependent not only
on the goal they had set (i.e., +0.405 sports sessions for maintenance goals;
p = .05; and +0.318 sports sessions for improvement goals; p = .04), but
also on the treatment they had been assigned to (i.e., +0.276 sports sessions
if personalized; p = .05; Table S5 in Appendix 2 of [371]).

9.3.4 Analysis of subjective engagement data
Finally, we analyzed the participants’ perception of their performance as well
as capability to complete the program’s suggested tasks (i.e., self-e�cacy).
This fourth set of analyses was performed on a subset of the data set that
only included participants who (1) filled out the post-test survey and (2) were
using the mHealth app in more than one wave. This resulted in a data set of
38 participants (i.e., 20, 53%, assigned to the control treatment and 18, 47%,
assigned to the personalized treatment).

Perceived impact on performance
When zooming in on the perceived impact on performance of individual
activity types (i.e., walks, bike rides, and sports sessions), no significant
predictors were found for estimating the perceived impact on walk
performance (figure 9.8). Nevertheless, the perceived impact on bike
performance depended particularly on the treatment a participant received
(i.e., +0.047 if personalized; p = .04; Table S6 in Appendix 2 of [371]). In
addition, the perceived impact on sports performance was dependent on a
significant interaction e�ect between the treatment a participant received
and the goal they had set (i.e., +0.500 if personalized and a goal to
maintain their current capabilities and −0.227 if personalized and a goal to
improve their performance; p = .04; Table S7 in Appendix 2 of [371]).

Impact on perception of capability
Finally, the fourth set of analyses yielded a linear model to estimate the
participants’ perception of their capability to perform the prescribed
activities (i.e., self-e�cacy figure 9.9). The treatment did not have a
significant impact on the participants’ perception of their capability. For
both the control and treatment groups, the perception of capability
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decreased over time (i.e., −0.329; Table S8 in Appendix 2 of [371]) because
the parameter measuring the total number of waves in which a participant
had been visiting the app was reported significant at p = .001.
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FIGURE9.8: Mean plots of the perceived impact on (a) walk, (b) bike, and (c)
sports performance per subjects’ ambition to improve their current
capabilities.
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FIGURE9.9: Mean plots per study arm of self-reported capability, per (a) subjects’
ambition to improve their current capabilities, and (b) number of distinct
waves they have visited the app.
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9.4 DICUSSION
9.4.1 Principal findings
The aim of this study is to evaluate the impact of personalized goal setting
in a gamified health promotion program on participant engagement levels.
Our results show that engagement with the program inevitably dropped
over time, both in the personalized condition and in the control condition.
Although this pattern is common in digital health promotion
programs [100], several factors may be relevant for explaining this tendency
in this particular context. First, it must be noted that only a limited number
of participants had explicitly set a goal to maintain or improve their current
capabilities (i.e., 83/176, 47%). According to the Transtheoretical Model of
Behavior Change, there are five sequential Stages of Change that
characterize one’s readiness for change [278]. Hence, a great proportion of
our sample seemed to be still in the (pre)contemplation phase, phases in
which they were actually not (yet) planning for a more active lifestyle.
Second, it must be noted that the participants’ autonomy was limited
during this program (e.g., they were not rewarded for improving their
dietary intake but instead only received suggestions for improving their
levels of physical activity), which—according to Self-Determination
Theory—may have harmed their intrinsic motivation levels [73].

Still, the participants who had set themselves a goal (i.e., by completing the
intake survey) were more engaged than those who had not. In particular,
these participants visited the app more frequently and also registered more
of the healthy tasks they were prescribed. Hence—as proposed by
Goal-Setting Theory—setting a goal is in itself a motivating task [206].
Nevertheless, improvement goals—which are arguably more di�cult to
achieve than maintenance goals—did not seem to be significantly more
motivating in general than maintenance goals. This finding seems to
contradict both Flow Theory and Goal-Setting Theory, which propose that
di�cult—but still attainable—goals are more engaging than easier goals [61,
206]. Then again, it should be noted that the descriptive means were mostly
in the expected direction (i.e., improvement goals were more engaging than
maintenance goals) and the impact of improvement goals was actually
significantly larger for promoting sports sessions: if a participant explicitly
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expressed a need to improve their current performance, they perceived
their sports performance to be improved significantly.

Lastly, the impact of the personalized treatment on engagement levels
seemed to be generally limited. However, descriptive means were mostly
in the expected direction (i.e., personalized goals were more engaging than
generically suggested goals). The seemingly limited impact of personalized
goal setting may be explained by the actual strategy for personalizing the
set of tasks. Moreover, we actually found that personalizing the suggested
minimum number of sports sessions did stimulate participants to perform
significantly more sports sessions, as well as significantly improved their
perception of their sports performance. Upon close examination of this
complexity parameter, we found that it can be characterized as a frequency
parameter, whereas the parameters for personalizing walks and bike rides
are typically characterized as intensity parameters. A frequency parameter
defines how many times a particular activity should be performed in a given
time frame, whereas an intensity parameter defines how a particular activity
should be executed (e.g., for how long and how far). We are unaware of
context-specific factors that could have influenced this e�ect. However, we
cannot claim generalizability yet either.

Finally, it must be noted that the treatment group participants did not feel
more capable of completing the program’s tasks than the participants in the
control group. Although no significant di�erences between the treatment
groups could be detected with respect to the participants’ perception of
capability to complete the program’s tasks (i.e., self-e�cacy), the treatment
group participants who set themselves a goal reported the lowest levels of
self-e�cacy on average among all participants. Hence, our personalization
strategy may have suggested tasks that were perceived as too di�cult or
too easy by our target users, thereby potentially compromising self-e�cacy
and engagement with the program [61, 73].

9.4.2 Study limitations
The execution of this study was subject to several limitations. First,
participants could take part without completing the intake survey. As a
result, it was unknown in the case of some participants whether they
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explicitly choose not to set goals for themselves or whether they actually
did aim to maintain or improve their current capability levels.

Second, participants may have felt that the number of points they were
awarded for their activities, which a�ected their position on the social
leaderboard, was unfair. By nature of the personalized treatment, each
participant’s intervention program was unique (i.e., the intervention program
was tailored to participants’ individual capabilities and goals). Although,
objectively speaking, this tailoring strategy makes the whole competition
actually more fair, we received reports from several participants perceiving
it as unfair that they had to (seemingly) expend more e�ort than their
colleagues to be awarded the same number of points.

Third, an additional design choice that participants may have perceived as
unfair was the decision to reward walks and bike rides on a per-trip basis,
instead of, for example, on a daily aggregate basis. As a result, participants
who went out for multiple shorter walks may not have been su�ciently
rewarded for their e�ort. Then again, our aim was to promote activities with
a minimum duration of 10 minutes, but perhaps it is worthwhile exploring
this trade-o� in more depth. Fourth, the study outcomes were largely based
on self-reported measures. Although participants could automatically
(i.e., objectively) prove their engagement with a certain task using Google
Fit, Strava, or a built-in GPS-based activity tracker, they were also allowed to
manually (i.e., subjectively) claim that they had engaged in a certain task.
This design choice could have introduced fraudulent activity
registrations.

Fifth, the post-test survey su�ered from low response rates (i.e., 46/176,
26%). This low response rate on the post-test survey may have introduced a
selection bias in the fourth set of analyses of subjective measures. Finally,
this study evaluated the impact of our intervention on a particular target
group (i.e., government sta�) within a specific context (i.e., the work
environment). It is likely that the results will be generalizable to other
audiences and contexts—because both Flow Theory [61] and Goal-Setting
Theory [206] are universal theories—but it remains unclear what the
intervention’s exact impact on health behavior would be in di�erent
settings.
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9.4.3 Future work
A follow-up study should better control how participants set goals for
themselves (i.e., by means of the intake survey). For example, participants
could be required to complete the intake survey before they are allowed to
engage in the (gamified) program. Moreover, the intake survey could be
extended to also assess participants’ Stage of Change according to the
Transtheoretical Model of Behavior Change [278]. It seems natural to set
di�erent goals for participants who are in the (pre)contemplation phase
(i.e., the phases in which participants are not [yet] planning for a more
active lifestyle) and for participants who are already actively improving
their lifestyle (i.e., participants in the action phase). Perhaps these two
groups need to be assigned a di�erent (gamified) program
altogether.

In addition, future work should focus on evaluating di�erent strategies for
personalizing goal parameters. A particular opportunity is exploring in more
detail the potential impact of personalizing the frequency parameters,
rather than the intensity parameters. Focusing on promoting activity
frequency particularly satisfies physical activity guidelines, which suggest
that frequently interrupting periods of sitting with (short) bouts of physical
activity is essential to remain healthy because sitting for prolonged periods
can in itself compromise health [264]. Does personalization based on
frequency parameters also have a larger impact on engagement levels in
general? And if so, why? Finally, future work could explore the impact of
allowing participants to add personalized goals for other types of activities
too (e.g., healthy dietary intake).

Although we have not yet been able to generalize our findings to support
the claim that personalizing activity frequency fosters engagement levels
better than personalizing activity intensity, we still suggest that
practitioners focus on setting personalized goals based on activity
frequency, in particular, because focusing on activity frequency implies
performing physical activity more often (instead of for longer duration or
performing more intense physical activity). This focus adheres especially
well to physical activity guidelines, which suggest that frequently
interrupting periods of sitting with (short) bouts of physical activity is
essential to remaining healthy because sitting for prolonged periods can in
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itself compromise health [264]. Meanwhile, we encourage scholars to
replicate our study setup to gain a deeper understanding of the potential
impact of di�erent strategies for tailoring health goals. To this end, we
recommend that scholars (also) apply Goal-Setting Theory [206] and Flow
Theory [61] when designing their studies. Similarly, we encourage scholars
to evaluate the relationship between strategies of adaptive goal setting and
contextual factors (e.g., whether outcomes can be replicated with other
target audiences).

9.5 CONCLUSIONS
In this study, we evaluated a gamified program that was designed to
promote engagement in physical activity with sedentary government sta�.
Our aim is to investigate the impact of adaptive goal-setting strategies on
user engagement levels with the program. In particular, through the
program, study participants were stimulated to engage in a set of
health-related activities (e.g., to go for a walk, run, or sports session). Of
these activities, we tailored the suggested intensity (i.e., the minimum
walking or biking distance) and frequency (i.e., for sports sessions) based
on the end users’ self-reported current capability (e.g., current walking
capability) and desired capability (e.g., desired walking capability). Our
results indicated that user engagement with the program inevitably
decreased over time. However, compared with a control group, it was found
that tailoring the frequency of suggested activities (i.e., as opposed to
tailoring the intensity of activities) does promote engagement in that
activity (i.e., engaging in sports sessions). This e�ect was reported to be
especially strong in participants who expressed an intention to improve
their health-related capabilities at the beginning of the program. In fact,
engagement was generally higher in participants who expressed an
intention to improve their capabilities on at least one health dimension.
Hence, when designing a gamified health promotion program, user
engagement levels may be fostered by having end users explicitly state
their current and desired capabilities and by setting health goals that tailor
the suggested frequency of engaging in activities that constitute these
goals.
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This chapter has been published before as: Nuijten, R. C. Y., Kaymak, U., Van
Gorp, P. M. E., Simons, M., Van den Berg, P. E. W., and Blanc, P. M. L., “Fuzzy
modeling to “understand” personal preferences of mHealth users: A case
study”, in Proceedings of the 11th Conference of the European Society for Fuzzy
Logic and Technology (EUSFLAT 2019), Atlantis Press, 2019, pp. 558–565, doi:
10.2991/eusflat-19.2019.77.

10.1 INTRODUCTION
Several mHealth tools have proven to be e�cient in engaging Humans in
a variety of di�erent health-related tasks [81, 94]. Although e�ective in
the short run, these interventions often fail to retain their impact in the
long run [106]. Hence, the challenge is to design mHealth tools that are
su�ciently engaging in the long run. Tailoring an intervention to the exact
needs and preferences of a user (i.e., personalization) may yield higher
engagement [200], because, whenever one’s preferences and needs are
captured, e�ort can be directed e�ciently to cater to these desires.

It is challenging to find the target of the personalization: of course, one’s
preferences may be learned from a questionnaire, but questionnaires are
often perceived as cumbersome, and therefore might not be completed.
Therefore, this study explores whether user preferences can be derived
from user event data in a manner that surveys become less important. In
this case study, user event data (e.g., the number of days users were online,
as well as the number of views per page per user) of a particular mHealth
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tool is evaluated to learn individual user preferences. Fuzzy modeling
techniques are employed because one’s preferences may not be defined
crisply. Moreover, one may have multiple (competing) preferences at the
same time. These cases of granularity and imprecision may be handled
especially well by fuzzy modeling techniques.

10.2 BACKGROUND
10.2.1 The mHealth tool
Within this case study, the mHealth tool GameBus (e.g., see
www.gamebus.eu) is evaluated. This tool was especially designed for health
promotion, and provides a highly configurable gamification platform for
supporting this purpose. GameBus adopts gamification techniques (“the
use of game design elements in non-game contexts” [82]) to intrinsically
motivate its users to engage with the application. According to the
classification of gamification elements by Hamari, GameBus implements
the gamification mechanisms of challenges, points, goals, progress
visualizations, leaderboards, and rewards [145]). These gamification
mechanisms are implemented as follows: GameBus includes a mobile
application that is designed to empower its users to adopt a healthier
lifestyle. The application tracks the (daily) healthy activities one performs,
and rewards virtual points for these e�orts. The number of virtual points
awarded per activity depends on the particular challenges one chooses to
take, since in a challenge, the rules for allocation of virtual points are
defined. The platform is designed to enable the rewarding of any healthy
activity: from social, to mental, to physical. For example, within a challenge,
points can be awarded for running (physical activity) and performing acts of
kindness (social activity) at the same time. Furthermore, one may choose to
engage in these challenges individually—comparing one’s performance
(i.e., the number of virtual points obtained) to a predefined goal—or
together with close relatives—comparing one’s performance against each
other, or to other teams of related individuals. Moreover, GameBus provides
features for social support: users can like and comment on each other’s
healthy achievements, as well as they can chat with each other.
Summarizing, GameBus allows users to perform the activities one enjoys
truly as an individual in such a way that one is part of an integrated social
interaction.
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In order to claim points, users have to prove that they engaged in a specific
healthy activity. This “proof of activity” comes from data that is either
provided by external applications (i.e., a third-party step counter tracking
the user’s daily number of steps), or the GameBus application itself (i.e., a
photograph of the user doing physical exercise in the gym). Hence, the
application connects with existing applications, and provides a platform to
translate inputs from other applications into a personal score, depending
on dynamic game rules.

In this particular context of gamification and gameful systems,
personalization often includes decisions on what particular content
(e.g., what game design elements such as leaderboards, rewards, or
challenges) to confront a user with. As described before, user’s preferences
for a particular type of content may di�er from person to person [344].
Hence, when making a decision in the context of a gameful system on
confronting a user with a particular game design element or not, a
decision-maker should ideally understand the user’s preferences, to
maximize her chances of striking the right chord. Within GameBus,
personalization based on user preferences may be the implementation of
personally tailored challenges, custom supportive messages, personalized
rewards, etc.

10.2.2 The framework for modeling user preferences
To understand someone’s personal preferences, several frameworks already
exist, e.g., the Big Five Personality Traits framework [129]. Also in the context
of gamification and gameful systems, several mappings between user
preferences and actual (game) content are already available, see for
example Bartle’s player types [20], or the HEXAD framework [214,
344].

In this case study, the HEXAD framework has been selected as theoretical
foundation, since both this framework and the mHealth tool are based on
the theory of gamification [82]. Additionally, both the framework and the
application are founded on self-determination theory [297]. In
self-determination theory it is proposed that Human behavior is
determined by the interplay of three basic psychological needs: autonomy,
competence, and relatedness [297]. Autonomy refers to the desire to
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self-organize experience and behavior. Competence is the need for
challenge and the experience of one’s e�ectiveness. Relatedness refers to
the need to experience connections to other people.

The HEXAD model identifies six types of users: (1) Socialisers enjoy
interacting with others and creating social connections, (2) Free spirits want
to create and explore, (3) Achievers are looking for ways to learn new things
and improve themselves, (4) Philanthropists want to enrich the lives of
others in some way with no expectation of reward, (5) Players will do what
is needed of them to collect rewards from a system; and 6) Disruptors want
to disrupt a system, either directly or through others to force positive or
negative change.

10.3 METHODS
The main goal of this case study is to evaluate whether user preferences
can be understood from user event data. In this case, the user’s degree
of belonging to the di�erent HEXAD classes (i.e., which are established
from an o�cial survey [344]) are assumed to be the ground truth for one’s
actual preferences. The challenge is to accurately predict these membership
degrees, based on parameters that are derived from the user’s event data
that is available from the mHealth tool GameBus.

10.3.1 Data collection
Within this study, data is evaluated that was gathered using
GameBus during a health promotion campaign at Eindhoven University of
Technology. During this campaign, a virtual competition was hosted among
members of the departments of the university. Participants were invited to
demonstrate their own department as the healthiest of the entire
organization. To prove the overall “health status” of their departments,
participants were requested to track their daily, healthy activities
(e.g., active transport, sports, and fruit intake) using GameBus.
GameBus would then award virtual points for each activity, and the health
status of a particular department would then be calculated as the average
number of virtual points scored within that department. During a four-week
period, participants were allowed to claim virtual points for their
departments. To review their progress, GameBus allowed participants to
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compare their team performance (i.e., performance of their departments)
and individual performance within their team. The goal of the competition
was to obtain the highest score as a team. Moreover, for a scientific
experiment, some participants were given a personal goal of obtaining at
least 50 virtual points, before being allowed to claim a tangible reward
(i.e., a mug).

From the user event data that was gathered by GameBus during this
campaign, a total of 14 input parameters were derived. These parameters
are:

x1 : the number of points a subject obtained,
x2 : the subject’s degree of surpassing her goal of obtaining 50 points, which

is defined as:

x2 =

{
0 x1 < 50
50/x1 x1 > 50

,

x3 : the number of activities a subject performed,
x4 : the number of unique activity types a subject performed,
x5 : the average number of activities a subject performed per days active,
x6 : the number of supports utterances to other subjects,
x7 : the number of reactions on other subjects’ activities,
x8 : the number of chat messages sent,
x9 : the number of times a subject peeked at the leaderboard,
x10 : the number of times a subject checked her activities,
x11 : the number of times a subject glimpsed at the newsfeed,
x12 : the number of times a subject looked up her team mates,
x13 : the number of times a subject checked her profile,
x14 : the number of times a subject peeked at other one’s profiles.

Certain combinations of these input parameters were used to predict a
subject’s degree of belonging to each of the six classes as identified in the
HEXAD framework (i.e., Socializer, Achiever, etc.). The subject’s actual degree
of belonging to these classes was obtained from post-test questionnaire
responses, according to the survey by Tondello and colleagues [344]. In
this questionnaire, subjects were asked to rate how well each survey item
described them on a 7-point Likert scale. The survey included for example
items such as “It is important to me to always carry out my tasks completely”
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to measure one’s degree of belonging to the Achiever class, as well as items
such as “It is important to me to feel like I am part of a community” to
measure one’s degree of belonging to the Socialiser class. To determine
one’s degree of belonging to a particular HEXAD class, the scores of the
items corresponding to that class were summed separately.

10.3.2 Data preparation
After data was obtained via SQL, two datasets were prepared using Google
Spreadsheets and comprised an unsupervised dataset, including the values
of input parameters for all campaign participants, as well as a (smaller)
supervised dataset, including both the values of input parameters and the
actual degree of belonging to the HEXAD classes for all campaign
participants that completed the post-test survey. In both datasets, min-max
normalization was applied to each of the input variables x1 to x8. Hence, for
these variables it was assumed that all participants kept the same mental
model of granularity. In other words, it was assumed that any value of a
particular variable would be judged the same membership to a particular
condition (e.g., low, medium, or high) by all participants.

Furthermore, in both datasets, variables x9 to x14 were normalized per subject
by dividing each separate element by the sum of these six elements per
subject. Hence, these variables were normalized relative to each other,
which implies that participants may have kept di�erent mental models of
granularity. In other words, it was implied that any value of a particular
variable would be judged a di�erent membership to a particular condition
by di�erent participants, depending on a subject’s total number of page
visits.

Finally, only for the supervised dataset, also the vector of actual measured
HEXAD classes was normalized by dividing each separate degree of belonging
by a subject’s total degree of representation by the HEXAD framework (i.e., the
sum of individual HEXAD class scores).

10.3.3 Model building
For each of the six HEXAD classes, a Takagi-Sugeno fuzzy inference system
with at most 14 input parameters was derived, as described by Sousa and
Kaymak [322]: Step 1 describes how the membership functions of input
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parameters were derived. Step 2 and Step 3 describe how a set of fuzzy
rules were derived for each of the six classes. Finally, Step 4 describes how
performance measures for these rules were derived. The software to
perform these steps was created in Python (version 3.6.4), and is available
via www.github.com/Louar/EUSFLAT-mHealth-FIS.git. This study adopts a
first-order Takagi-Sugeno fuzzy modeling approach, since they have a large
expressive capacity and can model complex non-linear mappings with a
relatively small number of rules, compared to e.g., Mamdani fuzzy
systems [322].

Step 1: Derive membership functions
First, membership functions for the input variables are derived from the
unsupervised dataset. Three-condition (i.e., low, medium, high), triangular
membership functions were derived using “box plot parameters”
(i.e., minimum, median and maximum) [87], see figure 10.1.

→ix0

μ

1 low medium high

→ix0

μ

1 low high

→ix0

μ

1 low high

FIGURE10.1: Transformation of box plot parameters to fuzzy membership functions.

Note that, whenever the minimum and median of an input variable were
equivalent, only two membership functions were fitted (i.e., the
membership function for the condition medium was omitted), see
figure 10.1. Similarly, whenever the median and maximum of an input
variable were equivalent, the membership function for the condition
medium was omitted, see figure 10.1.
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Step 2: Derive rule antecedents
A fuzzy inference system consists of a rule base, that consists of a set of fuzzy
IF-THEN rules. A fuzzy IF-THEN rule has two parts: an IF-part, which holds the
rule’s antecedents, and a THEN-part, which determines the consequence of
a rule. The antecedents in the IF-part are combinations of input parameters
and their conditions. For example, when the IF-part of a rule contains only
one parameter (e.g., x1, which may have the conditions low, medium, and
high) then there are three possible variants (i.e., potential rules) of this
IF-part: x1 = low, x1 = medium, and x1 = high.

To derive these antecedents for each HEXAD class, it is necessary to
understand what input parameters may influence (i.e., predict) the degree
of belonging to that particular class. This mapping of input parameters to
HEXAD classes based on their predictive power was performed by the
authors. The authors would be eligible to create this mapping since they are
both the designers and developers of the mHealth tool under investigation
(i.e., GameBus) and are familiar with the HEXAD framework. Summarizing, a
set of relevant variables RVo was derived for each HEXAD class o. Note that
the number of elements in a set RVo can never exceed 14, since only 14
input parameters are available in this study, see Section 3.1. A specific
variable may occur in several sets of relevant variables for di�erent HEXAD
classes, though, because a variable may relate to multiple classes.

Given the mapping of input parameters RVo to the HEXAD classes based
on their predictive power, a set of antecedents may be derived (e.g., one’s
degree of belonging to the Achiever class is explained by her number of
points obtained (x1), and number of peeks at the leaderboard (x9), and ...
etc.). It is assumed that a rule’s antecedents always consist of all the input
parameters that are mapped onto the HEXAD class that a rule should explain.
Di�erent variants of this static combination of input variables exist in that
an input variable can occur as an antecedent enforcing either of its at most
three conditions (i.e., low, medium, high). Recall from the previous Step
that some input parameters may lack a low or high condition, depending
on the variable’s particular box plot parameters. Summarizing, a first-order
Takagi-Sugeno system is constructed for each HEXAD class o, such that the
rule base is formed by taking a grid partition with all combinations of fuzzy
sets defined on the variables in RVo.
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Subsequently, the di�erent antecedents that constitute a rule are combined
using Zadeh’s AND operator [369]. Whenever it is assumed that one’s degree
of belonging to the HEXAD Achiever class is well predicted by input
parameters x1 and x9, and that for these variables, membership functions
exist for the conditions low, medium, and high as well as low, and high,
respectively, the following antecedents are derived:

RAA,1: x1 = low AND x9 = low
RAA,2: x1 = low AND x9 = high

RAA,3: x1 = medium AND x9 = low
RAA,4: x1 = medium AND x9 = high
RAA,5: x1 = high AND x9 = low
RAA,6: x1 = high AND x9 = high ,

where A stands for the Achiever class.

Step 3: Derive rule consequences
Now that a set of antecedents is known for each HEXAD class, the
consequences that accompany these antecedents to form a set of fuzzy
IF-THEN rules may be derived. Unlike the antecedents, these consequences
are learned from the data available, rather than suggested by experts. It is
assumed that a consequence should be a linear function of the input
parameters of the rule’s antecedents (i.e., a function of the input
parameters that were mapped onto a specific HEXAD class) as is often the
case in Takagi-Sugeno systems. Hence, building on the example that was
given in the previous Step, the rules to be derived have the form of:

RA,1: IF x1 = low AND x9 = low THEN
Achiever = θA,1,ε + θA,1,1 · x1 + θA,1,2 · x9

RA,2: IF x1 = low AND x9 = high THEN
Achiever = θA,2,ε + θA,2,1 · x1 + θA,2,2 · x9

...
RA,6: IF x1 = high AND x9 = high THEN

Achiever = θA,6,ε + θA,6,1 · x1 + θA,6,2 · x9 ,

where again, A stands for the Achiever class.
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To be able to learn the optimal consequence (i.e., the θ’s) that may be implied
by the suggested antecedents and the actual supervised data available, a
number of linear inequalities is solved. In this linear program, a pseudo-
inverse solver determines the optimal consequence parameters, given a
subject’s actual values on suggested input parameters and the subject’s
actual degree of belonging to a particular HEXAD class. Since the optimal
consequence parameters are estimated based on a subject’s actual degree of
belonging, this and all consecutive Steps are performed using the supervised
dataset, which includes campaign participants that completed the post-test
suvey, and hence, for whom estimates of their actual degree of belonging
to each of the HEXAD classes are known. Summarizing, the following linear
program is solved:

Ŷo = Yo,

where Yo is the vector of actual degree of belonging ys,o to a particular
HEXAD class o for a particular subject s, and where Ŷo is the vector of
predictions:

ŷs,o =

N∑
j=1
β̂s,o,j ·

(
θo,j,ε +

∑
i∈RVo

θo,j,i · xs,i

)
,

for a particular HEXAD class o for a particular subject s. In Ŷo, j = 1 . . .N is
the rule number for the rule base of class o, and i ∈ RVo are the input
parameters mapped onto this class o. Then, β̂s,o,j is the normalized degree
of applicability of rule j in the rule base for HEXAD class o for a particular
subject s, defined as: βs,o,j/

∑N
j=1βs,o,j, and xs,i are the actual parameter

values for input parameter i of a particular subject s. Then, θo,j,i and θo,j,ε
are the consequence parameters that need to be estimated, where θo,j,ε
represents the error term of the linear function. Finally, in β̂s,o,j, βs,o,j is
defined as:

βs,o,j = min
∀i∈RVo

µci (xs,i) ,

Where µci is the membership function (i.e., as derived in Step 1) of the
condition ci for input parameter i, for the actual value xs,i of input parameter
i for subject s , where i ∈ RVo. In Step 3, a potential rule is omitted (i.e., and
therefore deleted from the rule base of a particular HEXAD class o) if the
degree of applicability βs,o,j is 0 for each subject s in the dataset.
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If the example that was given in the previous Step is considered again, the
following set of linear inequalities is solved to learn the optimal consequence
parameters (i.e., the θ’s):

6∑
j=1
β̂1,A,j ·

(
θA,j,ε +

∑
i∈RVA

θA,j,i · x1,i

)
6∑
j=1
β̂2,A,j ·

(
θA,j,ε +

∑
i∈RVA

θA,j,i · x2,i

)
...

6∑
j=1
β̂46,A,j ·

(
θA,j,ε +

∑
i∈RVA

θA,j,i · x46,i

)


=


y1,A

y2,A
...

y46,A

 ,

where again, A stands for the Achiever class.

Step 4: Evaluate performance
To evaluate the performance of the set of rules in predicting a subject’s
degree of belonging to a particular HEXAD class, the Sum of Squared Errors
(SSE) is determined (i.e., both per class and in total). Additionally, the
accuracy of a predicted degree of belonging to a HEXAD class is evaluated,
by ranking the predicted classes and comparing the actual class a subject
belongs to most, with the predicted class a subject belongs to most. We
also evaluated whether a subject’s most representative predicted class is
among the actual top three classes that best represent the subject.

⋮ ⋮

(n = 46) 
Dataset Random sort

of dataset (5-fold)
Cross-validation Performance

Train set

SSE & accuracy
Test set Philanthropist

Socializer

Repeat cross-validation 5 times

⋮

Free Spirit
Achiever
Disruptor
Player

of belonging
Predicted degree

of belonging
Actual degree

FIGURE10.2: Model validation process.

10.3.4 Model validation
To obtain a valid estimate of the performance measures, Step 3 and Step 4
should be performed on di�erent subsamples of the supervised dataset
(i.e., a train and test set respectively). To validate the estimate of the
performance measures, a five-fold cross-validation was performed,
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see figure 10.2. In five-fold cross-validation, the original sample is randomly
partitioned into five equal sized subsamples. Of the five subsamples, a
single subsample (20% of data) is retained as the validation data for testing
the model, and the remaining four subsamples (80% of data) are used as
training data. The cross-validation process is then repeated five times, with
each of the five subsamples used exactly once as the validation data. The
five results can then be averaged to produce a single estimation. The
advantage of this method is that all observations are used for both training
and validation and each observation is used for validation once.

10.4 RESULTS
10.4.1 Data description
Unsupervised user event data from the mHealth tool was collected for 146
participants. Nevertheless, only 48 subjects have completed the post-test
questionnaire, which was used to establish a degree of belonging to each
HEXAD class. Of this sample of 48, only 46 samples were eligible to be
included in the supervised dataset after cleaning of ambiguous entries.
Figure 10.3 depicts the distribution of the HEXAD classes in which the
participants achieved the highest and lowest survey score.

12.2%

29.7% 17.6%

28.4%

8.1%
4.1%

58.2%

5.5%
1.8%

12.7%
3.6%

18.2%

Philanthropist Socializer Free Spirit Achiever

Distribution of subjects’ most Distribution of subjects’ least
representative HEXAD class representative HEXAD class

Disruptor Player

FIGURE10.3: Distribution of subject’s HEXAD classes.
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10.4.2 Model parameters
Triangular membership functions were determined for the 14 input
parameters based on the unsupervised dataset, see figure 10.4.
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FIGURE10.4: Defined membership functions µci for each of the 14 input parameters.

Subsequently, to establish the sets of fuzzy rules that describe a particular
HEXAD class, it was necessary to obtain a mapping between input parameters
and classes, based on the input’s (expected) predictive power of a certain
class. From an expert session the following mapping of inputs to classes was
obtained: one’s degree of belonging to the Philanthropist class may be well
explained by input parameters x6, x9, x11, and x14, which may be indicators of
altruistic behaviors, such as caring for the well-being of others; one’s degree
of belonging to the Socialiser class may be well explained by the input
parameters x6, x7, and x8, which are all indicators of interaction with others;
one’s degree of belonging to the Free Spirit class may be well explained
by the input parameters x3, and x4, which are indicators of autonomy and
self-expression; one’s degree of belonging to the Achiever class may be well
explained by the input parameters x1, x3, x9, and x10, which are indicators
of pursuing mastery; one’s degree of belonging to the Disruptor class may
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be well explained by the input parameter x5, which may be an indicator of
cheating, and therefore disruptive behavior; one’s degree of belonging to
the Player class may be well explained by the input parameters x2, and x9,
which are indicators of pursuing (extrinsic) rewards.

From this mapping, rule antecedents and rule consequences are derived as
described in Step 2 and Step 3 of Section 3.3. For the Philanthropist class
theoretically 108 rules could have been derived based on this mapping.
However, rules that never fire for any subject in the training set are
eventually omitted. Since this cleaning of the rule bases is dependent on
the observations that are actually included in the training set, di�erent
rules may have been omitted throughout cross-validation (where multiple
instances of training sets and test sets have been evaluated). It was found
that, on average, only 91.36 rules (out of a theoretical maximum of 108
rules) were included in the rule base for the Philanthropist class. Similarly
it was found that for the Socialiser, Free Spirit, Achiever, Disruptor, and
Player class 6.8 out of 8, 7.8 out of 9, 62.6 out of 81, 3 out of 3, and 6 out of 6
rules were included on average, respectively. Randomly chosen instances of
these rules were:

RA,1: IF x1 = low AND x3 = low AND x9 = low AND x10 = medium THEN
Achiever = 0.199− 0.000221 · x1 − 0.00111 · x3 − 0.00976 · x9 + 0.169 · x10
RA,20: IF x1 = low AND x3 = high AND x9 = medium AND x10 = low

THEN Achiever = 0.175+ 0.00349 · x1 + 0.00786 · x3 + 0.0124 · x9 + 0.0549 · x10,

where again, A stands for the Achiever class, and:

RS,1: IF x6 = high AND x7 = medium AND x8 = high THEN Socialiser =
0.283+ 0.283 · x6 + 0.0314 · x7 + 0.283 · x8 ,

where S stands for the Socialiser class.

10.4.3 Evaluation of model performance
Repeated five-fold cross-validation reports an average SSE of 31.576
(σ = 26.640). The average SSE for the HEXAD classes Philanthropist,
Socialiser, Free Spirit, Achiever, Disruptor and Player are 6.516, 7.087, 6.216,
2.207, 1.167, and 8.393, respectively. Furthermore, the model obtained an
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average accuracy on correctly predicting a user’s actual most representative
class of 0.200 (σ = 0.130), while obtaining an average accuracy on correctly
predicting one of the user’s top-three most representative classes of 0.622
(σ = 0.137).

10.5 DISCUSSION
10.5.1 Principal findings
From the SSE per HEXAD class it can be derived that especially the degree of
belonging to the Achiever and Disruptor class (SSE of 2.207 and 1.167,
respectively) are predicted with a higher precision than the subject’s degree
of belonging to either of the four other classes. The mHealth tool under
investigation seems to particularly cater to the needs of Achievers, since
the configuration of GameBus that was evaluated was mainly centered
around challenges and competition, and therefore “striving behavior” may
be e�ectively captured by the input parameters mapped onto this HEXAD
class, i.e., x1, x3, x9, and x10. Additionally, it seems that Disruptive behavior
is not really supported by the currently evaluated configuration of the
mHealth tool, and can therefore most probably not reliably be explained by
input parameter x5. Nevertheless, the prediction error (i.e., SSE) is lowest
for this class. Besides the unexpected predictive power of input parameter
x5 explaining this result, this results is more likely explained by the fact that
only a few subjects reported to identify themselves with the Disruptor class
in the first place (i.e., 58% of post-tested subjects reported that they related
to the Disruptor class least, whereas only 4% indicated that this class
represented them best, also see figure 10.3).

Finally, from the analysis of accuracy scores for the entire fuzzy model, it may
be derived that user preferences may actually be understood from user event
data in an mHealth setting. A truly random predictor may correctly predict
the class that represents a subject most with a probability of 1/6 = 0.17. The
fuzzy model obtained an accuracy of 0.200 on average, which is slightly
better. Similarly, the probability that the most probable predicted class of
a truly random predictor is among the top three actual classes that most
represent a subject is 3/6 = 0.5. Again, the fuzzy model obtained an accuracy
(0.622) that is slightly better than a random system may achieve.
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Understanding user preferences provides a basis for personalization of
GameBus’ content: based on one’s degree of belonging to a specific HEXAD
class, the user may be confronted for example with personally tailored
challenges or custom supportive messages, in order to foster engagement
and thereby sustain the impact of the mHealth intervention in the long
run.

10.5.2 Study limitations
As outlined before, for a scientific experiment, some participants were
confronted with a personal goal of obtaining 50 virtual points, while others
were not. Of the sample of 46 post-tested subjects, 9 participants were
never given a goal of obtaining 50 virtual points. Therefore, particularly
input parameter x2 may have been biased, which may explain why the
Player class could not be reliably predicted (i.e., for this class, the SSE was
highest). In future analyses, these treatment e�ects may be accounted for.
Moreover, it may be that the mHealth tool did not fully cater to all
preferences and needs a certain HEXAD class may require. Therefore, the
input parameters available may have lacked predictive power for some of
the classes.

10.5.3 Future work
To better estimate performance measures and to strengthen the results
obtained, future research should focus on collecting additional data.
Moreover, future work may focus on learning also the rule antecedents
(i.e., the set of relevant input parameters RVo for a particular HEXAD class
o) from data, instead of only the consequence parameters (i.e., the θ’s).
Additionally, it would make sense to apply some further rule base
simplification an pruning methods to reduce the number of rules per
inference system, for example using the rule base simplification procedure
by Setnes and colleagues [313], or the Wang-Mendel algorithm [352]. Finally,
the performance of the modeling approach adopted in this study should be
compared to other (fuzzy) modeling approaches, and di�erent frameworks
for modeling personal preferences (e.g., the Big Five Personality Traits
framework [129]) may be adopted as a framework for understanding user
preferences.
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10.6 CONCLUSIONS
This case study evaluated to what extent personal preferences can be
automatically derived from user event data in an mHealth setting. Based on
a theoretical framework, user preferences were described using six classes.
Based on this framework, a structure of six Takagi–Sugeno fuzzy inference
systems was constructed and evaluated against baseline data from an
o�cial survey for measuring the framework’s constructs. From this analysis,
it was found that user preferences may be derived from user event data
using fuzzy modeling with accuracy scores that are higher than a random
predictor would typically achieve.
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E M P LOY I N G A I TO D E R I V E P E R S O N A L
P R E F E R E N C E S F R O M A P P E V E N T LO G S A N D
S U R V E Y D ATA : TO W A R D A H Y B R I D A P P R O A C H
W I T H B E T T E R A C C U R A C Y S C O R E S

This chapter has been published before as: Hadian Haghighi, E., Nuijten, R. C. Y.,
and Van Gorp, P. M. E., “Towards hybrid profiling: Combining digital phenotyping
with validated survey questions to balance data entry e�ort with predictive
power”, in 2021 International Symposium on Electrical, Electronics and
Information Engineering, Association for Computing Machinery, New York, 2021,
pp. 585–593, doi: 10.1145/3459104.3459199.

11.1 INTRODUCTION
Recently, mHealth interventions have shown significant potential to
empower its users to change their daily routines and adopt healthier
lifestyles [94]. However, these digital support tools often fail to retain their
impact in the long run due to their users losing interest [106]. A promising
strategy to retain users is by tailoring your intervention to the users’
individual wants and needs [81]. Particularly, it was found that personalized
mHealth interventions are more e�ective than interventions that adopt
one-size-fits-all approaches [81]. User preferences are commonly derived
from knowledge on a user’s personality [104]. Therefore, to personalize an
mHealth intervention, the tool first needs to understand the preferences a
particular user has. Historically, personality traits are derived using
questionnaires [262, 286]. However, users often perceive questionnaires as
cumbersome [286], and the quality of their answers decreases with every
next question [39]. Hence, lengthy personality tests increases the risk of
users dropping out, and as such, the aim to reduce dropouts by applying
trait-based personalization may fail a priori. Although e�orts have been

https://doi.org/10.1145/3459104.3459199


CH. 11 DERIVING PREFERENCES FROM APP AND SURVEY DATA

invested in shortening popular personality tests, and user experience
design techniques have been employed to reduce the perceived burden of
questionnaires (e.g., using blocks and progress bars) [118], it was found that
filling out popular personality tests still requires between five to fifteen
minutes [134]. When the primary aim of such surveys is to personalize an
mHealth intervention then they are typically part of a digital onboarding
process. In digital onboarding processes, dropout is already a challenging
issue, so adding five to fifteen minutes there is probably detrimental to user
uptake.

Another strategy to gain understanding of a user’s personality is to apply
unobtrusive learning methods from the domain of Artificial Intelligence (AI).
For example, user event data is automatically recorded by users performing
digital actions on mHealth tools. These actions have a certain meaning that
may, or may not be, iconic for people with a certain personality profile. Hence,
these digital traces can be tracked to construct an image of one’s personality.
For example, AI has been deployed to automatically determine a user’s
personality based on: the apps someone has installed [366], someone’s
behavior on social media platforms [47], and someone’s call and messages
logs [72]. These unobtrusive approaches are typically categorized as “Digital
phenotyping, behavioral sensing, or personal sensing” [234]. Unfortunately,
the current state-of-the-art in digital phenotyping in mHealth is insu�ciently
accurate to predict one’s personality reliably [315].

In this study, we aim to combine classical personality tests with digital
phenotyping techniques in order to explore the personalities of users of
an mHealth app. Particularly, we aim to increase the accuracy of digital
phenotyping techniques, by enriching these unobtrusive learning methods
with user reported survey responses of highly trimmed down personality
tests. We showcase and validate our method using the GameBus platform
but the techniques are applicable more broadly: our proposed method can
be implemented in any mobile application which (1) o�ers pages that have
a strong link to psychological traits, and (2) which o�ers functionalities
for prompting the user with short surveys. In this case study, we use user
event data and a multilayer perceptron (MLP) neural network to have an
estimation of two probability trait profiles of each user. Then, based on
these predictions a limited number of questions will be asked to predict
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the user’s personality. Results show that the proposed hybrid approach is
promising and deserves more research attention.

11.2 BACKGROUND
11.2.1 The mHealth tool
Recently, mHealth tools have been changing the face of health care. The
rapidly increasing number of mHealth apps available in the market, clearly
reveals that mHealth plays an important role in increasing health literacy,
health management and patient engagement. It does remain a scientifically
challenging question how one can design mHealth tools in a manner that
users remain engaged over long periods of time.
GameBus (e.g., see www.gamebus.eu) is an mHealth platform that uses
gamification techniques as classified by Hamari [145]: it provides elements
such as challenges, points, goals, progress visualizations, leaderboards, and
rewards in non-game contexts for promoting health activities in a playful
manner. The GameBus platform is designed to persuade its end-users to a
healthier lifestyle. Depending on the challenges chosen to take, di�erent
types of healthy activities—from social, to mental, to physical—are rewarded
with virtual points. Such points can be linked to individual or team-based
competitions, but also non-competitive goal tracking is supported.

Moreover, Social support elements such as newsfeeds, chats and likes and
comments can be employed for behavior change. The academic platform
has already been used to support various controlled experiments that aim
to show statistically the e�ect of certain platform configurations on user
engagement [350, 314]. It turns out that results often depend on personality
traits of the study participants [256]. Personalization based on users’ traits in
GameBus can be applied to persuasive messages, often called nudges [316].
It is also possible to personalize the content, o�ered challenges, and design
of the App in accordance with their personality. Therefore, we are preparing
a dynamic variant that tailors the platform configuration based on user
traits. Such plasticity in user experiences based on personal traits has
been described in the context of marketing [262] but it seems not explored
for health promotion well and the current state-of-art approaches are not
accurate enough in mHealth[315]. Trait modeling can be done via a variety
of models. In a gamification context, for examples, one could use the HEXAD
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model [344]. In the following section, we clarify a more established model
from general psychology.

11.2.2 The framework for modeling user preferences
The most common personality framework is the Big-Five [129], and there are
several mappings framework between users’ personality trait and actual
(game) content [20, 344]. Personality testing in accordance with the Big-Five
personality traits consists of five traits including extraversion,
agreeableness, conscientiousness, neuroticism, and openness to
experience representing personality at the broadest level of abstraction.
Mini-IPIP [89] is one of the most commonly used short inventories
measuring an individual on the Big Five dimensions of personality. Although
Mini-IPIP with 20 questions provides a short-form IPIP survey delivering an
acceptable proxy for a person’s traits, it may still be felt like a burden since
it typically takes 5 minutes to fill out. Although we contextualize the
research using the GameBus app primarily because we have full data access
for scientific research in compliance with the GDPR, this proposed method
can be used by other mHealth platforms that collect similar data. Moreover,
this hybrid approach is applicable to any psychological model.

11.3 METHODS
Construction of user’s trait profile is considered as one of the main
challenges in personalization [14]. User preference as one of the most
important aspects of user satisfaction should map into personality
characteristics. Therefore, the user’s personality as the users’ most
representative of personality trait makes this as a classification problem.
The main goal of this study is to evaluate users’ preferences from their user
event data in order to reduce their e�ort by answering fewer survey
questions. The user event database is a collection of behavioral and
analytics data that represents how users act in the app. Big-five survey
results are considered as the ground truth for one’s actual preferences. We
collected such data for pilots that enable us to train and test machine
learning models such that future users do not have to fill out such long
surveys. Specifically, we start from a 20-item Mini-IPIP survey (i.e., see [351]
for the actual survey) and aim to further reduce the number of survey items
without significantly compromising the predictive power of the questions
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that remain. Figure 11.1 is the graphical representation of the study design
and general user journey when using the digital phenotype platform within
mHealth applications.

⋮

Labeled datasetSource data Data analysis
of dataset

Predict two
most likely traits

Ask n survey
 items

Selection based on 
prediction of traits

Update app, according 
to most likely trait

User event data
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MLP classifier

+
Average personality trait 

scores of the Dutch 
population

Public source
data

Predict single
most likely trait

User event data
from mHealth app
collected in 3 days

⋮

Unlabeled datasetSource data

FIGURE11.1: Study design and visual representation of general user journey when
using the proposed method.

11.3.1 Data collection
Data for this study was reused from a previous study [350]
(i.e., see chapter 7), which evaluated the impact of competitiveness in an
mHealth setting for 12 weeks among first-year high-school students. In
total, 313 unique participants (i.e., including 290 students, and 23 teachers)
have joined the study. Consent was collected to use the pseudonymized
data for scientific studies on mHealth behavior change. Participants also
were invited to complete a Mini-IPIP survey personality test in accordance
with the Big-Five personality traits leaving a total of 94 participants in the
dataset. Regarding event data, a total of 35 input parameters were derived.
These parameters are fully listed in [351], and some of them are mentioned
below:

x1 number of days a user has been online in the given period
(excluding the automatically tracked events),

x2 number of days a user has been tracked using automatic trackers,

x3 number of times a user has viewed their personal activity log,
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...

x7 number of times a user has viewed their profile,
...

x32 number of points a user has collected,

x33 number of unique challenge rules a user has performed,

x34 number of unique activity types a user has performed,

x35 number of unique activity types a user has performed that were
rewarded.

11.3.2 Data preparation
As clarified in the introduction, our proposed method aims to classify users
in psychological profiles in order to personalize the user experience and
optimize user engagement. When aiming to reduce dropout rates, that
classification should happen as fast as possible, with adequate accuracy.
Therefore, we analyzed empirically di�erent scenario’s (ranging from
classifying already after one day to classifying only after multiple weeks).
The study took place in 12 weeks and datasets as it is expressed in the
form equation (11.1) they were prepared based on daily intervals T from
users’ data. Datasets include both the values of input parameters Xi,j (user
event data) and the actual degree of belonging to the Big-Five classes yi,l
for all participants that completed the survey.

DatasetT = [Xi,j,yi,l]T (11.1)

Xi,j =


x1,1 · · · x1,j

...
. . .

...
xi,1 · · · xi,j

 (11.2)

yi,l =


y1,1 · · · y1,l

...
. . .

...
yi,1 · · · yi,l

 (11.3)

Where i represents users (i = {1, 2, . . . , 94}), j is the feature item number
(j = {1, 2, . . . , 35}), l denotes the Big-Five traits group (l = {1, 2, . . . , 5}). In
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all datasets, two types of normalization were applied to each of the input
variables xi,j. As it can be seen in equation (11.4); first, to improve the
scalability of our analysis, input parameters (user event data) for each user
within these datasets were divided by the number of days that person has
been online (xi,1). Second, all user event data were transformed via z-score
for better normalization and comparisons. In this equation n stands for the
total number of users (n = 94).

x ′i,j =

xi,j

xi,1
−
1
n

∑ xi,j

xi,1√√√√√∑
(
xi,j

xi,1
−
1
n

∑ xi,j

xi,1

)2
n

(11.4)

To normalize the Big-Five survey data against data that represents Dutch
society and categorize each user into one of the five trait groups, the score
of each individual participant is compared with the average µnl and
standard deviation σnl score of people in the Netherlands (see figure 11.1
and table 11.1) (i.e., average scores and standard deviations of personality
traits for the Dutch populations, we made use of data of the LISS
(Longitudinal Internet Studies for the Social sciences) panel administered
by CentERdata (Tilburg University, The Netherlands) [306]) to the Big-Five
personality test by computing the Z-score for each trait group l

(equation (11.5)). Consequently, user i belongs to trait group Yi which has
higher value among other trait groups (equation (11.6)).

y ′i,l =
yi,l − µnl,l
σnl,l

(11.5)

Yi =

[
max
l

(y ′i,l)

]
(11.6)

Trait (l) Openn. Consc. Extra. Agree. Neuro.

Avg. (µnl) 3.48 3.72 3.12 3.84 3.48
StD. (σnl) 0.50 0.52 0.66 0.52 0.71

TABLE11.1: Average scores of Big-Five personality scores in the Netherlands.
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11.3.3 Model building
Optimum time frame and key features
One reason why user might abandon an app is we were not able to deliver
personalized experiences that fit into their needs. The previous study shows
most of the users abandon the app after only two weeks [350]. Also, analysis
show users’ activities reached their peak on the third day, but then started
to decrease significantly. Hence, the decision came down to a trade-o�
between the accuracy and observation time. Three days was considered
as the optimum minimum time span required to have a good balance of
the estimation accuracy and time. This time span can be considered as the
golden time to engage people and make a personalized intervention.

Feature selection is one of the most important concepts in Machine Learning
techniques to eliminate redundant variables and keeps only the best subset
of predictors in the model. In the first phase, after categorizing users in their
trait groups, average and standard deviation values of the input variables xi,1
to xi,35 (features) for users in the same group were calculated. Based on the
standard deviation and dispersion of features, the algorithm selects three
features with a higher value of standard deviation between the average of
that variable within groups. In other words, this filter method follows the
reasoning scheme to choose variables which their value being close within
their group but have a significant distance from the other group.

Artificial neural networks
Artificial neural networks (ANNs) are a soft computing technique inspired by
simulating the behavior of the human brain. This study utilizes the power of
Keras library in Python for this purpose and a multi-layer perceptron (MLP)
with 1 input layer, 2 hidden layers, and 1 output layer are used to build the
model. Each hidden layer consists of 10 nodes as depicted in figure 11.2.
The hyperbolic tangent activation function in each hidden layer and
softmax function for the output layer are supplied along with the number of
nodes. Since this problem is a type of single-label multi-class classification,
categorical cross-entropy was applied in its settings rather than binary
cross-entropy as the loss function of the model. Therefore, the proposed
model gives a dispersion of probabilities between all five traits groups. Two
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categories that receive the highest probability will be the output for the
model for the next step.

Input Layer ∈ ℝ³ Hidden Layer ∈ ℝ¹⁰ Hidden Layer ∈ ℝ¹⁰ Output Layer ∈ ℝ⁵

FIGURE11.2: MLP classifier structure.

Selective questions
By predicting two possible personality groups for each user from the
previous step, users’ mini-IPIP test scores on those two personality groups
are considered. In practice, it is equivalent to just 8 questions out of 20
questions of the Mini-IPIP test that are asked from a user according to the
predicted probable personality traits. In the next experiment with the aim
to decrease the burdensome of the test, even more, we reduced the number
of questions to 6 questions which includes 1 question with a positive keyed
direction and 2 questions with negative keyed directions for each group.
These questions were selected based on the confirmatory factor analysis
(CFA) of the Mini-IPIP by choosing the highest values [59]. Confirmatory
factor analysis is a popular powerful statistical tool in social research for
evaluating latent variables. This analysis measures whether a prespecified
factor model (hypothetical constructs) provides a good fit to the data or not.
Consequently, questions number 6, 11 and 16 for extraversion, 2, 7 and 17 for
agreeableness, 3, 8 and 18 for conscientiousness, 4, 9 and 19 for neuroticism,
5, 15 and 20 for openness to experience were selected (table 11.2). As can be
seen from table 11.3, in the next step, the number of questions is reduced to

221



CH. 11 DERIVING PREFERENCES FROM APP AND SURVEY DATA

4 questions by using confirmatory factors and choosing the highest positive
and negative keyed directions in each group.

Trait (l) Openn. Consc. Extra. Agree. Neuro.

Item number 5 3 11 2 4
15 8 6 7 9
20 18 16 17 19

TABLE11.2: Selected Mini-IPIP item number for 6 questions based on confirmatory
analysis.

Trait (l) Openn. Consc. Extra. Agree. Neuro.

Item number 5 3 11 2 4
20 8 6 17 9

TABLE11.3: Selected Mini-IPIP item number for 4 questions based on confirmatory
analysis.

Cost function
Since this study uses the standard mini-IPIP questions to serve as
ground-truth representing users’ scores on each of the Big Five dimensions,
cognitive load is not contributing to our decision and the only factor that
may have the greatest impact on the respondent burden is the length of the
questionnaire. Therefore, to better visualization, we defined users’ e�ort
and model accuracy as the cost function, to make a balance between users’
e�ort and the accuracy of the model. In equation (11.7) n is the number of
questions and a is the accuracy of the model.

Cost = 0.55− 0.55 a

100 + 0.45 n20 (11.7)

11.4 RESULTS
The main objective of this case study is to predict users’ digital phenotype
as the first step of personalization to create an optimized mobile app user
experience based on users’ trait. To ensure valid predictions of accuracy, a
5-fold cross-validation method is applied for all the experiments.
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11.4.1 Features selection
Three features are selected based on their scores in the first statistical
analysis. These features, as presents in table 11.4, are xi,3, xi,7, xi,32 which
respectively are the number of times a user has viewed their personal activity
log, the number of times a user has viewed their profile, and the number of
points a user has collected. Table 11.5 presents the average and the standard
deviation of these features in all trait groups.

Trait (l) vactivites vprofile points
Avg. StD. Avg. StD. Avg. StD.

Openn. 10.85 9.46 13.54 22.88 13.19 24.85
Consc. 19.70 32.15 23.6 36.3 45.0 78.26
Extra. 7.81 6.89 9.28 12.63 11.09 15.73
Agree. 10.90 9.76 14.2 14.88 20.4 20.53
Neuro. 7.25 6.08 7.25 5.14 11.5 12.7

TABLE11.4: Descriptive statistics of key features per trait group.

Statistic vactivites vprofile. points

Avg. between trait groups 11.3 13.57 20.24
StD. between trait groups 4.46 5.64 12.83

TABLE11.5: Descriptive statistics of key features (combined).

11.4.2 Evaluation of model performance
Initially, an MLP neural network was used to assess the feasibility of
determining users’ personality traits just using user event data. Considering
the highest probability in groups as the predicted personality trait, the
balanced average accuracy of 42.7% (±7.7%) and the F-score 32.6% (±11.8%)
for all 5-folds was obtained. Other scores of using MLP in predicting each
trait group is summarized in table 11.6.

As discussed earlier, this case study proposes a model to combine user event
data and ask some selective questions with the aim of reducing the response
burden of the Mini-IPIP test and having a more accurate model for predicting
user personalities. Therefore, by considering the two groups with the highest
probability and rating those based on their scores to the questions for the
predicted groups, the accuracy increases by 30% compared with using just
MLP. Although the decline in the number of questions to 6 reduces the
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Metric Score

Accuracy 42.7%(±7.7%)

Recall 42.7(±7.7%)

Precision 34.5%(±16.7%)

F-score 32.6%(±11.8%)

Cost 0.49(±0.04)

TABLE11.6: Prediction scores of using MLP classifier and user event data.

burden of the users by 10%more, the accuracy of the model slightly a�ected.
Consequently, by using the defined cost function (i.e., see equation (11.7)) it is
concluded asking 8 questions would be better. Table 11.7 shows the accuracy
of proposed model for each trait group with 8 and 6 questions.

Metric Scores for 6q Scores for 8q

Accuracy 63%(±7.2%) 72%(±4.7%)

Recall 63(±7.2%) 72%(±4.7%)

Precision 53.3%(±10%) 60.6%(±11.7%)

F-score 56%(±8.1%) 63.7%(±7.7%)

Cost 0.33(±0.04) 0.33%(±0.02%)

TABLE11.7: Prediction scores of using Hybrid method (user event data and asking
selective related questions).

The values of accuracy are quite stable in all five folds of cross-validation.
Hence, promising results are achieved for the prediction of the digital
phenotype by the proposed framework. To test the e�ect of asking smart
selective questions, the model was tested by random questions. It was
ensured that at least one question from each group was asked about that
type of personality. The accuracy in this scenario drops to 33.7%(±5.6%). To
analyze the performance of the proposed model, it was tested by a set of 14
users’ data representing in table 11.8.

Moreover, users’ personality was defined by the Mini-IPIP test as the ground
truth table. The results of this test appear in table 11.8 as well. In the first step,
an MLP classifier is used to predict the test groups’ traits. Figure 11.3a shows
confusion matrix of using MLP classifier and as can be seen the accuracy of
using user event data without asking any question is 43%. Also, precision,
recall and F-score, in this case, are 25%, 43%, 31% respectively.
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User points vprofile vactivities Phenotype

User 1 29 10 11 Extra.
User 2 5 1 2 Extra.
User 3 0 6 5 Openn.
User 4 29 11 13 Neuro.
User 5 143 51 49 Consc.
User 6 5 9 10 Extra.
User 7 24 12 12 Extra.
User 8 34 20 21 Agree.
User 9 0 2 1 Extra.
User 10 13 7 9 Openn.
User 11 150 133 57 Extra.
User 12 4 10 4 Openn.
User 13 49 10 22 Openn.
User 14 0 7 2 Extra.

TABLE11.8: Test group dataset.
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FIGURE11.3: Confusion matrices of the proposed hybrid method using: (a) 0 survey
questions, (b) 6 survey questions, and (c) 8 survey questions.

To follow our goals, instead of using binary values in classification with MLP,
we use predicted probabilities that of to what extent a user belongs to each
trait group. Therefore, Z-score for related questions to the two groups having
the highest probabilities is calculated. In this method, the accuracy of using
hybrid technique, as it is shown in table 11.9 and figure 11.3c, is 71.43% which
is about 30% higher than using the MLP neural network.
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Metric Score

Accuracy 71.43%
Recall 71.43%
Precision 56.55%
F-score 62.86%
Cost 0.33

TABLE11.9: Prediction scores of using the proposed hybrid method by asking 8
questions.

By reducing the number of questions to 6, the performance of the model
dropped. Figure 11.3b shows the confusion matrix of that and table 11.10
clearly shows that when users are asked 6 questions, the result is worse
than when they are asked 8 questions.

Metric Score

Accuracy 57.14%
Recall 57.14%
Precision 45.54%
F-score 50.48%
Cost 0.37

TABLE11.10: Prediction scores of using the proposed hybrid method by asking 6
questions.

11.5 DISCUSSION
11.5.1 Principal findings
Quickly and accurately learning the personality traits of mobile app users is
challenging. Our results demonstrate the potential of combining validated
survey methods with unobtrusive trait modeling based on digital footprints.
Specifically, we demonstrated a significant reduction in the number of survey
questions that users need to answer during an onboarding process while
maintaining acceptable accuracy. Unfortunately, our retrospective case
study does su�ers from the lack of samples in three trait groups leading
to low accuracy for those groups. Others applying our proposed method
on their own data set may experience similar yet slightly di�erent data set
limitations. Therefore, we also contributed a formal approach to rationalizing
the engineering process for hybrid systems.
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Results of using MLP for users’ trait classification show that for the groups of
users with more data, the accuracy and corresponding F-score are highest.
Therefore, hopefully, increasing in number of samples may help the model
to obtain better results. Having fewer samples in the three groups cannot
be a tangible proof or adequate reason that most users have an extraverted
personality, or personality more open to experience. Rather, it is quite
probable that the users who did not participate in the survey can belong to
those three groups whom for some reason we could not encourage them to
fill out the survey.

To improve reliability and prediction accuracy for determining users’ digital
phenotype, a limited number of questions based on estimated personalities
from users event data is asked. The proposed model has established a
good interaction between the simplicity of using user event data and the
accuracy of the conventional survey methods. In light of this, the optimal
solution occurs when users are asked by 8 questions subsequently. It means
we reduced the burden of the survey by 60% and we still have acceptable
accuracy in our prediction. Even when users do not actively participate in
the survey, by using user event data exclusively, we would reach only about
50% accuracy. Although diminishing the number of questions to 6 reduces
the burden of the survey by 10%, it reduces the performance of the model
by the same level as well.

The retrospective case study was based on a health gamification app. In that
setting, digital traces included variables such as the number of times a user
has viewed their personal activity log, the number of times a user has viewed
their profile, and the number of points a user has collected. These variables
aided to predict significant di�erences in users with di�erent personality
traits. On one hand, users with more conscientious personalities are more
loyal to the platform; on the other hand, the app has not engaged the interest
of users with agreeableness and extraversion trait to use the app and they
have a higher rate of dropout.

11.5.2 Study limitations
This case study has been subject to several limitations. For example, it
may be that the mHealth tool did not fully cater to all preferences and
needs a certain Big Five personality trait may require. Therefore, the input
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parameters available may have lacked predictive power for some of the
classes.

11.5.3 Future work
Running a trial on the impact of personalization of challenges and users’
experience would be an opportunity to have a better understanding of the
e�ect of it in the context of mHealth tools. More broadly, having a good
proportion of samples in all traits’ groups could improve the accuracy of the
proposed model.

11.6 CONCLUSIONS
Tailoring apps based on user traits has attracted tremendous interest in
developing mHealth apps, and understanding a users’ personality is a key
challenge in that context. This challenge is typically addressed via classic
surveys, which pose a regrettably high burden on app users. This study has
aimed to reduce the response burden of personality tests by introducing a
model for predicting the user personality based on digital footprints of app
usage. At the same time, skipping surveys completely turned out to
undermine prediction accuracy. Therefore, in this study, we have presented
a hybrid framework that utilizes user event data in combination with survey
data (i.e., from surveys that have fewer items than conventional
questionnaires). The proposed method demonstrates a promising trade-o�
between the simplicity of using user event data and the accuracy of the
validated survey methods: When applying the hybrid method to a
retrospective case study, the accuracy is higher than when using the event
data exclusively. Also, the number of survey questions needed is
significantly lower.
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E V A L U AT I N G P E R S O N A L I T Y P R O F I L I N G W I T H
S E D E N TA R Y O F F I C E W O R K E R S : TA I LO R E D
M OT I V AT I O N A L M E S S A G E S A R E G E N E R A L LY
A P P R E C I AT E D B U T D O N OT T R I G G E R E N G A G E M E N T
I N H E A LT H B E H A V I O R

This chapter has been adapted from: D’Hondt, J. E., Nuijten, R. C. Y., and Van
Gorp, P. M. E., “Evaluation of computer-tailored motivational messaging in a
health promotion context”, in Modeling and Using Context, Bella, G. and
Bouquet, P., Eds., Springer, Cham, 2019, pp. 120–133, doi:
10.1007/978-3-030-34974-5_11.

12.1 INTRODUCTION
Recent developments in computing power and data availability have
allowed companies to better understand their customers. For example,
through these developments, companies have been able to tailor their
advertisements to individual customers [7]. Research on personalized
advertisements have focused on creating artificial agents that influence
consumer choices through recommendations (i.e., also known as
recommender systems). These systems typically take into account
consumer behavior (e.g., previous purchases) to make a recommendation.
However, these systems do not yet integrate other variables, such as data
on personality traits or individual di�erences [185], although it has recently
been found that people with di�erent personality profiles respond
di�erently to strategies of persuasion (i.e., and therefore may respond
di�erently to recommendations) [183]. Exploiting personality di�erences
may be a strategy to improve the impact of persuasive strategies, although
this strategy can also be counterproductive, when a system is insu�ciently
able to target users with their dominant personality trait [183]. Tailoring
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persuasive strategies to the personality of the recipient (i.e., adaptive
persuasion) has shown to be e�ective in a variety of contexts,
(e.g., marketing [157], smoking cessation [86] and health care [238]). In this
study, we aim to evaluate the e�ect of tailoring persuasive strategies in the
context of health promotion.

Prior studies on adaptive persuasion report profiling users on di�erent
psychological traits such as Need for Cognition [149], susceptibility to
di�erent influence principles (i.e., that are discussed in detail in [51]) or the
Big Five personality dimensions. In this study, we have modeled users’
personalities using the Big Five personality framework, as this framework
has been extensively studied, and a large body of literature has already
evaluated the impact of interventions of behavior change in di�erent
personality traits [157]. According to the Big Five personality framework, a
person’s personality can be interpreted using five di�erent traits, including:
(1) openness to experience (i.e., “the breadth, depth, originality, and
complexity of an individual’s mental and experiential life”, as opposed to
closed-mindedness); (2) conscientiousness (i.e., “socially prescribed
impulse control that facilitates task- and goal-directed behavior”); (3)
extraversion (i.e., “an energetic approach toward the social and material
world and includes traits such as sociability, activity, assertiveness, and
positive emotionality”); (4) agreeableness (i.e., “prosocial and communal
orientation toward others”); and (5) neuroticism (i.e., “negative emotionality,
such as feeling anxious, nervous, sad, and tense”) [129, 175].

Although adaptive persuasion has been found to influence attitudes in the
short run in a variety of contexts, the long-term impact of this approach
remains unclear. Consequently, while the positive impact of adaptive
persuasion on the direct attitudes toward persuasive approaches has been
shown, it’s ability to foster health behavior change still remains unknown.
This is, however, important in case adaptive persuasion is desired to be
used in contexts like health promotion, where habits are attempted to be
changed in order to ensure. Therefore, the current study evaluates if
adaptive persuasion does not only improve attitudes toward persuasive
attempts, but also has the potential to elicit behavior change.

230



PERSONALITY TAILORING

Hence, we have developed an adaptive, persuasive messaging system,
based on the on the requirements of of adaptive persuasive technologies
that were identified by Kaptein and Van Halteren [184]. They emphasize that
an adaptive persuasive system: (1) should be able to identify individual
users and maintain a specific user profile indicating the probability of
success of di�erent influence strategies, (2) should be able to frame
messages to be congruent with a specific influence strategy, (3) at time of
constructing the message, the system should have a clear protocol of
choosing the influence strategy used in the message., (4) when the message
has been sent, predetermined success measure(s) are needed to assess the
e�ectiveness of the approach, and (5) after the e�ectiveness of an approach
has been assessed, the system needs specific learning rules in order to
update the user profile and optimize long-term message e�ectiveness.
Finally, we have evaluated the impact of our adaptive, persuasive messaging
system in a health promotion context with sta� members and students at a
Dutch university, by conducting a randomized intervention trial.

12.2 METHODS
12.2.1 Recruitment
For this study, participants were recruited among sta� members at
Eindhoven University of Technology. To recruit study participants, subjects
had been invited via email (e.g., internal corporate mailings) and several
announcements were made via corporate and private social media
channels (Facebook, Twitter and LinkedIn). Additionally, participants
from [314] (i.e., as presented in chapter 5) were personally invited via email
to participate in this study, as well. On entering the study, informed consent
was obtained from participants. Participants were allocated to a team
corresponding to their a�liated (academic or support) departments.
Although the recruitment campaign was targeted at sta� members only,
students were also allowed to participate. Participants were free to opt-out
at any time during the experiment. The study’s experimental procedures
involving human subjects are in agreement with the ethical principles as
detailed in the declaration of Helsinki [363].

231



CH. 12 PERSONALITY PROFILING WITH OFFICE WORKERS

12.2.2 Intervention context
Participants engaged in a six-week digital health promotion program that
was hosted using the mHealth platform GameBus. GameBus was especially
designed for health promotion and provides a highly configurable
gamification engine that is used for sustaining participant engagement.
According to the classification of gamification elements by Hamari and
colleagues [145], GameBus implements the gamification mechanisms of
challenges, points, goals, progress visualizations, leaderboards, and
rewards. In addition, it allows configuring of these mechanisms for testing
scientific hypotheses. The tool supports hosting multiple experimental
designs on a single platform, ensuring that user experience remains similar
across these di�erent designs. Moreover, the platform enables researchers
to gather rich data in a manner compliant with European privacy
legislation.

In this study, participants used GameBus to record their engagement in a
predefined list of health behaviors (i.e., the aim has been to promote
behaviors of physical activity, see [63] for an overview of the suggested
activities). Participants were awarded virtual points for performing these
health behaviors. Particularly, participants could prove their engagement in
physical activity by taking a selfie (i.e., a FitPic) of themselves performing
that activity. To engage participants with the program, a virtual competition
were hosted (i.e., implemented using leaderboards, as was the case in [314]).
Particularly, participants were engaged in an individual competition
(i.e., displaying the total number of points of individual participants) and a
team-based competition (i.e., displaying the average number of points per
department). The leaderboards were reset every week, and weekly prizes
were awarded to participants who reached a minimum number of points
(e.g., 50 points) in a given week. Moreover, all health-related activities that
were performed by the study participants were displayed in a newsfeed.
Participants could like and comment on each other’s activities in a manner
similar to mainstream social media platforms such as Facebook and
Instagram.

The selection of the intervention elements is rationalized to provide
significant stimuli for any type of user (e.g., with any Big Five personality
profile). For example, both the competitive aspect of the program and the
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newsfeed functionality were included as stimuli for participants with more
extraverted personalities, as they are known to be sensitive to rewards and
social attention [211]. Additionally, these features appealed to individuals
scoring high on neuroticism as well, as neuroticism has been associated
with a strong sensitivity to uncertainty and threats (e.g., being surpassed on
the leaderboard) [156]. The concept of a team-based competition was
introduced to support more agreeable individuals as they value communal
goals and interpersonal harmony [137]. Meanwhile, an individual
competition with a specified winning condition (i.e., to obtain a minimum
number of virtual points) served as a stimuli for more conscientious
individuals, who typically value achievement [291]. Lastly, as individuals
open to experience value creativity and intellectual stimulation [220], the
suggested activities were framed in a flexible manner that o�ered some
room for one’s own creative interpretation.

Furthermore, in this study, an additional software component was
implemented within the mHealth app. Using that software component,
motivational messages were sent to the study participants via email. Each
motivational message included a persuasive part, as well as a behavioral
part. The persuasive part included a message that was specifically tailored
to appeal to individuals with a particular dominant Big Five personality trait.
In order to reassure significant variation in message content, for each
personality trait, five distinct persuasive message templates were drafted
(i.e., see [64] for an overview of the persuasive message templates that were
used in this study). Additionally, the behavioral part included the
endorsement of a random health-related activity that was awarded virtual
points. The algorithm that we have implemented to personalize these
motivational messages is explicated in the next section.

12.2.3 Study design
Allocation to study arms
To evaluate the impact of personalized persuasive messaging on
engagement levels with our mHealth app, participants were randomly
assigned to one of two study arms. In the first study arm (i.e., the control
condition), participants received a random motivational message. In the
second study arm though (i.e., the treatment condition), we employed an
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adaptive tailoring algorithm to personalize the motivational messages that
a participant received, based on his/her dominant Big Five personality trait.
In the first week of the program, the motivational messages that both the
control group and the treatment group received were random. Only after
the first week, did participants in the second study arm start to receive
personalized motivational messages.

Software component to personalize motivational messages
This section details the components of our messaging system, that
automatically sent personalized motivational messages to subjects in the
treatment group. Figure 12.1 provides a graphical overview of the features of
our adaptive messaging system.

mHealth app Messaging system

UserRegister health 
behaviors         .

Send motivational  .

message via email
  Display user 
performance

Provide feedback    
         on message

Update profile 
based feedback      .

FIGURE12.1: Overview of the features of our adaptive messaging system.

MODELING USERS’ PROFILES In this study, for each user, a profile was
maintained that described their personality using five personality traits
(i.e., from the Big Five personality framework). For each personality trait, we
have separately modeled the probability that a recipient would appreciate
a motivational message (i.e., that was designed to appeal to users with that
dominant trait), using Beta-Binomial probability distributions [356]
(i.e., see figure 12.2 for a personality profile of an exemplar user). Hence,
note that we have used the probability distribution to estimate a
probability (i.e., the probability of a probability). This approach makes
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sense, as responses to persuasive messages can be regarded as a binomial
random process, for which prior information (i.e., responses to previous
messages) can iteratively enhance the accuracy of estimations [184].
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Personality trait Openn. Consc. Extra. Agree. Neuro.

FIGURE12.2: Personality profile of exemplar user.

MEASURING THE IMPACT OF MESSAGES The e�ectiveness of individual
persuasive messages was evaluated from user feedback. Particularly, user
feedback for a specific email message was collected using a feedback form
that was embedded in the email. Through this form, we did capture whether
a participant appreciated a message, or not. Additionally, if a participant
was dissatisfied with the message, the subject could indicate the reason why
a message was not appealing to him/her. For example, users could express
through the feedback form that they believed that: a message was received
at the wrong time, the frequency of messages was too high, the suggested
health behavior was not appealing, or whether the persuasive tone of the
message was annoying.

UPDATING USERS’ PROFILES Consequently, if a participant indicated
through the feedback form that a specific message was appealing to them,
or if the participant was dissatisfied with the message because (s)he found
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the persuasive tone of the message annoying, then the user’s profile was
updated. Particularly, the two parameters αti and βti of a Beta-Binomial
probability distribution for personality trait t of participant i were updated
according to two simple equations:

αti := αti + x

βti := βti + (1− x)

In these equations, x is equal to 1 for positive feedback (i.e., the message
was appreciated), and 0 for negative feedback (i.e., the message was not
appreciated because the persuasive tone of the message was experienced
to be annoying). Over time, as a participant i evaluates more messages, the
accuracy of estimated probability (µ̂t) of the likelihood that messages that
were designed to appeal to a specific personality trait t actually are
appealing that participant i, is increased based on feedback to individual
messages that were designed to appeal to that specific personality trait
i [184]. Particularly, since the point estimate µ̂t follows µ̂t = αt

αt+βt
with

variance σ̂2t = αtβt(αt+βt+1)
(αt+βt)2(αt+βt+1) , the variance of the estimate decreases

each time new information will be accumulated, through the in-email
feedback form. Additionally, the estimated likelihood itself will by
increased, or decreased depending on values of x (i.e., the actual
feedback) [184]. In other words, the peak of a particular density function
(e.g., as visualized in figure 12.2) will either shift to the right (i.e., if the
message was appreciated), or to the left (i.e., if the message was not
appreciated).

SELECTING A PERSONALITY TRAIT TO EXPLOIT Whenever our
messaging system was to send a motivational message to a participant, the
system had to select a persuasive strategy (i.e., based on a particular
personality profile) to exploit. However, if a user had not provided feedback
on any message before, the system could impossibly determine the
dominant trait of the user (i.e., a phenomenon that is commonly referred to
as the cold start problem). On the other hand, suppose that, if a user had
provided feedback on some messages before, and the system had some
information on the user’s susceptibility to two of the five persuasive
strategy, the system had to decide whether to send a message using a
persuasive strategy for which it already had information (i.e., exploit), or
whether to use a strategy that the user had not yet reacted to (i.e., explore).
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We have used the algorithm from Kaptein and Parvinen [185] to address
both design choices, and select the appropriate persuasive strategy for a
given message.

Particularly, to deal with the explore/exploit dilemma, we have used
Randomized Probability Matching (RPM) as introduced by Scott [311]
(i.e., see [185] for a basic explanation of the algorithm). Additionally, we
have used James-Stein shrinkage [325] to deal with the cold start problem.
Using James-Stein shrinkage, individual user profiles are combined with the
average of all user profiles in the sample, to reduce the uncertainty of
individual user profiles for which little personal data (i.e., feedback on
messages) has been obtained, yet. The algorithm for selecting the
appropriate persuasive strategy is summarized using these
equations:

α∗t,i = αt + ci(αt,i − αt)

β∗t,i = βt + ci(βt,i − βt)

ci = 1− e−λ∗ni

In these equations, αt,i is α in Beta(α, β) for personality t in participant i; αt
is α in Beta(α, β) for personality t in the average profile; βt,i is β in Beta(α,
β) for personality t in participant i; βt in β in Beta(α, β) for personality t in
the average profile; and ni is the number of profile updates for participant i.
Finally, λ is a hyper parameter that is used to control how much information
is ‘borrowed’ from the average user profile (i.e., the amount of shrinkage).
Particularly in this study (i.e., through the final equation), we have reassured
that the amount of shrinkage was decreased over time (i.e., throughout the
study period). We have performed a simulation study to derive the optimal
initial value for λ in our research context.

12.2.4 Measurements
To evaluate the impact of our personalized messaging system, we have
investigated three measures of performance. First, the overall appreciation
of messages (AoM) was computed per participant, per week. This measure
was calculated from the feedback of participants on individual messages.
Particularly, if a message was appreciated by a participant, the overall
appreciation of messages for that participant was increased with 1.
However, if the user negatively evaluated the message, because (s)he
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disliked the content of a message, the participant’s overall appreciation of
messages was reduced with 1. If the user negatively evaluated the message,
because of a reason that was not related to the content of the message, the
the participant’s overall appreciation of messages was no updated (i.e., +0).
Second, the number of health-related activities (NoA) a participant
registered in our mHealth app was recorded. Third, it was determined per
registered health-related activity whether a motivational message had
triggered a participant’s engagement in that activity. To determine whether
a motivational message ‘caused’ a health behavior, we evaluated whether:
(1) the activity was registered in our app within three days since the
message that promoted that activity was sent, and the participant had
included in the activity registration that engagement in the activity had
been triggered through a motivational message. The number of successful
messages (Nos) (i.e., messages that had triggered a participant to engage in
a health behavior) is also evaluated as a measurement of system
performance. Finally, the participants took a pre-test survey to collect
demographic information on: gender, age, and length and weight (i.e., to
compute baseline BMI levels). Moreover, using the pre-test, Big Five
personality profiles were estimated using the mini-IPIP scales [89]
(i.e., using 5-point Likert scales). Note that the results of the personality
test as part of the pre-test survey were solely used for evaluation purposes
(e.g., a simulation study), and were not consumed by the adaptive tailoring
algorithm to personalize the motivational messages.

12.2.5 Statistical analysis
Simulation study
In order to validate the system’s functionalities and to estimate a value for
the hyper parameter λ, we have performed a simulation study with
conditions that were similar to the randomized intervention trial in which
the system was evaluated. Particularly, a total of 150 personality profiles
were randomly generated based on the means and standard deviations of
personality profiles that were obtained from the pre-test (N = 36). Users’
appreciation of messages was simulated by taking a draw from a
Bernoulli-distribution. To evaluate the impact of adaptive persuasion, the
adaptive messaging system was used to tailor messages for only half of the
generated profiles, e�ectively simulating the two treatment groups. The
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hyper parameter λ and Big Five trait variance σp of the generated profiles
(i.e., individual di�erences in personality) were varied across simulations in
order to analyze the ideal value for λ given the length of the intervention
and di�erent values of σp. Twenty simulations were run per λ,σp
combination to reduce the variability in the results.

Evaluation of empirical data
To evaluate the impact of adaptive messages over messages that employed
a random persuasive strategy, multiple (generalized) hierarchical linear
models were fitted, for each target measure (i.e., AoM, NoA, and NoS). For
each individual target variable, we have first fit a ‘null model’ (i.e., model
configuration A), in which the target variable was estimated using just one
intercept. In all models we did allow for random intercepts between
individual participants (i.e., so the null models essentially estimated a
single value per participant). Next, we have fit for each target variable
models that: (1) included time (i.e., the week number) as a predictor
(i.e., model configuration B), (2) included study arm as a predictor
(i.e., model configuration C), and (3) included both time, study arm the
interaction between these two variables as predictors (i.e., model
configuration D). We have compared these models to the respective null
model on the same target variable using χ2 tests (i.e., to check if any of
these models was preferred over the null model). The models for AoM were
fit with Gaussian error distributions, whereas the models for NoA and NoS
(i.e., count variables) were fit using Poisson error distributions.

12.3 RESULTS
12.3.1 Analysis of simulation results
The results from our simulation study (i.e., see figure 12.3) confirm the value
of shrinkage for increasing the expected performance of messages (i.e., the
expected probability that a message is appreciated). This can be concluded
by both the positive di�erences for all conditions in figure 12.3a and the
increasing performance over time of the adaptive condition in figure 12.3b.
Furthermore, figure 12.3a clearly highlights the positive relationship between
σp and λ. This relationship is logical as high variability in individual profiles
diminishes the usefulness of shrinkage, profiting from earlier influences of
individual profile estimates. As the result of the pre-test survey indicated a
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personality variance of around σp = 0.8, the authors decided to go with a
λ of 0.13, implying the selection of a personality trait to exploit in a given
message was mainly based on the average personality profile.
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FIGURE12.3: Simulation results of (a) the optimal value of λ for di�erent values of σp,
and (b) the expected performance of random motivational messages,
compared to adaptive messages.

12.3.2 User statistics
At the start of the intervention 149 people were registered as eligible
participants by direct registration or indirectly as they were ex-participants
of Nuijten and colleagues [314] and did not opt-out for this study. These
participants were randomly assigned to either the control group (N = 74), or
the treatment group (N = 75). At the end of the intervention, 16 participants
had actively withdrawn their participation and 111 were excluded from the
data analysis as they did not comply to the requirements of completing the
pre-test survey (i.e., a total of 36 participants completed the pre-test
survey) and providing feedback on at least one message. Of the remaining
participants (i.e., N = 22, with 10 control subjects, and 12 subjects assigned
to the treatment condition), the majority was male (63.64%) with a mean
age of 32.2± 6.49 and a baseline BMI of 23.6± 2.59 kg/m2.
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12.3.3 Analysis of objective engagement data
When analyzing the results from table 12.1 and figure 12.4, it can be
observed, that all model configurations A, B, C and D are insignificant to
estimate both NoA and NoS (i.e., the number of health-related activities,
and the number of successful messages, respectively). However, for the
target variable AoM (i.e., the appreciation of messages), we found a
significant positive intercept for model A (i.e., the null model). This finding
suggests that there was a general tendency toward more positive
evaluations of message (i.e., regardless of the study arm). Additionally, the
null model for AoM is significantly improved when the study arm is included
as a predictor (i.e., model C), and when the interaction between time and
study arm are included as predictors (i.e., model D). In model C, study arm is
found to be a significant predictor of AoM (i.e., at p < .01).

Nevertheless, in model D, the interaction term between time and study
arm is not reported to be significant, although this was expected from the
simulation study and the study design choice that adaptive messages were
send from the second week onward. Hence, message appreciation in the
treatment group is not improved over time, although it was expected that it
would be, as the adaptive nature of our messaging system should improve its
performance over time (i.e., as more data is accumulated from user feedback).
To examine this outcome, we have performed post-hoc analyses. Particularly,
we have performed Mann-Whitney tests to compare the di�erences in AoM
between study arms in both the first week, and last week of our study period.
We found that the di�erence in AoM between the two study arms was not
significant in the first week (i.e., at p = .119), but was significant in the last
week (i.e., at p = .035).

AoM NoA NoS
χ2 β χ2 β χ2 β

Config. A: null model - 0.33∗∗ - -0.55 - -1.10
Config. B: A + arm 2.23 0.07 0.29 -0.03 0 0
Config. C: A + group 8.69∗∗ 0.54∗∗ 0.53 -0.06 0 0
Config. D: A + week× arm 11.5∗∗ 0.07 2.55 0.13 0.35 -0.12

* p < .05; ** p < .01; *** p < .001.

TABLE12.1: Fixed e�ects and model comparisons for di�erent target variables.
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FIGURE12.4: Scatter plots with fitted linear model per study arm of: (a) message
feedback, and (b) the number of activities participants registered.

12.4 DISCUSSION
12.4.1 Principal findings
Our results indicate that participants in the adaptive messaging group better
appreciate our motivational messages than control participants (i.e., that
received messages that were random, and therefore not necessarily tailored
toward their personality profiles). Particularly, we found that all subjects
appreciated messages equally well in the first week, but that subjects in the
treatment group better appreciated the messages in the final week of the
study period, as compared to control subjects. These outcomes are in line
with prior research [183–185].

However, no di�erences were detected between study arms for the number
of health-related activities that participants performed, or the number of
successful messages. Hence, despite adaptive messages being appreciated
more, they do not necessarily foster engagement in health behaviors. This
outcome may be explained through a framework that is commonly adopted
to describe how behavior emerges (i.e., the COM-B System [229]). Accord to
this scientific theory, for a target behavior to occur, an individual must have
the capability and opportunity to engage in that target behavior, and the
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strength of motivation to engage in it must be greater than for any
competing behaviors. Typically, e�ective interventions are expected to take
into account all three levels. Hence, our persuasive messaging system may
particularly motivate participants (i.e., as adaptive messages are
appreciated), but does not necessarily trigger actual behavior, as a person’s
capability and opportunity are not taken into account. Therefore, we
encourage researchers to augment their adaptive systems with additional
data sources (e.g., on contextual factors, such as the physical location of a
subject, or his/her time availability), and use these sources to further
personalize their persuasive attempts.

12.4.2 Study limitations
This study has been subject to several limitations. First, the study included
a relatively small sample, which su�ered from high dropout rates and low
levels of participant engagement. According to a post-test survey (N = 12),
the main causes of this inactivity included a substantial barrier to log daily
activities, as this was ought to be done manually and annoyance with the
email messages, their frequency was felt to be too high. A second limitation
relates to the algorithm that we have employed to select a persuasive
strategy (i.e., based on a specific personality trait) for a given adaptive
motivational message. Particularly, we have employed RPM with
James-Stein shrinkage because of its simplicity and short computation time.
However, other methods (e.g., like Gittins Indices [311]) are expected to have
better performances. Although more computational intensive, these models
could still be suitable in this scenario, as a selection of persuasive strategy
can be performed a priori, and does not necessarily have to be computed in
real time. Lastly, it was found that linking a motivational message to
engagement in a health behavior (i.e., an issue that is typically referred to
as the credit assignment problem [116]) is challenging that imposes
restrictions (e.g., we have promoted a di�erent, random activity in each
motivational message).

12.4.3 Future work
Future research should focus on evaluating the e�ectiveness of more
complete persuasive systems that combine di�erent modes of
personalization (e.g., based on personality traits, but also based on the
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physical location of a subject, or his/her time availability). Such a system
could be evaluated in a replication of this study, that includes a more
powerful recruitment strategy to ensure larger study uptake. Lastly, the
current study could be expanded with an analysis that compares the
individual personality profile estimates that the adaptive system derived,
with the (actual) profiles that were derived from a validated personality test.
This analysis could provide insights into the accuracy of the system to
regenerate a personality profile (i.e., from behavioral data).

12.5 CONCLUSIONS
Persuasive messaging system have recently been shown to be more
e�ective when tailored to the personality profiles of the recipient. However,
much of the literature on adaptive persuasion has evaluated the
e�ectiveness of persuasive messages only through direct feedback to those
messages, and not through its impact on actual behavior (e.g., engagement
in health behaviors). Results of this study suggest that an adaptive
persuasive messaging system can improve the attitudes toward persuasive
messages, but also that this approach does not necessarily trigger actual
health behavior. These outcomes were derived form a randomized
intervention trial, which evaluated an implementation of an adaptive
messaging system in an mHealth app that was employed in an occupational
context. These outcomes highlight the multidimensional nature of health
behavior change, and should encourage researchers to: (1) become more
critical on the impact of adaptive systems on actual health behavior, and (2)
augment their message system with additional data sources (e.g., on
contextual factors, such as the physical location of a subject, or his/her
time availability), and use these sources to further personalize their
persuasive attempts.
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S C I M O D E L E R : TO W A R D A TO O L B O X F O R
C O N S O L I D AT I N G S C I E N T I F I C K N O W L E D G E W I T H I N
T H E F I E L D O F H E A LT H B E H A V I O R C H A N G E

This chapter has been adapted from: Nuijten, R. C. Y. and Van Gorp, P. M. E.,
“SciModeler: A metamodel and graph database for consolidating scientific
knowledge by linking empirical data with theoretical constructs”, in
Proceedings of the 9th International Conference on Model-Driven Engineering
and Software Development, SciTePress, 2021, pp. 314–321, doi:
10.5220/0010315503140321, and is in review for publication at: Nuijten, R. C. Y.
and Van Gorp, P. M. E., “SciModeler: A toolbox for consolidating scientific
knowledge within the field of health behavior change”, SN Computer Science, in
review

13.1 INTRODUCTION
Over the past decade, research on mobile health (mHealth) interventions
has expanded significantly, and mHealth apps have emerged as a promising
mode of delivery of lifestyle interventions to promote health and prevent
welfare diseases like obesity [193, 295]. The maturation of these mHealth
interventions relies largely on knowledge from the field of health
promotion and behavior change. That scientific domain is a blend of
psychology, behavioral economics, environmental planning, urban planning,
epidemiology, public policy, information technology, and computer science.
Interventions that target human behavior are typically complex, involving
many interacting intervention strategies [94, 228, 324]. It is essential to
understand also the implementation choices of such strategies, since they
also determine the e�ectiveness of the strategy [94, 324]. Similarly, it is
essential to understand the context an intervention strategy is evaluated in,
as human behavior is highly context dependent [229]. However, with
influences from so many backgrounds, there exists no single consensually
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embraced ontology to describe these intervention strategies, or tools to
estimate the impact (e.g., on health status) of specific strategies in a given
context [70, 228, 353]. The absence of a standardized ontology of
intervention strategies, as well as the absence of tools to estimate
intervention impact in a given context, hamper the embedding of empirical
results into theoretical frameworks, and generally, the progress of the
field.

Obviously, with a point of interest (i.e., human behavior) this complex, and
influences from so many backgrounds, it is extremely challenging to reach
consensus at the theoretical level. Therefore, this chapter does not aim to
contribute an all-encompassing ontology of health behavior change.
Instead, this chapter discusses the development and evaluation of a novel
toolbox, SciModeler, that empowers researchers to e�ciently consolidate
scientific knowledge, including: (1) recording study findings and contexts in
a knowledge representation that facilitates querying, (2) mapping study
outcomes with theoretical constructs to refine scientific theory, and (3)
making replicable predictions on the impact of a particular intervention
strategy in a specific context, based on actual empirical data. The
remainder of this chapter is structured as follows: the next section surveys
the literature on existing approaches to represent scientific information in
ontologies. Section 13.3 details our modeling approach and evaluation
strategy. Section 13.4 presents the corresponding results. First, it describes
the modeling outcomes (i.e., literature-based requirements and
metamodel). Then, evaluates these by means of a case study that involves
three scientific theories and three empirical studies from the field of health
behavior change. This section comes with various supplements (ranging
from an open-source annotation tool based on SciModeler to
downloadable copies of all graphs and queries). Finally, in section 13.5 we
discuss the principal results and derive guidelines for future work,
especially also looking at limitations that still need to be overcome.

13.2 BACKGROUND
Advances in Natural Language Processing (NLP) and Machine Learning (ML)
have enabled the automated construction of semantic models from scientific
articles [335]. However, such approaches build models that are yet unable
to accurately represent argumentation and scholarly knowledge evolution
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in knowledge graphs [11]. Additionally, there has been a vast amount of
work related to capturing encyclopedic and factual knowledge in ontologies
(e.g., by Google, Bing, IBM, BBC, or Thomson Reuters), but relatively little
work focuses on representing the information contained inside scientific
publications semantically [11]. In this section, we discuss several projects
that aim to represent scientific information in ontologies. We evaluate
these projects in terms of scoping (i.e., what data is collected?) and tooling
(i.e., how is data collected?).

In terms of scoping, especially the biomedical field has contributed largely
to this challenge. For example, SWAN [52] and Nanopublications [139] have
been used to model the results or outcomes of empirical studies in the
biomedical field. Moreover, SWAN is capable of recording the original
hypothesis (i.e., claim) as well. However, both tools provide limited means
to record contextual information on empirical studies (e.g., sample
demographics, details of an experimental setup, etc.).
Micropublications [53] and ECO-CollecTF [158] do constitute features to
record contextual information on empirical studies. However, these tools
does not distinguish di�erent types of empirical data as separate entities.
On the other hand, SALT [140] and SOLVENT [44] are two
domain-independent solutions to construe knowledge graphs. SALT [140] is
tailored toward capturing details of an empirical study in great depth,
whereas SOLVENT [44] is particularly tailored to lightweight data capturing
(at the expense of richness of data).

Finally, in terms of tooling, SWAN [52], Nanopublications [139],
Micropublications [53] and ECO-CollecTF [158] are designed to enrich
various document formats (e.g., HTML and PDF) with semantic annotations.
Also SOLVENT [44] relies on annotations to collect data, especially via
crowdsourcing. SALT [140], on the other hand, relies on annotations of
LATEX documents.

13.3 METHODS
From our exploration of related work, we found that all currently available
tools lack the possibility to relate empirical data to established theoretical
constructs. Furthermore, only a limited number of tools supports the
capturing of contextual information. However, in some fields (e.g., the field
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of health behavior change) this functionality is desperately needed [11, 195],
to be able to make replicable predictions on the impact of a particular
intervention strategy in a specific context. We aimed to overcome these
limitations for empowering scientists in fields where many theories for
explaining a single phenomenon exist and where consensus is not yet
established on how these theories relate to each other. First, this section
describes the modeling steps we have undertaken to ensure that our
solution used existing concepts where appropriate. Then, it describes our
evaluation strategy.

13.3.1 Modeling approach
SciModeler constitutes a set of tools to encode how empirical studies
support or refute one or more scientific theories, as well as record
contextual information, in a knowledge representation that facilitates
querying. Figure 13.1 details the (interrelationships between) tools that
SciModeler includes. The tools that are inherited from the database system
are displayed in red, and the tools that are specific to SciModeler are
displayed in blue and gray. For example, capabilities to import data, query
data, and obtain query results, are native to the database system we have
selected. Additionally, to import data, we have developed a web-based
application to derive semantic meaning from empirical studies using PDF
annotations. Other SciModeler-specific tools (e.g., a dedicated application
to encode scientific theories, a LATEX extension to capture semantic meaning
directly from LATEX documents, an interface to discuss mappings between
empirical data and theoretical constructs among researchers, and a
querying interface that can be used to query the database and display
results in dedicated dashboard views) are currently still being
developed.

To develop this toolbox, our first task was to derive SciModeler’s
metamodel. The requirements for this metamodel were derived from two
literature surveys. These literature surveys were focused on dissecting
scientific theory, and anatomizing empirical studies, respectively, such that
we gained a proper understanding of the di�erent types of data
SciModeler should be able to record. Subsequently, we have designed a
metamodel to meet these requirements. After we had designed our
metamodel, we had to select a database model and database system to
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Direct import
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custom analytics reports

Theory annotator to encode scientific 
theories from annotated PDFs

Writing tool to encode semantic meaning 
directly from LaTeX documents

Query results

General database tools Specific SciModeler tools Specific SciModeler tools, in progress

FIGURE13.1: Overview of tools that constitute the SciModeler toolbox.

actually instantiate our proposed metamodel. Hence, to instantiate our
metamodel, we have adopted a Labeled Property Graph (LPG). This
graph-based approach was chosen, for its flexibility, and extensive coverage
of database systems. Unlike Resource Description Framework (RDF) Triple
Stores, another common approach to store and depict connected data that
is often used for ontologies [11, 28], LPG allows for: (1) defining attributes on
nodes, and (2) connections of the same type between the same pair of
nodes [28]. Since these features were essential for implementing our
metamodel without technical distractions, we have adopted LPG instead of
RDF. Note, however, that LPG labels can ultimately be compiled into RDF
triples [28], which may be relevant for interoperability. Subsequently, to
implement the LPG graph model, we adopted the graph database system
Neo4j v4.1.3, partly because Neo4j provides extensive tools for visualizing
data (e.g., by displaying query results as actual graphs), and a declarative
graph querying language (i.e., Cypher [111]). Finally, before we could
evaluate the usefulness of our system in a case study, we had to design a
methodology for recording data (i.e., scientific theory, as well as empirical
data). First, to record a scientific theory, we proposed that a reviewer
examines the original research article presenting the theory, and writes a
set of import statements (i.e., using Cypher, Neo4j’s graph query language)
to commit the theory to the database. In general, this exercise is relatively
straightforward, as scientific theories are often readily visualized as graphs,
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including the constructs and relations that are recorded in our
database.

In contrast to capturing theories, the exercise of extracting data from
articles on empirical studies is typically more challenging. Particularly,
because empirical results are usually embedded in text-based documents:
a format that is not easily transformed into a graph structure. Hence, to
record empirical results from text-based documents, we have developed a
dedicated tool: the SciModeler study annotator. This web-based tool
derives import statements (i.e., in Cypher) from annotated PDF documents.
Moreover, the study annotator permits users to annotate PDF documents
directly from a web browser. Hence, users highlight text that represents a
particular semantic meaning, and encode that highlighted text as an entity
instance of SciModeler’s metamodel. Then, the user selects the appropriate
attribute that the highlight represents, and associates the instance to other
entity instances. The highlighted text, as well as an optional description,
are recorded as the attribute value. The highlighted text is recorded to
reassure that the source of a piece of empirical data can easily be traced
back to the original article.

13.3.2 Evaluation strategy
After developing the appropriate tools, we have performed a case study to
demonstrate how SciModeler can facilitate the consolidation of scientific
knowledge in the field of health behavior change, by facilitating: (1)
recording study findings and contexts in a knowledge representation that
facilitates querying, (2) mapping study outcomes with theoretical constructs
to refine scientific theory, and (3) making replicable predictions on the
impact of an intervention strategy in a specific context. First, we have
recorded three defying theoretical frameworks from the field of health
behavior change. In the context of behavior change, theories seek to
explain why, when and how a behavior does or does not occur, and the
important sources of influence to be targeted in order to alter the
behavior [225]. Theories on behavioral change are prevalent: The book ABC
of behaviour change theories reports 83 behavior change theories [225]; a
scoping review on theories of behavior change identified 82 distinct
theories [70]; and the book Planning health promotion programs discusses
more than 40 behavior change theories [96]. From these and other sources,
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we have compiled a list of 103 unique behavior change theories. In an
online survey, we have requested behavioral scientists to express what
theories they typically use in their behavior change initiatives. The survey
was completed by 38 scientists who selected: (1) the Self-Determination
Theory [73, 16 mentions], (2) the COM-B System [229, 15 mentions], and 3)
the Goal-Setting Theory [206, 14 mentions] as the most useful theories of
behavior change:

The COM-B System is a theory that proposes that, for a behavior to
occur, an individual must have the capability (i.e., physical or
psychological) and opportunity (i.e., triggered from the social or physical
environment) to engage in the behavior, as well as the strength of
motivation (i.e., “reflective” or “automatic”) to engage in it must be
greater than for any competing behaviors [229]. The model emphasizes
that components can interact: for example, motivation can be
influenced by both opportunity and capability, which can in turn
influence behavior. Behavior can then have a feedback influence upon a
person’s opportunity, motivation and capability to perform the behavior
again.

The Self-Determination Theory (SDT) provides a broad framework to
study motivation, personality and behaviors [296]. Central to the theory’s
explanation of behavior is the distinction between intrinsic motivation
(i.e., motivation due to inherent interest or enjoyment) and extrinsic
motivation (i.e., motivation due to external factors), and people’s need
for autonomy, competence and relatedness [73, 78, 296].

The Goal-Setting Theory explains the mechanisms by which goals or
intentions influence task performance [205, 206]. The theory’s basic
premise is that an individual’s conscious ideas regulate his/her behavior
(i.e., task performance). Additionally, performance can be moderated by
a number of factors including the level of commitment, the importance
of the goal, levels of self-e�cacy, feedback and task complexity [206].
Furthermore, the authors model the impact of relationships between
goals and their impact on satisfaction, as well as how goals act as
mediators of incentives.
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Additionally, we have evaluated how valuable information from three
empirical studies on health behavior change could be recorded. To reliably
model three exemplar empirical studies in the field of health behavior
change, we drew from our own collection of empirical studies. The
examples have quite diverse study setups, and are therefore suitable to
demonstrate the expressiveness of SciModeler, as well as these studies
provide a good basis for illustrating the usefulness of the toolbox.

Study S1 [314]. This study evaluated two design elements of an
mHealth app (i.e., social proof and tangible rewards) and their impact on
user engagement. It was found that the introduction of a su�ciently
meaningful, unexpected, and customized extrinsic reward can engage
participants significantly. During a four-week campaign, a sample of 143
university sta� members engaged in a health promotion campaign.
Participants were randomly distributed over one of three treatment
groups.

Study S2 [316]. This study evaluated the impact of personalized
motivational messages, as compared to randomized motivational
messages. It was found that personalized messages are more
appreciated than random messages, but also that personalized
messages do not necessarily cause a change in (long-term) behavior.

Study S3 [350]. This study evaluated social comparison as a driver of
engagement with an mHealth app in preadolescents. It was found that a
team-oriented environment with involvement of a natural role model is
more engaging than an individually focused setting. This conclusion was
drawn after a 12-week crossover experiment, including 290 preadolescent
students, in which three social comparative settings were evaluated.

Finally, after we had recorded three theoretical frameworks and three
empirical studies, we have explored how these theoretical frameworks and
empirical studies map onto to each other, and how these relations could be
represented by SciModeler. Moreover, we have explored how the system
could be queried to consolidate knowledge. For that, we developed various
queries in Cypher.
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13.4 RESULTS
In this section, we first present the results of our modeling steps, and then
we share our evaluation results.

13.4.1 Modeling outcomes
Dissecting scientific theory
A theory comprises a set of abstract statements about reality [287]. Hence,
informal explanations, unfalsifiable statements and ideas are important, but
they are not scientific theories [276, p. 23]. Instead, in a “theoretical system”,
“theoretical constructs” are introduced “jointly” (i.e., associated to each
other) [151, p. 32], such that a natural phenomenon and its antecedents are
explained, and their relations can be repeatedly tested and verified. Without
theory, it is impossible to make meaningful sense of empirically generated
data, and it is not possible to distinguish positive from negative results [189,
p. 23]. For this study, we have assumed that a scientific theory comprises
constructs, and the relationships between these constructs. While some
related works proposed to model theories as claims within separate models
of individual articles (e.g., SWAN [52] and Micropublications [53]) we explored
a graph-based approach where theoretical elements are modeled centrally
and supportive pieces of empirical data are linked to them.

Anatomy of empirical studies
Several frameworks for developing and reporting empirical studies have
proven valuable over time (e.g., in the design of systematic literature
reviews [58]). Especially the PICO framework is commonly used in
evidence-based practice (e.g., in Evidence-Based Medicine). This framework
suggests that a well-defined empirical study comprises: a population, an
intervention, a comparison, and an outcome. Similar frameworks were
coined to be applied to di�erent research fields. For example, the PECO
framework (i.e., Population, Exposure, Comparator, and Outcomes) was
designed for environmental, public and occupational health research [237];
the SPICE framework (Setting, Perspective, Intervention, Comparison, and
Evaluation) was introduced to support qualitative research [31], as well as
the SPIDER framework (Sample, Phenomenon of Interest, Design, Evaluation,
Research type) [58]; and lastly the ECLIPSE framework (Expectation, Client
group, Location, Impact, Professionals, ServicE) was designed for health
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management research [357]. Across frameworks, the following components
can be identified:

The Population refers to the community that is targeted within a
study (e.g., Dutch high school students, or older adults at risk of being
overweight, etc.). This concept is also referred to as the Patient group,
Sample, Perspective, or Client group.

The Setting (or Location & Timing) describes when and where an
intervention was evaluated [31].

The Expectation (from ECLIPSE, corresponding to the Outcome from
PECO or the Evaluation of SPIDER) is the end point of interest. Once this
dependent variable is known, the impact of studies addressing a similar
outcome variable can be compared. Note that careful recording of this
outcome variable is necessary, as a variable can sometimes be measured
in di�erent ways [223, p. 29].

The Intervention (or Phenomenon of Interest, Professionals &
Service) indicates the object that is studies and that is expected to
cause a di�erence (e.g., the administration of a medical drug) [223, p. 29].

The Comparison (or PECO’s Comparator, or SPIDER’s Design) is
measured against the intervention. Often, the comparator is a di�erent
treatment, or alternatively the absence of a treatment.

The Impact (from ECLIPSE, corresponding to the Evaluation from
SPICE) describes what results the evaluation yielded [31].

The Research type (from SPIDER) captures the study design that was
adopted to evaluate the intervention [58].

Requirements elicitation
From the dissection of scientific theory (i.e., section 13.4.1), we have
concluded that theories consist of constructs and relations. While previous
formalisms (e.g., SWAN [52] and Micropublications [53], also see section 13.2)
already support the encoding of claims of individual articles, it is worth
representing theories as first-class modeling concepts, which can be linked
from individual studies. Regarding the coding of empirical studies, various
formalisms have already been proposed. However, the systematic linking of
empirical data with theoretical constructs is lacking, especially in research
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that involves multiple scientific domains [11]. In order to overcome these
limitations, we propose a new metamodel that has two layers: The first
layer supports the encoding of scientific theories (ST) and the second layer
supports the encoding of empirical studies (ES). For layer ST, we identified
three information requirements (i.e., based on section 13.4.1), aimed at
representing theories as graphs:

ST1 Record the name of the theory;

ST2 Record the primitive constructs of the theory;

ST3 Record the relations between these constructs.

Similarly, for layer ES, our synthesis of section 13.4.1 leads to:

ES1 Record the (characteristics of) the study population and study
sample (i.e., to whom?);

ES2 Record the setting (i.e., place and time) of the study (i.e., where,
and when?);

ES3 Record the expectation of the study (i.e., why?);

ES4 Record the interventions and comparison treatments
(i.e., what? what else?);

ES5 Record the impact of the interventions and treatments on the
study sample (i.e., how well?);

ES6 Record the research type (i.e., how?).

While the requirements for layer ST and layer ES followed reasonably simply
from section 13.4.1, respectively, we found that especially the linking of the
two layers is non-trivial. Regarding the interlinking of the two layers, one
would ultimately like to see how specific elements of an empirical study
relate to specific elements of a theory. Regrettably, many empirical studies
only label interventions at the aggregate level of theories. From our modeling
requirements point of view, we therefore need to support both ways of
linking the empirical layer with the theoretical layer. Furthermore, concrete
interventions in empirical studies can be coded di�erently according to one’s
point of view (even when aiming to minimize subjectivity). We will illustrate
this challenge by means of a case study in section 13.4.2, but regarding
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modeling requirements, we conclude here that there is a need to support
competing classifications and leave it up to the scientific discourse to decide
which classification is the best for a specific purpose.

ES→ST1 Record the relation between a theoretical construct and an
actual intervention;

ES→ST2 Record the argumentation for why this relation is appropriate;

ES→ST3 Foster a discussion of the scientific community on a particular
suggested relation.

Metamodel design
Based on the modeling requirements, we have developed a metamodel that
is displayed in figure 13.2. The colored rectangles in the background
demonstrate what particular requirement is fulfilled by the rectangle’s
enclosed entities, attributes and associations. The orange rectangle
captures the entities, attributes and associations that were necessary to
satisfy the requirements at layer ST. Particularly, to: (1) record the name of a
theoretical framework using the theory entity [ST1]; (2) record the
constructs within a theoretical framework using the construct entity [ST2];
and record the relations between the constructs of a theoretical framework
via the relation entity [ST3]. The relation entity has a type attribute that can
have the values: has an influence on, has a positive influence on, has a
negative influence on, is a component of, and is synonym of.

The blue rectangles depict the entities, attributes and associations that
were necessary to satisfy the requirements at layer ES. First, the entities
population, sample, group, individual, demographic and characteristic are
necessary to record with whom a particular intervention was evaluated [ES1].
The population entity captures information about the audience that was
targeted for a specific study. The sample entity records ho many subjects
from this population have actually participated in the study. The group
entity distinguishes the number of participants that were exposed to a
specific treatment. The demographic entity can be used to collect additional
information about these groups on di�erent variables. For example, this
entity, its attributes and associations, may be used to record that the average
age of a sample was 27. In that scenario, age is the dimension of the variable
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FIGURE13.2: SciModeler metamodel (v2.2.0).

associated to the demographic, the aggregation function of the demographic
is average, and the value of the demographic is 27. Note that the actual ages
(i.e., recorded as characteristics) of the individuals within the sample may
nevertheless be undisclosed, but we may know the average age of the sample
is 27. Second, the context entity is used to record where and when a study
was executed [ES2]. For example, a study may be executed at a high school
(i.e., location) during the winter of 2018 (i.e., timing). Third, the experiment
entity records the rationale behind a study [ES3]. Particularly, the point of
interest, or outcome variable, is recorded. Fourth, the entities treatment,
treatment assignment, intervention and platform are used to record what
treatments were assigned, and how these compare to each other [ES4].
The intervention entity records particularities that are present within all
treatments, whereas the treatment entity only records particularities that
are unique to a specific treatment. The platform entity can be used to
emphasize that a set of interventions relies on shared infrastructure. For
example, a marketing intervention may be administered via a phone call,
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and di�erent interventions may use similar infrastructure. As an example
from the software engineering domain, the Eclipse framework could be a
platform on which an empirical study on plug-in development could be
based. Lastly, the entity treatment assignment can be used to assign a
particular treatment to a group of participants. Fifth, the entity outcome
records the impact of a specific treatment [ES5]. Particularly, by capturing the
treatment result and the significance of that result. Note that, in empirical
reports, results are not often shared at the individual level, but rather at the
treatment level because the actual datasets that were obtained to derive an
empirical result are typically not shared. Hence, specific information about
the characteristics of particular individuals, or the impact the intervention
has had on a particular individual are mostly not revealed in scientific outlets.
Therefore, the entities, attributes and associations that are displayed below
the red dotted line in figure 13.2 are included for completeness, but are
known to be di�cult to extract from most research articles. Then again,
future articles on empirical studies may cite SciModeler instances as online
attachments that document the study setup with greater precision. Sixth,
the entity source is used to record the scientific article that describes the
research method underpinning one or more experiments [ES6]. Finally, the
yellow rectangle captures the entities, attributes and associations that are
used to map empirical data onto theoretical constructs (i.e., linking layer
ES and layer ST). The classification entity can be used to associate (parts of)
a particular intervention or treatment with a theoretical construct [ES→ST1].
Since this step relies on interpretation, an explanation from a reviewer
is required [ES→ST2]. Other reviewers can support (i.e., “upvote”) a given
classification, or commit their own [ES→ST3]. Lastly, a reviewer may start a
discussion on a given classification, or start a discussion in response to an
existing discussion [ES→ST3].

13.4.2 Case study evaluation
Recording scientific theory
To populate the database with data on selected scientific theories (e.g., the
COM-B System, the SDT, and the Goal-Setting Theory), import statements (in
Cypher) were manually derived from research articles on these respective
theories. This task was trivial, as scientific theories are generally presented in
a graph-based format, already. For example, figure 13.3a displays the original
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COM-B System, and figure 13.3b displays how the constructs within the COM-
B System, and their interrelationships, could be captured within SciModeler.
Again, note that the translation of the original theoretical framework into a
SciModeler instance was straightforward.
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FIGURE13.3: (a) The original COM-B System, and (b) its object diagram.

The import statements for recording the SDT and the Goal-Setting Theory
were obtained from this procedure as well. Still, we do want to outline
some particularities that were unique to these theories, and demonstrate
how these particularities are handled withing SciModeler. First, the SDT is
a meta-theory comprised of five mini-theories [296]. That notion can be
recorded in our system using, see figure 13.4a, the recursive relationship
that the theory entity has with itself. Second, in the Goal-Setting Theory,
the constructs “goal” and “intention” are used as synonyms. Our graph can
record that notion using a relation of type synonym, see figure 13.4b.
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FIGURE13.4: Object diagrams that (a) details the interrelationships between the SDT
mini-theories and (b) illustrates the relation type “is synonym of”.

Recording empirical data
Subsequently, we have recorded data from three empirical studies. To record
the relevant data, we annotated the original research articles of these studies
using the SciModeler study annotator, see figure 13.5.

FIGURE13.5: Study annotator to generate import statements from PDF annotations.

After the annotations were made, this tool was used to output a set of input
statements that were imported into our database. The related
infrastructure—including the exemplar annotated PDF documents—is
available via GitHub (louar.github.io/SciModeler-study-annotator). In the
remainder of this section, we will briefly outline how some particularities
for each empirical study were recorded within SciModeler. First, figure 13.6
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displays how information on the first study’s population, sample, and
treatment groups could be recorded in SciModeler (i.e., by means of the
indigo, purple, and violet nodes). Additionally, sample demographics are
recorded as well (i.e., via the pink and green nodes).
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FIGURE13.6: Object diagram that records the population, sample and group
decomposition of study S1, as well as the sample demographics.

Figure 13.7 displays how the general intervention (i.e., perform
health-related activities to obtain virtual points) and the two treatments of
study S2 (i.e., personalized motivational messages, as compared to random
motivational messages) can be recorded in SciModeler (i.e., by means of the
orange and red nodes, respectively). Also, the (mHealth) platform can be
recorded that is used to host the intervention and treatments (i.e., yellow
node) Additionally, the outcomes of the study, as well as the outcome
variables, are recorded in the green nodes.

Study S3 employed an advanced study design. Figure 13.8 displays how that
complex study design was captured in SciModeler. Particularly, in study S3, a
crossover experimental design with three treatments was employed, where
every treatment group received their treatments in 2-week periods, and
received every treatment twice. Figure 13.8 displays how treatment groups
(i.e., violet nodes) are linked to the treatments (i.e., red nodes) through
instances of the treatment assignment entity (i.e., pinkish-orange nodes).
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The attribute order number on the entity treatment assignment is used
to distinguish in what order the treatments were assigned to a particular
treatment group.
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(mHealth
platform) 

Intervention TreatmentPlatform Outcome Variable

Perform health-
related activities to
obtain virtual points

for individual and
team-based

competitions

Control: 
Receive random  

motivational
messages

Treatment:
Receive

personalized
motivational

messages

Personalized
 messages are more
positively evaluated

than random  
messages

Personalized
 messages do not

cause participants to
perform more

activities

Number of
unique

activities

Percentage 
of messages
triggering an

activity

Message
feedback

FIGURE13.7: Object diagram that records the intervention and treatment structure
that was employed in study S2, as well as the study outcomes.
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5

6

Sample Group Treatment Assignment InterventionTreatment

FIGURE13.8: Object diagram to express the complex study design of study S3.

Consolidating scientific knowledge
The entire SciModeler database can be retrieved from [251], with DOI
10.6084/m9.figshare.13160141. Subsequently, the final exercise was to link
(elements of) the interventions and treatments of our empirical studies
onto theoretical constructs. We mapped our studies’ interventions and
treatments onto four theoretical constructs, see figure 13.9. The
interventions we had employed were similar in each empirical study
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(i.e., collecting virtual points for performing health-related activities, to
compare oneself to peers), and therefore related to the construct or
relatedness, a concept that is expressed in the Self-Determination Theory.
Furthermore, Study S1 employed tangible rewards in two of its treatments,
and therefore these treatments were mapped onto the constructs of
“extrinsic goals” and “external incentives”. Lastly, Study S2 employed
motivational message. Hence, its intervention was also mapped onto the
construct “motivation”, that both the COM-B System and the SDT
include.

Perform health-
related activities to
obtain virtual points

for individual and
team-based

competitions

Perform health-
related activities to
obtain virtual points
for either intragroup,

or intergroup
competitions

Relatedness

COM-B System

Perform health-
related activities to
obtain virtual points

for individual and
team-based

competitions

These treatments
evaluate external

incentives (i.e., mugs)

Obtain 50  
virtual points to

win a prize 
(gain-framed

reward)

Obtain 50  
virtual points to
keep your prize

(loss-framed
reward)

S1

S2

S3

External
incentive

Extrinsic goal

Motivation

Self-
Determination

Theory

Goal-Setting
Theory

These treatments 
set an extrinsic goal 
to obtain 50 virtual
points to collect a

reward

The intervention
implements social

comparison, which is 
a subcomponents of

relatedness

The intervention
in�uences behavior

through motivational
messages

The intervention
implements social

comparison, which is
a subcomponents of

relatedness

The intervention
implements social

comparison, which is 
a subcomponents of

relatedness

Source Classi�cationIntervention Treatment Theoretical construct Scienti�c theory

FIGURE13.9: Object diagram of the mapping of interventions and treatments onto
theoretical constructs.

Finally, we could query our graph to consolidate scientific knowledge. In
this section, we present three ideas for querying the graph database. The
first strategy may be adopted to refine scientific theory. One may query all
interventions and treatments that address a particular theoretical
construct. Then, one can evaluate the outcomes these interventions and
treatments had on the target variables and check whether the theory under
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investigation would suggest that same outcome. For our case, we may query
all interventions that were associated to the construct relatedness (e.g., see
Query 1a of [252]). We then find that there are three interventions
associated with this construct, also figure 13.9. Now we can evaluate
whether the outcomes are to be expected according to our theory on
relatedness, and we may update our theories accordingly. For example, one
can evaluate whether suggested theoretical outcomes also translate to
other populations and contexts. Note that a user of this system may
determine herself what theoretical constructs are interesting to evaluate:
one can even jointly evaluate the empirical impact of multiple constructs, if
one believes several constructs represent a similar semantic meaning
(e.g., see Query 1b of [252]). Then, one can explore outcomes to evaluate
whether results are similar (in a particular context), and constructs may be
merged, or latent relationships may be exposed.

Second, one may want to explore promising intervention strategies for
a particular context (e.g., a particular target audience). One can retrieve
all experiments that target a particular population, or context to evaluate
whether an outcome can be replicated within that population or context
(e.g., see Query 2 of [252]).

Third, one may query all experiments that have used the same (mHealth)
platform to evaluate whether a theoretically suggested relationship is
reported consistently with (probably) similar interventions and treatments,
in di�erent contexts. Using Query 3 of [252], one can find all interventions
and treatments that were hosted using a similar platform. This query can
also be run to explore the theoretical concepts and ideas that are
implemented in a given (mHealth) platform.

13.5 DISCUSSION
We have demonstrated the development of SciModeler, a toolbox for
consolidating scientific knowledge in the field of health behavior change.
Also, we have demonstrated the potential value of SciModeler by means of
a case study. Even though the exemplar queries were relatively simple, they
were used to retrieve information which would be di�cult to obtain reliably
when only reasoning about the original research articles. We have also
suggested that this basic infrastructure paves a way toward automating the
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simplification and merging of theories. Still, the setup in which
SciModeler was demonstrated has various limitations, that call for future
improvements.

We have found that it remains challenging to populate SciModeler’s database.
Particularly, it remains challenging to record data from empirical studies. On
the one hand, this challenge prevails because empirical reports in the field
of health behavior change are typically incomplete, or ambiguous [228]. The
ambiguity of empirical reports is not unique to the field of health behavior
change, as a peer review of 313 research studies found that over half (54%)
of the studies did not report on the four PICO components [339]. On the
other hand, populating SciModeler’s database remains challenging because
the data entry process currently requires (extensive) manual labor, despite
the dedicated SciModeler study annotator we have developed. We aim to
explore Machine Learning and Natural Language Processing techniques for
automatically mining SciModeler models. Regrettably, these algorithms will
also su�er from the fact that many scientific publications are incomplete, or
ambiguous [228, 339].

Regardless of whether studies are labeled by their original authors, by
other scientists, or by an artificially intelligent agent, one may want to
collect community feedback on the quality of a SciModeler model. We have
anticipated that by allowing users to discuss and “upvote” each other’s
classifications (i.e., mappings) of experimental interventions and treatments
as theoretical constructs, however a digital interface is not readily available
yet. Additionally, future metamodel revisions should support discussion at
the level of other entities and attributes too, such that the truthfulness of a
particular attribute value can be measured by the degree to which reviewers
agree on the information.

Finally, tooling for querying the system should be improved. A current
limitation is that we do not yet provide an interface for querying the graph,
other than Neo4j’s built-in query explorer. To also allow possible
non-expert end users to use the system, we plan to provide an interface, for
instance with a set of default queries. Additionally, at the level of the
SciModeler metamodel, future work is to decompose the text-based node
attributes into more fine-grained sub-graph structures. That would for
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example enable the query-based retrieval of studies that are recorded
within the context of a high-school, with a duration of at least eight weeks
per intervention. Until then, the Neo4j’s query language Cypher fortunately
o�ers support for regular expressions on node attribute values.

13.6 CONCLUSIONS
SciModeler can e�ectively assist scholars in: (1) refining scientific theories
(e.g., by merging theoretical constructs, or exposing latent relationships), (2)
exploring promising intervention strategies for a specific context (e.g., by
predicting the impact of an intervention strategy in a specific population),
and (3) checking the potential impact of an intervention platform in a specific
context.

As the prevalence of academic documents is growing at an exponential rate,
in almost every scientific domain [53], and scientific discoveries do not span
a single article anymore, but, rather span multiple articles, potentially in
multiple scientific domains [11], we suggest that SciModeler may be applied
in other domains as well.
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14
G E N E R A L D I S C U S S I O N

14.1 ORIGINAL MOTIVATION
Several review studies have concluded that mHealth apps can e�ectively
foster short-term lifestyle change [94, 193, 197, 268, 295, 324]. However,
results have not been consistent [94, 197, 268, 324], among others because
engagement levels with mHealth apps typically collapse after a short
period of time [54] (e.g., see [43, 263, 272]). The current conviction is that the
e�ectiveness of an mHealth app to promote user engagement largely
depends on the specific (combination of) intervention strategies that are
employed within that app [94, 228, 324]. Still, it is unclear which specific
intervention strategies are most promising to promote user engagement,
for whom, and under which contextual conditions these are most
e�ective [176, 194].

In this dissertation, we have aimed at disentangling the impact of specific,
singular mHealth intervention strategies on user engagement levels. To that
end, we have addressed two scientific challenges. Our first scientific
challenge was to collect empirical data on the impact of singular mHealth
intervention strategies on user engagement levels. Our second scientific
challenge was to develop a method to estimate the impact of (a set of)
singular mHealth intervention strategies, in a given intervention context,
based on existing empirical data.

To address our first scientific challenge we have collected empirical data by
conducting eight randomized intervention trials and two case studies. In
these studies, we have investigated the impact of four singular mHealth
intervention strategies on user engagement levels with our mHealth app. In
selecting these strategies, we drew inspiration from research on
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game-based design and gamification. Eventually, we have studied how
reward mechanisms, social comparison, adaptive goal setting and
personality tailoring can be employed to foster mHealth app engagement.
Our conceptualization of engagement distinguished between behaviors of
passive engagement (i.e., visiting our app) and behaviors of active
engagement (i.e., registering engagement in a particular health behavior in
our app), as is common in mHealth research [269, 368]. All our studies were
hosted on a single mHealth platform (i.e., GameBus). Additionally, in
individual studies, we have accounted for a set of control variables that
were unique for that intervention context because the intervention context
itself is an important influencing factor of behavior (and therefore of
behaviors that are indicative of engagement) [5, 145, 229, 259, 260]. In the
remainder of this chapter, we summarize the findings from our individual
studies. Subsequently, we discuss how the findings of individual studies
relate to each other, and derive a set of recommendations for the design of
engaging mHealth programs, as well as directions for future research.

14.2 SUMMARY OF FINDINGS
To address our first scientific challenge, we have conducted a total of eight
randomized intervention trials and two case studies. Throughout our studies,
we have reached 865 individuals. A total of 38 participants engaged in two
studies, and one individual even participated in three studies. So, over each
individual study, we have attracted a total of 905 distinct participants. A
total of 143 users joined our studies in 2018, 570 users participated in 2019,
131 in 2020, and 61 in 2021. Of the total of 905 distinct participants, 255 were
categorized as passive users (i.e., these subjects only checked our mHealth
app). The other 650 participants were categorized as active users (i.e., these
subjects registered at least one health behavior in our app).

Table 14.1 displays some details about the individual studies that we have
performed (e.g., the host organization and target audience). Two of our
studies have targeted low SES (pre)adolescents. The other six studies were
targeted at sedentary o�ce workers. Additionally, seven of our studies
have been executed within an educational setting, and one study has been
executed within a governmental context. Finally, four of our studies focused
on reward mechanisms, two studies focused on social comparison, one study
focused on adaptive goal setting, and one study focused on personality
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tailoring. Moreover, on the topic of personality tailoring, we have performed
two case studies as well. The remainder of this section summarizes the
findings of each individual study, per intervention strategy that was the
focus of that study.

Ch. Year Host Target
audience

Sample Duration Study focus

Ch. 5 2018 University Sedentary of-
fice workers

30 passive
113 active 4 weeks Reward

mechanisms

Ch. 12 2019 University Sedentary of-
fice workers

25 passive
14 active 6 weeks Personality

tailoring

Ch. 7 2019 High school Low SES (pre)
adolescents

69 passive
221 active 12 weeks Social

comparison

Ch. 8 2019 University Sedentary of-
fice workers

1 passive
64 active 20 weeks Social

comparison

Ch. 9 2019 Governmental
organization

Sedentary of-
fice workers

49 passive
127 active 9 weeks Adaptive goal

setting

Ch. 6 2020 Vocational
school

Low SES (pre)
adolescents

26 passive
10 active 10 weeks Reward

mechanisms

Ch. 3 2020 University Sedentary of-
fice workers

33 passive
62 active 5 weeks Reward

mechanisms

Ch. 4 2021 University Sedentary of-
fice workers

22 passive
39 active 6 weeks Reward

mechanisms

TABLE14.1: Details from our eight intervention trials.

14.2.1 Reward mechanisms
In chapter 3, we have compared the impact on user engagement levels with
our mHealth app of virtual, non-financial rewards (i.e., virtual points) and
monetary rewards to a control situation without rewarding incentives. In a
five-week, three-arm randomized intervention trial, sedentary o�ce workers
(i.e., sta� members and students of a Dutch university, N = 95) engaged in a
health promotion program that was designed to promote physical activity
and fruit intake. Through this program, subjects were suggested to perform
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a set of health-related activities every week. Subjects could self-track how
many times they had performed each activity and review the activities
that other participants had performed via a newsfeed. Participants in the
first study arm (i.e., the control group) were not exposed to any reward
mechanisms. Participants in the second and third study arms, however,
received virtual points for completing the suggested activities. Moreover,
participants in the third study arm got an opportunity to win a monetary
reward (i.e., of €25) in the third week of (i.e., halfway through) the study.
Results indicated that the introduction of virtual incentives (i.e., virtual
points) only had a small, non-significant impact on participant engagement
levels (i.e., compared to a control situation without any rewarding incentives
at all). On the other hand, monetary incentives were reported to stimulate
user engagement levels e�ectively, with little risk of crowding e�ects1 in the
short run.

Since in chapter 3, financial incentives were found to have a positive impact
on user engagement levels, we have explored the impact of di�erent
reinforcement schedules for distributing financial rewards in chapter 4, with
the same population of sedentary o�ce workers. We have aimed to find a
reinforcement schedule with a high impact on user engagement levels with
our mHealth app and low overall financial costs for the study organizer. To
that end, we have evaluated the impact of three di�erent reinforcement
schedules on engagement levels in a six-week, three-arm randomized
intervention trial. The intervention was aimed at increasing physical activity,
improving dietary intake, and fostering happiness. In this study, we have
explicitly controlled for personality di�erences (i.e., personality di�erences
are a set of independent variables that may influence the impact of a
reinforcement schedule on user engagement levels). Participants
(i.e., university sta� and students, N = 61) were awarded virtual points for
performing health-related activities. Their performance was displayed via
an individual dashboard, social leaderboard (i.e., displaying the individual
total of virtual points), and newsfeed (i.e., displaying the activities of other
participants). Moreover, participants could win financial rewards. These
rewards were given out on a fixed reinforcement schedule in the first study

1According to motivation crowding theory, in a scenario where payment for an enjoyable
task is taken away—after the payment is expected—individuals may perform worse than if they
were not initially paid.
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arm, and on a variable one in the other arms. In addition, payouts in the
first two arms were immediate, whereas payouts in the third arm were
delayed. All three reinforcement schedules had a similar impact on user
engagement, although the variable schedule with immediate payouts was
reported to have the lowest cost per participant. Meanwhile, personal
characteristics a�ected the impact of the financial rewards. The (extrinsic)
financial rewards prompted participants who had a stronger ability to delay
gratification and were less intrinsically motivated to engage in the study.
Hence, monetary incentives can be employed e�ectively to foster user
engagement levels with mHealth apps but may not be suitable to promote
engagement in everyone.

Subsequently, chapter 5 discussed the impact of framing of reward
mechanisms, in a sample of sedentary o�ce workers. Using framing, a
reward can either be presented as a gain, or as a loss2. A sample of 143
university sta� members engaged in a four-week, three-arm randomized
intervention trial that was designed to promote physical activity and fruit
intake. Participants were prompted to try to obtain as many virtual points
as possible through the registration of health-related activities.
Participants could track their performance on a social leaderboard (i.e., that
displayed the average scores per university department) and newsfeed
(i.e., that displayed the health-related activities that other participants had
registered in the app). In the first study arm (i.e., the control group),
subjects received no tangible rewards, just feedback from the social
leaderboard and newsfeed. Participants in the second study arm received a
mug after obtaining 50 virtual points (i.e., a grain-framed reward).
Participants in the third study arm received a mug at the beginning of the
program that they had to return if they did not obtain at least 50 virtual
points (i.e., a loss-framed reward). It was found that also the introduction of
an extrinsic reward can significantly promote user engagement levels with
our mHealth app. However, no significant di�erences in user engagement
levels were found between the second and third study arms, suggesting
that the frame of the reward did not necessarily stimulate engagement
levels, but rather that user engagement was fostered by the presence of a
reward in the first place.

2For example, a gain-framed message could read: “You will live longer if you quit smoking.”
A loss-framed message would then read: “You will die sooner if you do not quit smoking.”
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Finally, chapter 6 discussed how reward mechanisms could be employed in
low SES populations. To promote healthier lifestyles in lower SES
populations, we hosted a digital health promotion program among male
vocational students at a school in The Netherlands. In a pilot study, we
evaluated whether this target audience could be engaged with our mHealth
app using lottery-based incentives that trigger feelings of anticipated
regret. Especially, we studied the social and interpersonal aspects of regret
lotteries in a within-subject experimental design. In this design, subjects
either participated in a social variant (i.e., with students competing against
their peers for a chance at a regret lottery) or an individual variant (i.e., with
subjects solely individually engaged in a lottery). Additionally, we studied
the impact of di�erent payout schedules in a between-subject experimental
design. In this design, participants were assigned to either a short-term,
low-value payout schedule or a long-term, high-value payout schedule.
From a population of 72 male students, only half voluntarily participated in
our 10-week program. From interviews, we learned that the main reason for
neglecting the program was not related to the lottery-based incentives or
the prizes awarded. Instead, non-enrolled subjects did not join the program
because their peers were not joining. Paradoxically, it was suggested that
students withheld their active participation until a larger portion of the
sample was actively participating. From the subjects that enrolled in the
program (N = 36, males, between 15 and 25 years of age), we found that a
large proportion stopped interacting with the program over time (e.g., after
roughly four weeks). Our results also indicated that students performed
significantly more health-related activities when assigned to the social
regret lottery, rather than the individual variant. This result was supported
by interview responses from active participants: They mainly participated to
compete against their peers, and not so much for the prizes. Hence, we
obtained initial evidence from this study on the impact of social and
competitive aspects in lottery-based incentives to stimulate engagement
levels in lower SES students with our app.

14.2.2 Social comparison
Chapter 7 evaluated how social comparison drives low SES preadolescents’
engagement with our mHealth app. We designed a 12-week, 3-arm
crossover experiment in which we studied three approaches to stimulate
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behavior change via social comparison. This study was hosted in a school
environment to leverage naturally existing social structures among
preadolescents. Students and teachers used our mHealth app that awarded
points for performing health-related activities during the experiment.
Participants could read their aggregated scores on a leaderboard and
compare their performance with others. In particular, these leaderboards
were tweaked to implement three approaches of the social comparison
technique. The first approach focused on intragroup comparison
(i.e., students and teachers competing against each other to obtain the
most points). In contrast, the other two approaches focused on intergroup
comparison (i.e., classes of students and their mentoring teachers
collaborating to compete against other classes). Furthermore, in the third
approach, teachers’ performance was highlighted in order to raise students’
involvement even more by utilizing teachers’ inherent exemplary role. Our
results were obtained from a sample of 290 students and 23 teachers. It was
found that student engagement levels decreased over time, particularly
during the holidays. However, students appeared to pay more attention to
intergroup competitions than intragroup competitions, as they viewed our
mHealth app more frequently when participating in team-based
comparisons. Students engaged in more activities on average while they
were in the second intergroup setting, possibly because this was where
their teachers were most active. Moreover, individual di�erences in
students’ perceptions of teacher closeness were taken into account in our
analysis. Teachers seemed to play an important role in engaging their
students, as their relationship with their students influenced the
engagement of the students. When using social comparison to engage
preadolescents with our mHealth app, an intergroup setting, rather than an
intragroup competition, motivated them to engage with the app but did not
necessarily motivate them to perform more activities. It seems that the
number of unique activities that preadolescents performed depended on
the activeness of a role model (e.g., their teachers). Moreover, this e�ect
was amplified by the student’s perceptions of closeness to that role
model.

Subsequently, chapter 8 discussed and addressed the unique design
challenges of applying social comparison in an occupational setting,
targeting sedentary o�ce workers. While occupational settings o�er natural
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communities for social interaction, the diversity of personal health goals
and privacy concerns increase the di�culty of designing engaging mHealth
interventions. We explored a two-level game design, where the first level
related to achieving personal goals and the second level was a social
competition to maximize goal compliance among colleagues. The solution
was strengthened by employing occupational physicians who personalized
users’ goals and coached them remotely. The design was evaluated in a
5-month study with 53 employees from a Dutch university. Results
suggested that by using the app, approximately half of the participants
were able to reach their goals by changing their lifestyle behaviors in
positive ways (especially in terms of physical activity and dietary intake).
Finally, participants greatly appreciated the involvement of the
occupational physician in the initial phase of the program (e.g., to set the
personalized goals). However, participants also indicated that the design
decision to allow for one-way communication only (i.e., only the physician
could send messages) undermined their levels of long-term
engagement.

14.2.3 Adaptive goal setting
In chapter 9, we evaluated the impact of automated, personalized goal
setting on user engagement with our mHealth app among sedentary o�ce
workers. The study was designed as a two-arm randomized intervention
trial. Participants were recruited among sta� members of seven Belgian
governmental organizations (N = 176). They participated in an 8-week digital
health promotion campaign that was especially designed to promote
physical activity (i.e., including walks, bike rides, and sports sessions). Using
our mHealth app, participants could track their performance on two social
leaderboards: a leaderboard displaying the individual scores of participants
and a leaderboard displaying the average scores per organizational
department. The mHealth app also provided a newsfeed that showed when
other participants had scored points. Points could be collected by
performing any of six health-related activities (e.g., walking for at least
2000 m). The level of complexity of three of these six tasks was updated
every two weeks by changing either the suggested intensity or the
suggested frequency of the activity. The two intervention arms—with
participants randomly assigned—consisted of a personalized treatment that
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tailored the complexity parameters based on participants’ self-reported
capabilities and goals and a control treatment where the complexity
parameters were set generically based on national guidelines. Measures
were collected from the mHealth app as well as from intake and post-test
surveys. Results indicated that engagement with the program inevitably
dropped over time. However, engagement was higher for participants who
had set themselves a goal in the intake survey. The impact of
personalization was especially observed for “frequency parameters”
because the personalization of sports session frequency did foster higher
engagement levels, especially when participants set a goal to improve their
capabilities. Additionally, the personalization of the suggested ride
duration had a positive e�ect on self-perceived biking performance.
Personalization of physical activity goals seems particularly promising for
promoting the frequency of physical activity (e.g., promoting the number of
suggested sports sessions per week), rather than the intensity of the
physical activity (e.g., distance or duration).

14.2.4 Personality tailoring
In chapter 10, we have evaluated to what extent personal preferences can
be automatically derived from user event data of our mHealth app. User
preferences are modeled using six classes from a theoretical framework
(i.e., the HEXAD gamification player type framework). Based on this
framework, a structure of six Takagi-Sugeno fuzzy inference systems was
constructed and evaluated against baseline data from an o�cial survey for
measuring the framework’s constructs. This analysis found that user
preferences can be derived from user event data using fuzzy modeling with
accuracy scores that are higher than a random predictor would typically
achieve. However, prediction accuracy remains rather low. Therefore,
in chapter 11, we have evaluated whether we could improve our prediction
accuracy by combining (omnipresent) user event data with (accurate but
harder to obtain) data from validated survey responses. Our results
demonstrated a promising trade-o�: When applying our hybrid method to
the data from chapter 10, we were able to attain higher accuracy scores
than we had obtained when making predictions exclusively using event
data. Furthermore, the number of survey items that we needed to obtain
these accuracy scores was considerably lower compared to the number of
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items in conventional survey instruments. Since this is a novel method, we
expect that results will improve as larger data sets become available over
time. To facilitate that process, we have presented a mathematical model
in chapter 11, for rationalizing the design process of hybrid profiling
systems.

Finally, in chapter 11, we have evaluated the impact of persuasive messages
on user engagement. Although much of the literature on adaptive
persuasion has evaluated the e�ectiveness of persuasive attempts by the
direct reactions to those attempts, we aimed to evaluate whether
persuasive messages could trigger health behavior. We conducted a 6-week,
randomized intervention trial that evaluated an adaptive persuasive
messaging system with sedentary o�ce workers (i.e., university sta� and
students, N = 39). Participants were randomly assigned to one of two study
arms. In the first study arm (i.e., the control group), subjects received
random motivational messages, whereas, in the second study arm, subjects
received motivational messages that were tailored to their preferences
(i.e., based on their reaction to prior messages). Our results suggested that
adaptive persuasion improves attitudes toward persuasive attempts but
does not necessarily have an impact on long-term behavior.

14.3 INTEGRATION OF FINDINGS
Figure 14.1a displays the average number of days participants visited our
app in the first six weeks of a study. Figure 14.1b displays the average ratio
between the number of health behaviors participants registered in our app
and the total number of health-related activities that were suggested to
them in the first six weeks of a study. From these figures, it can be concluded
that levels of engagement with our app inevitably decreased over time, which
is commonly observed in mHealth research [54] (e.g., see [43, 263, 272]). The
decrease of engagement levels over time may be partly explained by people’s
tendency for heightened engagement when encountering the introduction
of a novel phenomenon, which is referred to as the novelty e�ect [346]. This
e�ect has been documented in the Self-Determination Theory [73] and was
observed in recent studies from the field of neuroscience [15]. Moreover,
it was demonstrated that the introduction of gamified systems is typically
prone to novelty e�ects [145].
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FIGURE14.1: Mean plots of (a) the number of days participants visited our app,
per study (N = 905), and (b) the ratio between the number of health
behaviors participants registered and the total number of activities that
were suggested to them, per study (active participants, N = 650).

Additionally, from figures 14.1a and 14.1b, it can be concluded that
engagement levels were substantially di�erent per study. These variations
are partially explained by the specific intervention strategies that were
employed in a given study. Despite the inevitable decrease in engagement
levels over time, we have presented empirical evidence in this dissertation
to claim that gamified intervention strategies can positively influence user
engagement levels. Our results firstly show that reward mechanisms can
e�ectively promote engagement levels, even at a reasonable cost per
participant, if variable reinforcement schedules are employed to distribute
the rewards. This result is in line with earlier findings from mHealth
research (e.g., see [27, 143, 233, 332, 350]) and theories of reinforcement
schedules that suggest that particularly variable ratio schedules tend to
produce very rapid and steady responding rates [103, 231]. Secondly, social
comparison was demonstrated to foster engagement levels, especially if its
implementation includes encouragement from role models. These results
support the proposition that the behaviors of others (e.g., a role model) can
prompt us to engage in their behaviors as well, especially when we trust
and feel connected to them [197, 208]. Thirdly, we found that adaptive goal
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setting can e�ectively promote behaviors of engagement, especially when
this strategy is employed to personalize the frequency of engaging in a
health goal, rather than its intensity. These findings are in line with the
principles of shaping: Taking small steps in behavior change processes
makes sense, as success typically provides gratification and thereby
furthers motivation [8, 110, 318]. Fourthly, we demonstrated that personality
tailoring can be employed to tailor motivational messages. We found that
personalized motivating messages were especially appreciated by
participants, which is consistent with studies from the disciplines of
marketing [157, 183, 185], health care [238], smoking cessation [86] and
health promotion [184]. Even though end users appreciated personalized
appeals more, we found that tailored motivational messages do not always
lead to increased engagement in health behaviors.

Furthermore, the variations between studies in figures 14.1a and 14.1b can be
partially explained through the analysis of contextual factors. Although this
dissertation focused on studying intervention strategies, we were aware
from the start that user engagement levels are potentially influenced by
contextual factors as well because the intervention context itself is an
important influencing factor of behavior (and therefore of behaviors that
are indicative of engagement) [5, 145, 229, 259, 260]. Hence, within our
studies, we have taken some specific contextual factors into account. For
example, we have accounted for di�erences in personality traits
(e.g., see chapters 3 and 4) or relationships among participants
(e.g., see chapter 7).

Similarly, between our studies, we have accounted for di�erences in target
audiences (see table 14.1). One could now consider the outcomes across our
studies and hypothesize that sedentary o�ce workers are especially
engaged by financial rewards (e.g., see chapters 3 and 4), whereas low SES
(pre)adolescents are likely to be more engaged by strategies of social
comparison (e.g., see chapter 6). Although it is very likely—and has been
argued before—that di�erent target populations respond di�erently to
individual intervention strategies [267], we caution the reader that these
hypotheses should be formally tested before being accepted.
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Meanwhile, it is plausible that there are other contextual factors that
influence user engagement levels with our mHealth app. In this paragraph,
we list two factors that have influenced the engagement levels of our study
participants, but that were not the main focus of this dissertation. First, we
observed that user engagement levels were influenced negatively by
temporal landmarks. For example, consider the negative impact of the
holiday on the engagement levels of the preadolescent students with our
app in chapter 7. This example indicates that the Fresh Start E�ect that was
introduced by Milkman and colleagues [66] and discussed in chapter 2 can
also have negative consequences: There seem to be moments in which a
target population is not open to engaging in an mHealth program
(e.g., preadolescents during their spring break). Similarly, we did not
account for global developments, such as the COVID-19 pandemic, although
the pandemic has impacted our studies (i.e., studies got delayed or
canceled). Second, we observed that access to the target population and a
powerful recruitment strategy are essential to foster engagement levels.
Particularly, if one fails to recruit participants (e.g., if one fails to have
participants register a user account), then the application of intervention
strategies may be outstanding, but no single end user will ever interact with
these strategies. Although not the focus of this dissertation, we observed
that the distribution of a recruitment message (e.g., via email) to an entire
target population is not straightforward. This observation is in line with
findings from the field of health promotion: It seems that an email with a
recruitment message is easily overlooked by the recipient [347].

Our toolbox, SciModeler, provides an opportunity to systematically track
these and other contextual factors, and explore their impact on mHealth
app engagement, in combination with di�erent intervention strategies.
In chapter 13, we have demonstrated how SciModeler can be used to
consolidate empirical data from mHealth studies while also recording
details about the intervention context. In that chapter, we have also
demonstrated that SciModeler can aid the design of mHealth apps for a
particular intervention context by combining pieces of empirical evidence
from similar contexts. These designs are likely to be improved dramatically
if the number of annotated empirical studies within SciModeler’s database
is increased.
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14.4 RECOMMENDATIONS
Based on the knowledge and experience that we gained over the past four
years, we would like to make two recommendations that should be followed
when aiming to design engaging mHealth programs.

recommendation 1: Use scientific theory to adapt your mHealth app, but
temper your expectations on the impact of modifications
It has long been recognized that mHealth programs that are based on
scientific theory are more engaging than interventions that are not [81, 228].
Hence, we suggest that one examines the body of scientific literature—and
ultimately uses a tool like SciModeler—to formulate hypotheses on
intervention strategies that are potentially engaging to the target audience.
However, because engagement levels consistently decreased over time in
our studies (i.e., a pattern that is common in mHealth research [54]), we
caution the reader to temper their expectations regarding the impact of
modifications to their mHealth program on user engagement levels. It is
commonly observed that selecting the right (configuration of) intervention
strategies for an mHealth program is a laborious process, that is
continuously influenced by the intervention context [94, 281, 324]. Hence, do
not expect to find a single intervention strategy that will permanently boost
engagement levels across an entire target audience, but instead,
experiment on a regular basis and build on the knowledge that you gain
over time to advance your mHealth program, on step at the time.

recommendation 2: Adapt your mHealth app to contextual factors
In addition, we found that the impact of intervention strategies—as well as
the impact of mHealth apps in general—on engagement levels strongly
depends on the intervention context. Hence, we recommend our readers
take into account contextual factors when employing their mHealth
programs and to make sure to sense changes and, consequently, adapt to
them. Taking into account (e.g., as control variables) specific contextual
factors can help to disentangle the impact on user engagement levels of
di�erent intervention components. For example, we suggest that one
considers personality traits (e.g., see chapters 3 and 4) and relationships
among end users (e.g., see chapter 7) when designing or modifying an
intervention. Moreover, although it were not the primary subjects of study
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in this dissertation, we encourage our readers to take into account temporal
landmarks (i.e., is the timing of the intervention right?) and reassure their
recruitment strategy is appealing (i.e., is the recruitment strategy e�ective
in onboarding a target population?).

The suggestion to adapt your mHealth program to contextual factors is in
line with prior research: The impact of the intervention context on mHealth
interventions has long been recognized, and many scholars have suggested
that interventions should be adapted to the intervention context in which
they are employed (e.g., see [5, 145]). We suggest a new set of tools for
recording and exploring the impact of contextual factors. Particularly,
SciModeler can help to disentangle the impact on user engagement levels
of di�erent intervention components (such as intervention strategies, but
also other contextual factors) by aggregating findings from multiple studies
(within a similar intervention context). Of course, a system like
SciModeler can only live up to this promise if its database includes a
substantial amount of data. Hence, we also encourage our readers to
consolidate the findings from their empirical studies in SciModeler, by
annotating their research articles using the SciModeler study annotator
(i.e., see chapter 13).

14.5 LIMITATIONS AND DIRECTIONS FOR FUTURE WORK
Our studies have been subject to several limitations. The limitations that
were specific to each study were already discussed in the chapter that
presented that study. This section discusses some limitations of this
dissertation and of mHealth research in general, and presents
opportunities for future research. First, in this dissertation, only a limited
number of intervention strategies were evaluated. Moreover, these
strategies were only evaluated in specific intervention contexts, with
predefined target audiences and categories of health behaviors to promote.
As a result, our findings may not readily translate to an intervention context
at hand. Therefore, we emphasize that it is essential to collect empirical
evidence on the impact of other intervention strategies in other contexts
(and record these findings using tools like SciModeler). There still is ample
room for exploring mHealth intervention strategies of personalization [182].
It seems that the potential of personalized mHealth apps within the field of
health promotion has not yet reached its full potential. Especially since
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information systems are eminently cost-e�ective tools to deliver
personalized interventions [288] and several review studies have argued
that personalized interventions are likely perceived as more engaging than
their non-tailored counterparts [81, 182, 269, 303]. However, personalization
strategies tend to be relatively straightforward at this point [182]. Future
research should aim at employing more advanced strategies of
personalization in mHealth programs, hopefully to discover strategies with
profound impact on engagement levels with mHealth apps.

Second, the relationship between several contextual factors and their
impact on user engagement remains unclear from this dissertation. For
example, throughout our studies, we have experienced that sample sizes
are di�cult to control because participants are hard to recruit
(i.e., especially when recruiting participants through a third party). Although
participant recruitment strategies were not formally studied in this
dissertation, we believe that it is essential to have the means to directly
address a target audience. Formal analyses of the impact of di�erent
recruitment strategies could help to find promising strategies for recruiting
participants from a given target population. For example, to learn what
message is especially powerful for recruiting participants from that
population or to learn what channel is preferred for distributing a
recruitment message (e.g., printed flyers, emails, social media
advertisements, or videos). Therefore, we suggest evaluating enrollment in
a study as a separate measure of engagement (e.g., the ratio between the
number of leads that consumed a recruitment message and the number of
subjects that created a user account on the target app) and to explicitly
document the strategies that were employed for recruiting study
participants such that these strategies can be replicated.

Third, it has remained challenging to obtain accurate measures of
engagement in health behavior (i.e., the conceptualization of active
engagement in this dissertation). Manual registration of health behaviors
may be inaccurate and is hard to sustain over longer periods of time.
Physical activity may be recorded automatically via wearable technology
(e.g., a Fitbit). Also, wearables can be employed to e�ciently record other
types of health-related data (e.g., see [354]). Moreover, a meta-analysis on
the impact of mHealth apps on physical activity levels concluded that
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interventions were significantly more e�ective when wearable devices were
used [281]. However, the introduction of wearables into a study setup could
mean that an intended target audience cannot be targeted entirely, as not
everybody may have access to—or may be willing to use—wearable
technology. This is still likely, as a 2019 survey among Dutch citizens (N =
2,809) found that only 13.3% of respondents used a wearable device [306].
Therefore, a study organizer may want to distribute wearables among
participants, although this may complicate the recruitment strategy
(i.e., participants have to somehow retrieve that wearable for the duration
of the study) and inflate study costs. Alternatively, to reduce study costs,
physical activity may be recorded automatically via a smartphone.
Nevertheless, it must be noted that automatic tracking of health-related
activities—either via a smartphone or wearable technology—will currently
only work for the automatic tracking of physical activity. To automatically
record behaviors of dietary intake, or mental activity, mainstream methods
or devices are not yet available. Hence, general directions for future
research include addressing these technological challenges. For example,
future studies should focus on developing artifacts that allow for reliable,
automatic tracking of physical activity levels using a smartphone (e.g., via
GPS, see [90]). Similarly, research should focus on developing tools for the
automatic tracking of dietary intake and other health behaviors (e.g., social
behavior or stress-related behaviors) using mainstream devices.

Finally, we have suggested scholars consolidate their empirical findings in a
central database system (like SciModeler). Future research should include a
critical review of the current capabilities of SciModeler. Especially, it should
be evaluated whether SciModeler is su�ciently capable of recording
contextual factors, and the toolbox should potentially be advanced
accordingly. Additionally, future research e�orts could focus on extending
the number of tools within the SciModeler toolbox, for example, by
introducing interfaces to intuitively query the system.

14.6 CONCLUSIONS
Over the past decades, mHealth apps were introduced as promising tools to
promote health behavior. However, to deliver this promise, we have to find
ways to stimulate both passive and active engagement levels with these
apps, as engagement levels typically collapse after a short period. This
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dissertation is among the first to evaluate the impact of singular
intervention strategies on user engagement with our mHealth app, and to
do so within a single mHealth platform. Furthermore, we are among the few
to explicitly target low SES individuals. Moreover, instead of proposing yet
another theoretical framework, we took a new approach to synthesize study
outcomes by developing SciModeler.

We found that mHealth apps can employ gamified intervention strategies
(i.e., reward mechanisms, social comparison, adaptive goal setting, and
personality tailoring) to foster app engagement and, potentially, health
behavior. Additionally, the impact of these strategies—as well as the impact
of mHealth apps in general—on engagement levels strongly depends on the
intervention context. Taking into account specific contextual variables in
randomized intervention trials can help to disentangle the impact of di�erent
intervention components on user engagement (i.e., including intervention
strategies, but also other contextual factors).

We encourage our readers to continue collecting empirical data on the
impact of singular intervention strategies on user engagement levels, while
adjusting their interventions to their specific intervention context.
Subsequently, we invite our readers to commit their empirical data to a
central database system, like SciModeler, such that we can start to
integrate multiple pieces of empirical evidence. In the end, only through
collaboration will we be able to fully disentangle the impact of the entire
spectrum of factors within an intervention context that influence user
engagement levels with mHealth apps.
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A
L I S T O F E X A M P L E H E A LT H B E H A V I O R S F O R
P O P U L AT I O N S O F S E D E N TA R Y O F F I C E W O R K E R S

Table A.1 displays a list of health behaviors that were promoted among
sedentary o�ce workers in the study that was presented in chapter 3. The
health behaviors are indicative of the activities that we have promoted in
other occupational settings (e.g., see chapter 4).

Suggested health behavior In waves
Cat.a Behavior, or activity Frequency Pointsb 1 2 3 4 5

PA Go for a quick walk (> 1500 steps) 7× per week 1 1 2 3 4 5

PA More than 6000 steps per day
(tracked via smartwatch)

7× per week 3 1 2 3 4 5

PA Go for a quick walk (> 10 minutes) 7× per week 2 1 . 3 . 5

PA Go for a quick bike ride (> 10
minutes)

7× per week 2 . 2 . 4 .

DI Eat a piece of fruit 7× per week 1 1 2 3 4 5

PA, DI Share your healthiest moment of
the week

1× per week 5 1 2 3 4 5

PA BONUS: Take a selfie at the park, or
in the forest

1× per week 3 1 . . . .

DI BONUS: Make a healthy sandwich 1× per week 3 . 2 . . .

PA BONUS: Go for a walk with a dog 1× per week 3 . . 3 . .

DI BONUS: Make a healthy salad 1× per week 3 . . . 4 .

PA BONUS: Do 15 sit-ups 1× per week 3 . . . . 5

a Category, where PA = physical activity, and DI is dietary intake. b In this study, the points were only
awarded to subjects that were assigned to the second study arm, or third study arm.

TABLEA.1: List of health behaviors that were promoted in chapter 3.





B
L I S T O F E X A M P L E H E A LT H B E H A V I O R S F O R
P O P U L AT I O N S O F LO W S E S ( P R E ) A D O L E S C E N T S

Table A.1 displays a list of health behaviors that were promoted among low
SES (pre)adolescents in the study that was presented in chapter 6. The
health behaviors are indicative for the activities that we have promoted in
other low SES populations (i.e., see chapter 7).

Suggested health behavior In waves
Cat.a Behavior, or activity Proof Points 1 2 3 4 5

PA Shoot a ball on the crossbar of a
goal

25 Video . . . 4 .

PA Walk 3 kilometers with a dog 25 Video . . . . 5

PA Complete a workout via YouTube 8 Video . . . . 5

PA Do 100 push-ups 5 Video . . 3 . .

PA Go up and down the stairs 10 times 5 Video 1 . . . .

PA Do some gardening 5 Video . . . 4 .

PA Do 30 lunges 4 Video . . . 4 .

PA Do a sports game that has you
moving

4 Video . 2 . . .

PA Do 30 squats 4 Video 1 . . 4 .

PA Jump rope for 1 minute 4 Video . . 3 . .

PA Do 10 burpees 4 Video 1 . . 5 .

PA Cover 2 kilometers in 10 minutes 4 Video . . . . 5

PA Run to the supermarket 4 Video . . 3 . .

PA Do an activity that makes you sweat 4 Video 1 2 3 4 5

PA Clean your room with a vacuum
cleaner

4 Video . . 3 . .

PA Empty the dishwasher 4 Video . . . . 5

PA Imitate this yoga pose: 4 Video . 2 . . .

PA Do 20 push-ups 3 Video 1 . . . 5



PA Do 40 crunches 3 Video . 2 . . .

PA Find an object weighing exactly 15
kilos and place it on a scale

3 Video . 2 . . .

PA Go for a bike ride 3 Video . 2 . . 5

DI Cook a meal with potatoes, meat &
vegetables

5 Photo 1 . . . .

DI Take a picture of a shopping cart
with ingredients for a healthy meal

5 Photo . 2 . . .

DI Take a picture of a healthy lunch 5 Photo . . 3 . .

DI Drink 1 liter of water throughout the
day

4 Photo . . . 4 .

DI Make a healthy smoothie 4 Photo . 2 . . .

DI Fry an egg 3 Photo 1 . . . .

DI Peel a hard-boiled egg 3 Photo . . . . 5

DI Bake a pancake 3 Photo . . 3 . .

DI Peel an apple peel of at least 20
centimeters

3 Photo . . . 4 .

DI Make an elephant from a tangerine 3 Photo 1 . . . .

DI Have a cup of tea 2 Photo . . 3 . .

FR Get to know yourself: complete a
personality test (i.e., using the mini-
IPIP scales [89]

25 Photo . . 3 . .

FR Wrestle arms with someone of at
least 40+

25 Photo . . 3 . 5

FR Watch a documentary on video
game addiction

6 Photo . . . 4 .

FR Perform an act of kindness in times
of the COVID-19 pandemic

5 Photo 1 . . . .

FR Play a game of chess 4 Photo 1 . . . .

FR Play a game of checkers 4 Photo . . 3 . .

FR Play a game of Ludo 4 Photo . . . 4 .

FR Play a game of Connect Four 4 Photo . . . . 5

FR Play a game of cards 4 Photo . 2 . . .

FR Skype with friends while doing a
healthy activity

4 Photo 1 2 3 4 5

FR Make a person laugh 3 Photo 1 . . . .

a Category, where PA = physical activity, DI = dietary intake, and FR = friends and relationships.
TABLEB.1: List of health behaviors that were promoted in chapter 6.
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