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SUMMARY

PURPOSE  Several studies have concluded that mobile health (mHealth)
apps can e Ledtively 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 [edtiveness 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 [edts on health behavior of mHealth apps have been
inconsistent because intervention contexts diled 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 [celworkers 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 [edent 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 [edtiveness of singular mHealth intervention
strategies, our results firstly show that reward mechanisms can e [edtively
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.



SAMENVATTING

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 interventiestrategieén. De algehele
e [edtiviteit van een mHealth-app hangt dus grotendeels af van de
interventiestrategieén die de app toepast.

Het is nog onbekend in hoeverre een specifieke interventiestrategie
bijdraagt aan de algehele e [edtiviteit van een mHealth-app. Dit proefschrift
presenteert een reeks empirische studies waarin de impact van vier
interventiestrategieén op de betrokkenheid van eindgebruikers wordt
geanalyseerd. De geselecteerde strategieén zijn: beloningsmechanismen,
sociaal vergelijken, het stellen van adaptieve doelen, en personalisatie op
basis van persoonlijkheidskenmerken. Om deze strategieén 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 interventiestrategieén wordt
beinvloed door contextuele factoren (bijvoorbeeld door de relaties tussen
eindgebruikers onderling). Contextuele informatie wordt doorgaans niet
gecodeerd in wetenschappelijke theorieén, waardoor uit bestaande
theorieén niet kan worden afgeleid welke interventiestrategieén de
betrokkenheid van eindgebruikers mogelijk positief kan beinvlioeden in een
bepaalde interventiecontext. In dit proefschrift wordt een methode
voorgesteld om de potentiéle impact van interventiestrategieén in een
bepaalde context in te schatten op basis van empirische data.



METHODEN Om de impact van individuele interventiestrategieén 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 interventiestrategieén. 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 interventiestrategieén, -context en theoretische constructen
die in een empirische studie worden geévalueerd, 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 interventiestrategieén veelbelovend zijn voor
een specifieke interventiecontext.



CONCLUSIES Dit proefschrift is een van de eerste die de impact
evalueert van verschillende individuele interventiestrategieén binnen één
mHealth-app en dat zich uitdrukkelijk richt op populaties met een lage SES.
We kunnen concluderen dat het gebruik van gamified
interventiestrategieén 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 interventiestrategieén 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
geintegreerd.






PREFACE

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.

| 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 [Cciant 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, | have tried to enthuse people to
live healthier lives (and feel energized) through a mobile health (mHealth)
app. Essentially, | have tried to influence people’s lifestyle choices and
behaviors—to energize people—through their smartphones. | 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 Cefently over time and received di [efently 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 [erient instruments sound
together. But with digital interventions, we do not know in what context a
specific intervention strategy may flourish, and how di [efent components
interact—yet. In mHealth research, we are still left exploring the sound of
individual instruments.

Through my research, | have tried to identify those sounds. In other words, |
have tried to disentangle the impact of individual intervention strategies
on user engagement levels with mHealth apps. After four years, | feel that |
have made some valuable contributions to this challenge. | 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, | also feel that | 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, | 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. | must emphasize
that this dissertation would not have been possible without the support of
many individuals. Particularly, | want to thank my daily supervisor Pieter
Van Gorp for hiring me and believing that | was the right person for the
job. You were preeminently the colleague with whom | 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 [ant was realistic.

Additionally, | 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. | 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 lsselsteijn for their pleasant and
constructive collaboration.

Finally, | would like to thank my parents. Thanks to your guidance and
support, both within and outside my professional life, | was able to study at
Eindhoven University of Technology. From experience, | now know that
pursuing a Ph.D. can be immersive. It can provide for an energizing
experience. However, | 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. | want to thank Margriet for being that
person. | hope you can be the energizing force of my research in the years
to come.

Raoul Nuijten
Moerdijk, January 2022
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INTRODUCTION

11 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 [edtively 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].



What is clear from this introduction is the need for interventions that
e [edtively 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 [edtively 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].



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 [edtiveness 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 [edtive 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 [edtiveness 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 [edtiveness of an
app, and (2) it enables studying how dilerent strategies interact
(e.g., whether the e [edt 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 [edtive. 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].



1.3 RESEARCH PROBLEM
1.31 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.



Micro engagement

Passive engagement Active engagement P
Visiting our app, or Registering health Engagement in acutal Improved health
opening an app page behavior in our app health behavior status, or reduced BMI

FIGURELL: 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 [efent
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 dilerfent



mechanism of influence. The intervention strategies that we chose and
their mechanisms for influencing behavior are displayed in figure 1.2.

Capability

Psychological capability | Physical capability

Target behavior

Motivation
Behaviors of passive
Reflective motivation Automatic motivation SEEEEIEIG B, WE T
our mHealth app)
Intervention strategy: Intervention strategy Behaviors of active enga-
Adaptive goal setting Personality tailoring gement (e.g., registering

activities in our app)

Opportunity

Physical environment Social environment
Intervention strategy: Intervention strategy:
Reward mechanisms Social comparison

FIGUREL.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 Lefent 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 [edtiveness [269, 303].



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 [edtive 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 [ant 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



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 Ccult to apply in
practice. Distinguishing between di [efent 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 [edtiveness within a specific context [195]. Hence,
while they include e [edtive strategies for promoting user engagement, they
may also contain ine[edtive, or even counter-e[edtive,
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 Ccult 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 [edtively 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 Cerent—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.



1.4 RESEARCH METHODOLOGY
1.41 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 [celworkers 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 [Ccelwork 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 Ccelworkers, 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



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



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.

Intervention context Knowledge base
The intent, the event, the strategy Theories of behavior change and gamification

interact

Artifact

Gamified mHealth platform advance

FIGUREL3: Overview of the research framework that was adopted in this
dissertation, adapted from [154] and [355].



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 Ccelwvorkers, 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 [celworkers 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 dilefent e [edts on engagement levels in
users with dilerfent personalities or preferences; strategies of social
comparison may be more e [edtive 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



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 [efent behaviors, for whom,
and under which contextual conditions these are most e [edtive [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



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 I, 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 [celworkers. Our results indicated that
monetary incentives e [edtively engage participants with an mHealth app.



Subsequently, in chapter 4 we explore the impact of di [efient 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 [edtively 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 Il 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 [cel
workers. Namely, we explore how the diversity of personal health goals and

privacy concerns in such a setting increase the di Cculty 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



o Ccelworkers. 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 [celworkers. 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.



THEORETICAL BACKGROUND

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.

21 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..



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 [L09], 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 Cefent 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 diledent 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 [Sdf 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 Ccult
behavior [109].



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.

211 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



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 [edtive 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



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 [edtive in predicting persistence on uninteresting,
e [ant-driven behaviors [117]. Intrinsic motivation will be more e [edtive
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 [edtively 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



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 [edtively 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[edt 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].



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[erdent
motivations continuously compete for precedence.

How diledent motivations struggle for precedence was e [edtively
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



are designed to run economically and e [antlessly 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 [antful. 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.

21.2 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 Ccady 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 [culkt 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 [[id 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 [cagdy) [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 Ccult but attainable tasks



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 [antlessly, 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 [ait, 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 [aft (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 [ciant 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



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 dilerent 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)



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 dilenfent
opportunities for promoting health behaviors [222]. Note that the reasons
why people are motivated by interpersonal and community factors have
been described in section 21.1. Nevertheless, the Ecological Model for
Health Promotion surely goes beyond such motivational factors by also
considering the e [edts 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 [ciant 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



most e [edtive way for our brains to avoid the negative aspects of the new
behavior [32]. Therefore, when changing behavior, it is oftentimes more
e [ciant 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 [erient 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 [edtively removing restraining forces. B.. 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 [edt, implies that there are specific moments
at which individuals are more open to changing their behavior [66]. This



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 [efent 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.

2.31 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



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[efences 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
alairls, using only means permitted by rules, where the rules prohibit more
e Lciant in favor of less e [cidnt 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



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 [edts [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.



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



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 Ccult 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 [efent [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].



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 Ledtively 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



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 [edtively 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 [edts, but the e [edts 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 [edts of gamification may not
be long term, but instead could be caused by a novelty e [edt [145]. Still,
removing gamification might have detrimental e [edts 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 Eledt [74, 99, 334]. Additionally, it was found from
systematic literature reviews that gamification could have a positive e [edt
on health behavior and engagement with an artifact such as an mHealth
app, but only when the applied game elements e [edtively 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 [ciant [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].



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 Il to V). Finally, in the last part of this
dissertation (part VI), outcomes from individual studies are synthesized and
integrated.
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EVALUATING FINANCIAL REWARDS WITH
SEDENTARY OFFICE WORKERS: MONETARY
INCENTIVES BOOST USER ENGAGEMENT

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.

31 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].



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 [edtiveness (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 [edtively 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 [cigntly 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 [edtiveness 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 [edt 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 [efent strategies to incentivize subjects
to perform these suggested activities. Participants in the control arm (SAl)
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.



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 El[edt 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 [edences on
engagement levels of participants that were assigned to SA3. We
hypothesized that personality trait di Lefences 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.



3.2 METHODS
3.21 Recruitment

Participants were recruited among sta Cmembers and students at a university
in the Netherlands during November 2020. The entire population comprised
roughly 3,000 sta Cmembers and 12,000 students, distributed over 9 di [efent
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 Lefent combinations of virtual and monetary
rewards and test our hypotheses, we have designed our intervention using
the GameBus mHealth platform [314] (e.g., see ). 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


https://www.gamebus.eu

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 (SAL), 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 SAL. 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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FIGURE3.1: Overview of the suggested activities in the first week to: (a) subjects in
SAl (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



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

Obijective 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.



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[edts of
crowding in participants in SA3: Participants that experience crowding
e [edts 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



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[efient 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 diledences 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 [edts 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 [efdences
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 [edts existed among these variables. Finally, a set of statistical



analyses was executed to evaluate the impact of personality trait
diCefences 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.
Ther