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Developing technology that effectively supports long-term be-
havior change is a challenge. This dissertation investigates
how we can motivate people to inherently change their physi-
cal activity behavior through theory-based and tailor-made in-
terventions in the form of motivational text messages.

The cover, designed by Koen Koopman, reflects the importance
of text messages for this dissertation, as motivational text mes-
sages form the basis of this illustration. The cover also re-
flects one of the more surprising findings of this dissertation.
Motivational messages designed by experts (back cover), we
find, are perceived as more motivating by people in the ear-
lier stages of physical activity behavior change, while motiva-
tional messages designed by peers (front cover) are perceived
as more motivating by people in the later stages of physical
activity behavior change. The five stages of change are repre-
sented on the bottom of the cover through doodles designed
by Cristina Zaga. The doodles are inspired by the animated
series La Linea from the Italian cartoonist Osvaldo Cavandoli.





Summary

Changing behavior is an intricate and difficult process, which requires people to make
a conscious decision to change, and stick with it for a long period of time. To really
be able to change we need awareness and motivation. Luckily, most people now own
technology that can be used for communication, and therefore also for support and
motivation, if we can harness the technology to our advantage. Using technologies
to motivate people to change their behaviors is increasingly explored. However, de-
veloping motivational technology that effectively supports long-term behavior change
is a challenge. Solutions offered in the field are: (1) basing motivational strategies
on existing behavior change theory and (2) tailoring the strategies to characteristics
of the user. But how can we operationalize these theory-based strategies so that we
can use them in motivational technology? And what characteristics should one tailor
these strategies to?
In this dissertation, we investigate how we can motivate people to inherently change
their physical activity behavior through theory-based and tailored interventions in
the form of motivational text messages. This involves exploring, evaluating, and doc-
umenting ways in which we can operationalize theory-based strategies, researching
and evaluating characteristics of the user that can be used to tailor these theory-based
strategies to, and finally, testing and comparing the theory-based strategies in a field
study.





Samenvatting

Je gedrag of gewoontes veranderen is een ingewikkeld en moeilijk proces, dat vraagt
om een bewuste keuze van mensen om hun gedrag aan te passen en zich daar lang-
durig aan te houden. Om gedrag echt te kunnen veranderen hebben we bewustword-
ing en motivatie nodig. Gelukkig zijn de meeste mensen tegenwoordig eigenaar van
een stukje technologie dat kan gebruikt worden voor communicatie en daarmee ook
voor ondersteuning en motivatie, mits we die technologie in ons voordeel inzetten. Er
wordt meer en meer gekeken naar hoe technologie kan worden ingezet om mensen te
motiveren voor het veranderen van hun gedrag. Technologie ontwikkelen die onder-
steuning biedt voor lange termijn gedragsverandering is een uitdaging. Oplossingen
vanuit het onderzoeksveld zijn: (1) strategieën voor gedragsverandering baseren op
theorie over gedragsverandering en (2) strategieën aanpassen op karakteristieken van
de gebruiker. Maar hoe kunnen we deze op theorie gebaseerde strategieën zo oper-
ationaliseren dat we ze kunnen inzetten in motivationele technologie? En op welke
karakteristieken van de gebruikers moeten we de strategieën aanpassen?
In deze dissertatie onderzoeken we hoe we met het inzetten van op theorie gebaseerde
en aangepaste interventies in de vorm van motivationele tekstberichten mensen kun-
nen motiveren om hun beweeggedrag langdurig te veranderen. Dit houdt in: het
verkennen, evalueren, en vastleggen van manieren waarop we op theorie gebaseerde
strategieën kunnen operationaliseren, als ook het onderzoeken en evalueren van
karakteristieken van de gebruiker die gebruikt kunnen worden voor het aanpassen
van de strategieën, en tot slot, het testen en vergelijken van de op theorie gebaseerde
strategieën in een veldonderzoek.
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1 | Introduction

This dissertation investigates how people can be motivated to inherently change their
physical activity behavior through theory-based and tailored interventions in the form
of motivational text messages delivered by technology. Section 1.1 explains what
reasoning has lead to choosing theory-based and tailored interventions to motivate
people to change their physical activity behavior. Section 1.2 presents the research
questions that are addressed. Section 1.3 explains the approach taken to answer these
research questions. Lastly, section 1.4 provides an outline for the following chapters.

1.1 The difficulty in changing people’s behavior

Changing habits or behaviors is hard. Whether it is quitting smoking, changing your
diet, or exercising more, changing a deep-seated behavior does not happen over night.
Behavior change is a long, difficult road, paved with challenges. To really speak of
‘changed behavior’, you need to have been doing the new behavior (e.g., not smoking,
maintaining a new diet or regular exercise) for at least six months [Prochaska and
Velicer, 1997]. Even when there is the intention to change, lasting change is highly
unlikely. For example, it is estimated that only 8% [Renfree et al., 2016] of the
people that make a New Year’s resolution to change their behavior actually follow
through. But why is it important that we change certain behaviors? Because changing
a behavior, like starting to exercise regularly, can have substantial health, but also
medical and societal benefits [Blair et al., 1995; Blair and Brodney, 1999; Warburton
et al., 2006].

People’s physical activity needs are still determined by the genetic makeup of peo-
ple from the end of the Paleolithic era (roughly 10.000 years ago), whose activities
revolved mainly around the hunting and gathering of food. Translated to contempo-
rary activities, this hunting and gathering would amount to about three to four hours
of moderate to vigorous exercise (e.g., brisk walking) a day [Fiuza-Luces et al., 2013].
However, people’s occupational lifestyle — as a result of several revolutions (agricul-
tural, industrial, digital) — has become ever more sedentary, and many people cannot
reach the currently recommended amount of two and a half hours of physical activ-
ity a week in their leisure time. This lack of physical activity leads to an increased
chance for numerous adverse health effects. According to the World Health Organi-
zation, as described in their Global Recommendations on Physical Activity for Health:
“physical inactivity is now identified as the fourth leading risk factor for global mor-
tality” [WHO, 2010, p. 7]. Moreover, “It has been shown that participation in regular
physical activity reduces the risk of coronary heart disease and stroke, diabetes, hy-
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pertension, colon cancer, breast cancer and depression. Additionally, physical activity
is a key determinant of energy expenditure, and thus is fundamental to energy bal-
ance and weight control ...” [WHO, 2010, p. 10]. To add, the ACSM’s Guidelines for
Exercise Testing and Prescription (9th edition) state that: “Evidence to support the
inverse relationship between physical activity and premature mortality, CVD/CAD,
hypertension, stroke, osteoporosis, Type 2 diabetes mellitus, metabolic syndrome,
obesity, colon cancer, breast cancer, depression, functional health, falls, and cogni-
tive function continues to accumulate ...” [Pescatello and American College of Sports
Medicine, 2014, p. 9]. From these descriptions, it is clear that regular exercise for the
general population would be beneficial in reducing or preventing a legion of diseases
and health conditions. It is safe to say that motivating people to change their physical
activity behavior and keeping people physically active would be beneficial to our gen-
eral health. So how can people be motivated to change or maintain their behavior, in
particular their physical activity behavior?

Changing behavior is an intricate and difficult process, which requires people to
make a conscious decision to change and stick with it for a long period of time. Some
people stuck in a behavior that might need changing (e.g., smoking or sedentary be-
havior) are stuck because they are unwilling to change, others may be stuck because
they are uninformed about the consequences of their behavior. Others still, may have
tried to change a number of times and have become demoralized about their abil-
ity to change [Prochaska and Velicer, 1997]. To really be able to change we need
awareness and motivation. However, not everybody has the motivation or the belief
that they can change. As a result, people often look for some form of support or
motivation elsewhere. Luckily, most people now own technology that can be used
for communication, and therefore also for support and motivation, if we can harness
the technology to our advantage. Using technologies to motivate people to change
their behaviors is increasingly explored, as is shown by a steady increase in behavior
change related research from 2003 to 2012 [Hekler et al., 2013].

On many occasions when looking for a way to support or motivate change, people
end up choosing the way that makes the behavior easiest to do [Fogg, 2009]. Many
applications on the smartphone nowadays promise you just that: an easy or fun way
to change your behavior. These apps often resort to gamification-like approaches
to behavioral change that leverage external factors and people’s extrinsic motivation
(i.e., doing something because of external causes or sources, like receiving money
or punishment), such as the use of praise, attention, rewards, levels, leaderboards,
achievements, and external incentives [Lister et al., 2014]. Instead of tackling inner,
individual motivational triggers or intrinsic motivation (i.e., doing something because
it is enjoyable, interesting, or you are naturally driven to do it), people lean towards
apps that use external or extrinsic motivations. Mobile applications like FitBit1, for
example, make extensive use of extrinsic rewarding strategies. Every time we hit a
set number of steps, Fitbit sends a cute achievement badge to praise the success of
the user. The fitness guru Kayla Itsines2, developed a guide app — which generated
more revenue than any other fitness app in 2016 — that mostly focuses on women

1https://www.fitbit.com/nl/home
2https://en.wikipedia.org/wiki/Kayla_Itsines
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losing weight through extrinsic motivation by leveraging social media attention (i.e.,
Instagram posts) and community praises to support the journey to a ‘bikini body’. The
mobile application sensation Pokémon GO3, caught the attention of many people and
makes extensive use of gamification to invite users to go outside and move through
the city. Pokémon GO makes its users more active. Unfortunately, just for as long as
the game is interesting.

Although the long-term effects of Pokémon GO are not yet completely clear, physi-
cal activity interventions that use elements from games generally have poor long-term
adherence [LeBlanc and Chaput, 2017]. Moreover, it is clear that the increase in phys-
ical activity for players of Pokémon GO does not extend to physical activity behavior
in general [Gabbiadini et al., 2018]. In other words, players of Pokémon GO are only
engaging in physical activity because it is a requirement of the game, and as such
this physical activity will not continue when the players quit the game (for whatever
reason). What all these applications and resources (like FitBit, the Bikini Body Guide,
and Pokémon GO) have in common is that, to large extent, they are focused on using
elements from games, external rewards, or extrinsic motivation, and are therefore
usually only effective for a short while, or only as long as the application is used.
Moreover, offering rewards while there is intrinsic motivation, can actually lead to a
decrease in intrinsic motivation [Gneezy et al., 2011], provoking an overjustification
effect [Biddle and Mutrie, 2007] where the intrinsic motivation is ‘crowded out’. This
leads to a decrease in performing the (previously intrinsically motivated) behavior
after the behavior is extrinsically rewarded and the reward is subsequently discontin-
ued. In general, providing extrinsic motivation or incentives, especially for behaviors
that should be changed for a longer period of time, should be done with care because
they can easily backfire [Gneezy et al., 2011].

In the psychology literature at large and in the behavior change literature in par-
ticular, there are a number of concepts that are related to ‘motivation’, some of which
we have already come across, such as extrinsic and intrinsic motivation. The interven-
tions that we present in this dissertation have the goal to change people’s attitude and
intention towards their behavior long term, convince people that engaging in physical
activity is worthwhile for themselves, and instill the feeling that they are able to do
it. This is captured in the concept of self-efficacy (however, other concepts could also
fit, such as perceived behavioral control and (internal) locus of control, the subtle dif-
ferences between these concepts are beyond this dissertation, but see [Ajzen, 2002]
for a treatise on when, and when not, these concepts might be considered the same).
The concept of self-efficacy is the basis of many behavior change theories and models
and is considered a precursor to actual behavior change. Inspired by Prochaska and
Velicer [1997], the definition that we use for self-efficacy is this: Self-efficacy is the
confidence people have that they can do, or not do, the behavior that they want to
change, regardless of the circumstances. So when we state that we want to ‘motivate
people’ in this dissertation, we are referring to motivating people where we hope that
this leads to higher self-efficacy, and in turn this higher self-efficacy leads to regularly
engaging in physical activity long term. So how can we motivate people to change or
maintain their physical activity?

3https://www.pokemongo.com/
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To truly help people change their behavior, we believe that efforts should be fo-
cused on changing the behavior intrinsically and for a longer period of time, not as
a side effect of using an application, but as a result of internalizing the behavior by
focusing on changing people’s attitudes towards and perceptions of a behavior. To
avoid the pitfalls of using external factors or extrinsic motivation erroneously (such
as the overjustification effect) and because we believe that efforts should be focused
on changing the attitudes towards a behavior for a longer period of time, we turn
towards theories on how people change their behavior. Behavior change theories are
attempts to understand, describe, and explain the concept of change, and how peo-
ple change behavior, whether it is learning (e.g., incorporating structured physical
activity into weekly routine) or unlearning (e.g., quitting smoking) a behavior. As de-
fined by Michie et al. [2017, p. 502]: “Theories of behaviour change [...] summarise
what is known about constructs in the process of change, attempt to explain and pre-
dict when, why and how behaviour (change) occurs or does not occur, in addition to
proposing both mechanisms of action and moderators of change along various causal
pathways.” There are many theories on changing and influencing behavior. These
range from more practical theories, such as Persuasive Design [Fogg, 2003] (influ-
encing people’s behavior through the design of technology) to less practical theories,
such as the Social Ecological Model [Stokols, 1996] (explaining behavior through
the social, institutional, and cultural contexts of people’s relations with their environ-
ment). Some have their roots in therapy, such as Motivational Interviewing [Miller
and Rollnick, 2002] (a method to stimulate intrinsic motivation and change through
the conscious and disciplined use of specific communication principles and strate-
gies) or in work-psychology, such as the Goal-Setting Theory [Locke and Latham,
2002] (a theory on change involving setting effective goals). The use of theory or
models, has been advocated in designing strategies or interventions to change be-
havior (e.g., Michie et al. [2008]; Cole-Lewis and Kershaw [2010]) because theory
and models can guide the evaluation of interventions, ground the design of strate-
gies, and offer explanations when the results show that interventions work or do not
work. Hence, a theoretical foundation will help in understanding and targeting de-
terminants of behavior.

Therefore, we aim to develop behavior change theory-based interventions (which
we will refer to as theory-based interventions in this dissertation). However, just ap-
plying or using behavior change theory or theory-based interventions will not work
on everybody the same way. As explained by Hekler et al. [2013, p. 7]: “Most be-
havioral theories traditionally explain, at best, only 20-30% of the total variance in a
given health behavior, particularly when the behavior is tested in an intervention [...]
In other words, approximately 75% of the variance is not accounted for by behavioral
theory and thus can be attributed to unmeasured and unknown factors.” A successful
approach that is used to increase the effectiveness of behavior change strategies, is
to tailor the strategies to characteristics of the user [Noar et al., 2007]. Therefore,
we also aim to tailor the theory-based interventions to relevant user characteristics.
Tailoring involves optimizing the impact of the message, or in other words: “How
can we create and deliver messages to the public that are relevant, interesting, infor-
mative, and ultimately have the greatest chance of being persuasive?” [Noar et al.,
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2007, p. 674]. Optimizing the impact of the message means that we have to go
beyond a one-size-fits-all message. Tailoring as a term has been used for different
forms of ‘going beyond a one-size-fits-all message’, such as personalization or tar-
geted communication. Some define tailoring to be on the personalized but generic
level (for example, as a motivational message not just “You are doing great!”, but
“Roelof, you are doing great!”). Kreuter et al. [2000] define tailoring as “any combi-
nation of strategies and information intended to reach one specific person, based on
characteristics that are unique to that person, related to the outcome of interest, and
derived from an individual assessment”. Following this definition would mean that
the tailored communication has to be unique on the individual level (every person
receives unique messages). Inspired by the definition that Noar et al. [2007] use for
targeted communication, the definition that we use for tailoring is this: Adjusting to
some specific characteristic of interest, such as personality traits, gender or stage of
change, which is expected to increase the effectiveness (however defined) of the strat-
egy (for example, if you would know Roelof is still in the stage of change where he
is inactive, it might not make sense to say “You are doing great!”). However, in what
form should the strategies or interventions be communicated through technology?
And, how do we design the content for the strategies or interventions in this form?
Or in other words, how do we operationalize the strategies? Using tailored text-based
messages (which we will refer to as text messages in this dissertation) in combination
with a behavior change theory or model can be effective to enhance motivation to
attend to and process health information [Rimer and Kreuter, 2006], and to influence
someone’s physical activity behavior [Mutsuddi and Connelly, 2012]. Unfortunately,
studies describing the development of such technology do not yet explain in detail
how the researchers designed the motivational messages used [Latimer et al., 2010].
Moreover, there is little guidance on how to apply theory to the design of intervention
strategies [Michie et al., 2008]. There are no best practices available to construct
these messages.

We investigate how we can motivate people to inherently change their physical
activity behavior through theory-based and tailored interventions in the form of mo-
tivational text messages. This involves exploring, evaluating, and documenting ways
in which we can operationalize theory-based strategies as motivational text messages,
researching and evaluating characteristics of the user that can be used to tailor these
theory-based strategies to, and finally, testing and comparing the theory-based inter-
ventions in a 3-month field study.

1.2 Research questions

The research presented in this dissertation aims to investigate how to truly help peo-
ple in changing their behavior through technology. To truly help people change be-
havior, we believe that efforts should not only be focused on external factors that can
influence people, but efforts should also be focused on changing people’s attitudes to-
wards and perceptions of a behavior over a longer period of time, and this in turn will
lead to lasting inherent behavior change. The main overarching research question for
this dissertation is therefore:
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How can people be motivated to inherently change their physical activity be-
havior using technology?

Behavior change theories focus on explaining how people change and typically in-
corporate strategies that are intended to increase people’s motivation or change peo-
ple’s attitudes towards a behavior over a longer period of time. We expect that efforts
to motivate people to change that are built on theories of behavior change can lead to
lasting change. Literature discussed in Chapters 2 and 3 shows that to motivate peo-
ple to change their physical activity behavior using technology, using theory-based be-
havior change strategies can indeed be effective, because theory-based strategies are
well-founded and focus on intrinsic change over a longer period of time. However,
using technology to deliver these strategies or interventions poses a major challenge:
how to translate theory-based motivational strategies into real-world interventions
that can be delivered by technology. For instance, a specific modality for these strate-
gies has to be decided (e.g., voice, text, vibrations, colors), and the strategies need to
be designed in this modality. The first research question is therefore:

RQ1: How can theory-based strategies be translated into a real-world technology-
based intervention?

Traditionally, theoretically-grounded behavior change strategies are designed by
experts. However, the content (e.g. the text or voice messages) for these strategies
is not readily available and unfortunately, as pointed out by Latimer et al. [2010],
studies describing the development of technology using theory-based strategies do
not yet explain in detail on what basis or through which method the researchers de-
signed the motivational messages used. Another option is to have peers design the
interventions. Peer-designed interventions can be more engaging and more relevant
to the user than expert-designed interventions, as is shown by Coley et al. [2013]. We
investigate whether the content for theory-based strategies can be created by peers
by asking the ‘crowd’ (known as crowdsourcing: employing a large number of peo-
ple to contribute to a specific task) to design motivational text messages that can be
matched to the theory-based behavior change strategies. By using the crowd, a wide
selection of messages is readily available that can serve as effective theory-based be-
havior change interventions. However, theory-based interventions will not influence
everybody the same way. A successful approach that can used to optimize the im-
pact of the interventions is to tailor the interventions to certain characteristics of the
user [Noar et al., 2007]. Tailoring is the focus of the second research question:

RQ2: How does tailoring the intervention to individual differences influence people’s
motivation for physical activity?

Literature discussed in Chapters 2 and 3 shows that to increase the impact of
interventions, tailoring interventions to individual differences can be an effective ap-
proach. To optimize the effectiveness of the intervention messages that represent the
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theory-based behavior change strategies, we investigate whether there are individual
differences in how people evaluate the messages. These differences form the basis for
tailoring, adjusting which strategies to use based on the stage of change, personal-
ity or gender of the person, hopefully increasing the impact of the strategy. Another
factor that may play a role in optimizing the impact of the theory-based strategies as
real-world technology-based interventions, is the person who designs the interven-
tion. As mentioned earlier, theory-based behavior change strategies are traditionally
designed by experts of the specific context. Peer-designed messages were initially
collected because they can be more relevant to the user, however, are these peer-
designed messages as motivating as expert-designed messages could be? That is what
the third research question is about:

RQ3: To what extent does the expertise of the designer of the intervention’s motiva-
tional content influence how motivating the intervention is perceived?

It is reasonable to assume that experts have more expertise on how people change
behavior. However, to what extent does this expertise matter in how motivating the
content of the intervention messages is perceived? This research question, together
with the other research questions aim to contribute to the answer on how people can
be motivated to inherently change their physical activity behavior using technology.

1.3 Approach

This dissertation focuses on the design and evaluation of theory-based and tailored
strategies in the form of motivational text messages. In the literature review chap-
ters, we argue for the use of theory-based and tailored strategies to motivate people
to change their physical activity behavior. In the design part, ways in which theory-
based strategies can be translated to interventions in the form of motivational text
messages are explored. In the evaluation part, ways in which the intervention can
be tailored to individual differences in order to increase the effectiveness of the in-
tervention are explored. Furthermore, we also evaluate how the motivational text
messages can be delivered by technology in an in-the-wild experiment where partic-
ipants receive motivational text messages on their smartphone. Overall, because of
the interdisciplinary nature of the work, methods from social sciences as well as
computer science are used throughout this dissertation. In the approach of this dis-
sertation, one aspect in particular stands out: the use of crowdsourcing in the design
and operationalization of theory-based interventions.

To date, the content of interventions based on theory has hardly been discussed or
evaluated extensively. However, this begs the question whether the content is really
representative of the theory-based strategy it is supposed to represent. Furthermore,
the inexplicitness of the method and the content used to shape the theory-based in-
terventions complicates efforts to reproduce the interventions or the results. As a
side-effect, there is also no certified way to translate theory-based strategies to prac-
tical interventions. We use the method of crowdsourcing in an innovative way: to
translate theory-based strategies to real-world interventions. Crowdsourcing involves
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using a large number of people (i.e., a crowd) to help do a specific task. Usually, this
involves a small task that is reasonably simple for a human, but harder for a computer
(e.g., identifying if there is a car in the picture shown) or a task that is simple to do for
a large group of people, but hard for one person (e.g., 500 people thinking of a few
motivational text messages each compared to one person thinking of a few thousand
motivational text messages). Specifically, we use crowdsourcing for something called
macrotasking [Cheng et al., 2015], which refers to a slightly more complex, creative
and time-intensive task that is done by the crowd. In other words, it is a qualitative
task, done in a quantitative way. In our case, this is the design of motivational text
messages for specific scenarios.

1.4 Outline

Chapter 1 introduces the context of this dissertation and presents the research ques-
tions. Chapter 2, presents more context with an overview of technology designed to
motivate people to engage in physical activity and a reflection on how this informs the
research of this dissertation. Chapter 3 provides a short overview of research describ-
ing the factors and differences that influence how people change their physical activity
behavior, presents research that harnesses these differences to more effectively moti-
vate people in changing their behavior, and discusses theoretical background on how
people change physical activity behavior. Chapter 4, presents the first study, which
is set up to see if we can use crowdsourcing to operationalize theory-based behavior
change strategies (RQ1). Moreover, we present the analysis of the designed messages
through coding. In Chapter 5, we present the second study, which is carried out
to find out how people evaluate the theory-based strategies based on their stage of
change, personality and gender (RQ2). Chapter 6, presents the third study, set up to
have experts operationalize theory-based behavior change strategies and the fourth
study set up to find out how people evaluate these strategies so that we can com-
pare the previously peer-designed messages to these new expert-designed messages
(RQ3), also on a linguistic dimension. Chapter 7, presents the fifth and final study,
set up with two conditions, and carried out to see if an intervention sending peo-
ple messages from the strategies matching their stage of change proves to be more
effective than an intervention sending random messages from the strategies (main
overarching research question). We discuss the implications of the studies and reflect
on the results in Chapter 8, and we end with concluding remarks and our perspective
on future work in Chapter 9.
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physical activity

Although the goal of this dissertation is to motivate people to inherently change their
physical activity behavior, this chapter first considers a bigger picture and provides a
review of technology that is designed to motivate people to do more physical activity,
without this necessarily leading to behavior change. Technology that is designed to mo-
tivate people to do more physical activity can be approached from different perspectives.
In this review we address literature from several perspectives, but this is by no means
an exhaustive list. Based on this review two approaches emerge that are worthwhile
pursuing to effectively motivate people to change their behavior: using theory-based
interventions, and tailoring those interventions to relevant user characteristics. These
two approaches will be discussed in Chapter 3.

Although there are many ways to stimulate and promote physical activity through
the use of technology, in this dissertation the focus is mainly on discerning the ways
in which motivating people through technology could lead to lasting physical activity
behavior change. Or in other words, how can we motivate people in a way that they
might eventually change their behavior to incorporate physical activity using tech-
nology? As a first step in answering this question, we look at the bigger picture and
review literature that is focused on motivating people to do more physical activity us-
ing technology. In this review we describe the different forms that technology can be
presented in, like using applied interfaces, standalone devices or mobile applications,
with or without additional sensors, but mostly which motivational techniques were
used to encourage physical activity.

The goal of this review chapter is to provide an idea of what applications are out
there, how technology has been used to motivate people to do more physical activity,
and what motivational strategies can used. From this we determine what motivational
strategies are worthwhile to pursue in changing behavior long-term, which is the goal
of this dissertation.

As of late, there have been more and more reviews published on using technology
for the promotion of well-being of the public (e.g., on managing obesity [Hermawati
and Lawson, 2014] or on general health interventions for mobile phones [Klasnja and
Pratt, 2012]), but to our knowledge, none of these have focused solely on promoting
physical activity.
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2.1 Overview of technology promoting physical activity in HCI

As mentioned, there are many different fields in which researchers are working on
the promotion of physical activity, and we will discuss the technologies and applica-
tions under the umbrella of specific fields. In many cases, this does not mean that this
technology or application fits exclusively in the chosen category; a technology or an
application can use strategies or ideas from multiple fields. Moreover, the research
carried out in these fields has overlap to some degree in that they all try to influ-
ence or motivate a behavior, in this case physical activity behavior. The difference
is in how influencing or motivating a behavior is approached. For example, exertion
interfaces require physical activity to use a technology, ubiquitous technology influ-
ences people’s physical activity behavior by using the ubiquity of technology to track
and motivate people, gamification technology implements elements from games to
improve the engagement with technology that in turn might require or promote phys-
ical activity behavior, persuasive technology focuses on influencing people’s attitudes
or behaviors through persuasive design or persuasive strategies, and behavior change
technology focuses on changing people’s behavior by using theory-based behavior
change strategies delivered by technology.

2.1.1 Exertion interfaces

An interesting development for technology driven encouragement of physical activity
are exertion interfaces. These interfaces are physically demanding and deliberately
require physical effort. Although encouraging healthy living is not necessarily a goal
for exertion interface research, the result of using a exertion interface is essentially the
same (more physical activity). Exertion interfaces are a relatively new development
for HCI and therefore have not received that much attention, but exertion combined
with games (exergaming) is already well underway (e.g. Wii Sports on the Nintendo
Wii).

An important line of research from this perspective is carried out by Mueller and
others [Mueller et al., 2003, 2007; O’Brien and Mueller, 2007; Mueller et al., 2008,
2009, 2010; Graether and Mueller, 2012] in which they promote the design of in-
teractive physical games and sports (see [Mueller et al., 2008] for an explanation on
the classification of these new games). Mueller et al. [2003] discusses Break Out,
a traditional interface focused on physical effort at both ends, modeling sport-like
functionality. The exertion interface, where players had to shoot balls at a screen in a
penalty-like situation, encouraged social bonding; users played better, had more fun
and became better friends compared to the traditional interface counterpart. Mueller
et al. [2009] experimented with a similar exertion interface game called Table Tennis
for Three (see Figure 2.1), where three people can remotely play a gamified version of
table tennis against each other. They found that the physical version facilitated more
social play than their button-pressing version, which is suggested to be an important
factor in the successfulness of games.

In [Mueller et al., 2007; O’Brien and Mueller, 2007] the researchers found through
a small survey amongst joggers that more than half of their respondents run in groups.
The main reasons to run together were: socializing, motivation to run faster, more
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Figure 2.1: The Table Tennis for Three interface. The table is set upright and divided in two, with
a opponent on each half.

fun and encouragement to show up. Based on this, the researchers tested an exer-
tion interface (audio system) to connect remote joggers, with positive preliminary
results. Mueller et al. [2010] continued this ‘Jogging over a Distance’ (see Figure 2.2)
research, where they connect the spatial audio to the preferred heart rate of both jog-
gers. This way, joggers of different capabilities can run together on the same ‘effort’
and still enjoy all the benefits of social running. In [Graether and Mueller, 2012] they
also experimented with a flying robot as a companion during running (see Figure
2.2), creating some interesting possibilities as a personal trainer.

Figure 2.2: On the left, someone running with gear in both Melbourne, Australia and London, UK.
On the right, the joggobot in action.

Although not necessarily the goal of exertion interfaces, when used, the result
is always more physical activity by the users. Exertion interfaces are not necessar-
ily designed to leverage any kind of influential strategy. Nevertheless, well designed
interfaces do offer the possibility for the user to experience more immersion (e.g., so-
cially or through fun) than its interface-less counterpart. It is this ‘richer’ experience
that keeps users more engaged or motivated to keep going. Exertion interfaces also
target the activity directly and not the technology that could possibly assist it (like
an application on a smartphone). It seems that applying interfaces to these physical
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activities enhances the connectedness and social play experienced by the users. How-
ever, the focus of exertion interfaces mostly seems to be on supporting or enriching
exercise behaviors that people already have by making it easier to maintain these
behaviors, not on people actually changing their behavior inherently or long-term.

2.1.2 Ubiquitous technology

Ubiquitous computing (“computing” anytime and everywhere) and encouraging phys-
ical activity are in a sense an ideal (futuristic) match, because ubiquitous technology
would facilitate encouragement to be at the moment it is needed the most (for exam-
ple, when someone is feeling lazy on the couch). Although the focus of ubiquitous
computing is not always on the health benefits of physical activity, the increasing
pervasiveness and subsequent ubiquity of technology, like mobile phones but also
wireless networks and sensors, is ideal for personalized and context-aware support of
physical activity.

Gil-Castiñeira et al. [2011] describe the social sports application RunWithUs (see
Figure 2.3), a tool integrated into the Finnish “Ubiquitous Oulu” city. The tool consists
of three components: a component to keep track of statistics about workouts, a social
network and a marketing component. Strategies that are used to influence people to
do more physical activity include personal awareness, social comparison, competition
and cooperation, all readily available in the ubiquitous environment of Oulu city.

Figure 2.3: The environment of the ubiquitous Oulu city.

Feeding Yoshi by Bell et al. [2006] is a mobile multiplayer location-based team
game where secured or open wireless networks (around a city) were used as pick up
or drop off points in the game (see Figure 2.4). Although not discussed in their paper
it is clear that many aspects of the game would be considered motivating, engaging
or even addictive. As a short-term result of playing this game people increased their
physical activity a lot (by walking around the city). In many aspects, this location-
based game could be considered a precursor to Pokémon GO, players had to walk
around the city, collect fruit, and possibly interact with other players through trading.

In iDetective from Kimura et al. [2011], users play a location-based game through
the use of a mobile phone, GPS, compass and camera, and are challenged to find
real life locations (see Figure 2.5). The system uses social comparison as motiva-
tional (persuasive) strategy and apply a strategy, namely goal-setting from a behavior
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Figure 2.4: On the left: Nearby pick up points for fruit and people. Next: Interaction screen with
another player. On the right: Fruit gamble screen.

change theory (i.e., Goal-Setting Theory [Locke and Latham, 2002]), to encourage
people to set goals they want to achieve. In addition, the system uses a construct from
another behavior change theory, the Transtheoretical Model’s (TTM) [Prochaska and
DiClemente, 1983] stages of change, for feedback decisions. The stages of change
classify people in different stages of their behavior change (see also Table 3.1), mak-
ing it possible to adapt feedback based on the stage of the user.

Figure 2.5: On the left: search mode. Next: Status screen. Next to that: The virtual agent
feedback. On the right: The mission list.

The advancement of ubiquitous computing can, ideally, work very well to encour-
age physical activity. Any of the other perspectives can potentially benefit from the
ubiquity of technology. Moreover, the ubiquity of technology makes it easier for users
to be social, but also to be tracked, and be supported or motivated. However, the
ubiquity of technology in and of itself does not seem enough to successfully support
people in changing their behavior over a longer period of time, and additional strate-
gies are usually applied.

2.1.3 Gamification technology

The previously discussed line of research by Mueller and others (section 2.1.1) fo-
cuses on facilitating (intense) physical activity through exertion interfaces. They do
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this through introducing interfaces to regular physical activities making them more
interactive and location independent, such as their penalty shooting, table tennis and
running with or against each other in geographically different locations. There is also
the possibility to turn this around and introduce physical activities to already exist-
ing ‘interfaces’, such as introducing physical activity to an adapted real-time version
of chess by Stanley et al. [2008]. The chess game increased physical activity levels
and the users found it engaging and fun. Or one can design both a new activity and
game, as presented by Berkovsky et al. [2010]. They present the game design of PLAY,
MATE! and the public application of this game design called Neverball, a serious game
to increase physical activity through leveraging a user’s game motivation. Neverball
is a time and goal-based navigation game, in which players collect sufficient coins in
a limited period of time. In short, measured physical activity is converted to game
time to motivate users to jump or step on the spot. Among other things, tailored goal
setting and personalized rewards were used.

Fujiki et al. [2008] discuss the NEAT-o-Games (see Figure 2.6) where players’
physical activity was logged, used, and reflected in a virtual race game based on
four design principles: simple, informative, discreet and motivating. Winners were
declared daily and collected more activity points. Feedback was given on a PDA were
an avatar reflected satisfaction with the activity performed.

Figure 2.6: The four design principles in action: simple, informative, discreet and motivating

Campbell et al. [2008] analyzed game design principles and applied them to
an everyday fitness game (see Figure 2.7). From prior work and literature, a set of
game design principles were distilled which, they argue, should be carefully designed
for to develop effective gamification technology: core game mechanic (the set of
essential interactions a player repeats during play, usually easy to learn, difficult to
master), representation (aesthetics and narrative), micro goals (to advance through
the game, also macro goals), marginal challenge (no unachievable challenges, no easy
challenges), free play (incorporate choices during play, mimicking a certain freedom
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of play), social play (incorporate in game design), and fair play (fairness of rules and
equal opportunity to win).

Figure 2.7: On the left: the game environment of Kukini. On the right: social functions in Kukini

The research described all garnered positive preliminary feedback, and it seems
that games and gamification principles can have the potential to motivate and some-
times even change behaviors. Moreover, gamification is an interesting principle to
combine with a ‘positive’ behavior like structured physical activity, but when applied,
it can be hard to untangle whether this ‘positive’ behavior actually gets ingrained or
if it is just the game or game mechanics that are ‘addictive’ enough to leverage this
positive behavior.

2.1.4 Persuasive technology

Persuasive technology is focused on influencing attitudes or behaviors. In a sense,
every research or technology described has something to do with influencing attitudes
or behaviors, and could therefore be considered persuasive technology. The concept
of persuasion is based on psychological and sociological theories on behavior and
technology.

B.J. Fogg in his seminal work [Fogg, 2003], discerns 42 strategies for persuasion.
But ongoing work has culminated in 160+ [Rhoads, 2007] different strategies. How
many strategies you can discern depends on how narrow and practical strategies are
defined. For example, Cialdini in his seminal work [Cialdini, 2001] proposes (only)
6 strategies: (1) reciprocity, the obligation you feel to repay someone when they do
something for you; (2) commitment and consistency, the urge you feel to be consis-
tent with what you already agreed (or disagreed) with; (3) social proof, the safety
that is in doing what others are also doing; (4) authority, the obligation we feel to-
wards (ostensible) authority; (5) liking, the tendency to be more quickly convinced or
persuaded by someone we like; (6) scarcity, the desire to get things which are ‘special’
or limited or running out. The strategies of Fogg and Cialdini are the inspiration for
many of the strategies used in persuasive technology research.

Flowie from Albaina et al. [2009] (see Figure 2.8), is a prototype glanceable health
coach application focused on getting elderly to walk. The application focuses on lever-
aging strategies from Fogg’s persuasive technology theory to encourage walking. A
pedometer was used to collect data and an in-house touchscreen with a virtual flower
was used to display emotions modeling the progress. After a user panel, the follow-
ing four strategies were used: goal-setting (having a challenging but realistic goal,
set by an ostensible professional), self-monitoring (creating awareness of progress,
through a touch screen monitor), consistency (the need to deliver on the promise of



16 | Chapter 2

the goal, through goal-setting and self-monitoring), and intrinsic motivation (lever-
aged through empathizing with the flower and the other strategies, also based on
classic learning theory). A preliminary user study concluded that the system was ap-
preciated and leveraged motivation, but no real conclusions about increased physical
activity could be drawn.

Figure 2.8: On the left: the Flowie application displayed on a tablet. On the right: the three views
of the application: general overview, day overview and week overview

Toscos et al. [2006] discuss Chick Clique, a health application aimed at influencing
teenage girls by their social desire to stay connected (social validation), also using the
tools of goal setting, self-monitoring, positive reinforcement and social support. An
interesting finding was that the addition of a shared ‘group performance’ (seeing the
progress of everyone in the group) in the design was found a powerful method of
changing behavior in a post-study questionnaire indicating that social support and
social validation are powerful strategies to influence behavior.

Sohn and Lee [2007] present Up Health, an Instant Messaging (IM) system de-
signed to explore the potential of IM as a tool to persuade or encourage users to
change. During a well received preliminary study they implemented four persua-
sive techniques: personal awareness, social cooperation/competition/comparison,
fun and enjoyable interaction (to leverage long-term engagement), and unobtrusive
and intuitive notifications.

From this section it is clear that there are plenty of strategies and possibilities to
influence a user’s activity pattern. What also becomes clear however, is that due to the
abundance of strategies, most strategies lack guidance on how to use and implement
them. Moreover, due to the lack of a framework or model, it is unclear what results
to expect when using these strategies. Recent research by Oinas-Kukkonen and Har-
jumaa [2008] and Oinas-Kukkonen [2010] is mitigating this problem by providing
guidance for the use and implementation of persuasive strategies and by providing
a model to use and interpret these strategies in. It is important for a scientific de-
sign to not overdo the design with too much strategies which are hard to measure or
separate. Because even if the design would result in an application which leads to
successful (long-term) change, it could be unclear why exactly this change happened
or which strategies proved crucial in this success. In the next section we will look
at technology borrowing constructs from behavior change theories. Behavior change
theories provide an idea or a framework on how the use of these constructs should
affect people.
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2.1.5 Behavior change technology

Behavior change technology focuses on changing people’s behavior by using theory-
based behavior change strategies delivered by technology. Considering this definition,
behavior change technology is closely related to persuasive technology. However,
behavior change technology is designed to not only influence attitudes or behaviors,
but to change attitudes or behaviors long-term. An important line of behavior change
technology research in HCI is carried out by Consolvo and colleagues [Consolvo et al.,
2006, 2008a,b, 2009b,a,c; Klasnja et al., 2009, 2011; Munson and Consolvo, 2012].

In [Consolvo et al., 2006] Houston is discussed, a prototype journal-sharing appli-
cation to encourage physical activity focusing on step count, where a sharing journal
plus goals and progress report version versus a non-sharing version were compared
and it was found that sharing was a successful strategy to increase goal achieve-
ment. The stages of change from the TTM were used to assess which stages of behav-
ior change people were in. The application focused on people in the contemplation
(thinking about changing), preparation (preparing to change), action (taking the first
steps to change) and maintenance (maintaining the changed behavior) stages. Also,
four design requirements were identified for technologies like this: give users proper
credit for activities, provide personal awareness of the activity level, support social
influence, and consider the constraints of users’ lifestyles.

In [Consolvo et al., 2008a,b] some of these requirements are followed up and the
UbiFit Garden is discussed (see Figure 2.9), which provides easy personal awareness
of activity levels, support of multiple activities with a glanceable display, a non-literal
representation of physical activity and goal attainment to motivate behavior change
(targeting the stages contemplation, preparation and action). For the non-literal

Figure 2.9: The glanceable UbiFit Garden
on a mobile phone with flow-
ers for activities, butterflies for
goal attainment and large but-
terflies for weekly goals

representation of physical activity and goal at-
tainment, flowers and butterflies in a garden
are used to represent activities and achieve-
ments. A ‘normal’ interactive application is in-
corporated to see registered performance, to
keep a journal, and correct activities. This ver-
sion was tested versus a non-glanceable display
(without abstract “wallpaper” garden represen-
tation, but with interactive application) and
it was found that the glanceable version was
more encouraging than the counterpart with-
out glanceable display.

Based on the experiments with the Ubi-
Fit Garden and several behavioral and so-
cial psychological theories (Goal-Setting The-
ory, TTM, Presentation of Self in Everyday Life
and Cognitive Dissonance Theory) Consolvo
et al. [2009c] present eight (not mutually ex-
clusive) design strategies for technology used in
everyday lifestyle changing. They suggest that
applications should be designed such that they are: (1) abstract & reflective (use
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data abstractions to help the user reflect on goals and achievements); (2) unobtrusive
(avoid unnecessary interruptive messages); (3) public (the technology used should
not make people uncomfortable or feel ashamed); (4) aesthetic (the technology used
must be comfortable and attractive); (5) positive (use positive reinforcement, avoid
negative reinforcement); (6) controllable (permit the user to manipulate the data);
(7) trending / historical (provide relevant historical data); and (8) comprehensive
(account for a range of behaviors). The UbiFit Garden implements them as follows:
(1, 2, 3 and 4) an abstract background animated garden on a mobile phone as a
metaphor to represent physical activity and goal attainment; (5) rewards (addition of
flowers and butterflies) to encourage behavior and no negative consequences if goals
are not met; (6) the data is editable; (7) the garden with butterflies gives weekly and
monthly reflections; (8) the platform used can infer multiple types of physical activity
(e.g. walking, running, cycling).

Also based on research with the UbiFit system and additional interviews, Consolvo
et al. [2009a] explore the importance of goal-setting (based on the Goal-Setting The-
ory) divided into two aspects, namely goal sources (who sets the goal) and goal time
frames (what period of time is set for the goal). It is found that most participants
would like to either set their own goals or work with a fitness expert (but prefer-
ably no medical guidelines or medical advisers) and to have a time frame of a week
beginning on Monday or Sunday (compared to a rolling seven-day window, moving
forward one day at a time) and thus resetting at the end of the week (which would
be either on Sunday or Saturday).

Klasnja et al. [2009] discuss four lessons learned from both Houston and the Ubi-
Fit Garden with respect to designing for behavior change. These are: support the
persistent activation of health goals (the glanceable display as a persistent goal re-
minder proved to be beneficial), encourage an extensive range of healthy behaviors
(if the application focus is increasing physical activity, provide ways to add unreg-
istered physical activity to prevent frustration and incongruity), focus on long-term
patterns of activity (help users reflect on long-term activity and also design for periods
of possible inactivity), and facilitate but not depend on social support (not everyone
is driven by social comparison and competition).

Lin et al. [2006] developed Fish’n’Steps (see Figure 2.10), an engaging appli-
cation for the computer where a user’s physical activity is linked to the growth and
emotional state of a virtual fish in a fish tank. Important motivational tools were culti-
vation of a strong internal locus of control (a concept similar to self-efficacy, which are
both important conceps in many behavior change theories) through pet care and the
incorporation of social influences. The strategies of cooperation versus competition
were compared but no significant differences were found. Also, the use of nega-
tive reinforcement through the fish when the physical activity was disappointing had
mixed results. Behavior change was measured in terms of the increase of steps and
the stages of change from the Transtheoretical Model and most participants showed
continued increase in activity levels in either or both.

Another example is Shakra [Maitland et al., 2006; Anderson et al., 2007], a non-
intrusive tracking and activity sharing application using a standard mobile phone and
the fluctuation in signal strength to estimate activity through the use of machine
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Figure 2.10: On the left: the personal display of the user. On the right: The fish tank the user
is in with other fish (teammates). This fish tank was compared to other fish tanks
(competition)

learning. Shakra focused on people not currently achieving minimum recommended
daily activity level. Shakra employed strategies adapted from Transtheoretical Model
and Social Cognitive Model such as self-monitoring, sharing and comparison, which
gathered positively preliminary responses.

Although this section addressed technology that used strategies from theories of
behavior change, no implementations of a complete theory have been undertaken in
these technologies. However, using and implementing a theory in its entirety can be
beneficial because this theory can then provide a framework in which to interpret and
explain results. If only part of a theory is used, these interpretations and explanations
might not be valid. In the last section we will discuss our findings and decide on
practices worthwhile for our own research.

2.2 Discussion and conclusion

Through reviewing these technologies that all in some way or another try to motivate
people to do more physical activity, we can compile of list of best practices and rec-
ommendations. These recommendations do not necessarily follow from demonstrable
effectiveness. To really prove a strategy applied in technology is effective (long-term)
is usually also not feasible, possible or even preferable for technology promoting phys-
ical activity in HCI [Klasnja et al., 2011]. Therefore, the recommendations compiled
include future work and suggestions discussed in the reviewed materials.

Incorporating a social strategy (sharing, bonding, play, support, cooperation, com-
petition, comparison, network) seems to be a very valuable motivational technique,
whether this is explicit, for example, explicitly cooperating or competing as part of
the design, game or leader board, or if it is implicit, because a social function is just
incorporated in the game or design and competition or cooperation emerges. Another
recommendation could be to include a goal setting option in your technology. Design
should try to incorporate the possibility for users to define a lot of the characteristics
of the goals they want to set. Other recommendations for the design of an application
encouraging physical activity could be: (1) self-monitoring needs to be possible. This
is best combined with creating personal awareness, a glanceable design, goal-setting
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and progress tracking; (2) a form of rewarding and/or achievements, preferably for
short-term rewards as well as long-term achievements; (3) the incorporation of un-
obtrusive reminders; (4) information on long-term statistics; (5) the possibility to
take a break from the application (e.g. for holidays); (6) proper privacy handling;
(7) an adaptive application for when users progress in their activities (short-term and
long-term); (8) an engaging, aesthetically pleasing and appealing design (or at least
not unappealing); and (9) overall positive framing of displayed information and the
use of positive (and in some situations negative) reinforcement. Based on these rec-
ommendations it should be possible to develop motivational technology. However,
when reviewing these studies certain other things also stand out. First, although a lot
of strategies can be discerned and have proven to be successful for short-term com-
pliance, not many of the strategies have been tested for long-term adherence. This
begs the question of how these strategies will affect long-term use of an application.
Second, a lot of motivational and persuasive strategies are design suggestions. This
makes it harder to get an idea of whether there is any intrinsic change, or whether
this effect is to tied to the design of strategy. Third, not many of these discussed
(prototype) applications have actually been followed through to a full-fledged appli-
cation. Although this is a common practice of HCI and design research, this adds to
the uncertainty of the effects of the strategies in ‘real life’ and long-term use. Fourth,
although some papers discuss psychological motivation and behavioral change theo-
ries like the Goal-Setting Theory or the Transtheoretical Model they seem to use only
some concepts of the theories, such as only the stages of changes from the Transthe-
oretical Model. This is understandable, because most of the theories are not easily
implementable, but this does complicate the interpretation of the results. Fifth, prac-
tically all the discussed research aims to encourage physical activity or even measure
and accomplish behavior change, but (almost) none of them seem to focus on people
not willing to exercise, instead they focus on people who are already exercising, or
who are rewarded or obligated through the experiment to exercise, which seems like
the group who needs it the least. This is also understandable, because people who are
not willing to change are probably also not willing to participate. But finding results
for increased activity from people already motivated (or just paid enough) to change
does not necessarily mean that these strategies will also work on people less (or not)
motivated to change. Lastly, although some papers mention personalization or tailor-
ing and tailored feedback, actual implementation is still very hard and requires more
research and more knowledge on a user. There is still a lot of room for improvement
in this direction.

When considering these points and the mixed results achieved in the research
discussed, it seems beneficial to dive deeper into how people change their behavior
(also those unwilling), how to design for behavior change, and how to tailor our
potential strategies to the user by accounting for the individual differences in people.
Which theory or theory-based strategies should be used? What characteristics should
one tailor theory-based motivational strategies to? In the next chapter we aim to
answer these questions for our goal of motivating people to inherently change their
physical activity behavior through theory-based and tailored interventions in the form
of motivational text messages delivered by technology.
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Based on the review of technology that is designed to motivate people to do more
physical activity presented in Chapter 2, two directions emerged that are worthwhile to
explore further: using motivational strategies based on a theoretical background, and
accounting for the individual differences in people to tailor the strategies to their liking.
This chapter provides an overview of research describing factors and differences that
influence how people change their physical activity behavior, and that could potentially
be used for tailoring. Furthermore, this chapter provides theoretical background on
how people change physical activity behavior and explores how a combination of theory
and tailoring could work.

There is a substantial amount of work on identifying determinants of physical
activity. In section 3.1 we review the most important determinants of physical activity.
In section 3.2 we look at work on tailoring to individual differences. Section 3.3
discusses behavior change theory and specifically the model we chose to use for this
dissertation, the Transtheoretical Model (TTM), which, we argue, is well suited for
tailoring. In section 3.4 we conclude the chapter and discuss the next step of getting
behavior change strategies operationalized.

3.1 Determinants of physical activity behavior and behavior change

Dishman and Sallis [1994] discuss the (then) state of the art scientific literature on
known determinants of physical activity. They also discuss requirements for effective
exercise interventions which will require: “... that both abstract (for example, beliefs)
and concrete (for example, disability) determinants be addressed in complementary
ways to (a) diminish or compensate for psychological and physical or environmental
barriers to activity; (b) provide knowledge, skills, and reinforcements that augment
the willingness and ability to be active; and (c) permit selection of appropriate forms
and intensities of activity.” This still seems appropriate today. Furthermore, Dishman
and Sallis [1994] review determinants of physical activity which are compiled into a
list of 38 determinants, divided into personal (e.g., age and education), environmen-
tal and activity characteristics. Sherwood and Jeffery [2000] also review the state
of the art regarding the determinants of exercise behavior. They classify the deter-
minants into two categories, namely personal characteristics (e.g., stage of change



22 | Chapter 3

and motivation) and environmental characteristics. Bauman et al. [2002] discuss the
factors related to physical activity in a more fine-grained manner. They distinguish
between determinants, correlates, mediators, moderators and confounder variables.
These variables differ in their statistical relation to physical activity. However, the ex-
act statistical implication of these variables is beyond this dissertation. They also clas-
sify characteristics in different categories: demographic and biological factors (e.g.,
age, education, gender (male only) and socioeconomic status), psychological, cogni-
tive and emotional factors (e.g., personality), behavioral attributes and skills, social
and cultural factors, physical environment factors and physical activity characteris-
tics. Overall, it is interesting to see that more factors are distinguished. Bauman
et al. [2012] discuss correlates of physical activity. The trend to discuss factors in-
volved in physical activity has since been more focused on the ecological models, i.e.
taking a broad view on health behavior and also considering as factors, for exam-
ple, urban planning and transportation systems. Their classification is: demographic
and biological variables (e.g., age, education, gender (male) and socioeconomic sta-
tus), psychosocial variables (e.g., stage of change), behavioral variables, social and
cultural variables and environmental variables. Specifically for the purpose of this
dissertation, it is worthwhile to note that in these reviews the stage of change, per-
sonality and gender are mentioned as factors associated with overall physical activity,
because we intend to use these for tailoring our theory-based strategies to.

An interesting factor that influences physical activity is personality. Personality is
a way to describe long-lasting individual characteristics (similarities and differences)
between people. In the psychology literature, a lot of different personality classi-
fications can be found. The most important one is the Big Five model [Goldberg,
1992], also known by its acronym for the personality traits; OCEAN. This framework
classifies people in five dimensions: Openness to experience, (O), Conscientiousness
(C), Extraversion (E), Agreeableness (A) and Neuroticism (N). While personality has
been found to be a important determinant in behavior [Ajzen, 2005], it is not widely
adopted to tailor interventions for physical activity to; possibly because most effects
found were small to medium correlations [Rhodes and Smith, 2006]. Nevertheless,
we are interested in personality as a characteristic to tailor interventions to because
it is an important determinant and personality has been found to be, arguably, a rela-
tively stable personal characteristic in adults [Rhodes et al., 2004]. Assuming person-
ality is a stable characteristic and assuming personality varies across different people,
we could tailor motivational strategies to a person’s personality profile. Because per-
sonality usually remains constant over longer periods of time, this would allow for
supporting longer-term tailoring to. In the context of changing or determining phys-
ical activity behavior, some direct relations have been found between physical activ-
ity and certain personality traits. Overall, Extraversion and Conscientiousness were
found to be positively correlated with physical activity and exercise behavior [Gal-
lagher et al., 2013; Hoyt et al., 2009; Rhodes and Smith, 2006] while Neuroticism
appears to be negatively correlated to physical activity [Rhodes and Smith, 2006].

Courneya and Hellsten [1998] showed that exercise behavior, motives, barriers,
and preferences were correlated to the personality traits of the Big Five. For instance,
it was found that Openness was positively correlated to health and stress relief, Ex-
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traversion was positively correlated to exercising with other people, Extraversion and
Openness were negatively correlated to supervised exercise, and Agreeableness was
negatively correlated to competitiveness. These correlations suggest that people with
different personalities have different considerations when it comes to exercising. This
is consistent with Ingledew and Markland [2008], where they found that different
personalities have different motivations for change in exercise participation, for in-
stance Openness positively correlated with a health/fitness motivation. These studies
indicate that people with different personalities should be motivated in different ways
to participate in exercise and affirm the idea of personality tailored interventions for
physical activity (e.g., Rhodes et al. [2004]; Rhodes and Smith [2006]).

3.2 Tailoring to individual differences

There has been some recent research into the role of personality when designing tai-
lored persuasive strategies. For example, Kaptein et al. [2012] used Cialdini’s six
persuasive strategies [Cialdini, 2001] and developed a questionnaire to measure the
user’s susceptibility to those six persuasive strategies. They tested a setup where
they tailored to the user’s susceptibility versus a contra-tailored setup in the context
of snacking and found a greater decrease in the tailored version. Halko and Kientz
[2010] explored the relationship between personality (i.e., Big Five) and strategies in
the context of health-promotion with mobile applications. Their results showed that
people with different personality types had distinct preferences for (mobile) persua-
sive messages (for healthy living). Hirsh et al. [2012] let participants rate the level of
persuasiveness of the messages for advertisements that were tailored to each person-
ality type. For example, people with the Extraversion personality type would receive
messages like “With XPhone, you’ll always be where the excitement is” [Hirsh et al.,
2012, p. 579] because extraverts are especially sensitive to rewards and social at-
tention. The results showed a clear benefit of tailoring messages to personality type.
Similar results were obtained in a study by Adnan et al. [2012] where an applica-
tion was developed to persuade users to study more using persuasion strategies that
were tailored to users’ personalities: different personalities indeed preferred different
(persuasive) study behaviors. Similar results were also obtained by Alkı̧s and Tem-
izel [2015], where they showed significant relations between personality traits and
persuasive strategies. Finally, there have been some studies that suggest that future
research should tailor messages that promote physical activity to people’s personal-
ities [Latimer et al., 2010], and that “Individuals with certain personality traits are
more likely to be perceptive toward the idea of physical activities” [Arteaga et al.,
2010, p. 8]. All these studies indicate that personality is a decisive factor in explain-
ing the individual nature of people and their motivations and barriers for physical
activity participation.

Another factor that has been researched in the context of tailoring and is also dis-
cussed as a determinant for physical activity is gender. Kristan and Suffoletto [2015]
looked at how men and women rated feedback messages to reduce hazardous alcohol
consumption and found that overall women responded more favorably to all feedback
messages. Yan et al. [2015] found that women were not driven by competitive mes-
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sages but men were. Busch et al. [2016] personalized persuasive strategies based on
gender (measured on a fine-grained scale from masculine to feminine) and found that
gender is a reliable variable for personalization, with femininity being significantly re-
lated to seven of their ten strategies. Like personality, we are interested in gender as
a characteristic to tailor interventions to because it is an important determinant and
gender is a stable personal characteristic, thus allowing longer-term tailoring to.

Overall, these studies indicate the potential effectiveness of tailoring strategies to
personality or gender, and therefore of systems that can tailor to individual differ-
ences. Unfortunately, research is scarce on how systems should tailor motivational
strategies or interventions for physical activity to preferences emerging from factors
such as gender and personality. Moreover, research is scarce on how to do this tailor-
ing with strategies from behavior change theory.

3.3 Behavior change theory for physical activity

As mentioned in Chapter 1, there are many theories and models on changing and
influencing behavior, ranging from more practical, such as Persuasive Design [Fogg,
2003] to more theoretical ones, such as the Social Ecological Model [Stokols, 1996].
The use of theories or models in designing interventions to change behavior has been
advocated (see [Cole-Lewis and Kershaw, 2010; Michie et al., 2008]) because it will
help evaluate the model and the use of this theory or model can then help in explain-
ing why the designed intervention strategy does or does not work. Hence, a theo-
retical foundation will help in understanding and targeting determinants of behavior,
such as the stages of change. However, it is also noted that there is little guidance
on how to use theories or models in designing concrete interventions [Michie et al.,
2008].

For choosing the theory or the theory-based strategies that we want to use, we
follow the line of [Glanz, 2015, p. 34]: “The choice of a suitable theory or theories
should begin with identifying the problem, goal, and units of practice, not with se-
lecting a theoretical framework because it is intriguing, familiar, or in vogue. One
should start with a logic model of the problem and work backwards to identify po-
tential solutions.” The problem we are addressing is that of too little physical activity.
Overall, people do not do enough physical activity, and our goal therefore is to moti-
vate people in changing or maintaining their own physical activity behavior. Our unit
of practice are individuals, specifically we want to tailor to individuals. Considering
this, we chose the Transtheoretical Model (TTM) because the TTM fits our problem,
our goal, and our unit of practice. In addition, another important consideration is of a
practical nature. To apply the behavior change strategies in technology, they need to
be operationalized. Many behavior change theories are not very specific in how their
strategies could be practically used, the TTM however: “provides a framework for both
the conceptualization and the measurement of behavior change, as well as facilitating
promotion strategies that are individualized and easily adapted” [Nigg et al., 2011, p.
7]. In other words, the TTM provides strategies that can easily be adapted, i.e., made
practical (for example, in the form of text messages), and provides a framework in
which behavior change is formalized into measurable concepts, such as self-efficacy
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Figure 3.1: A general linear representation of the association of the stages with the accompanying
processes. Depending on context, population and target behavior, this representation
can change. PC = Precontemplation, C = Contemplation, P = Preparation, A = Action,
and M = Maintenance. The length of the bar indicates in and over which stages the
processes would most effectively be used.

and the stage of change. This more practical model of behavior change also allows
operationalizations with higher fidelity, i.e., operationalizations more accurately re-
sembling what is intended by the TTM.

The TTM from Prochaska et al. [Prochaska and DiClemente, 1983; Prochaska
et al., 1993; Prochaska and Velicer, 1997] is a dynamic, integrative model focused on
the individual and can be applied practically, especially the construct of the stages of
change [Nigg et al., 2011], which classifies people into (not necessarily linearly) pro-
gressing stages of changing behaviors: Precontemplation (PC), Contemplation (C),
Preparation (P), Action (A) and Maintenance (M). While the stages of change (see
Table 3.1) are useful in explaining when changes in cognition, emotion, and behav-
ior take place, the processes of change from the TTM help to explain how and why
the progression through these stages occur. Ten covert and overt processes will usu-
ally be experienced when successfully progressing through the stages of change and
achieving the desired behavioral change. The ten processes (see Table 3.2) can be di-
vided into two groups: Experiential processes and Behavioral processes. Experiential
processes are focused on changing people’s ideas while Behavioral processes are fo-
cused on changing people’s actions. The ten processes are Consciousness raising (CR),
Dramatic relief (DR), Environmental reevaluation (ER), Social liberation (SOL), Self-
reevaluation (SR) — Experiential, Self-liberation (SEL), Helping relationships (HR),
Counterconditioning (CC), Reinforcement management (RM) and Stimulus control
(SC) — Behavioral. The effectiveness of the processes of change depends on their as-
sociated stages of change (see Figure 3.1 for a simplified example). The processes are
strongly associated with certain stage transitions, but they are not completely fixed.
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Stages of change

Precontemplation (PC)

The individual is not willing to change in the foreseeable future (measured as the
next 6 months). Individuals in this stage are mostly uninformed or demoralized.

Contemplation (C)

The individual is willing to change in the next 6 months. Individuals in this stage are
aware of some pros of behavior change, but are still more inclined to value the cons.

Preparation (P)

The individual is willing to change in the foreseeable future (measured as the next
month) and has already taken some small steps towards change (in the past year).
Individuals in this stage usually have some plan on how to tackle this inactiveness.

Action (A)

The individual has changed, but not longer than 6 months. Individuals in this stage
have not reached the duration which exemplifies real behavior change.

Maintenance (M)

The individual has changed, longer than 6 months. Individuals in this stage have
changed and are working not to relapse.

Table 3.1: The stages of change with a short description.

Research has shown that stage-based interventions can be more effective than
neutral interventions according to Marcus et al. [1998a]. In their study, they mailed
(at baseline, 1, 3 and 6 months) intervention materials. A tailored intervention (tai-
lored to the participant’s stage of change, associated processes and more) versus a
neutral intervention was tested and they found that both increased physical activity
levels, but the tailored version increased physical activity levels most. This is a good
example of the success of tailoring, but also the success of applying the TTM. In fact,
when tailoring to the stages of change, it is more important than anything else to
combine the stages with the processes of change [Spencer et al., 2006], because they
are codependent. The importance of combining both is clear from several studies and
as Spencer et al. conclude in their review of TTM literature “Ensuring that participants
use the appropriate processes of change as they move through the stages is essential for
their success.” [Spencer et al., 2006, p. 438]. Moreover, it has been suggested that the
TTM and/or stages of change can benefit from personalization [Ferron and Massa,
2013]. Accounting for individual preferences, for example those caused by differ-
ences in personality [Alkı̧s and Temizel, 2015], could increase the effectiveness even
further. In this sense, the TTM fits perfectly with our vision of using strategies that
can be operationalized and can be tailored to individual differences like personality
and gender, and, already included in the TTM, tailored to stages of physical activity
behavior change (which we will refer to as stages of change in this dissertation).
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Experiential Processes

Consciousness raising (CR): The individual seeks increased knowledge about the
causes, consequences and cures for their problem behavior.

Dramatic relief (DR): The individual’s emotions about the problem behavior and pos-
sible solutions are evoked.

Environmental reevaluation (ER): The impact that the individual’s problem behavior
has on their environment is reevaluated.

Social liberation (SOL): Attempts are made to increase alternatives for the individual’s
former problem behavior.

Self-reevaluation (SR): Cognitions and emotions regarding the individual with respect
to their problem behavior are reevaluated.

Behavioral Processes

Self-liberation (SEL): The individual has the belief that he can change and commits to
it by choosing a course of action.

Helping relationships (HR): The individual seeks trust and open discussion about the
problem behavior as well as support for the healthy behavior change.

Counterconditioning (CC): The individual substitutes positive behaviors for the indi-
vidual’s problem behavior.

Reinforcement management (RM): Steps or changes made by the individual are re-
warded when in a positive direction or punished when in a negative direction.

Stimulus control (SC): Stimuli that may cue a lapse back to the problem behavior are
avoided and prompts for more healthier alternatives are inserted.

Table 3.2: The processes of change divided in experiential and behavioral processes with a short
description.

3.4 Conclusion

More factors need to be considered when tailoring behavior change strategies to peo-
ple. Based on the discussed literature, we expect that personality and gender will
influence how motivating theory-based strategies are perceived, and that therefore
these factors can be used to tailor the strategies of the TTM to. We argue that us-
ing theory-based strategies should be combined with tailoring. However, the con-
tent for these theory-based strategies is not readily available and unfortunately, there
is little guidance on how to use theories or models in designing concrete interven-
tions [Michie et al., 2008]. Studies describing the development of such technology do
not often explain in detail how the researchers designed the motivational messages
they used [Latimer et al., 2010]. How, then, should such strategies or interventions
be operationalized? In Chapter 4 we present our approach to operationalizing the
strategies of the TTM.
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In the previous chapter we argued that the Transtheoretical Model of behavior change
is a suitable and appealing model to use to effectively support people in changing their
physical activity behavior using technology. In this chapter we introduce our approach
to operationalizing the processes of change from the Transtheoretical Model as motiva-
tional text messages. We explain how the data collection is set up to elicit motivational
text messages and we explain our approach to coding these messages as processes of
change categories. We present results on how the crowdsourced messages fit into cat-
egories based on the processes of change, and on the relation between personality and
the stages, and between personality and the stages, and the processes of change.

This chapter1 is based on two publications:

de Vries, R. A. J., Truong, K. P., & Evers, V. Crowd-Designed Motivation: Com-
bining Personality and the Transtheoretical Model. In International Conference on
Persuasive Technology. (pp. 41-52). Springer International Publishing. [de Vries
et al., 2016a]

de Vries, R. A. J., Truong, K. P., Kwint, S., Drossaert, C. H. C., & Evers, V. Crowd-
Designed Motivation: Motivational Messages for Exercise Adherence Based on
Behavior Change Theory. In Proceedings of the 2016 CHI Conference on Human
Factors in Computing Systems. (pp. 297-308). ACM. [de Vries et al., 2016b]

4.1 Introduction

Strategies operationalized and presented by means of tailored text messages to influ-
ence someone’s behavior has proven effective in various contexts. For example, Mut-
suddi and Connelly [2012] showed that tailored text messages in combination with a
behavior change theory or model to influence someone’s behavior can be effective for
physical activity. Rimer and Kreuter [2006] showed that tailoring text messages ac-
cording to a theory or model can enhance motivation to attend to and process health

1We thank Sigrid Kwint for her efforts in developing the codebook and her efforts in coding the
peer-designed messsages.
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information. This dissertation will focus on text messages as the modality to deliver
the strategies. Unfortunately, as pointed out by Latimer et al. [2010], most studies
describing the development of technology using text messages to shape motivational
strategies do not, up until now, explain in detail how the researchers designed the text
messages used. Therefore, there are no best practices available to construct these mes-
sages. To overcome this limitation, research dedicated to discerning how to translate
theories and models of behavior change (such as the TTM) into practically applicable
interventions (such as text messages) and evaluating the effect of those interventions
on the user, is increasing.

For example, Redfern et al. [2014] designed (based on behavior change tech-
niques) 137 text messages tailored to the user’s name. Patrick et al. [2009] developed
3000 SMS and MMS messages for tailoring to the user’s preferences on timing and
frequency of the messages. Kaptein et al. [2012] had two researchers design 42 text
messages for six strategies tailored to the user’s susceptibility to persuasion. For most
studies, it is the authors or other experts who designed the messages. The (implicit)
assumption is that authors or experts, given their arguably intimate domain knowl-
edge, will always design the most effective text messages. However, crowdsourced
peer-designed text messages can be more engaging and more relevant to the user
in comparison to expert-designed text messages, as is shown by Coley et al. [2013].
Therefore, we decided to use crowdsourcing to collect peer-designed motivational
messages.

Crowdsourcing involves employing a large number of people to contribute to a
specific task. Over the last few years, researchers have been using online crowd-
sourcing platforms such as Amazon Mechanical Turk (AMT) for a growing variety
of tasks; for example, for user-studies [Kittur et al., 2008], graphical perception
tasks [Heer and Bostock, 2010], parallel prototyping tasks [Dow et al., 2010], evalu-
ating user interfaces [Toomim et al., 2011], but also for natural language processing
tasks [Callison-Burch and Dredze, 2010].

Crowdsourcing written transcriptions, translations or annotations (e.g., [Hsueh
et al., 2009; Marge et al., 2010; Zaidan and Callison-Burch, 2011]) is a relatively
common natural language processing task, but we were aware of only two related
studies on collecting motivational text messages. Coley et al. [2013] crowdsourced
peer-written text messages to encourage users to quit smoking and compared these
text messages to expert-written text messages. They found the peer-written text mes-
sages to be more engaging and relevant to the user. They also found that the peer-
written messages reflected the same key theoretical concepts also addressed in the
expert-written messages. In the context of reducing alcohol consumption among
young adults, Kristan and Suffoletto [2015] also looked at peer-written text mes-
sages and evaluated expert-written text messages. They found a difference in what
messages (informational, motivational, or strategy facilitating) experts come up with
compared to peers, where the motivational expert-designed messages were rated the
lowest. However, when looking at the peer-designed messages, the highest proportion
of messages were motivational, which could suggest according to Kristan and Suffo-
letto [2015, p. 50] that: “young adults may perceive someone else trying to motivate
them as manipulative, but when they create messages, they are more authentic”.
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Moreover, they found that there were no universal positive attitudes towards any of
their messages, suggesting the need for tailoring. By using crowdsourcing, we can
study the message content and effectiveness for a large number of messages that are
designed to motivate people to change their behavior.

In this chapter, we will explain the steps we took to both operationalize behavior
change strategies (the processes of change) from the Transtheoretical Model as prac-
tical motivational messages, as well investigate how we could tailor the processes of
change, measured through a questionnaire, to the stages of change and personality
of the respondent.

We make the following contributions: 1) we present the novel approach we use
to operationalize the processes of change as motivational messages; 2) we show that,
through coding and the use of a codebook, motivational messages can be aligned to
the processes of change; 3) we show that crowdsourcing is a feasible way to collect
theory-based motivational messages; 4) we provide the codebook used for coding;
5) we find that personality is correlated to the stage of change; and 6) we find that
personality and stage of change are correlated to the experience of certain processes
of change.

The chapter is outlined as follows: first we discuss our hypotheses (section 4.2),
and our method (section 4.3). Next we discuss our data analysis and the approach we
followed for coding the motivational messages in our dataset (section 4.4). We then
continue with the results of the analyses we did on how personality and the stages
relate, how the processes of change, measured through a questionnaire, related to
the participant’s stage of change and personality, and on what the distribution of the
motivational messages is over the different processes of change and across the stages
of change of the designer of the messages (i.e. the participant) (section 4.5). We end
the chapter with a discussion (section 4.6) and a conclusion (section 4.7).

4.2 Hypotheses

In the previous chapters we looked into already existing technology that tries to mo-
tivate and/or support people (Chapter 2) and we looked into theories, models and
individual differences in the context of physical activity and changing physical ac-
tivity behavior (Chapter 3). We found that the Transtheoretical Model of behavior
change seems a suitable and appealing model for our goal of effectively supporting
people in changing their physical activity behavior using technology as it provides,
as Nigg et al. [2011, p. 7] conclude: “a framework for both the conceptualization and
the measurement of behavior change, as well as facilitating promotion strategies that
are individualized and easily adapted”. We found several individual differences that
influence physical activity that we decided are appealing to use for tailoring, like the
stages of change, personality, and gender. Moreover, it has been suggested that the
stages of change can benefit from personalization [Ferron and Massa, 2013]. The
next step in getting our conceptual framework (the Transtheoretical Model combined
with tailoring the strategies of the TTM to individual differences) into technology is
to operationalize the strategies. That is what our first research question for this dis-
sertation (see section 1.2) focuses on.
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RQ1: How can theory-based strategies be translated into a real-world technology-based
intervention?

We present our scenario-based crowdsourcing method for collecting peer-designed
motivational messages and we evaluate whether these messages can align to the
processes of change from the TTM. Because previous research [Coley et al., 2013]
showed that peer-written messages reflected the same key theoretical concepts as
expert-written messages, we expect that:

H1: The stage described in the scenarios that participants have to design motivational
messages for, influences the type of motivational messages that participants come up
with.

Specifically, the stage described in the scenario will more often trigger the type of
message that, after categorization as process of change, fits the stage as defined by the
TTM (see Figure 3.1). Messages reflecting Experiential processes (see Table 3.2) will
be more prevalent in the earlier stage-scenarios, while messages reflecting Behavioral
processes will be more prevalent in the later stage-scenarios. Although not the main
focus of the research question for this chapter, this study also provides the opportunity
to explore the relation between personality and the stages, and between personality
and the stages, and the processes of change. This can provide invaluable insight for
our next study and the second research question. For the first relation, we expect that:

H2: People’s personality relates to how physically active they are.

Specifically, given that Extraversion and Conscientiousness have been found to
correlate positively to fitness and health [Rhodes and Smith, 2006; Hoyt et al., 2009;
Gallagher et al., 2013], and Neuroticism was found to correlate negatively to physical
activity [Rhodes and Smith, 2006], we expect to find that:

H2a: People who are more Conscientious will be more physically active.
H2b: People who are more Extraverted will be more physically active.
H2c: People who are more Neurotic will be less physically active.

For the second relation between personality and the stages, and the processes of
change, we expect that:

H3: People’s personality and stage of change relate to how they experience the ten
processes of change.

However, since this seems to be the first effort to investigate personality traits in
the context of the stages and processes, we have no expectation specifically about
how traits, stages and processes are related and it should therefore be considered as
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an exploratory hypothesis. Moreover, we will not be able to determine the causality
of these relations because of the cross-sectional nature of the study.

4.3 Data collection: peer-designed motivational messages

We designed an online survey study with language-elicitation tasks to collect moti-
vational messages and questionnaires to measure participant’s personality, stage of
change and experiences with the processes of change (see also subsection 4.3.5). The
participants were gathered through the crowdsourcing platform Amazon Mechanical
Turk2 (AMT), with a link to SurveyMonkey3 where the survey study was hosted.

4.3.1 Participants

The initial sample consisted of 500 people. Data from 19 respondents was excluded
because their questionnaires were incomplete. The final sample included 481 respon-
dents (250 male and 231 female). The study was conducted in English. All but 5
respondents were native English speakers, their data was not anomalous and was
kept.

The minimum age was 18 and the maximum was 68. The average age was 31.09
(SD = 9.22) and the median 29. With respect to education, 201 respondents received
some college education, 183 had a college degree, 46 completed a master degree, 42
completed high school, 5 obtained a PhD, and 4 had other types of qualifications. The
AMT requirements for the respondents were that they should have already completed
ą1000 tasks on AMT, that ą98% of these tasks were approved successfully and that
the respondents were located in the United States. These requirements ensured that
respondents were already familiar with surveys (our survey was quite extensive),
that they were serious about filling in the survey (only 19 were not, which is low
for online anonymous surveys), and that they had some proficiency in English. In
fact, 473 reported ‘very good’ as self-assessed proficiency, 7 ‘good’ and 1 ‘average’, but
none ‘bad’ or ‘very bad’.

Although our sample consisted only of AMT workers, which could misrepresent
the general adult population of a Western society, AMT can be considered to deliver
an acceptable representation, especially by online survey standards [Mason and Suri,
2012]. However, we are aware that using a sample of the AMT population has limi-
tations in terms of generalizability.

4.3.2 First scenario-based language-elicitation task

To obtain motivational messages, we developed a language-elicitation task where par-
ticipants received one of five versions of a scenario, each version about a different
stage of change. The participant was given one short paragraph (the scenario) in
which a person in a specific stage of change (for instance, Precontemplation) was
described and for whom participants had to design messages. The version of the
scenario that the participant received was randomized. We asked the participants to

2https://requester.mturk.com/
3https://www.surveymonkey.com/



34 | Chapter 4

imagine that they had to motivate this person to exercise. In total, participants were
asked to come up with six messages, three messages that would ostensibly be used
over a longer period of time (for example 1 year) being provided to the recipient
every other week, and three messages that would ostensibly be used over a short pe-
riod of time (for example a month) being provided three times a week. Examples of
scenarios and actual participant responses are shown in Table 4.1.

Stage of change scenario and participant-designed text message

Precontemplation: “Consider a middle-aged person, with a steady personal life and solid friend
foundation. This person lacks regular exercise in his/her daily life and is unwilling to consider
starting with this, at least not within the next 6 months.”

‚ Self-reevaluation: “You would really feel better if you started exercising regularly”

‚ Dramatic relief: “Do you really like being a muffin top?”

‚ Helping relationships: “Maybe you can get one of your friends to work out with you”

Maintenance: “Consider a middle-aged person, with a steady personal life and solid friend
foundation. This person participates in regular exercise in his/her daily life, and has been
doing so for an extended period of time. This person has been active for more than 6 months.”

‚ Self-liberation: “Keep it up!”

‚ Reinforcement management: “You have really lost a lot of weight! Keep up the good work
on your exercise!”

‚ Counterconditioning: “You can spend your time on more exercises that will remove all
your stress”

Table 4.1: Examples of two participants’ responses coded as processes of change for a scenario-
described person who is in a certain stage of change.

4.3.3 Second scenario-based language-elicitation task

To obtain motivational messages that could be used right before, during, and right
after actual exercise, we developed another scenario-based language-elicitation task
with three scenario versions. In this case, the participant received a scenario about
a fictional character during, after and before a run in three short paragraphs. These
paragraphs describe either a character that has had a good run, a run with too low
intensity, or a run with too high intensity. For all the phases in the scenario (dur-
ing, after, before), the participant was asked to design messages that could motivate
someone in that situation. The data from this second language-elicitation task has
not been used in this dissertation.

4.3.4 Voice data

To obtain the text-based motivational messages that the participants designed also as
speech data, we asked participants to record them if they had access to a microphone.
We presented participants with the 15 text-based motivational messages (6 for the
first language-elicitation task and 9 for the second language-elicitation task) they
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had designed and asked them to record it in the way they meant the message to be
heard. The participants could re-record the messages if they were not satisfied with
the result. 19 participants (of the 481) did not have access to a microphone. The final
sample of the voice data includes 464 participants (246 male). The data from this
speech-recording task has not been used in this dissertation.

4.3.5 Measures

At the start of the survey, we asked participants about their gender, age, native lan-
guage, understanding of the English language, education level, maternal education
level (as an indication of socioeconomic status [Green, 1970]) and main field of work.
Then, we presented participants with the scenario tasks of the survey and the record-
ing page for the voice data. At the end of the survey, we measured participants cur-
rent stage of change4 [Norman et al., 1998], the frequency of weekly leisure-time
physical activities (Godin Leisure-Time Exercise Questionnaire [Godin and Shephard,
1997]), perceived experiences with processes of change4 [Nigg et al., 1999], self-
efficacy4 [Benisovich et al., 1998], and decisional balance4 [Nigg et al., 1998] for
exercise. To measure participants’ personality we used the 50-item IPIP representa-
tion of the revised version of Costa and McCrae’s [Costa and McCrae, 1992] NEO
Personality Inventory5 which posed 50 statements (e.g., “Make plans and stick to
them.”). Participants were asked to answer how descriptive they found these state-
ments of themselves (on a 5-point Likert scale, 1 being “very inaccurate” and 5 being
“very accurate”). We ended the survey with a yes/no question asking if the participant
was already familiar with the Transtheoretical Model.

4.3.6 Procedure

Participants were recruited through AMT. They were informed of their compensation,
the goal of the survey and the estimated time to complete the survey. Participants
could then decide to accept or decline and proceed to the SurveyMonkey website
where the survey was hosted. There, the goal of the survey was summarized and
participants were asked to complete a consent form. The participants were then pre-
sented with the demographic questions, the first language-elicitation task, the second
language-elicitation task and the voice-recording task. Next, participants were pre-
sented the questionnaires as detailed in section 4.3.5. Afterwards, participants were
debriefed about the goals of the survey and given a completion code to fill in on
AMT to receive payment. On average, the survey took about 45 minutes to complete.
Participants were compensated with 3 US dollars for their participation.

4.4 Data analysis

The survey was distributed to 500 respondents. However, data from 19 respondents
was excluded because their questionnaires were incomplete. This is due to the possi-
bility to finish the survey on AMT, while not having completed the survey on Survey-

4http://web.uri.edu/cprc/measures/
5http://ipip.ori.org/
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Monkey. This also resulted in these respondents not filling in the completion code,
and therefore their data was excluded. The final sample we worked with included
481 respondents (250 male and 231 female) with no missing data except for the
voice data of 19 respondents (see section 4.3.4). However, recording voice data was
not a requirement to complete the survey.

For the data analysis, we are interested in the relation between personality and
the stages (H2), and between personality and the stages, and the processes of change
(H3). For the first relation, based on literature we expected that certain personality
traits scores significantly relate to self-assessed stage of change. An ordinal logistic
regression was carried out to determine the effect of the traits (OCEAN) on the self-
assessed (ordinal) stages of change. For the second relation, we expected that the
stages of change and different personalities would relate to different self-assessed
processes of change in relation to exercise, but we had no expectation specifically,
about how traits, stages and processes related. We were interested in understanding
the relations between the continuous personality trait variables (O, C, E, A and N)
of the compound variable personality and the continuous variables of the processes
of change, which we can assess with regression coefficients. Hence we carried out
multiple regression analyses.

To analyze whether the stage described in the scenarios that participants had to
design motivational messages for, influenced the type of motivational messages that
participants came up with (H1), we first need to code the messages.

To see how the content of the 2886 (481 x 6) crowdsourced peer-designed mes-
sages reflected the processes of change across the stage-scenarios (H1), we translated
the processes of change from the TTM to coding categories. We used a similar process
to MacQueen et al. [1998]. To use the coding categories, we operationalized the fairly
fluid processes of change descriptions into more fixed definitions that considered the
perspective of ‘text messages sent by a peer’. The procedure started with two coders
(coder 1 was the main investigator and author of this dissertation) separately coming
up with operationalized definitions of the processes of change for a first version of the
codebook.

The codebook was developed following the guidelines of MacQueen et al. [1998]
and Guest and MacQueen [2007] who advise structuring the codebook with (at least)
six parameters: the code, brief definition, full definition, when to use, when not to
use, and examples. We added a seventh parameter, namely the ‘perspective’, which
we defined as an alternative definition of what the process could look like in terms
of a text message. Each category (a process of change) for coding was described
in the same manner. Because the majority of the messages were only a few words
long, it was decided that only one code per message would be used. The context for
the definitions of the processes of change was the TTM in general, but also the TTM
specifically in the context of exercising. A unified codebook was defined before coding
started.

The messages were coded iteratively, independently, and without scenario infor-
mation by the two coders and afterward the coders resolved any mismatches. After
an iteration, the codebook would be updated to reflect these resolved mismatches,
and then the next round of coding would start. The first round of coding started with
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60 messages and this increased in steps to a maximum of 300 for the final round
of coding (approximately 10% of the data). The final round of coding was declared
when the coders felt they had reached a saturation point at which achieving a higher
agreement would not be feasible. The final agreement was a Cohen’s kappa of 0.72,
which is substantial [Landis and Koch, 1977].

For the next planned study (described in Chapter 5), we needed only the most
representative messages for each of the process categories. To this end, we selected
only the best representations of the processes through a follow-up coding, designed to
complement the last round of coding. The follow-up coding used a ‘certainty’ measure
along with the existing coding. This certainty measure meant that both coders would
add a certainty code to their ‘normal’ coding of the messages if they were 99% sure
about the message belonging to that particular coding category (i.e., one of the ten
processes) and that the other coder would agree with this. The messages that were
coded by coder 1 scored a Cohen’s kappa of 0.86 for the process-categories when
selecting only the messages with the certainty measure.

The remaining messages (2586 messages) were coded by one coder (coder 1),
yielding a dataset containing 2886 coded messages in total and a subset of 1433
(49.7%) messages coded with the certainty measure (examples of coded messages are
given in Table 4.1 and a snippet of the codebook in Table 4.2, for the full codebook
see Appendix A).

The motivational messages from 481 participants were used in the coding pro-
cess. It is important to note that the experimental stages of change scenarios were
not completely equally distributed: 91 participants designed motivational messages
for the Precontemplation scenario (PC-S), 93 for the Contemplation scenario (C-S),
87 for the Preparation scenario (P-S), 102 for the Action scenario (A-S), and 108 par-
ticipants for the Maintenance scenario (M-S). This means that each scenario did not
receive exactly the same amount of peer-designed messages.

To analyze whether the stage described in the scenarios that participants had to
design motivational messages for, influenced the type of motivational messages that
participants came up with (H1), a Chi-square test was carried out to see if the con-
dition (i.e., the stages) had an effect on the counts within the higher-order (i.e. the
Experiential and Behavioral) processes. At a lower level, we also looked at the distri-
bution for the ten separate processes. A Chi-square test was again performed to see if
the condition (i.e., the stages) had an effect on the counts of the processes.

4.5 Results

In this section, we present the results of the online survey and how the crowdsourced
messages fit into categories based on the processes of change. Our hypothesis was
that the stage described in the scenarios that participants have to design motivational
messages for, influences the type of motivational messages that participants come up
with (H1). We looked at what kinds of messages (process categories) and how many
of each kind people would come up with for each of the stage of change scenarios,
and whether the distribution of messages more or less aligned to our prediction: the
messages reflecting Experiential processes were expected to be more prevalent (have
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Process – Consciousness Raising/Increasing Knowledge

Coding – CR

Brief definition – Increased awareness of causes, consequences and cures for not being phys-
ical active.

Full definition – CR is a process that involves increased awareness of causes, consequences
and cures for not being physical active. The intention is increasing the knowledge of unaware
individuals with objective information.

Practical Definition – Encourage subject to read and think about physical activity (cognitive
process)

Perspectives – To start/trigger or advance the process: messages that give (objective) infor-
mation about the benefits or disadvantages of not exercising.

Inclusion – Arguments with information (mostly) facts about benefits or disadvantages for
health; (objective) confrontations with diseases; prevention for diseases.

Exclusion – Subjective arguments why people should exercising; benefits for appearance; a
proposal.

Example inclusion – “It can prevent all types of diseases like Diabetes and cancer” – “Exercise
can help you live longer” – “Exercise will help you to be healthy and fitt.”

Example exclusion – “You worked hard for everything, why not also for your health?” - This
would fit better with SR; “You will look much better; You will feel better when you exercise.”
- This would fit better with SR

Table 4.2: An example of one of the processes of change, Consciousness Raising, translated to
a coding category.

more counts) in the earlier stages compared to the later stages, while the messages re-
flecting Behavioral processes were expected to be more prevalent (have more counts)
in the later stages compared to the earlier stages. We also looked at whether the
same distribution of counts for the messages was shown for each of the separate pro-
cess categories. Moreover, we present the results of the relation between personality
and the stages, and between personality and the stages, and the processes of change.
We hypothesized that there is a relation between people’s personality and the stages
of change they are in (H2) and that there is relation between personality traits, the
stages of change and the ten processes of change (H3). Data from 481 participants
was analyzed. Important to note is that the self-assessed stages of change measure
was not equally distributed: 175 participants rated themselves to be in the Mainte-
nance stage (M), 114 in the Preparation stage (P), 91 in the Action stage (A), 68 in the
Contemplation stage (C), and 33 participants rated themselves in the Precontemplation
stage (PC).

4.5.1 Distribution of the messages over the processes (H1)

To see whether the distribution of coded messages follows our prediction, we first
looked into the higher-order Experiential and Behavioral processes. The results are
shown in Table 4.3. Of the total of 2886 messages, 800 (27.7%) are coded as Experi-
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ential processes, and 2086 as Behavioral (72.3%) processes. Table 4.3 shows that the
distribution of the higher-order processes over the stages resembles our expectation:
Experiential processes are more prevalent in the earlier stages and Behavioral pro-
cesses are prevalent in the later stages (see the “count” row of Table 4.3). The results
show that there is a significant association between the stages and higher-order pro-
cesses (χ2p4q “ 223.179, p ă .001). The values of the standardized residuals are used
to further interpret the results of the Chi-square test. The standardized residuals rep-
resent the error between the observed frequency (i.e., what the data actually shows)
and expected frequency (i.e., what the model predicts) if no relation would exist be-
tween the stages and the coded messages (null hypothesis). A positive value indicates
an overrepresentation and a negative value points to an underrepresentation. A z-
value higher than 1.96 or lower than -1.96 for either the over or underrepresentation
is considered to be significant at p ă 0.05 [Field, 2013].

The residuals show that for the Experiential processes in the Precontemplation
stage, there is a significant overrepresentation of the processes (z “ 8.9), and in the
Action and Maintenance stage there is a significant underrepresentation of the pro-
cesses (z “ ´6.0 and z “ ´6.5). For the Behavioral processes this is reversed, in the
Precontemplation stage, there is a significant underrepresentation of the processes
(z “ ´5.5), and in the Action and Maintenance stage there is a significant overrepre-
sentation of the processes (z “ 3.7 and z “ 4.0). Overall, this means that there are
more Experiential messages in the earlier stages and fewer in the later stages than the
Chi-square model predicts. Also, this means there are fewer Behavioral messages in
the earlier stages and more in the later stages than the Chi-square model predicts.

At a lower level, we also looked at the distribution for the ten separate pro-
cesses. Table 4.4 shows that the distribution of the processes over the stages some-
what resembles our expectation for some, but not all, of the processes. The re-
sults show that there is a significant association between the stages and processes
(χ2p36q “ 437.851, p ă .001). The values of the standardized residuals are used to
further interpret the results of the Chi-square test.

For the Experiential processes, Conscientiousness Raising, Dramatic Relief, Envi-
ronmental Reevaluation and Self-reevaluation show a significant trend of more counts
in the earlier stages and fewer in the later stages. The Experiential process of Social
Liberation has too few counts to interpret any results.

For the Behavioral processes, only Reinforcement Management shows a significant
trend of fewer counts in the earlier stages and more in the later. Self-liberation and
Counterconditioning both show some inclination toward this trend near the Action
stage, but decline for the Maintenance stage. Helping Relationships is more or less
equal throughout the stages and Stimulus Control displays the opposite (Experiential)
trend significantly.

Overall, the distribution over the stages for both higher-order processes is in line
with our first expectation, but when looking at the distribution of the separate pro-
cesses, the same trend is not present for all ten processes.
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Categories/Stage scenarios PC-S C-S P-S A-S M-S Total

Experiential

Count 299 177 160 92 72 800

Expected 179.6 154.7 144.7 169.6 151.4 800

Std. residual 8.93 1.8 1.3 -6.03 -6.53

Behavioral

Count 349 381 362 520 474 2086

Expected 468.4 403.3 377.3 442.4 394.6 2086

Std. residual -5.53 -1.1 -0.8 3.73 4.03

Total Count 648 558 522 612 546 2886

Table 4.3: The distribution of all the codes over the 2 higher-order process categories and 5 stages
of change scenarios. 1p ă .05, 2p ă .01, 3p ă .001

4.5.2 Relation between personality and stages of change (H2)

An ordinal logistic regression showed that the general model (OCEAN) statistically
significantly predicted the stages of change over and above the intercept-only model,
χ2p5q “ 66.526, p ă .001. Concerning the contributing factors, an increase in Ex-
traversion was associated with an increase in stage of change, with an odds ratio of
1.051 (95% CI, 1.028 to 1.075), χ2p1q “ 18.578, p ă .001. Moreover, a decrease in
Neuroticism was associated with an increase in stage of change, with an odds ratio of
0.971 (95% CI, 0.946 to 0.996), χ2p1q “ 5.091, p ă .024. The other personality traits
were not significantly (p ă 0.05) related to stage of change (see Table 4.5).

4.5.3 Relation between personality and stages and processes (H3)

In Table 4.6 the standardized regression coefficient (β) scores from our multiple re-
gression analyses are reported for the predictor variables stages of change and person-
ality traits (OCEAN), and the outcome variables of the processes of change (10 times).
The regression coefficient results suggest that different personality traits scores relate
differently to processes of change. All processes are significantly correlated to at least
one personality trait, and all personality traits are significantly related to at least one
process. It should be noted that although there are significant personality-trait-to-
process relations, the stages of change are usually a much larger predictor (this can
be seen from the standardized β reported in Table 4.6). The personality trait results
could be considered ‘nuances’ to the already existing relation between stages and
processes.

4.6 Discussion

Using theory in practice is not always easy and effective. Although there is a general
consensus on the value of most behavior change theories and more specifically the
Transtheoretical Model, there is also still plenty of room to increase the effectiveness
and salience of such theories by identifying more determinants (e.g., personality) for
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Categories/Scenarios PC-S C-S P-S A-S M-S Total

CR

Count 67 18 36 10 7 138

Expected 31.0 26.7 25.0 29.3 26.1 138

Std. residual 6.53 -1.7 2.21 -3,63 -3,73

DR

Count 33 8 13 4 1 59

Expected 13.2 11.4 10.7 12.5 11.2 59

Std. residual 5.43 -1.0 0.7 -2.41 -3.02

ER

Count 33 13 9 14 10 79

Expected 17.7 15.3 14.3 16.8 14.9 79

Std. residual 3.63 -0.6 -1.4 -0.7 -1.3

SOL

Count 2 6 1 0 2 11

Expected 2.5 2.1 2.0 2.3 2.1 11

Std. residual -0.3 2.72 -0.7 -1.5 -0.1

SR

Count 164 132 101 64 52 513

Expected 115.2 99.2 92.8 108.8 97.1 513

Std. residual 4.53 3.33 0.9 -4.33 -4.63

SEL

Count 178 168 190 221 182 939

Expected 210.8 181.6 169.8 199.1 177.6 939

Std. residual -2.31 -1.0 1.5 1.6 0.3

HR

Count 44 53 31 59 51 238

Expected 53.4 46.0 43.0 50.5 45.0 238

Std. residual -1.3 1.0 -1.8 1.2 0.9

CC

Count 49 65 49 83 43 289

Expected 64.9 55.9 52.3 61.3 54.7 289

Std. residual -2.01 1.2 -0.5 2.82 -1.6

RM

Count 40 67 72 146 187 512

Expected 115.0 99.0 92.6 108.6 96.9 512

Std. residual -7.03 -3.22 -2.11 3.63 9.23

SC

Count 38 28 20 11 11 108

Expected 24.2 20.9 19.5 22.9 20.4 108

Std. residual 2.82 1.6 0.1 -2.51 -2.11

Total Count 648 558 522 612 546 2886

Table 4.4: The distribution of the coding over the ten process categories and stages of change
scenarios with their respective counts. 1p ă .05, 2p ă .01, 3p ă .001
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Trait M SD α ratio sig CI

Openness to exp. 38.94 6.65 .77 1.015 .252 r0.989 ´ 1.042s
Conscientiousness 37.75 7.43 .89 1.025 .074 r0.998 ´ 1.055s
Extraversion 31.02 8.91 .90 1.050 .000 r1.028 ´ 1.075s
Agreeableness 38.24 6.14 .80 0.969 .057 r0.939 ´ 1.001s
Neuroticism 24.61 8.91 .90 0.971 .024 r0.946 ´ 0.996s

Table 4.5: Averages (M), standard deviations (SD), and Cronbach’s alpha’s (α) for all the con-
strued scales. Scales are added, instead of averaged to keep origin clear. Personality
scales are 10 items with scoring from 1 to 5 added up (possible scores from 10 to 50).
Ordinal regression with stage of change as dependent variable and the personality
traits (OCEAN) as independent variables. (N = 481)

PoC M SD α R2 SoC β O β C β E β A β N β

CR 8.81 3.38 .89 .246 0.3983 0.1021 0.014 0.1512 0.005 0.018

DR 9.10 3.10 .75 .112 0.2783 0.080 0.1271 0.072 -0.068 0.115

ER 10.65 2.88 .75 .071 0.087 0.1602 0.1141 0.072 0.011 0.047

SOL 10.64 2.57 .63 .121 0.087 0.064 0.1472 0.1712 0.1712 0.1431

SR 12.34 2.75 .86 .260 0.3893 0.2253 0.014 -0.010 0.1191 0.007

SEL 10.98 3.07 .82 .476 0.6193 0.0831 0.1122 0.045 0.006 -0.001

HR 7.81 3.75 .90 .194 0.2973 -0.077 0.035 0.2033 0.027 -0.046

CC 8.08 3.29 .85 .462 0.5783 -0.005 0.1462 0.1112 0.008 -0.011

RM 11.21 3.11 .84 .310 0.4413 0.1643 0.062 0.058 0.074 0.001

SC 8.30 3.45 .77 .335 0.4713 0.053 0.1151 0.1262 -0.033 -0.015

Table 4.6: Averages (M), standard deviations (SD), and Cronbach’s alpha’s (α) for all the con-
strued scales. Scales are added, instead of averaged to keep origin clear. Processes
of change are 3 items with scoring from 1 to 5 added up (possible scores from 3 to
15). Standardized regression coefficients of personality traits, stages of change and
the processes of change are reported. (N = 481) 1p ă 0.05, 2p ă 0.01, 3p ă 0.001.

specific situations (e.g., the exercise domain) and by revealing new dependencies be-
tween them. As a first step towards combining personality and behavior change the-
ory to motivate people to exercise, we explored the possibility of personality-based
tailoring of the processes of change through crowdsourcing and self-assessment mea-
sures. We conclude that personality traits (E and N) relate to the stages of change
and personality traits and the stages of change relate to preferences for certain pro-
cesses of change. In the next chapter (Chapter 5) we will explore this further in
the context of text messages representing the processes of change. The research
question we tried to answer with this study is: how can theory-based strategies be
translated into a real-world technology-based intervention? To this end, we explored
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the approach of using crowdsourcing to collect peer-designed messages. To evalu-
ate whether these crowdsourced peer-designed messages fit theoretically-grounded
behavior change strategies, we had to code the motivational messages according to
the processes of change (the behavior change strategies). Concerning the coded mes-
sages, we found that the messages that people design for different stage of change
scenarios can be reliably coded into categories of processes of change. In this section
we discuss the implications of the results separately for each hypothesis.

4.6.1 Distribution of the messages over the processes (H1)

The results of the study, after coding the crowdsourced peer-designed text messages,
showed that the stage described in the scenarios that participants had to design moti-
vational messages for, influenced the type of motivational messages that participants
came up with (H1).

The kinds of messages (process categories) people designed are different between
the stages in the same way as predicted: Experiential processes are more prevalent in
the earlier stages while Behavioral processes are more prevalent in the later stages.
Although the distribution within the higher order processes over the stages aligned
quite well with our predicted distribution, we did not have an prediction for the dis-
tribution of the number of messages between the higher order processes themselves.
It is important to note that the distribution between the higher-order processes was
skewed (2086 of 2886 were coded as Behavioral processes). Meaning that people
came up with messages fitting mostly with Behavioral processes (72, 3%). This could
mean that, in our study setup, people found it much easier to think of more ‘action-
oriented’ Behavioral messages than more ‘thinking-oriented’ Experiential messages,
or that in general people find it easier to think of more ‘action-oriented’ messages.

For the separate processes of change distributions over the stages, quite a few
processes aligned to our expectation, although also several processes did not. In-
terestingly, most of the Experiential processes followed the predicted distribution,
but not many of the Behavioral processes. The counts for the Behavioral processes
(except Reinforcement Management) are reasonably stable across all stages. One in-
terpretation could be that when someone is motivated to learn a behavior it is more
natural to start earlier with Behavioral messages as well as Experiential messages.
Also interesting is that the significant results are mostly for the Precontemplation and
Maintenance stages: an interpretation could be that this is where the behaviors are
stable, and the differences in the processes that are used largest.

We used scenarios based on the stages to collect a broad range of messages. The
scenarios included general context (middle-aged, steady personal life, solid friend
foundation) to make it realistic, which could have biased the participants, to mitigate
this bias, the text was kept the same for all scenarios and concerned less text than
the actual stage description (see Table 4.1). The coding was carried out without the
stage information of the messages. Although a Chi-square test is not optimal to test
the predicted distribution of messages, together with the message counts, this test
does show that the scenarios influence the message content. There is no ratio for
distribution over the different stages yet, so we could not do a rate comparison. We
hope this research is a first step in dealing with a ratio for the distribution of messages.
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4.6.2 Relation between personality and stages of change (H2)

The results of the study show that people’s personalities are related to their progres-
sion through the different stages of change for exercise behavior (H2), specifically
that the Extraversion trait was positively correlated with people progressing through
the stages (H2b), while the Neuroticism trait was negatively correlated with pro-
gressing through the stages (H2c), but no (positive) relation was found for the Con-
scientiousness trait (H2a). In other words, people scoring higher on Extraversion
are more likely to be progressed further into stages of behavior change, while people
scoring higher on Neuroticism are more likely to be in the earlier stages of behavior
change. No significant relation was found between Conscientiousness and the stages
of change. Although the correlations of personality traits to the stages of change are
relatively small, the results are in line with previous research on personality and phys-
ical activity [Rhodes and Smith, 2006] and considered still important for the health
context. For Extraversion and Neuroticism, which are significantly correlated to the
stages, one tentative explanation could be that people change their personality when
changing their behavior. But, because it is believed that personality is relatively tem-
porally stable [Rhodes et al., 2004], a more likely explanation is that people with low
Extraversion and high Neuroticism scores need different triggers and see different
barriers when trying to change their behavior (compared to high Extraversion, low
Neuroticism scoring people) then those addressed in current motivational technology
and programs and therefore these people have more difficulties in changing their be-
havior. This could be addressed by examining the relation between personality, the
stages, and the processes of change.

4.6.3 Relation between personality and stages and processes (H3)

Our study also shows that there are relations between different personality traits and
different processes of change they find important in relation to exercise (H3). Consci-
entiousness is related to six processes, Openness to Experience and Extraversion are
related to five, Agreeableness to two, and Neuroticism to one. Interesting to see is
that Neuroticism, which correlated negatively to the stages of change, does not (sig-
nificantly) relate to many processes. This could support our previous interpretation
that the processes believed to help people through the stages are not very appealing to
people scoring high on Neuroticism and therefore they also do not progress through
the stages. Similar results with health-promoting strategies for people scoring high
on Neuroticism were found in previous work [Halko and Kientz, 2010]. Conscien-
tiousness, which we expected to relate to the stages of change did not, but in turn
correlated to the most processes. Previous work also expected a relation between
Conscientiousness and the stages of change, but found that this was fully mediated
by the relation between Conscientiousness and certain processes [Bogg, 2008]. In any
case, the results show a relation between different processes of change and personal-
ity traits, which serves as an indication that the tailoring of processes to personality
trait preferences could be very helpful in making the messages more salient for be-
havior change. For example, referring back to the previous section, people with low
Extraversion and high Neuroticism do not seem to like the Social Liberation process
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(while high Extraversion, low Neuroticism scoring people do). However, appealing
to the social dimension, like social comparison or competition (as we discussed in
Chapter 2), is a popular technique in current motivational technology. It is important
to note that we did not correct for the alpha-inflation of our multiple (10) tests, so
the barely significant relations should be interpreted with caution.

Overall, crowd-designed TTM-informed motivational messages seems to be a promis-
ing approach to designing motivational messages that fit theoretically-grounded be-
havior change strategies. The messages reflected the processes of change. However,
we do not yet know whether people in a specific stage of change will indeed find the
TTM-tailored messages motivating as we expected.

4.7 Conclusion

As a first attempt to design motivational messages grounded in behavior change the-
ory (the TTM’s stages and processes of change), we carried out an elicitation sur-
vey that assessed the possibility of using crowdsourcing as a method to design the
motivational messages. We collected peer-designed motivational text messages and
manually coded these messages into categories based on the processes of change. We
conclude that 1) people design motivational messages that reflect the processes of
change; 2) these messages relate to the stages of change like the processes of change
do (Experiential processes prevalent in earlier stages, Behavioral processes prevalent
in later stages); and 3) we identified new dependencies between the different pro-
cesses, stages and personality traits in the context of the exercise domain.

Overall, the findings in this paper can help inform researchers designing motiva-
tional technology for long-term behavior change who: 1) look for a method to trans-
late theoretical insights to practical text messages; and who 2) want to go beyond a
one-size-fits-all strategy and design effective motivational technology that tailors to
the stage of change a user is in, but also to more individual factors, like personality.

Although there is a general consensus on the value of most behavior change theo-
ries and more specifically the TTM, there is still plenty of room to increase the effec-
tiveness and the application of such theories by designing practical implementations
of whole theories and testing these in various contexts, such as the exercise domain.

As part of a larger series of studies (described in this dissertation), we sought to
leverage HCI practices, to come to useful and practical insights about how to translate
theoretical constructs (i.e., the processes of change) to text messages and to explore
theory on behavior change from psychological research to come to useful and practi-
cal insights about how to further adapt the processes of change to (robust) user char-
acteristics (e.g., personality traits). We showed a method by which theoretical con-
structs of a behavior change theory or model (the TTM) can be translated to crowd-
designed motivational text messages. Although these results are context-dependent,
it could prove to be a valuable method for other theories, models or contexts. The
motivational text messages will be used in motivational technology, specifically in a
smartphone application, where users can receive these messages to get motivated to
exercise or to be reminded to exercise regularly (see Chapter 7). To further optimize
the effectiveness of these messages that represent the theoretically-grounded behav-
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ior change strategies, the next step (see Chapter 5) is to investigate whether there are
differences in how people evaluate these messages. These differences can then form
the basis for tailoring, by adjusting which strategies to use based on differences in
their evaluation based on the stage of change, personality or gender of the people.



5 | Evaluating peer-designed motivational
messages for physical activity behav-
ior change

In the previous chapter we introduced our approach to operationalizing and coding the
processes of change from the Transtheoretical Model as text messages. In this chapter
we evaluate a selection of five of these text messages for each of the ten processes of
change categories. Furthermore, we investigate whether there are individual differ-
ences in how people evaluate these messages that can be used to tailor to, like their
stage of change, personality and gender.

This chapter is based on two publications:

de Vries, R. A. J., Truong, K. P., Kwint, S., Drossaert, C. H. C., & Evers, V. Crowd-
Designed Motivation: Motivational Messages for Exercise Adherence Based on
Behavior Change Theory. In Proceedings of the 2016 CHI Conference on Human
Factors in Computing Systems. (pp. 297-308). ACM. [de Vries et al., 2016b]

de Vries, R. A. J., Truong, K. P., Zaga, C., Li, J., & Evers, V. A Word of Advice:
How to Tailor Motivational Text Messages Based on Behavior Change Theory
to Personality and Gender. Theme Issue: Supporting a Healthier Lifestyle with
e-Coaching systems of the journal Personal and Ubiquitous Computing. (pp. 675-
687). Springer International Publishing. [de Vries et al., 2017a]

5.1 Introduction

In the previous chapter we took a step towards translating behavior change theories
and models into concrete interventions by crowdsourcing motivational text messages
and coding these text messages into motivational strategies based on existing behav-
ior change theory. The preferred next step would be to evaluate these messages in
terms of their effectiveness. This is usually determined through a long-term in-the-
wild study. However, long-term in-the-wild studies are usually resource expensive to
set up and carry out. Therefore, a more feasible and practical approach was chosen
to get a first impression of how the messages are perceived: an evaluation survey
study. This approach gives us the opportunity to evaluate, with a large participant
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sample, a selection of messages (and the strategies that these messages represent) on
how the messages are perceived, without the drawbacks of doing an in-the-wild study.
Moreover, this approach also allows us to investigate the relation between our mes-
sages and the characteristics of interest that we would want to tailor to. Therefore,
the next question is, what characteristics should one tailor an exercise application’s
theory-based motivational strategies to?

Also in the previous chapter, we explored the relationship between the processes
of change and personality, both measured through a questionnaire. Moreover, in
Chapter 3 we discussed how both personality and gender are individual differences
found to relate to physical activity. In this chapter, we will explore how motivating
people perceive the processes-of-change-aligned text messages to be in context of the
stage of change they are in, but also how other user characteristics influence how
motivating the processes-of-change-aligned text messages are perceived.

We make the following contributions: 1) we find that how motivating people per-
ceive the processes-of-change-aligned text messages to be in context of the stage of
change they are in, is different from how the processes are theoretically aligned per
stage; 2) we find that the personality of a person (operationalized by their personality
traits) influences how motivating the different processes-of-change-aligned text mes-
sages are perceived; and 3) we find that the gender of a person also influences how
motivating the different processes-of-change-aligned text messages are perceived.

The chapter is outlined like this: first we discuss the hypotheses (section 5.2), and
the method (section 5.3). Next we discuss the data analysis (section 5.4) and we then
continue with the results of the analyses on how motivational messages are perceived
(section 5.5). We end the chapter with a discussion (section 5.6) and a conclusion
(section 5.7).

5.2 Hypotheses

In previous chapters we have discussed that designing and developing effective mo-
tivational technology to empower people to change or maintain their behavior is a
challenge. To address this challenge, we decided to base the motivational strategies
we want to use on existing behavior change theory and to tailor these strategies to
characteristics of the user to increase the effectiveness of the strategy. In the previ-
ous chapter (Chapter 4) we operationalized and coded the processes of change from
the Transtheoretical Model as text messages. To increase the impact of motivational
strategies, we argue that tailoring is important and that more factors need to be con-
sidered when tailoring behavior change strategies to users. The next step is to see
whether certain individual differences can be used to tailor theory-based motivational
strategies to. That is what the second research question for this dissertation (see sec-
tion 1.2) focuses on.

RQ2: How does tailoring the intervention to individual differences influence people’s mo-
tivation for physical activity?
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In this chapter, we present our evaluation of a selection of the text messages rep-
resenting the ten processes of change (the behavior change strategies), and their
relation to several user characteristics, namely the stage of change, personality and
gender of the participant. For the relation between the text messages representing
the ten processes of change and the participants stage of change, we expect that:

H1: The stage of change participants are in relates to how motivating they find the
text messages that are aligned to the processes of change.

Specifically, given that we use the TTM in the context of exercise, we expect,
based on the findings of Marcus et al. [1992], that the Experiential processes (see
Table 3.2) are rated as more motivating (than the Behavioral processes) in the earlier
stages of change, peak in the Action stage and decline in the Maintenance stage, while
the Behavioral processes peak in the Action stage, but do not decline in the Mainte-
nance stage. This means that, for example, a person in the Precontemplation stage
would find the processes-of-change-aligned text messages of Consciousness Raising,
Dramatic Relief, Environmental Reevaluation, Social Liberation and Self-reevaluation
(all Experiential processes) more motivating than other processes, while a person in
the Maintenance stage would find the processes-of-change-aligned text messages of
Self-liberation, Helping Relationships, Counterconditioning, Reinforcement Manage-
ment, and Stimulus Control (all Behavioral processes) more motivating than other
processes. For the other individual differences, based on the discussed literature in
Chapter 3, we expect that both factors, personality and gender, will influence how
motivating the text messages representing the certain processes are rated. Therefore,
we expect that:

H2: People’s personality influences how motivating they find the text messages that
are aligned to the processes of change.

H3: People’s gender influences how motivating they find the text messages that are
aligned to the processes of change.

However, because there is no existing work on evaluating these text messages
representing the processes in relation to personality or gender, we have no specific
expectations as to how personality and gender will influence the evaluation of the
text messages and the text message categories.

5.3 Survey: evaluating motivational messages

To investigate how motivating the messages representing the processes of change
would be rated, we designed an online survey study. The survey was carried out
through Amazon Mechanical Turk1 (AMT) on SurveyMonkey2.

1https://requester.mturk.com/
2https://www.surveymonkey.com/



50 | Chapter 5

5.3.1 Participants

The sample consisted of 350 respondents. The study was conducted in English. All
but 5 respondents were native English speakers, their data was not found anomalous
and was kept.

The minimum age was 20 and the maximum was 71. The average age was 36.53

(SD “ 11.83) and the median 34. With respect to education, 106 respondents re-
ceived some college education, 142 had a college degree, 35 completed a masters,
59 completed high school, 5 obtained a PhD and 3 had other types of qualifications.
To ensure consistency and a high quality of responses, the AMT requirements for the
respondents were that they should have already completed ą1000 tasks on AMT,
that ą98% of these tasks were approved successfully and that the participants were
located in the United States. These requirements ensured that participants were al-
ready familiar with online surveys, that they were serious about filling in the survey
and that they had some proficiency in English. In fact, 342 reported ‘very good’ as
self-assessed proficiency and 8 ‘good’, and none ‘average’, ‘bad’ or ‘very bad’.

5.3.2 Task

In the survey, people evaluated 50 motivational text messages (five messages for each
of the ten strategies, see Table B.1 in Appendix). The 50 motivational text messages
were selected at the author’s discretion, and selections were made based on how un-
ambiguously the messages represented the process, yet also did not overlap in content
too much between each other. We asked them to rate each message according to how
motivating they thought the message was for them (“Please rate how motivating or
demotivating you find the following messages for yourself.”) with context to consider
(“The intended context for the messages is that you would receive them in day to
day life, the sender of the messages is not specific, but could be considered someone
who wants the best for you as a person, like a friend or personal coach.”). All the 50
messages were presented together on one page and the order of the messages was
randomized for each participant. The messages were rated on a scale from 1 (“Very
demotivating”) to 5 (“Very motivating”) with 3 as the neutral position (“Neither de-
motivating nor motivating”).

5.3.3 Measures

At the start of the survey, we asked the participants about their gender, age, native
language, understanding of the English language, education level, maternal educa-
tion level (as an indication of socioeconomic status [Green, 1970]) and main field
of work. After, we presented participants with the specific task of this survey: rat-
ing the 50 text messages. At the end of the survey, we asked participants informa-
tion about when they would prefer to receive messages such as these, how many of
such messages they would prefer to receive weekly, and whether they had experience
with smartphones and exercise apps. Moreover, we measured people’s susceptibil-
ity to persuasion [Kaptein et al., 2012], and their current stage of change3 [Norman
et al., 1998], perceived experiences with processes of change3 [Nigg et al., 1999],
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self-efficacy3 [Benisovich et al., 1998], and decisional balance3 [Nigg et al., 1998]
for exercise. To measure participants’ personality we used the 50-item IPIP repre-
sentation of the revised version of Costa and McCrae’s [Costa and McCrae, 1992]
NEO Personality Inventory4 which posed 50 statements (e.g., “Make plans and stick
to them.”). Participants were asked to answer how descriptive they found these state-
ments of themselves (on a 5-point Likert scale, 1 being “very inaccurate” and 5 being
“very accurate”).

5.3.4 Procedure

Participants were recruited through AMT. They were informed of their compensation
(3 US dollars), the goal of the study (finding out which text messages are motivat-
ing), and the estimated time to complete the survey (35 minutes). Participants could
then decide to accept or decline and proceed to the SurveyMonkey website were the
survey was hosted. On the first page, the goal of this study was repeated and partic-
ipants were asked to complete a consent form. On the second page, the participants
were asked to fill in demographic information. On the third page, information about
the messages and instructions on how to rate the messages was given. On the fourth
page, context for rating the messages was provided and they were given 50 motiva-
tional messages to rate. On the pages five through sixteen, they were given multiple
questionnaires. At the seventeenth and last page, participants were debriefed and
given a completion code to fill in on AMT to receive payment.

5.4 Data analysis

We looked at whether the selection of our coded message categories were evaluated as
internally consistent and if our measure of personality was reliable. Assuming that the
coded messages we selected represented the processes well, and the coded messages
we selected for each process (five for each process) were evaluated as internally con-
sistent, this would mean that the coded messages we selected for each process were
representative of our developed categories, which is shown in Table 5.2 through the
reliability of the coded message categories. The reliability of the measures was over-
all very good. The only disputable measure was that of Counterconditioning, with a
Cronbach’s alpha of .68 which we still found acceptable (and also comparable to other
relevant work [Marcus et al., 1992] where they had this score for Social Liberation).
Otherwise, the reliability scores were between .72 and .88. The internal reliability of
the personality traits was overall very good (see Table 5.1).

We also looked at whether the motivational messages were evaluated in the same
way that the processes relate to the stages of change (in the context of exercise):
the Experiential processes were expected to be rated as more motivating in the earlier
stages of change, peak in the Action stage and decline in the Maintenance stage, while
the ratings of the Behavioral processes were expected to also peak in the Action stage,
but not decline in the Maintenance stage (H1). We carried out separate univariate

3http://web.uri.edu/cprc/measures/
4http://ipip.ori.org/
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Trait M SD α

Openness to experience 3.77 0.77 .84

Conscientiousness 3.83 0.77 .91

Extraversion 2.97 0.92 .92

Agreeableness 3.82 0.68 .86

Neuroticism 2.43 0.92 .92

Table 5.1: Averages (M), standard deviations (SD), and Cronbach’s alpha’s (α) for all the scales.
Personality scales are 10 averaged items with scoring from 1 to 5. (N = 350)

Category M SD α

Consciousness Raising 3.75 0.66 .76

Dramatic Relief 3.02 0.94 .82

Environmental Reevaluation 3.13 0.97 .88

Social Liberation 3.15 0.69 .73

Self-Reevaluation 3.67 0.69 .73

Self-Liberation 3.74 0.59 .72

Helping Relationships 3.69 0.67 .74

Counterconditioning 3.51 0.61 .68

Reinforcement Management 3.86 0.70 .85

Stimulus Control 3.21 0.65 .73

Table 5.2: Averages (M), standard deviations (SD), and Cronbach’s alpha’s (α) for all the scales.
Scales are averaged. Process-categories scores are based on 5 messages with scor-
ing from 1 to 5 averaged.

analyses of variance (ANOVA) with the stages as predictor variable and the process
categories as separate outcome variables (i.e., CR, DR, ER, SOL, SR, SEL, HR, CC, RM
and SC) to see if the process categories differed over the stages. To see between which
stages these processes of change differ significantly, we performed post hoc tests with
Bonferroni corrections.

To test whether personality traits; gender; the text message categories; the in-
teraction between personality traits and the message categories; and the interaction
between gender and the message categories influenced the ratings of the text mes-
sages (H2 and H3), we ran a linear mixed-effects model analysis in R [Team, 2016]
with the lme4 package [Bates et al., 2015] and the lmerTest package [Kuznetsova
et al., 2016] to calculate the significance of the differences. The contribution of the
variables were assessed using the AIC and BIC scores, where a smaller number indi-
cates a better fit. An analysis of variance comparison of the incrementally built models
is reported in Table 5.3 (built with xtable package [Dahl, 2016]). We followed the
AIC score because we selected a fair number of parameters for the model, and the AIC
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Df AIC BIC logLik deviance Chisq Chi Df Pr(ąChisq)

0 4 45613.35 45644.43 -22802.67 45605.35

..1 13 45577.51 45678.52 -22775.75 45551.51 53.84 9 0.0000

..2 18 45566.25 45706.11 -22765.13 45530.25 21.25 5 0.0007

..3 19 45558.90 45706.53 -22760.45 45520.90 9.35 1 0.0022

..4 64 45452.53 45949.80 -22662.26 45324.53 196.37 45 0.0000

..5 73 45143.27 45710.48 -22498.63 44997.27 327.26 9 0.0000

Table 5.3: An analysis of variance comparison of incrementally built models. Starting from the
baseline model (0), consisting of Rating „ (1|RespondentID) + (1|Message), added
effects are described in the table: Category (1), O C E A N (separate traits) (2), Gender
(3), O C E A N:Category (interaction effect, 4), and Gender:Category (interaction effect,
5). Model fit reported as scores of AIC and BIC, smaller scores means better fit.

does not penalize the number of parameters as strongly as BIC [Burnham and Ander-
son, 2004]. Our final model with the smallest AIC score included the motivational
rating of the text messages as the outcome, and the categories of the text messages
(processes of change), personality traits, gender, the interaction between personality
traits and the categories and the interaction between gender and the categories as
fixed effects, and participants and messages as random effects.

5.5 Results

In this section, we present the results of the online evaluation survey for a selection of
the text messages representing the ten processes of change (our behavior change
strategies), and their relation to several user characteristics, namely the stage of
change, personality and gender of the participant. Our hypothesis was that the stage
the participant is in influences how motivating they find certain processes-of-change-
aligned text messages (H1). We looked at how motivating people perceived the text
messages across stages of change. We also hypothesized that there is a relation be-
tween people’s personality (H2) and gender (H3) and processes-of-change-aligned
text messages they find motivating. It is important to note that for this study, we
measured the self-assessed stages of change, which were not equally distributed: 120
participants rated themselves to be in the Maintenance stage (M), 94 in the Prepara-
tion stage (P), 73 in the Contemplation stage (C), 46 in the Action stage (A), and 17
participants rated themselves in the Precontemplation stage (PC).

5.5.1 Relation between stages of change and processes-of-change message cat-
egories (H1)

The coded messages somewhat followed the expectation of the processes aligning to
the stages in a similar way to Marcus et al. [1992] (H1), as is shown by the ratings
given to the process categories for each stage of change (see Figure 5.1). We found
that there are peaks for all Experiential and Behavioral processes in the Action stage
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Figure 5.1: Bar charts with the averages (M), standard deviations (SD), F-statistics and p-values
for all coded message categories. On the left, all Experiential process categories; on
the right, all Behavioral process categories. Messages rated on a scale from 1 (“Very
demotivating”) to 5 (“Very motivating”) with a 3 as neutral (“Neither demotivating nor
motivating”). N = 350, PC = Precontemplation (N = 17), C = Contemplation (N = 73),
P = Preparation (N = 94), A = Action (N = 46) and M = Maintenance (N = 120)
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Compared stages

Cat. PC ´ P PC ´ A PC ´ M C ´ P C ´ A C ´ M

CR Ñ Ñ ñ ñ ñ
DR ñ ñ
ER ñ
SOL ñ
SR Ñ ñ ñ
SEL Ñ Ñ
CC ñ ñ ñ ñ
RM ñ Ñ ñ
SC Ñ Ñ Ñ Ñ

Table 5.4: Post hoc analyses for the coded messages categories and the stages. Only significant
stage-to-stage post hoc test results are displayed. Arrows represent significant mean
differences between stage X ´ Y , meaning there is a significant increase in average
rating from stage X to Y . Ñ represents p ă 0.05, ñ represents p ă 0.01

and that the Behavioral processes are rated as more motivating in the later stages.
But, the Experiential processes are not rated as more motivating in the earlier stages
(Dramatic Relief and Environmental Reevaluation are even rated as demotivating in
the earlier stages) and although there is a decline for Experiential processes in the
Maintenance stage, the same decline is also found for the Behavioral processes.

As can be seen in Figure 5.1, all process categories differ significantly along the
stages of change (all nine p ă .05) except for the Helping Relationships category.
This indicates that for these process categories, the scores differ significantly when
compared between the stages of change. In Figure 5.1 we can observe the direction
of the relations in the reported means for all the stages. The post hoc test results
for the significant process categories (all but the Helping Relationships category) are
shown in Table 5.4. As can be seen, it is mostly the Precontemplation stage that differs
from the Action and Maintenance stage and the Contemplation stage that differs from
the Action stage.

Overall, when looking at the average ratings over the stages it is clear that: the
peak for all processes is in the Action stage, which is what we expected. There are no
higher ratings for the Experiential processes than for the Behavioral processes in the
earlier stages; in fact, two Experiential processes (Dramatic Relief and Environmental
Reevaluation) have negative ratings in the Precontemplation stage, and the decline
in the Maintenance stage is there for Experiential but also for Behavioral processes,
which is both not what we had expected.

5.5.2 Results of the linear mixed-effects model analysis

For the linear mixed-effects model analysis, we report on a summary of the model (see
Table 5.5, 5.6, and 5.7) with the Consciousness Raising (CR) category as reference
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Random effects variance SD

RespondentID (Intercept) 0.235 0.485

Text Message (Intercept) 0.055 0.234

Residual 0.720 0.848

Table 5.5: The variance and standard deviation of the random effects of the model: participants
and text messages. Number of observations: 17500, number of respondents: 350,
number of text messages: 50.

level (benchmark to which to compare the scores of the other categories relatively).
To make the intercept more interpretable, we centered the personality traits by sub-
tracting the mean score of each trait for all scores in each trait. This means that the
intercept score is now the score on the reference level (CR) while all other factors
are zero, meaning a gender of zero (male) and personality scores of zero (meaning
sample average).

5.5.2.1 Main effects

For the main effects, participants who scored higher on Openness scored higher on
the motivational rating for the CR category (intercept reference level). Participants
who scored higher on Agreeableness scored higher on the motivational rating for CR,
and females scored significantly lower on the motivational rating for CR category
(Table 5.6).

5.5.2.2 Interaction effects

For the interaction effects, we see, for example, that there was no statistical evidence
that participants who scored higher or lower on Openness also scored higher or lower
on the motivational rating for CC messages, compared to CR messages (reference
level), but the participants who scored higher on Openness did score significantly
lower on the motivational rating for all the other message categories compared to CR.
Also, there was no statistical evidence that participants who scored higher or lower
on Conscientiousness also scored higher or lower on the motivational rating of CR
messages (from Table 5.6), but participants who scored higher on Conscientiousness
did score significantly lower on the motivational rating for DR messages compared to
CR messages (see Table 5.7 for these and more significant interaction effects).

5.5.3 Main effects with different reference levels

However, we are interested in the direct relation between all the categories and the
personality traits, and all the categories and gender, not in the relations in compar-
ison to the reference level category CR. The summary of the model does report on
the relationship between categories and the personality traits and gender through the
interaction estimates, because the estimate for a personality trait and a selected cat-
egory other than the reference category is equal to the estimate of that trait for the
reference category plus the estimate for the interaction between that trait and the
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Fixed effects Estimate Std. Error t-value

(Intercept) 3.8413 0.113 33.925

DR -0.6043 0.153 -3.961

ER -0.4342 0.153 -2.846

SOL -0.6553 0.153 -4.293

SR -0.061 0.153 -0.401

SEL -0.152 0.153 -0.999

HR -0.120 0.153 -0.786

CC -0.3191 0.153 -2.094

RM -0.024 0.153 -0.157

SC -0.6033 0.153 -3.951

Openness 0.1492 0.046 3.260

Conscientiousness 0.012 0.057 0.216

Extraversion -0.027 0.046 -0.586

Agreeableness 0.2623 0.063 4.127

Neuroticism 0.085 0.053 1.612

Gender (female) -0.2192 0.070 -3.141

Table 5.6: The estimates and standard error of the fixed effects of the model: process-categories,
personality traits, and gender. Significant effects reported for 1p ă 0.05, 2p ă 0.01,
3p ă 0.001.

selected category. However, this does not incorporate the significance of the relation
between a trait and a category, only the significance of the relation between a trait
and a category compared to the reference level category. To illustrate this: as stated in
section 5.5.2.2, there was no statistical evidence that participants who scored higher
or lower on Conscientiousness also scored higher or lower on the motivational rating
of CR messages (Table 5.6), but participants who scored higher on Conscientiousness
did score significantly lower on the motivational rating for DR messages compared to
CR messages (Table 5.7). This could perpetrate the idea that there is a significant rela-
tion between scoring higher on Conscientiousness and scoring lower on DR messages.
However, based on “post-hoc” tests (i.e., changing the reference level), participants
who scored higher on Conscientiousness did not score significantly lower on the mo-
tivational rating of the DR message category (see column C, row DR in Table 5.8).
Therefore, to see how significant the main effects of personality and gender were on
the other nine categories (H2 and H3), we ran the same model again with changed
reference levels (see Table 5.8). Note that the first row of Table 5.8 reports identi-
cal estimates to estimates reported for the personality traits and gender in Table 5.6,
where we also report the standard error.
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Fixed eff. Estimate Std. Error t-value Fixed eff. Estimate Std. Error t-value

(Intercept) 3.8413 0.113 33.925

DR:O -0.1813 0.040 -4.542 DR:C -0.1011 0.050 -2.026

ER:O -0.2533 0.040 -6.358 ER:C 0.018 0.050 0.359

SOL:O -0.1282 0.040 -3.224 SOL:C -0.087 0.050 -1.741

SR:O -0.1373 0.040 -3.453 SR:C -0.014 0.050 -0.280

SEL:O -0.1383 0.040 -3.460 SEL:C -0.043 0.050 -0.858

HR:O -0.1282 0.040 -3.233 HR:C 0.038 0.050 -0.766

CC:O -0.052 0.040 -1.316 CC:C -0.001 0.050 -0.024

RM:O -0.0871 0.040 -2.188 RM:C -0.054 0.050 1.080

SC:O -0.1743 0.040 -4.375 SC:C -0.072 0.050 -1.442

DR:E 0.034 0.040 0.847 DR:A -0.1843 0.055 -3.324

ER:E 0.043 0.040 1.083 ER:A 0.007 0.055 0.134

SOL:E 0.1553 0.040 3.891 SOL:A -0.1532 0.055 -2.762

SR:E 0.073 0.040 -0.401 SR:A -0.066 0.055 -1.195

SEL:E 0.1152 0.040 2.882 SEL:A -0.1111 0.055 -2.002

HR:E 0.001 0.040 0.031 HR:A -0.106 0.055 -1.906

CC:E 0.0821 0.040 2.065 CC:A -0.1843 0.055 -3.316

RM:E 0.1011 0.040 2.548 RM:A -0.1401 0.055 -2.530

SC:E 0.1493 0.040 3.731 SC:A -0.1151 0.055 -2.068

DR:N -0.1482 0.046 -3.230 DR:G (♀) -0.3193 0.061 -5.260

ER:N -0.1653 0.046 -3.588 ER:G (♀) -0.4523 0.061 -7.447

SOL:N -0.1081 0.046 -2.365 SOL:G (♀) -0.1211 0.061 1.996

SR:N -0.082 0.046 -1.791 SR:G (♀) -0.045 0.061 -0.735

SEL:N -0.073 0.046 -1.593 SEL:G (♀) 0.3543 0.061 5.833

HR:N -0.1051 0.046 -2.296 HR:G (♀) 0.1441 0.061 2.381

CC:N -0.066 0.046 -1.446 CC:G (♀) 0.1832 0.061 3.024

RM:N -0.076 0.046 -1.656 RM:G (♀) 0.3153 0.061 5.196

SC:N -0.1141 0.046 -2.478 SC:G (♀) 0.1612 0.061 2.652

Table 5.7: The estimates and standard error of the fixed interaction effects of the model: process-
categories, personality traits, and gender. Significant effects reported for 1p ă 0.05,
2p ă 0.01, 3p ă 0.001.
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Cat. O est. C est. E est. A est. N est. G est.

CR 0.1492 0.012 -0.027 0.2623 0.085 -0.2192

DR -0.032 -0.088 0.007 0.078 -0.063 -0.5373

ER -0.1041 0.030 0.016 0.2703 -0.080 -0.6703

SOL 0.021 -0.074 0.1282 0.109 -0.024 -0.098

SR 0.011 -0.002 0.046 0.1962 0.003 -0.2633

SEL 0.011 -0.030 0.088 0.1511 0.012 0.135

HR 0.020 0.050 -0.026 0.1571 -0.020 -0.074

CC 0.0961 0.011 0.055 0.079 0.019 -0.035

RM 0.062 0.066 0.075 0.122 0.009 0.096

SC -0.025 -0.059 0.1212 0.1471 -0.029 -0.058

Table 5.8: The estimates of the main effects of the model with category levels as reference levels
and personality (O, C, E, A, and N), and gender (G). Significant effects reported for
1p ă 0.05, 2p ă 0.01, 3p ă 0.001.

5.5.3.1 Relation between personality and processes-of-change message categories (H2)

We investigated the relations between the personality traits variables (O, C, E, A, and
N) and the process-categories on the motivational rating of the text messages (H2).
We conducted “post-hoc” tests (i.e., changing the reference level) because it is not
possible to determine from the basic lmer test summary whether significant relations
corresponding to interaction effects are simply null effects or effects in the opposite
direction to the main effect. In Table 5.8, the estimate scores are reported for the per-
sonality traits (OCEAN) and the process-categories (10 times as reference category).
The p-values suggest that the personality traits O, E and A significantly relate to eight
of the process-categories. There was a significant positive relation between Openness
and the rating of CR and CC, and a significant negative relation between Openness
and ER. There was a significant positive relation between Extraversion and the rating
of SOL and SC. And, there was a significant positive relation between Agreeableness
and the rating of CR, ER, SR, SEL, HR, and SC. This shows that the use of these eight
process-categories (CR, ER, SOL, SR, SEL, HR, CC, and SC) could be adapted to how
people score on the personality traits of O, E and A.

5.5.3.2 Relation between gender and processes-of-change message categories (H3)

We investigated differences in ratings of text message categories between males and
females (H3) (see Table 5.8). The reference category for gender is male. CR, DR,
ER, and SR messages were more motivating to male participants than female partici-
pants, because the estimate is significantly negative. This shows that the use of these
four Experiential process-categories (CR, DR, ER, and SR) could be adapted to which
gender people identify themselves as (male or female).
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5.6 Discussion

In this section, we discuss how people evaluated motivational messages with the re-
sults of the analyses, considerations for behavior change technology design, and the
limitations of our current work. The selection of coded messages to represent the
process categories showed very good reliability. Therefore, the five messages we se-
lected for each category were a good fit for the process of change they represented.
Overall, using crowdsourcing to design motivational messages for behavior change
seems practical, easy, and sufficient.

5.6.1 Relation between stages of change and processes-of-change message cat-
egories (H1)

We also found that the motivational rating of coded messages of the participants
did not entirely match our expectation of processes over stages (H1). Specifically,
that the messages representing the Experiential processes were not rated as more
motivating in the earlier stages of change, although they did peak in the Action stage.
And although the messages representing the Behavioral processes were rated as more
motivating in the later stages of change and peaked in the Action stage, they did
decline in the Maintenance stage. To investigate further we looked at where the
significant differences between the stages were for all the processes. It is important
to note that we did not correct for the alpha-inflation of our multiple (10) tests, so
the barely significant relations (such as ER, SOL, and RM) should be interpreted with
caution.

Even though the Experiential processes were not rated more motivating than the
Behavioral processes in the earlier stages of change and the Behavioral processes did
decline in the Maintenance stage, the broader trend for Experiential and Behavioral
processes was found (both peak in the Action stage). This general trend is also shown
in the post hoc test results (see Table 5.4), where four of the five Experiential pro-
cesses (not Environmental Reevaluation) show significant differences between the
Action stage and the Precontemplation stage, and between the Action stage and the
Contemplation stage. Moreover, the post hoc test results on Experiential processes
showed twelve significant mean differences and eight of those were in relation to the
Action stage. The Behavioral peak was also found in the Action stage. The post hoc
test results for the four significant Behavioral processes (not Helping Relationships),
showed differences between the Action stage and the Precontemplation and Contem-
plation stage, but also between the Maintenance stage and the Precontemplation and
Contemplation stage. The latter could be an indication that, even though there is a
decline in the Maintenance stage for the Behavioral processes, overall, the Behavioral
processes are still relevant in the Maintenance stage.

It is important to note that for this study, it was possible for people to rate mes-
sages on the demotivating end of the spectrum. We did this on purpose, to see if
there might be messages we definitely should avoid for certain stages. The results
for Dramatic Relief, Environmental Reevaluation and Stimulus Control actually show
that they were rated as demotivating in the Precontemplation stage, and Dramatic
Relief also in the Contemplation stage (as can be seen in Figure 5.1). In fact, none of
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the processes are rated as highly motivating for the early stages. One reason may be
that unmotivated people do not find the processes they should go through to change
motivating, even though it is still required for behavior change. Another reason may
be that they are unmotivated because they do not easily find something motivating.

5.6.2 Relation between personality and processes-of-change message categories
(H2)

We found a number of significant relations between the ratings of the text message
process-categories and personality traits (H2), and in this section we discuss how to
interpret and use these results. Specifically, we found significant relations between
process-categories CR, ER (inverse relation), and CC and the personality trait Open-
ness, significant relations between process-categories SOL and SC and the personality
trait Extraversion, and significant relations between process-categories CR, ER, SR,
SEL, HR, and SC and the personality trait Agreeableness. These significant relations
indicate that personality plays a role in how motivational the text messages are per-
ceived. In other words, people scoring high on Openness found CR text messages to
be more motivating, ER text messages to be less motivating and CC text messages
to be more motivating. People scoring high on Extraversion found SOL and SC text
messages to be more motivating, and people scoring high on Agreeableness found CR,
ER, SR, SEL, HR, and SC text messages to be more motivating. These personality trait
findings indicate that, when choosing motivational strategies or interventions for be-
havior change technology for physical activity, it is important to take into account the
personality of the user, because strategies can be perceived differently than expected,
potentially leading to counterintuitive results.

Overall, Agreeableness was related to the most processes (six in total). This is
somewhat similar to the results of Alkı̧s and Temizel [2015], where they found Agree-
ableness to be the most susceptible to their six persuasion strategies (i.e., authority,
reciprocation, scarcity, liking, commitment and consensus). On the other hand, they
found Openness to Experience to be the least susceptible to these strategies, which is
not reflected in our results. Their strategies are also not identical to our processes of
change text messages strategies. To the best of our knowledge, this is the first effort
to translate the processes of change to operationalized text messages, therefore exact
comparison is not possible.

It is interesting to note that these results are different from our previous chapter
(Chapter 4), where we investigated the relation between personality and the pro-
cesses of change through a questionnaire measuring the everyday experiences with the
processes, in contrast to our current work where we investigate the relation between
personality and the processes of change through rating text messages representing the
processes on how motivating the messages are. Although the factors we incorporated
are not exactly equal, making comparison difficult, in our previous work, we found
mostly different relations between the traits and the processes, and Conscientiousness
was related to the most processes (six in total).

An explanation could be that our text messages representing the processes are not
good representations of the complex processes of change and that is why the results
do not match up to the processes of change through a questionnaire. Representing
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the processes of change through ‘simple’ text messages may not cover the complexity
of a process. But, with our rigorous coding following the guidelines of Guest and
MacQueen Guest and MacQueen [2007]; MacQueen et al. [1998], who also used
this to develop a codebook for the processes of change from the TTM [Guest and
MacQueen, 2007, p. 120], and with decent reliability of the categories (see Table 5.2),
we have tried to mitigate this.

Another explanation for the difference between our current results and our pre-
vious results could be that the processes of change questionnaire asks for the par-
ticipants recent experience with this process (e.g., “I look for information related to
exercise.”; 1: Never – 5: Repeatedly). This alludes to how relevant the process is or
could be for the participant (consciously or subconsciously). This relevance (or irrel-
evance) in turn could suggest the experimenter that this process could be a good way
to try to stimulate the participant. On the other hand, our evaluation of the process
of change messages asks the participant to rate how motivating they think this mes-
sage is for their current situation (e.g., “Exercise will help clear your mind and reduce
stress.”; 1: Very demotivating – 5: Very motivating), which pushes them to think very
consciously about how motivated they would be by this message if they received it.
In that sense, it is interesting that in our previous results Conscientiousness (often
associated with following norms and rules, planning, organizing [John et al., 2008])
played a greater role in terms of correlation to the experience of processes (through
the questionnaire), while in this research it is Agreeableness (often associated with
being more cooperative, compliant, trusting [John et al., 2008]) that plays a greater
role in terms of correlation to how motivating the text messages processes are rated.
The difference being that one does not have to be motivated by a process to expe-
rience it or consider it valuable to experience. You can schedule your exercise time
because it is a valuable way to get yourself to exercise, but you do not have to find
it motivating. Similarly, you can find messages on scheduling workouts motivating
because they are valuable in getting (or reminding) yourself to exercise, while you
are not (too) conscious about scheduling exercise yourself.

5.6.3 Relation between gender and processes-of-change message categories (H3)

Of the ten categories, we found four to be significantly related with gender (H3). All
four of these significant differences indicated that male participants found the text
messages of these process-categories more motivating (i.e., CR, DR, ER, and SR) than
the female participants. It is interesting to note that these were all Experiential pro-
cesses, meaning that these processes focus on influencing the experiences related to
the physical activity behavior change. Overall, these gender findings indicate that
when choosing motivational strategies or interventions for behavior change technol-
ogy for physical activity, it is also important to take into account the gender of the user,
because strategies can be perceived differently than expected, specifically strategies
that try to motivate people by appealing or referring to experiences.

In comparison to related work, the results are not in line with previous research.
For example, Kristan and Suffoletto [2015] found that overall women responded most
favorably to all their feedback messages (divided into informational, motivational or
strategy facilitating). Busch et al. [2016] found males to be more motivated by com-
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parison and competition strategies, but unfortunately comparison and competition
strategies do not relate directly to any of the Experiential strategies we found more
motivating for males.

Overall, the differences found in our results suggest that it is important to take into
account the gender of the person engaging in behavior change, especially in regard
to the (Experiential) process-categories that usually are associated with the earlier
stages of behavior change, but we should be careful in generalizing these results (also
those related to the personality traits) further than our study, due to the lack of other
research with similar findings. In terms of findings for our system, it means that
the use of these four process-categories (CR, DR, ER, and SR) could be adapted to
the gender people identify themselves with, especially for the process-categories of
DR and ER, which are evaluated demotivating by females, but slightly motivating by
males. The current results are obtained with the same messages, and the messages
are in the same form, as how we intend to use them for our technology and therefore
the relations we observed can be the foundation for tailoring system behavior.

5.6.4 System design considerations

We interpret the results as an indication of the need for tailoring (to personality and
gender, and somewhat to stage), but, in the context of how long behavior change can
take, also of the need for having multiple strategies to tailor to the user. From a differ-
ent perspective, the results could also be interpreted as needing only a few strategies.
If we take into account only how motivating people rated the strategies, we could
choose (or customize Kaptein [2015]) a strategy for the user based solely on what
scored the highest on rated motivation for the user’s features (which implies the high-
est ‘return’ for a user’s behavior change). However, considering the long-term aspect
and the complexity of behavior change (in contrast to a one-time act of compliance),
we do not think that the most optimal solution to achieve behavior change is to fo-
cus on one (highest rated) strategy. Instead, we would suggest a combination [Craig
et al., 2008] of highest rated strategies or interventions (for the user’s features), to
avoid repetition over longer periods of time (in combination with plenty of variation
of messages within a strategy), but also to maximize the effectiveness of the message
that behavior change has benefits for that user [Dusseldorp et al., 2014]. This could
still be modeled, as suggested by Kaptein [2015], by making the model more com-
plex, even without focusing on only the highest rated strategies, but also on which
combination of strategies results in the optimal outcome (the most ‘permanent’ be-
havior change). However, not all (combinations of) strategies or interventions might
be or are appreciated by the user, which could result in the technology not being used
and the intervention not taking place. For example, Horsch et al. [2016] found that
the implemented reminder strategy, in the context of sleep behavior, did not work for
people who had a negative attitude towards their intended activity. In that sense, the
measurement of how motivating these messages are perceived is not only input for
what strategies to definitely use, but also for what strategies to avoid for which users
to increase the likelihood of this system being used over longer periods of time.

Another point that could be made about investigating all the different factors that
might relate to the strategies a system designer wants to use to motivate a behavior,
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is to use an adaptive system. An adaptive system would not need any prior input on
how the factors relate, and could find the most optimal model for the user by testing
all the strategies. However, for the purpose of our system, we feel that this does not fit
our research approach in two ways. First, in an adaptive system with a wide variety
of possible strategies and no prior input, the users will, on average, be exposed to a
number of strategies that might not be motivating or even demotivating them (one
of the results of the evaluation), resulting in a higher chance of abandoning the tech-
nology. Second, starting from an adaptive system with no prior input might optimize
the model in an more effective way compared to a predetermined static model, but it
will not help explain or interpret why the model works. For example, we could find
that a certain group of messages is highly effective for some user features, but if these
messages do not explicitly group on a certain theme or underlying construct it will
be hard to interpret and replicate the results. Nevertheless, we feel that eventually it
would be preferable for every system to be, at least partially, adaptable, to better ac-
commodate for changes in users that might not have been modeled beforehand (e.g.,
relapse). Especially when the adaptive system can be effectively combined with prior
input from an already (moderately) effective model.

With this study we aimed to investigate how people evaluate motivational mes-
sages designed by the crowd based on their stage of change, personality and gender
(RQ2). The findings allow us to inform the development of our own behavior change
technology, and might help inform the design of motivational strategies, interven-
tions, or behavior change technology in general. Our main result is that the stage
of change the participant was in did not completely match our expectation of how
this would influence the motivational rating of the process-categories, and that we
found significant relations between process-categories and personality traits and be-
tween process-categories and gender. The significant relations indicate that based on
different personalities, people prefer different motivational strategies. Hence, the use
of these eight process-categories (all except DR and RM) could be tailored to how
people score on the personality traits of Openness, Extraversion and Agreeableness.
We also found four significant inverse relations between gender (female) and the
process-categories CR, DR, ER and SR, meaning that men found these four process-
categories to be more motivating than women. This suggests that the gender of the
person being motivated to change their behavior plays a significant role, especially in
regard to the process-categories that are usually associated with the earlier stages of
behavior change. Taking these results into account could improve the effectiveness of
our motivational strategies and motivational strategies in general.

5.6.5 Limitations of the current work

There were some limitations to the present study. We gathered our respondents
through Amazon Mechanical Turk, which could mean a misrepresentation of the gen-
eral adult population of a Western society, although studies have reported that AMT
generally has quite a good representation for online survey standards [Mason and
Suri, 2012]. However, we are aware that there can be limitations for how represen-
tative the sample is. Also, because we used a cross-sectional design our results do not
provide evidence for causation, only correlation.
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5.7 Conclusion

We evaluated a subset of the previously collected peer-designed processes-of-change-
aligned motivational text messages to see whether they represent the intended pro-
cess categories, whether people in different stages of change perceived messages tai-
lored to their stage of change as more motivating, and whether people evaluated the
messages differently based on their personality and gender. Our main results are that
1) the way people rate the messages (process categories) on how motivating they are
does not always match the expectation of what processes should be most relevant
for the stage of change they are in; and 2) that there exist significant relations be-
tween process-categories (CR, ER, SOL, SR, SEL, HR, CC, and SC) and personality
traits (Openness, Extraversion, and Agreeableness) and between process-categories
(CR, DR, ER, and SR) and gender.

Overall, the findings suggest that, when choosing strategies to use in motivational
technology or coaching systems it is important to consider the individual differences
of the users, like stage, personality and gender, how this influences their preferences
for strategies, and to design systems that can tailor to these differences. From an em-
pirical perspective, the findings provide a contribution with the relations found that
indicate that personality as well as gender play a role in how motivational the text
messages are perceived, especially in regard to the process-categories that are usu-
ally associated with the more early stages of behavior change. Moreover, we found
that how motivating people perceive the processes-of-change-aligned text messages
in context of the stage of change they are in, is different from how the processes are
theoretically aligned per stage. From a theoretical perspective, our findings provide a
contribution because they indicate that the saliency and impact of theory-based strate-
gies could be improved by tailoring them to personal characteristics, like personality
and gender. However, when looking at our results for the stages of change, it seems
that all the messages were predominantly rated as motivating in the later stages of
behavior change, but not in the earlier stages, including those strategies intended for
the earlier stages. This could mean that which processes to use is not so dependent
on the stages of change. Another explanation could be that the way the messages
were designed did not appeal to people in the earlier stages of change. To see if we
can find an explanation for these unexpected results, our next step (see Chapter 6) is
to follow our approach again, but this time with experts.





6 | Eliciting, categorizing and evaluat-
ing expert-designed motivational mes-
sages and comparing peer- and expert-
designed motivational messages

In the previous chapters we introduced our approach to operationalizing and coding
the processes of change from the Transtheoretical Model as text messages by using
crowdsourcing to have peers design these messages because they are expected to be able
to design theoretically sound interventions. In this chapter we use the same approach,
but this time with experts as the designer of the messages. Similar to Chapter 5, we
evaluate a selection of five of these expert-designed text messages for each of the ten pro-
cesses of change categories, and compare the results of the evaluation of these expert-
designed messages to the evaluation of the peer-designed messages. Furthermore, we
explore whether the selections of the expert-designed messages and peer-designed mes-
sages are different along several linguistic dimensions.

This chapter1,2 is based on one publication:

de Vries, R. A. J., Zaga, C., Bayer, F., Drossaert, C. H. C., Truong, K. P., & Ev-
ers, V. Experts Get Me Started, Peers Keep Me Going: Comparing Crowd- versus
Expert-Designed Motivational Text Messages for Exercise Behavior Change. In
Proceedings of the EAI International Conference on Pervasive Computing Technolo-
gies for Healthcare. (pp. 155-162). ACM. [de Vries et al., 2017b]

6.1 Introduction

In previously discussed related works on tailored text messages to influence someone’s
behavior, it is usually the authors or (other) experts who translate the theory-based
strategies into messages. In our previous chapters (Chapter 4 and 5), however, we
presented studies involving crowdsourcing to design and evaluate motivational text
messages for physical activity, and we showed that these peer-designed text messages

1We thank Franciszka Bayer for her efforts in collecting expert-designed motivational messages and
her efforts in coding the expert-designed messsages.

2We thank Nicola Marcon for his efforts in doing an linguistic analysis and word count on the peer
and expert-designed messages.
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aligned to behavior change strategies from theory. To reiterate, we chose to have peers
design the motivational messages because of e.g., the work of Coley et al. [2013]
and Kristan and Suffoletto [2015], where they show that peer-designed text messages
are more engaging and more relevant to the user compared to expert-designed text
messages. Therefore, we expected that peer-designed messages would work well as
motivational messages for people with all different physical activity levels. However,
in our work, contrary to our expectations, the messages were predominantly rated as
motivating by people in the later stages of behavior change, but not by people in the
earlier stages, including those strategies intended for the earlier stages. We speculate
that the peers —and therefore the messages they designed —did not have sufficient
expertise to motivate people in earlier stages. It is reasonable to assume that experts
will have this expertise. In this chapter, we present studies we designed to replicate
the approach with experts.

We make the following contributions: 1) we show that, through coding and the
use of a codebook, also these expert-designed motivational messages can be aligned
to the processes of change; 2) from the elicitation survey, we find that the experts
come up with more Experiential-themed messages compared to peers, while peers
come up with more Behavioral-themed messages compared to experts; and 3) we
find that how motivating people perceive the processes-of-change-aligned expert or
peer-designed text messages in context of the stage of change they are in, is different
from how we expected: two of the process-categories with expert-designed messages
were found more motivating in the earliest stage, while for several of the strategies
peer-designed messages were rated more motivating for later stages.

The chapter is outlined as follows: first we discuss the hypotheses (section 6.2),
the method (section 6.3), data analysis (section 6.4), and the results of the analyses
for the first survey (section 6.5). Next we discuss the method (section 6.6), data anal-
ysis (section 6.7), and results of the analyses for the second survey, and we compare
the evaluation of the expert-designed messages with the evaluation of peer-designed
messages (section 6.8). We end the chapter with a discussion (section 6.9) and a
conclusion (section 6.10).

6.2 Hypothesis

In previous chapters we presented our approach to operationalizing theory-based mo-
tivational strategies by designing and coding the processes of change from the Trans-
theoretical Model as text messages. Through an evaluation survey we found that all
these peer-designed messages were predominantly rated as motivating in the later
stages of behavior change, but not in the earlier stages, including those strategies
intended for the earlier stages. We argue that the peers from the crowdsourcing did
not have the expertise needed to motivate people across all the five stage of change.
We expect that experts will have the expertise needed to motivate people across all
the five stages of change, and that this will result in the messages designed by experts
being perceived as more motivating. Therefore, we decided to use the same approach
and evaluation we previously used with peers, but now with experts. This is what the
third research question for this dissertation (see section 1.2) focuses on.
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RQ3: To what extent does the expertise of the designer of the intervention’s motivational
content influence how motivating the intervention is perceived?

We investigate whether text messages designed by experts will be perceived as
more motivating, in the earlier (more difficult) stages of behavior change as well as in
the later (relatively easier) stages. We evaluate how people rate the expert-designed
motivational messages representing the ten processes, and compare this to the data
from our previous study involving peers. We expect expert-designed messages to be
perceived as more motivating than peer-designed messages across all the five stages
of change. We hypothesize that:

H1: People perceive the expert-designed messages representing the processes of change
as more motivating than peer-designed messages representing the processes of change,
regardless of their stage of change.

The following section explains how we addressed operationalizing the theory-
based motivational strategies using same approach and evaluation we previously used
with peers, but now with experts.

6.3 Data collection: expert-designed motivational messages

We followed the approach of the previous chapters (Chapter 4 and 5) aimed at elic-
iting peer-designed motivational messages. Although peer-designed messages can be
motivating, we expect that experts can design more motivating messages based on
their expertise. This expertise is also what makes experts in a specific area relatively
scarce, and therefore we plan to collect a smaller dataset of messages, but still suffi-
cient to compare to the peer-designed messages. First we designed the (online and
paper-based) elicitation survey.

Similar to the previous chapter (Chapter 5), the first study was set up to enable
participants to the design the motivational text messages. However, in this version
we asked people who are experts in the field of behavior change to design these mo-
tivational messages. The experts we approached are people working in the field of
health care (such as fitness or behavioral coaches), people working in public health
programs, and people teaching and conducting research in the field of health psychol-
ogy.

6.3.1 Participants

In total 25 people responded, of which 17 were female and 8 were male. The age
varied between 21 and 62 years with a average of 33.29 (SD = 11.22). Of these
25, 10 identified themselves as fitness coaches, 8 as behavioral coaches and 7 as
researchers in health psychology. 16 were of Dutch nationality and 9 were of German
nationality.
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Stage of change scenario and three expert-designed text messages

Precontemplation: “Consider a middle-aged person, with a steady personal life and solid
friend foundation. This person lacks regular exercise in his/her daily life and is unwilling to
consider starting with this, at least not within the next 6 months.”

Consciousness Raising: “Regular exercise will make you less vulnerable for diseases.”

Dramatic relief: “The longer you push exercise aside, the longer you are denying yourself a
better quality of life.”

Social Liberation: “Look around in your neighbourhood if you can find any facilities to do
some sports.”

Table 6.1: Example of a scenario used in the elicitation survey and examples of experts’ re-
sponses coded as processes of change.

6.3.2 Task

In the previous survey used for crowdsourcing peer-designed motivational messages,
we asked each participant to design six motivational messages for one scenario out of
a possible five scenarios (see Table 6.1 for an example of one of the five scenarios and
for an example of designed messages), where each scenario is based on one of the five
stages of change. In this version of the survey we kept all of the scenarios the same,
but due to a lower number of participants, we asked participants to come up with
motivational messages for three randomly selected scenarios. To avoid repetition
of designed messages, we asked for at least one and at maximum six motivational
messages per scenario.

6.3.3 Measures

At the start of the survey, we asked the participants about their gender, age, nation-
ality, education level, main work field in Health Psychology, and how long they have
been working in this field. After, we presented participants with three random sce-
narios, each of which they could design up to six motivational messages for. At the
end of the survey, we asked participants if they were familiar with the TTM.

6.3.4 Procedure

Participants were recruited through email or approached in person. First, we intro-
duced our research team, explained the goal of the survey and gave the estimated
time to complete the survey. If the participant was willing to participate they could go
to the SurveyMonkey website where the survey was hosted or fill in a paper version.
At the start of the survey the participants were welcomed and a summary was given of
the purpose of the study. The survey was written in English, but the participants were
informed of the possibility to respond in either English, or Dutch or German if nec-
essary. At that point, the participants were asked to complete the consent form. The
participants were then presented with the demographic questions and the language-
elicitation task. Afterwards, participants were debriefed about the goals of the survey.
Participants were not compensated with anything of monetary value.



Comparing peer- and expert-designed motivational messages | 71

6.4 Data analysis: elicitation survey

In total, 377 messages were designed. To see how these messages designed by experts
reflected the processes of change, the same approach and the same codebook was
used as described in the previous chapter (Chapter 4). This codebook was developed
following the guidelines of Guest and MacQueen [2007]. The codebook describes
definitions and guidelines for ten categories, each representing one of the ten pro-
cesses of change. Two coders coded the messages and each message could only be
coded with one coding category. Next to the coding of one of the ten categories, an
additional ‘certainty’ code was used to indicate that the coder that coded the message
was 99% sure that the message belonged to that particular coding category and that
the other coder would agree on this. Two coders iteratively coded the messages and
reached a Cohen’s kappa of 0.62, which was deemed a substantial agreement [Landis
and Koch, 1977]. The messages that were coded by coder 1 (same coder as coder 1
in the previous study) scored a Cohen’s kappa of 0.80 for the certainty measure. The
remaining messages were coded by coder 1.

For the data analysis, a Chi-square test was carried out to see if the scenarios (de-
scribing the stages) had an effect on the counts within the higher-order processes. To
evaluate how the distribution of 377 expert messages over the processes was propor-
tionately different from the distribution of the 2886 peer messages over the processes
from our previous work, we performed a Chi-square goodness-of-fit test.

6.5 Results: elicitation survey

The 377 messages that experts designed were divided between the higher-order ex-
periential and behavioral processes and between the ten different processes. In total,
experts came up with 147 experiential messages (39%) and 230 behavioral messages
(61%). The results (see Table 6.2) show that there is a significant association between
the stages and higher-order processes (χ2p4q “ 131.733, p ă .001). The values of the
standardized residuals are used to further interpret the results.

A positive value indicates that there were more messages of that process than
expected and a negative value points to less messages than expected (p ă .05 for
a z-value higher than 1.96 or lower than -1.96 [Field, 2013]). The residuals show
that for the Experiential processes in the Precontemplation (z “ 5.4) and Preparation
stage (z “ 3.1), there is a significant overrepresentation of the processes, and in the
Action (z “ ´5.3) and Maintenance (z “ ´3.5) stage there is a significant under-
representation of the processes. For the Behavioral processes this is reversed, in the
Precontemplation (z “ ´4.3) and Preparation stage (z “ ´2.5), there is a significant
underrepresentation of the processes, and in the Action (z “ 4.3) and Maintenance
stage (z “ 2.8) there is a significant overrepresentation of the processes. This means
that there are more Experiential messages in the earlier stages and fewer in the later
stages than the Chi-square model predicts and there are fewer Behavioral messages
in the earlier stages and more in the later stages than the Chi-square model predicts.
Unfortunately, there were not enough expert-designed messages to also investigate
the lower-order (the ten processes) distribution over the stages.
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Categories/Stage scenarios PC-S C-S P-S A-S M-S Total

Experiential

Count 53 29 52 5 8 147

Expected 25.7 23.8 33.9 37.8 25.7 147

Std. residual 5.43 1.1 3.12 -5.33 -3.53

Behavioral

Count 13 32 35 92 58 230

Expected 40.3 37.2 53.1 59.2 40.3 230

Std. residual -4.33 -0.9 -2.51 4.33 2.82

Total Count 66 61 87 97 66 377

Table 6.2: The distribution of all the codes over the two higher-order process categories (expe-
riential and behavioral) and five stages of change scenarios. 1p ă .05, 2p ă .01,
3p ă .001

We also report how the distribution of 377 expert messages over the processes
was proportionately different from the distribution of the 2886 peer messages over
the processes from our previous work. The results (see Table 6.3) show that there
is a significant difference (χ2p9q “ 143.026, p ă .001) between the proportional dis-
tributions of the expert messages and the peer messages. Again, the values of the
standardized residuals are used to further interpret the results of the Chi-square test.

The residuals show that for the higher order construct of Experiential processes
(z “ 4.16) there are proportionately more expert messages than peer messages re-
lated to those processes, and for the higher order construct of Behavioral processes
(z “ ´2.57) there are proportionately less expert messages than peer messages re-
lated to those processes (see Table 6.3). Four processes differ significantly, namely
Consciousness Raising (z “ 3.27), Social Liberation (z “ 10.21), Self-reevaluation
(z “ 2.66) and Self-liberation (z “ ´3.95) (also Table 6.3) This means that there were
proportionately more expert messages than peer messages related to the processes
Consciousness Raising, Social Liberation and Self-reevaluation, and proportionately
less expert messages than peer messages related to the process Self-liberation.

In summary, as can be seen in Table 6.3, experts provide proportionately more
messages than peers for Experiential processes (CR, SOL, SR), which are related to
the earlier stages, and significantly less for Behavioral processes (SEL), which are
related to later stages of change.

6.6 Survey: evaluating motivational messages

Similar to the previous chapter (Chapter 5), the second study was set up to investigate
how motivating the messages representing the processes of change would be rated.
We designed an online survey study, but this time to evaluate expert-designed mo-
tivational messages. The survey was again carried out through Amazon Mechanical
Turk3 (AMT) on SurveyMonkey4.

3https://requester.mturk.com/
4https://www.surveymonkey.com/
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Processes

of change

peers (n = 2886) experts (n = 377)
std. res.

n (obs) % n (exp) n (obs) %

Exp. 800 27.7 104.5 147 39.0 4.16

CR 138 4.8 18.1 32 8.5 3.27

DR 59 2.0 7.6 7 1.9 -0.22

ER 79 2.7 10.2 5 1.3 -1.63

SOL 11 0.4 1.5 14 3.7 10.21

SR 513 17.8 67.2 89 23.6 2.66

Beh. 2086 72.3 272.5 230 61.0 -2.57

SEL 939 32.5 122.8 79 21.0 -3.95

HR 238 8.2 31.0 38 10.1 1.26

CC 289 10.0 37.8 32 8.5 -0.94

RM 512 17.7 66.9 63 16.7 -0.48

SC 108 3.7 14.0 18 4.8 1.07

Table 6.3: Observed frequency (n (obs)) and percentages are reported for peer and expert mes-
sages, and also expected frequency (n (exp)) for expert message categories. Re-
ported standardized residuals represent the difference between the observed and the
expected expert frequency. Numbers in bold are p ă .05.

6.6.1 Participants

In total we had 341 respondents of which 171 were female and 170 were male.
The age varied between 20 and 75 years with a average of 38.77 (SD = 12.16).
To ensure consistency and a high quality of responses, the AMT requirements were
the same as the previously reported AMT studies from Chapter 4 and 5, namely: the
respondents should have already completed ą1000 tasks on AMT, with ą98% of these
tasks approved successfully, and be located in the United States.

6.6.2 Task

We presented participants with fifty messages designed by experts (see Table C.1 in
the Appendix), five representative messages for each of the ten processes of change
categories. Similar to the peer-designed evaluation, the expert-designed messages
were selected at the author’s discretion, and selections were made based on how un-
ambiguously the messages represented the process, yet also did not overlap in content
too much between each other. We asked participants to rate each message according
to how motivating they found the messages for their own situation (“Please rate how
motivating or demotivating you find the following messages for yourself”). All 50
messages were presented on one page and the order of messages was randomized for
each of the participants. Messages were rated on a scale from 1 (“Very demotivating”)
to 5 (“Very motivating”) with a 3 as neutral (“Neither demotivating nor motivating”).
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6.6.3 Measures

At the start of the survey, we asked the participants about their gender, age, native
language, understanding of the English language, education level, maternal education
level (as an indication of socioeconomic status [Green, 1970]) and main field of work.
After, we presented participants with the specific task of this survey: rating the 50
expert-designed text messages. At the end of the survey, we measured people’s current
stage of change5 [Norman et al., 1998] and perceived experiences with processes of
change6 [Nigg et al., 1999]. To measure participants’ personality we used the 50-item
IPIP representation of the revised version of Costa and McCrae’s [Costa and McCrae,
1992] NEO Personality Inventory7 which posed 50 statements (e.g., “Make plans and
stick to them.”). Participants were asked to answer how descriptive they found these
statements of themselves (on a 5-point Likert scale, 1 being “very inaccurate” and 5
being “very accurate”).

6.6.4 Procedure

Participants were recruited through AMT. They were informed of their compensation
(3 US dollars), the goal of the study (finding out which text messages are motivat-
ing), and the estimated time to complete the survey (35 minutes). Participants could
then decide to accept or decline the survey and proceed to the SurveyMonkey website
were the survey was hosted. On the first page, the goal of this study was repeated
and participants were asked to complete a consent form. On the second page, the
participants were asked to fill in demographic information. On the third page, in-
structions and context to rate the messages were given. On the fourth page they were
presented 50 motivational messages to rate. On pages five and six, they were given
questionnaires to fill in. At the seventh and last page, participants were debriefed and
given a completion code to fill in on AMT to receive monetary compensation.

6.7 Data analysis: evaluation survey

For the expert-designed messages we selected, we looked at whether the selection of
the coded messages were evaluated as representative of the developed process cate-
gories and whether they were evaluated similar to the results with the peer-designed
messages. The coded messages we selected for each process (five for each process)
were representative of the developed categories, as is shown in Table 6.4 through the
reliability of the coded message categories. The reliability of the measures was over-
all very good and similar to the results with peer-designed messages. The reliability
scores were between .68 and .83.

To investigate whether categories of expert-designed messages aligned to the pro-
cesses were perceived as more motivating than the categories of peer-designed mes-
sages aligned to the processes across the stages (H1), we combined the dataset of
rated expert-designed messages (N “ 341) with the dataset of rated peer-designed

5web.uri.edu/cprc/exercise-stages-of-change-short-form
6http://web.uri.edu/cprc/measures/
7http://ipip.ori.org/
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peers experts

Coded category M SD α M SD α

Consciousness Raising 3.75 0.66 .76 3.67 0.61 .73

Dramatic Relief 3.02 0.94 .82 2.67 0.90 .78

Environmental Reevaluation 3.13 0.97 .88 3.13 0.69 .75

Social Liberation 3.15 0.69 .73 3.13 0.67 .82

Self-reevaluation 3.67 0.69 .73 3.68 0.66 .75

Self-liberation 3.74 0.59 .72 3.75 0.60 .69

Helping Relationships 3.69 0.67 .74 3.45 0.70 .72

Counterconditioning 3.51 0.61 .68 3.57 0.61 .68

Reinforcement Management 3.86 0.70 .85 3.96 0.71 .83

Stimulus Control 3.21 0.65 .73 3.17 0.66 .70

Table 6.4: Averages (M), standard deviations (SD), and Cronbach’s alpha’s (α) for all the evalu-
ated motivational peer and expert-designed text message categories. Messages were
rated on as scale from 1 (“Very demotivating”) to 5 (“Very motivating”) with a 3 as neu-
tral (“Neither demotivating nor motivating”). (N = 350)

messages from Chapter 5 (N “ 350). In Table 6.4 descriptive statistics are reported.
To test whether there were differences in how motivating people perceived the mes-
sages between the designer of the messages (expert or peer) for the text message cat-
egories across the stages of change of the participant, we ran a linear mixed-effects
model analysis in R [Team, 2016] with the lme4 package [Bates et al., 2015], and
the lmerTest package [Kuznetsova et al., 2016] to calculate the significance of the
differences. To accommodate for hierarchical completeness, the model included the
motivational rating of the text messages as the outcome, and the categories of the text
messages (processes of change), designer of the message (expert or peer), the stages
of change of the participant, the interaction between the categories and designer of
the message, the interaction between the categories and the stage of the participant,
the interaction between the designer of the message and the stage of the participant,
and the three-way interaction between category, designer, and stage as fixed effects.
The participants and messages were included as random effects. An analysis of vari-
ance comparison of the incrementally built models is reported in Table 6.5 (built with
xtable package [Dahl, 2016]).

We report on a summary of the model (see Table 6.6, 6.7, and in the Appendix
Table D.1, D.2, D.3, and D.4) with the Consciousness Raising (CR) category as the
reference level (benchmark to which to compare the scores of the other categories
relatively). To make the intercept more interpretable, we recoded the stages from 0
to 4 (e.g., stage 0 = Precontemplation, stage 4 = Maintenance). This means that the
intercept score is now the score on the reference level (CR) while all other factors are
zero, meaning designer 0 (expert) and stage 0 (Precontemplation).

Looking at the main effects (see Table 6.7) of the model will only give an idea
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Df AIC BIC logLik deviance Chisq Chi Df Pr(ąChisq)

0 4 90782.34 90816.14 -45387.17 90774.34

..1 13 90716.82 90826.67 -45345.41 90690.82 83.53 9 0.0000

..2 17 90703.82 90847.47 -45334.91 90669.82 21.00 4 0.0003

..3 18 90702.86 90854.96 -45333.43 90666.86 2.97 1 0.0850

..4 54 90685.12 91141.43 -45288.56 90577.12 89.74 36 0.0000

..5 63 90514.41 91046.77 -45194.20 90388.41 188.71 9 0.0000

..6 67 90512.61 91078.77 -45189.31 90378.61 9.80 4 0.0440

..7 103 90527.83 91398.20 -45160.92 90321.83 56.78 36 0.0151

Table 6.5: An analysis of variance comparison of incrementally built models. Starting from the
baseline model (0), where value is predicted from the intercept and random effects of
respondent and messages, adding category (1), stage (2), designer (3), category:stage
(4), category:designer (5), stage:designer (6), and category:stage:designer (7).

Random effects variance SD

RespondentID (Intercept) 0.226 0.475

Text Message (Intercept) 0.030 0.173

Residual 0.755 0.869

Table 6.6: The variance and standard deviation of the random effects of the model: participants
and text messages. Number of observations: 34550, number of respondents: 691 (350
+ 341), number of text messages: 50.

of how the expert or peer version of the messages does not make a difference in the
rating of the CR category (intercept reference level) for stage 0 (Precontemplation).
But, we are interested in all these main effects between the designer of the messages
and all the categories across each of the stages. The summary of the model reports
the significance of these relations only in comparison to the reference level category
CR (see Appendix Table D.1, D.2, D.3, and D.4). The summary of the model does
report on the relationship between categories and the designer of the message and
the stages through the interaction estimates, because the estimate for the designer
of the message, in relation to a selected stage and a selected category other than
the reference category is equal to the estimate of the designer or the message for
the reference category plus the estimate for the interaction between the designer and
the selected category plus the estimate for the designer and the selected stage plus
the estimate for the designer, the selected category and the selected stage. However,
this does not give us the significance of the relation between the designer of the
messages and a category for that stage, only the significance of those relations in
comparison to the reference level category. Therefore, to see how significant the main
effects of designer of the message was between the different stages on the other nine
categories, we ran the same model with changed reference levels (see Table 6.8) for
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Fixed effects Estimate Std. Error t-value

(Intercept) 3.4363 0.152 22.622

DR -1.0273 0.160 -6.415

ER -0.255 0.160 -1.590

SOL -0.245 0.160 -1.533

SR -0.082 0.160 -0.511

SEL 0.164 0.160 1.022

HR -0.164 0.160 -1.022

CC -0.055 0.160 -0.341

RM 0.4552 0.160 2.839

SC -0.3451 0.160 -2.157

Contemplation 0.183 0.156 1.173

Preparation 0.271 0.150 1.808

Action 0.3161 0.149 2.117

Maintenance 0.227 0.142 1.598

Designer (peer) -0.166 0.198 -0.837

Table 6.7: The estimates and standard error of the fixed effects of the model: process-categories,
stage of change of the participant, and designer of the message. Significant effects
reported for 1p ă 0.05, 2p ă 0.01, 3p ă 0.001.

the categories and for the stages. Note that the cell in the first row and first column
of Table 6.8 reports the identical estimate to the estimate reported for the designer of
the message in Precontemplation stage (0 level) in Table 6.7, where we also report
the standard error.

The self-assessed stages of change of the 341 participants were as follows: 22
rated themselves in Precontemplation, 53 in Contemplation, 71 in Preparation, 72 in
Action and 123 in Maintenance.

To further interpret our comparative results we performed a linguistic inquiry and
word count [Tausczik and Pennebaker, 2010] (Table 6.9, Table 6.10, and Table 6.11)
with the LIWC program [Pennebaker et al., 2015a] to see if there were differences in
the content of the messages between the expert-designed messages and peer-designed
messages [Kim et al., 2011]. The LIWC program calculates the number of words that
match each of the 93 LIWC dimensions [Pennebaker et al., 2015b], however, for our
comparison we made a selection of 35 dimensions that could be relevant for our lin-
guistic comparison. These include seven summary variables, ten linguistic variables,
five grammar variables, eight psychological variables, four time orientation variables,
and a punctuation variable. All variables except five of the seven summary variables
are reported as percentages. The first non-percentage variable is word count, which
is just a raw number of words in the text. The summary variables analytical thinking,
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clout, authenticity, and emotional tone also represent a different score, namely: “Each
of the summary variables are algorithms made from various LIWC variables based on
previous language research. The numbers are standardized scores that have been
converted to percentiles (based on the area under a normal curve) ranging from 0 to
100.”8 In short, analytic thinking captures the degree to which people use words that
suggest formal, logical, and hierarchical thinking patterns. Clout refers to the relative
social status, confidence, or leadership that people display through their writing or
talking. Authenticity refers to whether people reveal themselves in an authentic or
honest way, in which they are more personal, humble, and vulnerable. Emotional
tone represents a summary score of both the positive and negative emotion dimen-
sions, the higher the score, the more positive the tone (scores below 50 suggest a
more negative emotional tone).

6.8 Results: comparing expert-designed and peer-designed mes-
sages (H1)

A statistically significant difference was found between the designer of the message
(expert versus peer) and the categories within four out of five stages. In Table 6.8,
the estimate scores are reported for the designer of the message and the categories
between the stages (changing reference levels). The p-values show that the expert-
designed messages of the categories ER and RM are rated significantly more motiva-
tional than the peer-designed messages of ER and RM by people in the Precontempla-
tion stage. The expert-designed messages of RM are also rated significantly more mo-
tivational than the peer-designed messages of RM by people in the Preparation stage.
The peer-designed messages of DR and HR are rated significantly more motivational
than the expert-designed messages of DR and HR by people in the Preparation, Action
and Maintenance stages. Also, the peer-designed messages of SOL and SC are rated
significantly more motivational than the expert-designed messages of SOL and SC by
people in the Action stage, and for SC also for people in the Maintenance stage.

For the linguistic inquiry and word count analysis, the summary variables (Ta-
ble 6.9) results show no large differences, except in the authentic dimension (expert
messages: 57.35, peer messages: 42.03). Scoring higher in this dimension suggests
that people reveal themselves in an authentic or honest way, while scoring lower sug-
gests a more guarded, distanced form of discourse. The expert text messages scored
as more personal, humble, and vulnerable compared to the peer messages. All the
other linguistic categories do not reveal large differences between the expert and
peer-designed messages (Table 6.10 and Table 6.11).

6.9 Discussion

Similar to the approach of our previous research (Chapter 5), the selection of coded
messages representing the process categories had substantial reliability. This shows
that these messages were a good fit for the processes of change they presented. We

8http://liwc.wpengine.com/interpreting-liwc-output/
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Peer-Expert Stages of change

est. diff. PC C P A M

CR -0.166 -0.060 0.133 0.160 0.140

DR 0.132 0.095 0.396 0.645 0.363

ER -0.582 -0.024 -0.036 0.207 0.097

SOL -0.156 -0.098 -0.025 0.292 0.038

SR -0.119 -0.139 -0.160 0.094 0.149

SEL -0.282 -0.163 -0.070 0.050 0.152

HR 0.080 0.145 0.217 0.254 0.320

CC -0.241 -0.179 -0.112 -0.022 0.085

RM -0.550 -0.143 -0.210 -0.043 0.025

SC -0.314 -0.124 0.012 0.237 0.179

Table 6.8: Estimates of peer- versus expert-designed message categories across all the stages.
Reported scores are estimates of the peer process ratings in relation to the expert pro-
cess ratings means. All negative numbers represent a higher estimate for experts in
that cell, all positive numbers represent a higher estimate for peers in that cell. Num-
bers in bold are p ă .05. (N “ Exp{Peer;PC : N “ 17{22, C : N “ 73{53, P “
94{71, A “ 46{72,M “ 120{123q

investigated whether experts designed messages that fit the stage-scenarios (follow-
ing the theoretical distribution) they were given in the elicitation survey. Looking
at higher-order processes, the Experiential process messages were more prevalent in
the earlier stages while Behavioral process messages were more prevalent in the later
stages, as would be expected following the theoretical distribution. This strength-
ens our belief that designing messages for behavior change theory this way, both by
experts or peers, is a valid approach.

The distribution of expert messages over the processes was proportionately differ-
ent from the distribution of the peer messages over the processes. Experts provide
proportionately more messages than peers for Experiential processes (CR, SOL, SR),
which were related to the earlier stages, and significantly less for Behavioral pro-
cesses (SEL), which were related to later stages of change. This is in line with work
from Kristan and Suffoletto [2015] who found that 82% of their expert-designed mes-
sages were informational or strategy facilitating messages, which loosely correspond
to our categories of Consciousness Raising and Social Liberation (both of which have
significantly more messages in our results compared to the peer results of our pre-
vious results). Note that the result of Social Liberation needs to be interpreted with
caution because the expected number of messages for this category was lower than
five.



80 | Chapter 6

Summary Language Variables Expert messages Peer messages

Word count 692 677

Words per sentence ratio 10.33 11.47

Analytical thinking 49.12 51.18

Clout 97.57 98.16

Authentic 57.35 42.03

Emotional tone 98.42 91.05

Word ą 6 letters (%) 17.34 15.81

Dictionary words (%) 96.10 95.42

Table 6.9: The summary variables from the LIWC program. Word count is a raw count of all
words used in our 50 expert and peer messages. Words per sentence is the ratio of
used words per sentence. Analytic thinking, clout, authentic, and emotional tone are
computed scores reported as standardized score from 0 to 100. Word ą 6 letters and
Dictionary words are reported as percentages.

Linguistic Categories Expert messages (%) Peer messages (%)

Linguistic Dimensions

Total function words 55.20 52.32

Total pronouns 16.91 17.43

Personal pronouns 11.99 12.41

Impersonal pronouns 4.91 5.02

Articles 5.06 3.84

Prepositions 13.87 15.21

Auxiliary verbs 10.98 11.67

Common adverbs 5.78 2.81

Conjunctions 4.34 5.61

Negations 1.73 1.62

Other Grammar Dimensions

Common verbs 20.38 22.75

Common adjectives 7.95 7.98

Comparisons 3.32 4.28

Interrogatives 1.73 1.03

Quantifiers 3.90 3.25

Table 6.10: Part one of variables from several linguistic dimensions from the LIWC program. Re-
ported scores are in percentages.
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Linguistic Categories Expert messages (%) Peer messages (%)

Psychological Process Dimensions

Affective words 7.66 7.53

Positive emotion 6.65 5.76

Negative emotion 1.01 1.77

Social words 13.87 14.48

Cognitive processes 13.01 12.11

Perceptual processes 1.45 2.36

Biological processes 6.21 6.65

Drives and needs 9.10 11.37

Time Orentation Dimensions

Past focus 1.30 0.89

Present focus 15.90 18.32

Future focus 3.32 2.81

Relativity 18.21 15.81

Informal language 0.29 0.00

Punctuation Dimensions

All punctuation 14.31 15.36

Table 6.11: Part two of variables from several linguistic dimensions from the LIWC program. Re-
ported scores are in percentages.

6.9.1 Comparing expert-designed and peer-designed messages (H1)

The results indicate only partial acceptance for H1. We hypothesized that people
would perceive expert-designed messages representing the strategies as more moti-
vating than peer-designed messages representing the strategies, across the five stages
of change. The results show that, expert-designed messages were perceived more mo-
tivating by people who are yet unwilling to change their exercise behavior, but unex-
pectedly, peer-designed messages were perceived more motivating by people who are
either planning on changing, are already taking steps to change, or are maintaining
their exercise behavior. Interestingly, Table 6.8 shows that, while messages from only
three expert process categories are perceived as significantly more motivating than
the peer categories, two of these process categories are in the first stage (Precontem-
plation), arguably the most difficult stage to motivate people in. On the other hand,
messages from nine peer process categories are perceived to be more motivating than
expert categories. This is in line with results from Coley et al. [2013], where they
found peer messages to be more motivating, and where it could be argued that most
of their participants were not in the Precontemplation stage (the exact distribution is
not reported), since they participated in a behavior change program (therefore not
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strictly fitting the definition of Precontemplation: not willing to change their behav-
ior).

The fifty messages for experts and the fifty messages for peers were compared
between all the stages, but we did not find any differences for any of the categories
across all the five stages. This indicates that the stage that people are in seems to play
a role in how the expert- or peer-designed motivational messages are perceived.

To further interpret our comparative results and to get more insight for the third
research question of this dissertation (To what extent does the expertise of the de-
signer of the intervention’s motivational content influence how motivating the inter-
vention is perceived?), we performed a linguistic inquiry and word count. Overall,
whether experts or peers designed the messages did not seem to have a huge im-
pact on the linguistic categories, except in the authentic dimension. Expert messages
scored a 57.35, peer messages scored a 42.03. An explanation of this score accord-
ing to the program: “When people reveal themselves in an authentic or honest way,
they are more personal, humble, and vulnerable. The algorithm for Authenticity was
derived from a series of studies where people were induced to be honest or deceptive
(Newman, Pennebaker, Berry, & Richards, 2003) as well as a summary of deception
studies published in the years afterwards (Pennebaker, 2011).”9 Scoring higher in
this dimension suggests that people reveal themselves in an authentic or honest way,
while scoring lower suggests a more guarded, distanced form of discourse. The ex-
pert text messages scored as more authentic. An interpretation of this could be that
indeed the expert messages are more honest and direct in their advice in the motiva-
tional messages, or at least in using the words that are deemed to signal more honesty
by the LIWC algorithm. However, no big differences were found on any other linguis-
tic dimension. Interestingly, we did find differences in the evaluation of our expert
and peer-designed messages. This indicates that the difference between the expert
and peer-designed messages is not easily demonstrated in linguistic dimensions, and
more (semantic) interpretation is needed.

6.9.2 Limitations of the current work

Our setup has some limitations, because we elicited the expert messages from Dutch
and German experts, and tested them on Americans, while in our previous work, we
elicited the peer messages from Americans and tested them on Americans. We mit-
igated this by not using all the messages for the evaluation, only a selected subset,
and for consistency, the same trained coder (coder 1) selected both sets of messages.
At this point, we do not know if these text messages will also be motivational when
used in applications or other formats (e.g., a virtual agent) or modalities (e.g., audio)
or other populations (e.g., non-AMT Americans). Moreover, we do not know yet if
messages that are perceived motivating will actually result in behavior change. Nev-
ertheless, we think that the comparison of expert-designed versus peer-designed text
message categories across the stages of change might have a real impact. Motiva-
tional text messages have been shown to work before in a real context, and tailoring
to stage of change has been shown to be good way to further increase effectiveness.

9http://liwc.wpengine.com/interpreting-liwc-output/
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Therefore, we expect the findings to generalize to other contexts. Future work will
need to test our theory-driven design approach in various contexts.

6.10 Conclusion

In this chapter, we described two surveys, one where we asked experts to come up
with motivational text messages for a scenario, and one where we asked people to
rate fifty of these expert-designed text messages, aligned to the behavior change
strategies the ten processes of change, on how motivating they are. We compared
these results to our previous study (see Chapter 5) where they rated peer-designed
text messages aligned to the ten processes of change. Through this comparison, we
evaluated whether there was a difference in how motivating expert or peer-designed
text messages aligned to the ten processes of change were rated. We examined these
differences across the five stages of change of the participants. The findings are rel-
evant for researchers who want to design motivational text messages with a theory
driven-approach and the findings contribute with two clear recommendations for the
design of motivational strategies (text messages) for behavior change systems:
(i) People perceive messages tailored to relevant user characteristics as more
motivating. For the perception of how motivating the different behavior change
strategies are, the user’s stage of change plays a role. In terms of system design,
this means that the system should accommodate users to, not only fill in their regular
demographic information, but also more behavior specific information, like their stage
of change. Strategies should be selected that fit the stage of change of the user.
(ii) People perceive differences in how intervention strategies are designed.
When identifying which strategies work on users in different stages of change, con-
sider that the designer of that message for that strategy has an effect on how moti-
vating the message itself is perceived. In terms of a system that uses text messages to
motivate users, this means that the system should be able to select multiple sources of
the same strategy, adapting to the situation of the user. Specifically, expert-designed
messages should be used to get people exercising, peer-designed messages should be
used to keep people exercising.

Overall, the findings are relevant for researchers who aim to design motivational
text messages with a theory driven-approach and it can inform the operationalization
of behavior change strategies from the perspective of the designer. To see whether
these theory-based motivational text messages are as motivating as we evaluated
them to be, the next step (see Chapter 7) is to send a selection of these messages
through an application to people in their daily lives over a longer period of time.





7 | Designing behavior change technol-
ogy and evaluating motivational mes-
sages for physical activity behavior
change in-the-wild

In the previous chapters we introduced our approach to operationalizing and coding
the processes of change from the TTM as text messages. We evaluated our selections
of the messages to see how motivating they were perceived to be and whether the
messages represented the processes of change. Furthermore, we evaluated whether
there are individual differences in how people evaluate these messages that can be
used to tailor to, like their stage of change, personality, gender, or the designer of the
message. In this chapter, we evaluate the effects of the motivational messages over the
course of three months in-the-wild. We compare the results of two conditions, where
we either send a daily motivational message tailored to the stage of the participant
as per recommendation of the TTM or we send a daily random motivational message.
We measure whether there are differences in how motivating participants perceive the
messages to be, whether there are changes in their physical activity levels, or whether
their are changes in their confidence about doing physical activity.

7.1 Introduction

In previous chapters (Chapter 4, 5 and 6), we elicited, categorized and evaluated
peer- and expert-designed motivational messages. We found that, through the use of
rigorous coding, the messages we elicited could be categorized into behavior change
strategies. Moreover, through self-report survey evaluations, we found that based on
the individual differences of stage, personality and gender, different people perceived
different strategies as motivating, which is a good basis for tailoring. However, we
do not yet know if these messages and individual differences will also result in actual
changes, for example changes in behavior or in self-efficacy. Therefore, in this chapter,
we present our long-term study1,2 where we study the effects of a daily motivational
message tailored to the recommendations of the TTM for the stages.

1We thank Bryan Oostra for his efforts in designing and programming the Android application used
in the long-term study.

2We thank Yselle van Praet for her efforts in setting up and carrying out post-experiment interviews.
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We make the following contributions: contrary to what we expected, we show
that 1) people in the random condition engaged in more physical activity over a du-
ration of three months than people in the tailored condition, as shown by sensor data
(but not by self-reported data); 2) people in the random condition at times reported
higher self-efficacy and decisional balance over a duration of three months than peo-
ple in the tailored condition; 3) people in the random condition rated the messages
they received more motivating over the duration of three months than people in the
tailored condition.

The chapter is outlined as follows: first we discuss the hypotheses (section 7.2),
the method, (section 7.3) data analysis (section 7.4), and the results of the analy-
ses for the longitudinal study (section 7.5). We end the chapter with a discussion
(section 7.6) and a conclusion (section 7.7).

7.2 Hypotheses

We started this dissertation with the goal to motivate people to change or maintain
their behavior, in this case physical activity behavior. That is what our main overarch-
ing research question for this dissertation (see section 1.2) focuses on.

How can people be motivated to inherently change their physical activity behav-
ior using technology?

We discussed that designing and developing effective motivational technology to
motivate people to change or maintain their behavior is a challenge. To address this
challenge, we decided to base our motivational strategies on existing behavior change
theory and to tailor these strategies to characteristics of the user to increase the effec-
tiveness of the strategy. In previous chapters we presented our approach to designing
theory-based motivational strategies by operationalizing and coding the processes of
change from the TTM as text messages. Furthermore, we evaluated whether there are
individual differences in how people evaluate these messages that can be used to tai-
lor to, like their stage of change, personality, gender, or the designer of the message.
In this chapter, we evaluate the effects of the motivational messages over the course
of three months in-the-wild, which can in turn answer the main research question.

We investigate the effects of receiving a daily motivational message, chosen either
according to the recommendations of the TTM for the stages or at random. We evalu-
ate the effects of receiving these messages on physical activity, self-efficacy, decisional
balance, perceived motivationalness of the messages and other measures. We expect
that messages chosen according to the TTM will have more effect than when the mes-
sages are randomly chosen. We hypothesize that:

H1: People who receive messages tailored to their stage of change over three months
time perceive the messages as more motivating (H1a), have more confidence in their
ability to engage in physical activity (H1b), and engage in more physical activity than
people receiving random messages (H1c).
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Although the impact of an intervention in the form of a daily motivational mes-
sage, either random or tailored, might seem minor at first, we expect that, over the
course of three months, an appropriate message for someone’s stage of change will
gradually change their perspective on their physical activity behavior, and in turn,
this will show in their confidence in their ability to engage in physical activity, their
perception of the messages, and their actual physical activity levels.

7.3 In-the-wild experiment

The study is set up with a mixed methods sequential explanatory design with an em-
phasis on the quantitative data collection [Creswell, 2009]. This means that we first
collect quantitative data, as a longitudinal in-the-wild randomized experiment and
then (sequentially), we collect qualitative data to better explain and understand the
quantitative findings. For the quantitative longitudinal data we have repeated ob-
servations of sensor data and self-reported data. Participants are randomly assigned
to an experimental condition (either the ‘treatment’ or the ‘control’), and the experi-
ment takes place during the everyday life of participants. For the qualitative part, we
have open-ended questions in the final questionnaire and post-experiment interviews
with a selection of the participants. In contrast to our previous studies, this means
that we have less control over the study, but more ecological validity and insight into
the real effect and causality of the intervention. The study was set up through an
Android application. The application was designed to be available to everybody, and
was therefore published in the Android Play Store.

Although many HCI researchers aim to promote long-term behavior change through
their technology, evaluations confirming long-term behavior change are rarely carried
out [Klasnja et al., 2011]. The main focus is on developing the technology. In health
sciences, however, randomized controlled trials (RCTs) are the gold standard in eval-
uating the effects of treatments or interventions.

Even though the minimum time for observing long term behavior change is con-
sidered six months [Prochaska and Velicer, 1997], and it is not uncommon to see
randomized trials that last two years or more, the minimum time for a randomized
trial is usually considered to be three months [King et al., 1998; Heath et al., 2012].
Moreover, there is evidence to suggest that, at least for physical activity interventions,
three months is long enough to detect true change [Marcus et al., 1998a,b; Geller
et al., 2012]. Even more so, in a recent meta analysis it is suggested that “... an op-
timal PA behavior change would be observable during the first 3 months of interven-
tion, whereas there would be no additional effect of pursuing intervention” [Bernard
et al., 2017, p. 232], suggesting that extending the intervention for more than three
months might not be beneficial. Therefore, running our experiment over the course
of three months, should be enough to observe the effects of the intervention.

7.3.1 Participants

The invitation of participation started the 21th of April 2017 and continued until
the 13th of June 2017. The respondents had the option to participate anonymously
(without filling in a name or email address). In total we had 127 respondents. After
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removing duplicates and faulty installations, we were left with 118 respondents, of
which 62 were female and 56 were male, with 58 (24 male) in the random condition
and 60 (32 male) in the tailored condition. Of these 118 respondents, 106 lived in
the Netherlands at the time. The age varied between 19 and 63 years with an average
of 27 (SD = 8.01).

7.3.2 Experimental conditions

Participants were randomly distributed in one of two conditions: the random con-
dition, or the tailored condition. For the random condition, participants received a
random message from one of the ten possible strategy categories with the weights for
choosing the categories equal. For tailored condition, participants received a random
message from one of the three to five categories suitable for the stage they are in
according to the TTM. Depending on the stage that the participant self-reported to be
in, the possible categories would be:

Stage Precontemplation (1): CR, DR, ER, SOL
Stage Contemplation (2): CR, DR, ER, SOL, SR
Stage Preparation (3): SR, SEL, HR, CC
Stage Action (4): SEL, HR, CC, RM, SC
Stage Maintenance (5) CC, RM, SC

However, due to programming problems, the app did not always work as planned.
An error in the code caused some (12.6%) of the messages sent in the tailored condi-
tion to be completely random (not based on stage). This happened when the app did
not have a list of stage-appropriate messages to send, causing fail-safe code to send a
random message instead. This means that the tailored condition contains some noise
of random messages and was therefore slightly less tailored than intended (as can be
seen from Table E.1 in the Appendix). Moreover, due to an error in choosing which
message to send in the random condition, the randomization was not on category
level, but on message level, resulting in smaller chances of sending messages from
categories with fewer messages (DR, SOL, SC).

7.3.3 Daily messages

Only peer-designed messages were used for this experiment. We chose to use peer-
designed messages because in the previous chapter we showed that, overall, peer-
designed messages were rated as more motivating and because we could select mes-
sages from a larger dataset (2886 peer-designed vs 377 expert-designed messages).
For both conditions a dataset of 267 peer-designed messages divided over ten cate-
gories was used: Consciousness Raising (30 possible messages), Dramatic Relief (26
messages), Environmental Reevaluation (30), Social Liberation (10), Self-reevaluation
(30), Self-liberation (30), Helping Relationships (30), Counterconditioning (30), Re-
inforcement Management (30), Stimulus Control (21).
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7.3.4 Design of the app

The application was designed through an iterative user-centered design approach to
be as clean and non-intrusive as possible. An initial iteration started as a project for
students in February 2016, first testing the sending of messages through lo-fi proto-
types, then developing an actual application, and finishing with a small user study
testing tailored versus random messages over the span of three days.

The lessons and recommendations from this project were taken as a starting point
for developing the current application, starting November 2016. Notable recom-
mended improvements were: Google Fit integration to measure real physical activity,
robust data handling, and data storage in the cloud. Beta testing with versions of this
application started January 2017. After several iterations, the application was judged
robust in April 2017, and the first participants were recruited 21th of April 2017.

The daily motivational messages were sent as notifications (see Figure 7.1), but
did not require immediate attention and stayed in the notification area until resolved.
The notification could be resolved easily through the notification area itself, but also
in the app. The app itself did not contain any features except the history of the rated
messages.

7.3.5 Task

The participants in either condition were asked to rate one motivational message each
day for three months. The message was delivered as a notification in the application.
To avoid repetition, we tracked the messages sent, so they were rotated out of the
possible selection. Moreover, they were asked to fill in a short survey once every two
weeks, totaling six surveys, and one final survey.

Figure 7.1: Three screenshots of the app. On the left, a motivational message in the app. In the
middle, a motivational messages in the notification area. On the right, the history of
rated messages.
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7.3.6 Measures

After installing the app, we asked the participants their name (optional), email (op-
tional), age, gender, living location, understanding of the English language and how
they came across the application. We also measured their personality, through a 10-
item version of the 50-item IPIP representation of the revised version of Costa and
McCrae’s [Costa and McCrae, 1992] NEO Personality Inventory3, their current stage
of change4 [Norman et al., 1998], and their exercise activities, through the Godin
Leisure-Time Exercise Questionnaire [Godin and Shephard, 1997].

During the experiment we asked participants in both conditions to rate their daily
motivational message with either ‘Motivating’ or ‘Not motivating’ (used for H1a), and,
through a biweekly survey, we asked them to rate their self-efficacy4 [Benisovich et al.,
1998] (used for H1b), decisional balance4 [Nigg et al., 1998] for exercise (also used
for H1b, decisional balance is split into the positive and negative aspects of exer-
cise, called the pro’s and con’s of exercising), their current stage of change4 [Norman
et al., 1998], and their exercise activities [Godin and Shephard, 1997] (used for H1c).
Moreover, we measured their actual physical activity level for running, walking, and
biking through Google Fit if participants also installed that app (also used for H1c).

After the experiment, we asked participants questions concerning their perception
of the motivational messages they received in terms of the interruptiveness, attentive-
ness to, likeability of, motivationalness, general relevance and personal relevance.
We also asked them, in freeform, to name positive and negative experiences with the
app, if possible. Moreover, through an adapted version of the Technology Acceptance
Model [Davis, 1989], we measured the perceived usefulness of, perceived ease of use
of, attitude towards use of, and intention to use the application. The data from these
questions has not been used in this dissertation.

7.3.7 Procedure

Participants were recruited by convenience sampling based on the social network of
the primary researcher and subsequent snowball sampling. After installing the app,
but before starting the study, the participants were informed of the goal of the study
(testing how motivating the text messages are), the run time of the study (3 months),
the requirements of the study (rate a daily text message, fill in biweekly surveys and
an end survey), and they were presented with a consent form. If participants con-
sented, they proceeded to the initial questionnaire (see the previous section 7.3.6).
After filling out this questionnaire, they landed on the main page of the app where
during the study the history of rated messages was displayed. As explained on the
landing page, however, during the first week no messages were sent, this started from
the second week. After the second week, the first biweekly questionnaire was sent,
repeating every two weeks. After twelve weeks, an end questionnaire was presented
through a notification. After filling out this end questionnaire, participants were de-
briefed and informed that they could deinstall the application, or keep using it if they
preferred to, with only the daily motivational messages function.

3http://ipip.ori.org/
4http://web.uri.edu/cprc/measures/
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7.3.8 Semi-structured interviews

A selection of non-anonymous participants was invited to participate in an interview,
either after they finished or quit the experiment. In total, 30 participants were in-
terviewed in-depth about their experiences with the app. Sixteen of these from the
tailored condition (eight who finished, eight who did not finish), fourteen of these
from the random condition (seven who finished, seven who did not finish). The semi-
structured interview was designed to built on some of the insights from the quantita-
tive data of the participant, to gain additional insight into the results found, and into
the use or lack of use of the app. In this chapter, we will use some of these insights
that relate to the different conditions that we used, exemplified through quotes, to try
to explain or substantiate some of the results.

7.4 Data analysis

The data (e.g., ratings of messages, questionnaires, Google Fit data) from the appli-
cation was stored in an online database5. The database was split in different sub-
databases, a database containing activities registered through the Google Fit app, a
database containing messages rated by the participants, a database containing the
responses to the final surveys, a database containing the responses to the biweekly
surveys, a database containing registration of Google Fit installations, a database con-
taining the registration of Google Fit goals and a database containing details of the
participants from the initial installation and questionnaire. Each of these databases
contained data with a participant ID. Through the use of R [Team, 2016] we trans-
formed these databases to combined datasets.

In total, 118 participants installed the app. Their self-assessed stages of change: 55
participants rated themselves to be in the Maintenance stage (M), 21 in the Prepara-
tion stage (P), 19 in the Contemplation stage (C), 16 in the Action stage (A), and 7
participants rated themselves in the Precontemplation stage (PC).

Many people did not rate or receive every messages or fill in every survey. More-
over, a notably smaller group used the app over a longer term. Although we are
interested in the general use of the app, including the attrition, some of the questions
we are interested in are better answered with the data of people who used the app
over a longer period of time. To this end, we created a smaller dataset with data of
people arguably using the app over a longer time. As a selection criterion, we used
the information of whether the participant filled in the end survey or not. A total of
47 participants did. These 47 participants also include a few participants (about 5)
who rated very few messages (and biweekly surveys). However, we cannot know for
sure if having rated very few messages (and biweekly surveys) also implies having
seen very few messages, and therefore having little exposure to the experimental ma-
nipulation (the messages), or if it just implies that those participants did not enjoy
rating a message daily. Therefore we considered it best to include these participants
in the ‘using the app over a longer period of time’ group. On the other hand, by se-
lecting on participants who filled out the end survey, we excluded some participants

5restdb.io
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(about 7) who rated quite some messages, but not the end survey (yet), and did fill in
a notable number of biweekly surveys. Arguably, they have had good exposure to the
experimental manipulation, could have participated until the very end and their data
on rated messages and biweekly surveys is valuable for the group of longer-time app
users. However, we cannot know with certainty that they participated until the end
(and just missed or did not come around to the end survey), therefore we considered
it best to exclude these participants from the ‘longer period of time’ group.

Looking only at the participants who finished the end survey gives us a subset of
47 participants (24 male, 23 female), with 23 participants (9 male, 14 female) in the
random condition, and 24 (15 male, 9 female) in the tailored condition. Their self-
assessed stages of change: 17 participants rated themselves to be in the Maintenance
stage (M), 12 in the Contemplation stage (C), 9 in the Preparation stage (P), 6 in the
Action stage (A), and 3 participants rated themselves in the Precontemplation stage
(PC). 42 participants were living in the Netherlands at the time. To paint a better
picture of the results of our study, we will report on statistics of the dataset that best
answers the hypotheses.

A Chi-square test was carried out in SPSS to see if the condition (i.e., tailored or
random) had an effect on how many messages were rated either ‘Motivating’ or ‘Not
motivating’, for both the data of all participants, and the smaller group of longer-
term participants. To see if the self-reported activity changed over time due to the
condition, we performed a linear-mixed model in R. This approach was chosen over a
repeated-measure ANOVA due to the notable amount of missing data in the biweekly
questionnaires and the linear-mixed model being better suited for this missing data.
Moreover, four ANOVA’s were carried out in SPSS to see if the condition had an effect
on how many activities (activities automatically registered by Google Fit are running,
walking and biking) or how many minutes of activities were performed by the par-
ticipants, for both the data of all participants, and the smaller group of longer-term
participants. To see if the self-reported decisional balance and self-efficacy changed
over time due to the condition, we performed a linear-mixed models in R. Again, this
approach was chosen over a repeated-measure ANOVA due to the notable amount of
missing data in the biweekly questionnaires and the linear-mixed model being better
suited for this missing data.

7.5 Results

We present the results of the longitudinal in-the-wild study by looking at the data of
all participants, but also by focusing on the data of longer-term users as explained
in the previous section. To investigate the influence of the tailored daily messages
compared to random daily messages, we looked at: how motivating the messages
were perceived, biweekly reported self-efficacy, decisional balance (split into the pro’s
and con’s of engaging in physical activity), and physical activity, and recorded sensor
data for physical activity.
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7.5.1 Rated messages (H1a)

We expected that people self-reporting in the tailored condition, would rate more
messages motivating than in the random condition (H1a), however this hypothesis
is not supported by the data and analysis. In fact, for the data of the longer-term
users we found an opposite significant effect. From Table 7.1 it can be seen that
the distribution of the motivating and not motivating-rated messages over the condi-
tions for all the data does not resemble our expectation: there does not seem to be
a difference in how many messages are rated motivating between the tailored and
random condition. The results show that there is no significant association between
the condition and the rating of the messages (χ2p1q “ 1.335, p ă .248). From Table
7.1 it can also be seen that the distribution of the motivating and not motivating-
rated messages over the conditions for the data of the longer-term users also does not
meet our expectation: there does seem to be a difference in how many messages are
rated motivating between the tailored (49.7%) and random condition (55.2%), but
this seems to be the opposite direction of our hypothesis (H1e). The results show that
there is a significant association between the condition and the rating of the messages
(χ2p1q “ 11.580, p “ .001).

Dataset Messages (avg.) Motivating (exp.) Not motivating (exp.)

all users (N = 118) 5483 (46.47) 2743 2740

Tailored (N = 60) 2969 (49.48) 1464 (1485.3) 1505 (1483.7)

Random (N = 58) 2514 (43.34) 1279 (1257.7) 1235 (1256.3)

Longer-term (N = 47) 3724 (82.93) 1776 1727

Tailored (N = 24) 1961 (81.70) 974 (1025.8) 987 (935.2)

Random (N = 23) 1763 (76.65) 974 (922.2) 789 (840.8)

Table 7.1: The number of messages rated in total, per condition. The number of messages divided
by rating of Motivating or Not Motivating and the expected number from Chi-square test,
per condition.

7.5.2 Self-reported self-efficacy and decisional balance (H1b)

We expected that people in the tailored condition would be more confident in their
ability to do physical activity, which we operationalized by measuring both (H1b)
self-reported self-efficacy and decisional balance (split into the pro’s and con’s of ex-
ercising), however this hypothesis is not supported by our data and analysis. In fact,
for the pro’s of decisional balance and for self-efficacy, the data shows a trend where
the random condition is scoring significantly higher in the later weeks in respect to
the tailored condition.

For the self-reported decisional balance and self-efficacy data (Figures 7.2, 7.3,
and 7.4), we ran three linear mixed-effects model analyses in R similar to the previous
self-reported physical activity analysis. We only ran these analyses on the data of the
longer-term participants. Our models included the reported score as the outcome
(either decisional balance pro’s, con’s or self-efficacy), and as fixed effects: the week
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of the reported score (the over time data), the condition of the participants (tailored
or random), and the interaction between the week of the reported score and the
condition of the participants. The participants were included as random effect.
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Figure 7.2: The mean self-reported decisional balance pro’s scores and mean standard error bars
by week divided between the random and tailored condition.
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Figure 7.3: The mean self-reported decisional balance con’s scores and mean standard error
bars by week divided between the random and tailored condition.
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Figure 7.4: The mean self-reported self-efficacy scores and mean standard error bars by week
divided between the random and tailored condition.

We report on the summaries of the models (Table 7.2, 7.3, 7.4, 7.5, 7.6, and 7.7),
with the week 2’s (two weeks after installation of the app) self-reported decisional
balance pro’s, con’s or self-efficacy as the reference level.

Looking at the effects (Tables 7.3, 7.5, and 7.7), we found that neither the con-
dition (random or tailored) nor the week of the self-reported scores of decisional
balance pro’s, con’s or self-efficacy makes a significant difference in reference to the
self-reported scores at the reference level, except for the interaction between the
decisional balance pro’s and the condition, where a negative estimate difference is
significant for week 8 and week 10, and the interaction between self-efficacy and the
condition, where a negative estimate difference is significant for week 10. This means
that the random condition is scoring significantly higher in those weeks in respect to
the tailored condition (seen for decisional balance pro’s in Figure 7.2 by the random
condition scoring higher than the tailored condition, and seen for self-efficacy in Fig-
ure 7.4 by the dip in the score for the tailored condition).

Random effects variance SD

UserID (Intercept) 0.5076 0.7125

Residual 0.2729 0.5224

Table 7.2: The variance and standard deviation of the random effect of the decisional balance
pro’s model: respondents. Number of observations: 212, number of respondents: 45.
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Fixed effects: Estimate Std. Error df t value Pr(ą |t|)
(Intercept) 3.49731 0.20016 88.93000 17.472 ă0.0001 ***

DBpro.week4 -0.07523 0.18480 165.16000 -0.407 0.6845

DBpro.week6 0.15558 0.18402 166.59000 0.845 0.3991

DBpro.week8 0.19237 0.18813 164.64000 1.023 0.3080

DBpro.week10 0.27991 0.18813 164.64000 1.488 0.1387

DBpro.week12 -0.01312 0.18957 165.64000 -0.069 0.9449

conditiontailored 0.16052 0.27336 88.30000 0.587 0.5586

DBpro.week4:tailored -0.10482 0.24935 163.83000 -0.420 0.6747

DBpro.week6:tailored -0.28808 0.24632 164.25000 -1.170 0.2439

DBpro.week8:tailored -0.54706 0.25198 162.89000 -2.171 0.0314 *

DBpro.week10:tailored -0.62283 0.25753 162.71000 -2.418 0.0167 *

DBpro.week12:tailored -0.07426 0.25363 163.64000 -0.293 0.7700

Table 7.3: The estimates and standard error of the fixed effects and interactions effects of the
model: self-reported decisional balance pro’s score per week, condition, and self-
reported decisional balance pro’s score per week and condition. Significant effects
reported for ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1.

Random effects variance SD

UserID (Intercept) 0.3575 0.5979

Residual 0.1012 0.3181

Table 7.4: The variance and standard deviation of the random effect of the decisional balance
con’s model: respondents. Number of observations: 212, number of respondents: 45.
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Fixed effects: Estimate Std. Error df t value Pr(ą |t|)
(Intercept) 1.668009 0.151484 65.920000 11.011 ă0.0001 ***

DBcon.week4 0.095302 0.113095 160.950000 0.843 0.401

DBcon.week6 0.059158 0.112745 161.920000 0.525 0.601

DBcon.week8 0.156465 0.115079 160.540000 1.360 0.176

DBcon.week10 0.153480 0.115079 160.540000 1.334 0.184

DBcon.week12 0.198546 0.116056 161.220000 1.711 0.089 .

conditiontailored 0.219334 0.207055 65.520000 1.059 0.293

DBcon.week4:tailored 0.002467 0.152417 159.850000 0.016 0.987

DBcon.week6:tailored -0.103483 0.150620 160.160000 -0.687 0.493

DBcon.week8:tailored -0.249822 0.153913 159.210000 -1.623 0.107

DBcon.week10:tailored -0.258109 0.157277 159.080000 -1.641 0.103

DBcon.week12:tailored -0.172004 0.155009 159.710000 -1.110 0.269

Table 7.5: The estimates and standard error of the fixed effects and interactions effects of the
model: self-reported decisional balance con’s score per week, condition, and self-
reported decisional balance con’s score per week and condition. Significant effects
reported for ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1.

Random effects variance SD

UserID (Intercept) 0.4305 0.6562

Residual 0.1695 0.4117

Table 7.6: The variance and standard deviation of the random effect of the self-efficacy model:
respondents. Number of observations: 212, number of respondents: 45.
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Fixed effects: Estimate Std. Error df t value Pr(ą |t|)
(Intercept) 2.72662 0.17435 74.86000 15.639 <0.001 ***

SE.week4 0.05915 0.14601 162.14000 0.405 0.6859

SE.week6 0.11783 0.14548 163.36000 0.810 0.4191

SE.week8 0.14990 0.14860 161.65000 1.009 0.3146

SE.week10 0.13768 0.14860 161.65000 0.927 0.3555

SE.week12 -0.15907 0.14980 162.51000 -1.062 0.2899

conditiontailored -0.14128 0.23821 74.35000 -0.593 0.5549

SE.week4:tailored -0.01614 0.19689 160.87000 -0.082 0.9348

SE.week6:tailored -0.11505 0.19453 161.24000 -0.591 0.5551

SE.week8:tailored -0.18582 0.19889 160.06000 -0.934 0.3516

SE.week10:tailored -0.50337 0.20325 159.90000 -2.477 0.0143 *

SE.week12:tailored 0.13129 0.20025 160.69000 0.656 0.5130

Table 7.7: The estimates and standard error of the fixed effects and interactions effects of the
model: self-reported self-efficacy score per week, condition, and self-reported self-
efficacy score per week and condition. Significant effects reported for ‘***’ 0.001 ‘**’
0.01 ‘*’ 0.05 ‘.’ 0.1.

7.5.3 Self-reported and recorded physical activity (H1c)

We expected that people who receive messages tailored to their stage of change over
three months time will do more physical activity than people receiving random mes-
sages (H1c). We operationalized this by measuring self-reported physical activity
and recorded physical activity. For self-reported physical activity, this hypothesis is
not supported by our data and analysis. For this self-reported activity data (see Fig-
ure 7.5), to test whether there were differences in how much activity people reported
over time (by way of the biweekly surveys) between the conditions, we ran a linear
mixed-effects model analysis in R [Team, 2016] with the lme4 package [Bates et al.,
2015] and to output significant differences, the lmerTest package [Kuznetsova et al.,
2016]. We only ran this analysis on the data of the longer-term participants. To ac-
commodate for hierarchical completeness, our model included the reported activity
score as the outcome, and as fixed effects: the week of the reported score (the over
time data), the condition of the participants (tailored or random), and the interaction
between the week of the reported score and the condition of the participants. The
participants were included as random effect.
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Figure 7.5: The mean self-reported activity scores and mean standard error bars by week divided
between the random and tailored condition.

We report on a summary of the model (Table 7.8 and 7.9), with the week 0 (at
the app installation) self-reported activity as the reference level (benchmark to which
to compare the scores of the other categories relatively). The intercept score is the
score on the reference level while all other factors are zero, meaning the week of the
self-reported activity and the condition (random).

Looking at the effects (Table 7.9), we found that the condition (random or tai-
lored) does not make a significant difference in reference to the self-reported activity
score (intercept reference level) for week 0, but that the week of the self-reported ac-
tivity does, indicating that the physical activity performed increases over the weeks.
However, this is not due to the interaction between the condition and the week of the
self-reported activity, because the interaction does not make a significant difference
in reference to the self-reported activity score (intercept reference level) for week 0.

Random effects variance SD

UserID (Intercept) 1196.7 34.59

Residual 399.2 19.98

Table 7.8: The variance and standard deviation of the random effect of the GLTEQ model: re-
spondents. Number of observations: 259, number of respondents: 47.
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Fixed effects: Estimate Std. Error df t value Pr(ą |t|)
(Intercept) 33.913 8.330 70.260 4.071 0.000121 ***

GLTEQ.week2 6.637 6.450 205.290 1.029 0.304743

GLTEQ.week4 10.531 6.731 206.030 1.564 0.119245

GLTEQ.week6 17.500 6.590 205.890 2.656 0.008536 **

GLTEQ.week8 14.727 6.884 206.120 2.139 0.033576 *

GLTEQ.week10 12.499 6.884 206.120 1.816 0.070853 .

GLTEQ.week12 18.369 6.867 205.900 2.675 0.008071 **

conditiontailored 11.129 11.657 70.260 0.955 0.343016

GLTEQ.week2:tailored -7.030 8.823 203.770 -0.797 0.426528

GLTEQ.week4:tailored -8.110 9.089 204.220 -0.892 0.373276

GLTEQ.week6:tailored -8.608 8.923 204.090 -0.965 0.335809

GLTEQ.week8:tailored -7.952 9.275 204.400 -0.857 0.392251

GLTEQ.week10:tailored 4.332 9.522 204.440 0.455 0.649648

GLTEQ.week12:tailored -12.682 9.257 204.210 -1.370 0.172195

Table 7.9: The estimates and standard error of the fixed effects and interactions effects of the
model: self-reported activity score week, condition, and self-reported activity score
week and condition. Significant effects reported for ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1.

For the recorded running, walking, and biking Google Fit data, this hypothesis
(H1c) is also not supported by our data and analysis. We carried out separate uni-
variate analyses of variance (ANOVA) with the condition as predictor variable and
the number of activities and duration as separate outcome variables to see if the
number of activities and average duration differed between the conditions, for both
the data of all participants, and the smaller group of longer-term participants. From
the descriptive statistics in Tables 7.10 and 7.11 it can be seen that average num-
ber of activities and the average duration of the activities for both conditions and
across both datasets is very similar. The results show that neither of these relations
is significantly different between conditions for the data of all participants (activi-
ties: F p1, 53q “ 0.848; p “ .361, and duration: F p1, 4594q “ 1.385; p “ .239), nor
for the data of the longer-term participants when it comes to activities (activities:
F p1, 25q “ 1.238; p “ .276). However, there is a trend for the duration of activities
being longer for the longer-term participants in the random condition than in the
tailored condition (duration: F p1, 3108q “ 3.838; p “ .050), which is opposite to the
hypothesis.
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Dataset Act. total avg. activities (SD) CI

all users (N = 55/118) 4596 83.56 (56.23) 68.36 – 98.76

Tailored (N = 28/60) 2532 90.43 (55.85) 68.77 – 112.09

Random (N = 27/58) 2064 76.44 (55.78) 53.98 – 98.91

Longer-term (N = 27/47) 3110 119.79 (43.58) 95.05 – 135.32

Tailored (N = 14/24) 1759 125.64 (39.98) 102.56 – 148.73

Random (N = 13/23) 1351 103.92 (60.16) 67.57 – 140.28

Table 7.10: Number of activities total, per condition. Average number of activities and the standard
deviation, and confidence interval per condition.

Dataset Act. total avg. duration (SD) CI

all users (N = 55/118) 4596 46.83 (45.01) 45.52 – 48.13

Tailored (N = 28/60) 2532 47.53 (47.81) 45.67 – 49.39

Random (N = 27/58) 2064 45.96 (41.31) 44.18 – 47.74

Longer-term (N = 27/47) 3110 47.83 (46.38) 48.02 – 51.48

Tailored (N = 14/24) 1759 48.23 (51.20) 45.84 – 50.63

Random (N = 13/23) 1351 51.72 (46.62) 49.24 – 54.21

Table 7.11: Number of activities total, per condition. Average duration of activities and the stan-
dard deviation, and confidence interval per condition.

7.6 Discussion

In this section, we first consider the technical problems that occurred during our
experiment, because these are cause for careful interpretation of the results. Then,
we proceed to discuss the results of the analyses and the limitations of the experiment
design. Three technical problems with the application presented themselves during
the experiment and the analysis of the data. Nevertheless, we argue that the long-
term in-the-wild experiment provides a contribution in the form of i) the results of the
evaluation of behavior change strategies as text messages long-term and in-the-wild,
and ii) the lessons learned designing and using technology in-the-wild over a longer
period of time.

Concerning our technical problems, from the data we can see that some partici-
pants have received and rated more than one messages a day. This is probably due
to reboots of the phone, causing resending of messages. Moreover, due to an error
in choosing which message to send in the random condition, the randomization was
not on category level, but on message level, resulting in smaller chances of sending
messages from categories with fewer messages (DR, SOL, SC). And, as mentioned
earlier, the app did not always work correctly and this resulted in 12.6% of the mes-
sages in the tailored condition actually not belonging to one of the tailored processes
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fitting the participant’s stage of change. This was due to an misrepresentation of the
weights to pick messages from categories. These weights should have been equal
across categories, but they were not. Due to errors in the weight calculation of the
algorithm, most of the time (90%) when the first category should have been picked
of the possible categories list for a participant (e.g., if possible categories for a partici-
pant in Precontemplation were: CR, DR, ER and SOL, then CR should be picked), the
weight calculation ended up on a negative number and as a fail-safe picked a random
message. In short, it meant that messages from one of the categories for a participant
in the tailored condition would be shown a lot less, and instead would show a ran-
dom message from any of the categories (as can be seen in the overview Table E.1 in
the Appendix). All these problems interfere in a notable way with the experimental
condition and are therefore cause for (very) careful interpretation of the results.

7.6.1 The effects of receiving tailored or random messages (H1)

With the experiment we set out to investigate how communicating crowd-designed
motivational messages to people influences their physical activity behavior (to answer
this dissertation’s main research question), and whether sending daily motivational
messages from a process fitting a participant’s stage of change in line with the TTM
could motivate that person to change their behavior (for example a participant in
stage Precontemplation would receive a daily message from either the process of CR,
DR, ER, or SOL). To compare, other participants received messages not according
to this model, but totally at random (but still messages from one of the ten possi-
ble processes). We expected that sending motivational messages from the processes
that fit a participant’s stage of change, would be significantly more motivating than
sending random motivational messages. Over the course of three months (i.e., the
experiment duration), we expected that people that receive messages tailored to their
stage of change over three months time perceive the messages as more motivating
(H1a), have more confidence in their ability to do physical activity (H1b), and do
more physical activity than people receiving random messages (H1c).

Although we could test these hypotheses with the data of every participant (how-
ever little), we felt that some of these hypotheses are better tested with only or also
the data of people who used the app over a longer period of time. We selected these
people based on whether the participant filled in the end survey or not.

Looking at how the daily motivational messages were rated, we expected that par-
ticipants in the tailored condition, would rate significantly more messages as motiva-
tional (H1a), because they got messages from processes fitting their stage of change.
We found, however, that there were no significant differences for the data of all partic-
ipants, and a contradicting significant difference for the data of the long-term users.

Concerning the constructs of the Transtheoretical Model that are indicators for
behavior change, self-efficacy and decisional balance, we expected that people in the
tailored condition would have more confidence in their ability to do physical activity,
and therefore score their self-reported self-efficacy higher, and would score their self-
reported decisional balance pro’s higher and their self-reported decisional balance
con’s lower (H1b). In this case, we only looked at the data from long-term users since
we are interested in self-efficacy and decisional balance over time. We found that
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for the interaction between the decisional balance pro’s and the condition in week 8
and week 10, the scores in the random condition where significantly higher. And for
the interaction between self-efficacy and the condition in week 10, the scores in the
random condition where significantly higher.

For people’s physical activity level, we expected that participants in the tailored
condition would perform more physical activity, measured from both self-report and
sensor data (H1c). Again, we only looked at the data from long-term users since
we are interested in physical activity over time. For self-reported physical activity,
no significant differences for the condition or the interaction of the condition with
time were found. However, week 6, 8, 10 and 12 did score significantly higher in
reference to the self-reported activity score (intercept reference level) for week 0,
suggesting that overall for both conditions the self-reported physical activities did go
up compared to when people installed the application (baseline score). For the sensor
data, we found that there is a trend (p “ .050) for the average duration of activities
overall, being longer in the random condition than in the tailored condition, which is
opposite to the hypothesis.

Overall, we cannot accept any of the hypotheses. In fact, we found a number of
significant differences in the opposite direction of the hypotheses. In the remainder
of this discussion section, we proffer some interpretations for these results and we
discuss the limitations to the work, which are cause for careful interpretation of the
results.

First of all, the technical problems complicate the interpretations of these results.
The technical problems we suffered could explain the absence of significant results.
However, the malfunctioning of the app does not offer insight into why the random
messages seemed to have more effect, because in a sense it made the tailored condi-
tion ‘more random’, and in that sense, closer to the random condition, which would
normally mean that you would see less (or even no) effects.

The hypotheses were built on several assumptions, from our previous work, but
also from theoretical foundation. For example, we assumed that the Transtheoretical
Model works for physical activity behavior change. We assumed that the processes
that underlie behavior change could be captured through our codebook describing
the processes of change. We assumed our coding and subsequent selection of coded
messages worked and resulted in messages that were fair representations of the pro-
cesses of change. We assumed that people reading these fair representations of mes-
sages fitting their stage would be motivated more by them than people reading these
fair representations randomly selected. We assumed that people honestly fill in their
stage of change. We assumed that people would honestly self-report their activity,
self-efficacy and decisional balance. And we assumed three months of daily motiva-
tional messages would be enough to see and measure behavior change, or at least its
precursor in the form of higher self-efficacy and decisional balance. These are a lot of
assumptions to build on and any of these assumptions being faulty could lead to the
absence of results. However, we have tried to test these assumptions where possible,
and we argue that these assumptions are reasonable and therefore accepting them is
reasonable. Moreover, any of these assumptions being faulty would not necessarily
lead to finding the results in the opposite direction of our hypotheses, as we did.
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One possible explanation for finding results opposite to our expectations could be
that, somehow, the messages in tailored condition were felt to be too repetitive. From
the post experiment interviews, we found some support for this explanation. This
is illustrated by for example: “I did not notice the content of the messages change
over time. I had the feeling that there were duplicate messages, and then I thought
‘did I not already see this before in a different phrasing”’ (R7 - tailored condition),
and “I did get a lot of the same sort of messages” (R27 - tailored condition). This
repetitive feeling could be explained by the lack of depth in the messages. Although
we engaged in rigorous coding and had good reliability for the messages represent-
ing the processes, motivational text messages in this format cannot always capture
the whole range and depth of a process of change. This would lead to mismatched
expectations about the impact of the text messages and would undermine the stage
relation of the ‘full’ process that we do not test through the use of these messages that
could be, in sense, a poor substitute. It could be then, that a broader selection of mo-
tivational messages with different themes (as weak representations of the processes)
were more motivating than the repeated selection of motivational messages from a
select few categories (as weak representations of the processes).

Another possible explanation for this repetitive feeling could be tied to the con-
struct of the stages of change. Although the stages provide huge heuristic value in the
form of conceptualization and measurement of behavior change to be used in some-
thing as practical as an app, the ostensibly arbitrary definition of the stages has been
a point of critique (e.g. [Littell and Girvin, 2002]). An interpretation would that the
stages are not as important as expected and that the processes could be used more
stage-independently. This would align to the results discussed in Chapter 5, where
we concluded that the way people rated the messages for the processes in the evalu-
ation survey did not match the expectation based on what processes should be most
relevant for the stage they are in. It could be then, that the repeated selection of moti-
vational messages from a select few categories (even though they are considered more
stage-relevant) was not so motivational because of the limited themes represented,
and that in the random condition, the broad selection of motivational messages with
different themes was more motivating because there was higher chance that one of
these themes (categories) would be salient, or at least less repetitive, for the partici-
pant.

The last possibility is that the results are just due to random variation. Most of
the results are based on a relatively small sample size, the effects found are small,
and the standard errors overlap. It is reasonable to consider that the results are due
to random variation and no conclusive evidence for any type of tailoring has been
found.

Using theory in practice is not always easy and effective. Although there is a
general consensus on the value of most behavior change theories and also the Trans-
theoretical Model, there is also still plenty of room to increase the effectiveness and
salience of such theories by identifying more determinants (e.g., personality) for spe-
cific situations (e.g., the exercise domain) and by revealing new dependencies be-
tween them.
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7.6.2 Limitations of the current work

Next to the technical problems, the study also suffered from some other limitations.
Because the study was conducted in-the-wild, we had less control over the study. This
resulted in, amongst other things, missing data in rating the daily motivational mes-
sages, the biweekly surveys and the end survey. This was augmented by the three
months duration of the experiment, which is quite a long time for participants to con-
sistently fill in requested data. On the other hand, three months can be considered
a short time to expect real behavior change. Also, the runtime of the experiment
(people that participated could start from end of April to end of June), was partly
during the summer holidays, which could, for example, interfere with people’s nor-
mal (physical activity) habits and day-to-day phone use. Another limitation could
be the attrition rate of the participants. From the 118 starting participants, 47 filled
in the final survey, which means 60% of the participants did not fill in the final sur-
vey. Although this might seem like a low number, this is similar to other research,
considering the length of our study. For example, Kaptein et al. [2012] performed a
two-week study where they sent people messages to reduce snacking behavior, where
they report that more than half did not fill out their final diary. In terms of data anal-
ysis, a limitation is the large number (17 out of 47, or 55 out of 118) of participants
in the maintenance stage, which are (arguably) less informative because they will not
change much because they already exhibit the preferred behavior.

7.7 Conclusion

In this chapter, we described the in-the-wild experiment lasting three months, where
we sent participants motivational messages fitting the processes of change from the
Transtheoretical Model, either at random or tailored to the stage they where in. We
compared the results of these two conditions to see whether people that receive mes-
sages tailored to their stage of change over three months time perceive the mes-
sages as more motivating (H1a), have more confidence in their ability to do physical
activity, measured through self-reported self-efficacy and decisional balance (H1b),
and do more physical activity than people receiving random messages, measured
through self-reported physical activity and recorded physical activity (H1c). The find-
ings show, however, that none of these hypotheses can be supported. In both condi-
tions the self-reported physical activity scores went up significantly over the weeks of
the experiment, which could suggest that motivational text messages in general, not
specifically tailored messages, convinced people to do more physical activity. In fact, it
seemed that participants in the random condition rated more messages as motivating,
had a longer duration of activities measured by Google Fit, self-reported higher scores
on decisional balance pro’s, and self-reported higher scores on self-efficacy. These
findings seem to point to an effect opposite of what we expected: random messages
motivate people more to do physical activity than messages tailored to their stage in
accordance to the processes of the TTM. An interpretation of these findings, similar
to our interpretation of the results in the previous Chapter 5, might be that tailoring
to stage is not as important as expected. That the broad selection of motivational
messages from different categories is more motivating than the repeated selection of
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motivational messages from a select few categories (even though they are considered
more stage-relevant). In other words, it is better to try to motivate people with a wide
variety of messages with different themes, so that there is higher chance that some-
thing will be salient for the person, in contrast to repeating a few themes over and
over. This could also align to our conclusion in Chapter 5 where we concluded that
the way people rated the processes did not match their stage expectation, and that
in turn personality and gender had significant relations with the process-categories.
On the other hand, due to small sample size, small effects, and overlapping standard
errors, it is also reasonable to consider that the results are due to random variation
and no conclusive evidence for any type of tailoring has been found. Unfortunately
we were unable to tailor also to personality and gender in this experiment, but this
should definitely be considered for future work. Although in a different way than we
imagined, our work shows that the content of the motivational text messages matters
and can easily have a positive, or negative, impact.
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The previous chapters presented the relevant background, research, and results to an-
swer the research questions for this dissertation. This chapter discusses the implications
of these results, to what extent the research questions can be answered by these results,
but also what the limitations are of the research.

This dissertation aimed to answer the main overarching research question of how
people can be motivated to inherently change their physical activity behavior
using technology? The first step in answering this question, is to figure out a way
to motivate people to change their behavior. Literature discussed in Chapters 2 and 3
showed that theory-based behavior change strategies are effective in motivating peo-
ple to change their physical activity behavior using technology. But how do you shape
these theory-based strategies for practical use? The design of such strategies is not
trivial, nor is there any content for such theory-based strategies readily available. So
the first research question this dissertation aimed to answer is how can theory-based
strategies be translated into a real-world technology-based intervention? Getting people
to change their behavior can be challenging, because behavior change is an intricate
process, individual differences make it difficult to generalize this process, and people
do not all have the same motivations. This dissertation set out to answer how does tai-
loring the intervention to individual differences influence people’s motivation for physical
activity? To increase the impact of the theory-based strategies, it is important to tailor
these theory-based strategies to individual differences. Next to tailoring the strate-
gies, another factor that influences the perception of the strategy is who designed the
strategy. Therefore, the third research question was to what extent does the expertise
of the designer of the intervention’s motivational content influence how motivating the
intervention is perceived? Using the insights gathered from answering these questions,
this dissertation aimed to answer the main overarching research question. But first,
the next section will reiterate the main findings of this dissertation.

8.1 Findings

The research described throughout the dissertation has several findings worth high-
lighting. The findings have implications for anyone developing motivational tech-
nology, as well as for HCI in general. In particular, the findings have implications
for theoretical behavior change, for designers of behavior change strategies, and for
answering the research questions.
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Firstly, our approach to operationalizing the processes of change (which are the
behavior change strategies, and also the coding categories) as text-based motiva-
tional messages through the use of scenarios, crowdsourcing, and deductive coding
offered valuable and interesting results. The scenarios proved to be realistic but gen-
eral enough to provide a clear description of the stage of change of a fictitious per-
sona, while not triggering participants to design motivational messages containing
too much details laid out in the description. As shown in Chapter 4, the distribu-
tion of the messages over the coding categories was different for each of the stages
of change described in the scenarios, and more or less in line with what we would
expect (more Experiential messages for early stages, more Behavioral messages for
later stages) for the scenarios based on the relation between the stages and processes
of change as described in the Transtheoretical Model. In the evaluation after, the
selection of coded messages to represent the process categories showed very good
reliability. This suggests that the five messages we selected for each category were a
good fit for the process of change they represented. Moreover, when we repeated the
coding and evaluation with experts, we found similar results. Overall, these findings
suggest that the approach used to elicitate text-based motivational messages through
scenarios (crowdsourced or otherwise), deductively code the messages, and evaluate
the messages after, has proven feasible, successful, and hopefully, replicable.

Secondly, through evaluation surveys we found that indeed there are individual
differences in how motivating processes of change are perceived. Although the results
were not the same for the processes of change measured through a questionnaire and
the processes of change represented by motivational messages, in both instances indi-
vidual differences were found. For the processes of change measured through a ques-
tionnaire we found that personality traits (E and N) relate to the stages of change and
personality traits and the stages of change relate to preferences for certain processes
of change (Chapter 4). This supports the general understanding of the processes of
change, and is also useful for other researchers using and measuring the processes of
change in a similar fashion. For the processes of change represented by our motiva-
tional messages, we found significant relations between process-categories (CR, ER,
SOL, SR, SEL, HR, CC, and SC) and personality traits (Openness, Extraversion, and
Agreeableness), and between process-categories (CR, DR, ER, and SR) and gender.
Moreover, we found that the way people rate the messages (processes) on how mo-
tivating they are does not always match the expectation of what processes should be
most relevant for the stage of change people are in (Chapter 5). This is helpful for
others also operationalizing the processes of change, in that the stages may not play
the role they expected, but that impact could be improved by tailoring to personality
and gender. Also, this is insightful for others operationalizing behavior change strate-
gies in general, in that the operationalized version of the strategies may not evoke the
same results as what is theoretically expected.

Thirdly, we find that the designer of the motivational message also plays a role in
how the message is perceived. Although this might seem self-evident at first, because
it seems likely that contrasting groups such as peers and experts will come up with
different messages, in this case it is not so self-evident. This is because the evalua-
tion of designer was carried out by comparing peer-designed messages representing
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a process of change with expert-designed messages representing the same process,
with the messages selected to represent the complexity of the processes equally well.
We found that expert-designed messages were perceived more motivating by people
who are yet unwilling to change their exercise behavior, and peer-designed messages
were perceived more motivating by people who are either planning on changing, are
already taking steps to change, or are maintaining their exercise behavior. To get
more insight into why we found these differences, we examined and compared the
messages on a linguistic level. To see, for example, whether the differences could be
explained by experts designing longer messages, or using more complicated words.
We found, however, that there was little difference between the two message sets,
except for expert-designed messages scoring higher in authority (Chapter 6). This
finding is relevant for anyone designing motivational messages and operationalizing
behavior change strategies. The designer of the message or strategy is not always
considered thoroughly, but the finding shows that the designer can have an impact,
specifically for people with differences in their willingness to change their behavior,
even when these messages or strategies have been coded and selected to be of a
similar strategy.

Fourthly, in-the-wild motivational text messages could work. We expected to see
that sending tailored messages would result in more physical activity or higher scores
on precursors of increasing physical activity (self-efficacy and decisional balance)
compared to sending random messages. We found that in both conditions the self-
reported physical activity scores went up significantly over the weeks of the experi-
ment, suggesting that both or neither tailored and random motivational text messages
work, or that the increase in physical activity is an artifact of the experiment (e.g.,
just installing the application, getting invited to the experiment, having the feeling of
being observed, or thinking it was expected could have triggered people to engage in
more physical activity). However, these types of artifacts of the experiment usually
wear off over time, while the results show physical activity increasing over the three
month period. This could indicate that the effect is not an artifact of the experiment.
We found that random messages were perceived as more motivating, and resulted
in longer activities (measured through Google Fit) and higher scores on self-efficacy
and decisional balance (Chapter 7). It is important to note that the technology used
in this experiment suffered from some technical problems. However, these technical
problems do not explain why we found significant results in the opposite direction of
our hypothesis. What could explain these results is the fact that some people, through
post experiment interviews, noted that the messages in the tailored condition were
too repetitive. Another interpretation could be that the stages are not as important as
expected (e.g., [Littell and Girvin, 2002]) and that the processes could be more mo-
tivating if used more stage-independently. However, since the results are based on a
relatively small sample size, small effects are found, and the standard errors overlap,
another important interpretation to consider is that these results are due to random
variation. Although these results are unexpected, it could be argued that they still
show the underlying mechanism that was assumed: the content of the motivational
messages matters to motivate people to change their physical activity behavior.
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8.2 Findings in light of the research questions

With the main findings of this dissertation discussed, we can look at the research
questions to see if we can answer them.

To start with the first research question first — How can theory-based strategies
be translated into a real-world technology-based intervention? — this question can
be answered with our first finding. Overall, it seems that scenario-based elicitation
tasks can be used in crowdsourcing to design theoretically-grounded behavior change
strategies. This question was born out of necessity. At the time the research started,
no established methodology was in place to translate theory-based strategies to real-
world technology-based interventions. Related work did sometimes use translated
theory-based strategies, but it was not common to describe the approach that was
followed to get to these translations, and therefore replicating these approaches was
infeasible. This dissertation describes research with an innovative approach to trans-
lating theory-based strategies, where online crowdsourcing, scenarios, coding and
codebooks are combined and subsequently documented for future use. The answer to
the first research question is that a feasible and efficient way to translate theory-based
strategies to real-world technology-based interventions is to follow the approach we
used of elicitating text-based motivational messages through scenarios (crowdsourced
or otherwise) and deductively coding the messages.

The second research question — How does tailoring the intervention to individual
differences influence people’s motivation for physical activity? — can be answered with
our second and fourth finding. It seems that people evaluate the intervention or strat-
egy differently based on either stage, personality, or gender. Of course, many other
factors could be considered when tailoring to people, and many other factors, for ex-
ample the context, the timing, or the location of a person can influence the impact
of an intervention. However, based on the findings of this dissertation the answer
to the research question is that tailoring of theory-based interventions to individual
differences, like gender, personality, or stage of change can indeed influence how the
intervention is evaluated, and therefore the impact of the intervention.

The third research question — To what extent does the expertise of the designer
of the intervention’s motivational content influence how motivating the intervention is
perceived? — can be answered with our third finding. In most literature, the designer
of a strategy or message is not considered at great length. Having peers design these
strategies or messages has been a development in recent literature, where before
having experts design strategies has been the norm. In this dissertation both groups
have been asked to design messages using the same approach. The interventions
designed by the crowd did not differ from the expert-designed interventions in terms
of linguistic differences. However, there were differences in how the interventions
were evaluated based on the stages of the participant. Overall, it seemed that expert-
designed messages were perceived more motivating by people who are yet unwilling
to change their exercise behavior, and peer-designed messages were perceived more
motivating by people who are either planning on changing, are already taking steps
to change, or are maintaining their exercise behavior. Overall, based on the findings
of this dissertation the answer to the research question is that the designer of theory-
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based interventions does indeed influence how the intervention is evaluated, and
therefore the impact of the intervention.

The main overarching research question — How can people be motivated to inher-
ently change their physical activity behavior using technology? — can be answered by
our fourth finding, although all findings contribute to this answer. Overall, it seems
that the effect of sending these crowd-designed interventions of theory-based strate-
gies is there, but not as expected. We expected that tailoring the strategies to the
stages based on the Transtheoretical Model would result in more physical activity or
higher scores on precursors of increasing physical activity (self-efficacy and decisional
balance) compared to sending the strategies randomly. It seemed, however, that send-
ing the strategies randomly resulted in more physical activity and higher self-reported
self-efficacy and decisional balance. For the specific study, this was an unexpected re-
sult, the relation between manipulation (sending tailored or random messages) and
outcome (e.g., self-efficacy, physical activity) did not turn out as expected. From the
perspective of the broader research question, this unexpected result can still answer
the question. Overall, based on the findings the answer to the research question is
that sending theory-based strategies in the form of motivational messages seems to
influence people in physical activity behavior (just not in the way that was expected).
However, due to the limitations of the study, the results should not be interpreted as
conclusive evidence.

8.3 Limitations

Limitations are a part of running studies. Throughout the studies discussed in this
dissertation we ran in to several limitations. The chapters separately address the limi-
tations of the studies. However, some of the noteworthy, key limitations are reiterated
here.

Firstly, there are limitations to the TTM. The model has been used frequently,
but has also received a share of criticism (e.g., [Joseph et al., 1999; Littell and Girvin,
2002; Bridle et al., 2005]). Most criticism revolves around the construct of the stages
of change. Although the stages provide huge heuristic value in the form of conceptu-
alization and measurement of behavior change to be used in something as practical as
an mobile phone application, the ostensibly arbitrary definition of the stages has been
a point of discussion (for example see this excellent critique [Adams and White, 2004]
and subsequent excellent commentary [Brug et al., 2005]). The stages of change are
arguably a seemingly artificial way to put people into a certain stage of their complex
health behavior, such as physical activity behavior change, and the staging algorithms
to do this lack validity. These concerns should be taken into account when interpreting
the TTM results, specifically those results involving the stages of change. However,
conceptual models like this are never completely accurate. If the model would be
completely accurate, it would represent reality. It might be more reasonable to con-
sider whether there is value to the model and improve upon it, then to argue that it
is not completely accurate and dismiss it altogether.

Secondly, there are limitations to motivational messages as representation of
theory. To use text messages as representations of the processes of change assumes
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that these, on average ten to eleven word text messages can capture the subtleties of
a behavior change strategy that in original versions would, for example, be conveyed
through personal feedback, education, confrontation, interpretation, bibliotherapy, or
media campaigns. Moreover, using text messages as representations of the processes
of change assumes that the processes could be captured through the use of coding
and a extensive codebook.

Thirdly, there are limitations to adopting (online) surveys. As mentioned in sev-
eral chapters, we gathered the respondents through Amazon Mechanical Turk, which
could mean a misrepresentation of the general adult population of a Western society,
although studies have reported that AMT generally has quite a good representation
for online survey standards [Mason and Suri, 2012]. However, we are aware that
there can be limitations to how representative the sample is, as not all types of peo-
ple would be equally likely to register for AMT, nor participate in these surveys. The
surveys gathered data at one specific point in time (cross-sectional data), which only
provides evidence for correlation, not causation. For example, in Chapter 4 we argued
that people with certain personalities might not progress well through the stages of
change, because personality scores were different between the stages. However, the
results only provide evidence for correlation, therefore it could also be that people’s
personalities change when they progress through the stages, which would also be a
valid explanation as to why there are personality score differences between stages.
Moreover, the use of surveys results in limitations to our understanding of the effec-
tiveness of a behavior change intervention as a metric to judge its success. A large
part of this dissertation has focused on the effectiveness of an intervention by asking
participants in a survey to rate how motivating they perceive the intervention to be.
However, there is no guarantee that how motivating participants perceive the inter-
vention to be leads to actual behavior change when used in real life. We aimed to test
this in our in-the-wild study, but the results proved mostly inconclusive. Related to
this, surveys involve self-assessment from participants, however people are not nec-
essarily able or willing to truthfully self-assess certain questions, such as which stage
of change they are in or whether a certain text message is really motivating or not.

Fourthly there are limitations to the participant samples. The online surveys
are all set up through SurveyMonkey with participants gathered through Amazon
Mechanical Turk. To ensure the quality of English used in the text messages designed
by the participants, we restricted the participant pool to people located in the United
States. Subsequent evaluation studies were also set up through SurveyMonkey with
participants gathered through Amazon Mechanical Turk. Also, all participants re-
cruited through Amazon Mechanical Turk received monetary compensation (at a rate
of $6 an hour). However, the survey to elicit motivational text messages from experts
was distributed in the Netherlands and Germany because this allowed us to approach
the experts in person. The experts also did not receive monetary compensation. Par-
ticipants for the final in-the-wild study were recruited through convenience sampling
based on the social network of the primary researcher and subsequent snowball sam-
pling. This meant that the vast majority of participants were Dutch. Moreover, the
sample of this study was relatively small (118 participants started, 47 participants
finished). Also, participants did not receive monetary compensation.
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Fifthly, there are limitations to the in-the-wild study. The study was set up to
send one daily motivational message either according to a tailored plan or at random.
However, due to technical problems, some participants received and rated more than
one message a day, and, some participants in the tailored condition received and
rated messages (12.6%) actually not belonging to their tailored plan. Also, we as-
sumed that three months of daily motivational messages would be enough to see and
measure behavior change, or at least its precursor in the form of higher self-efficacy
and decisional balance, however it has been argued that seeing changes in behavior
could take a minimum of six months up to two years. Moreover, the data gathered in
this study includes a fair share of missing data, due to either technical problems or
participants not using the app daily.

It is important to consider that the discussed limitations are possible limitations,
not necessarily probable limitations. It is valuable to acknowledgement and consider
the possible limitations to the work to improve future work and interpret the results.
Overall, we argue that the results of this dissertation are fairly generalizable, for
example personality, gender, stage of change or designer of the message will proba-
bly also influence the perceived motivationalness of strategies in different contexts,
however this might not be for exactly the same strategies or for exactly the same per-
sonality traits, gender, stage or message designer. Moreover, the approach to opera-
tionalize the processes of change as text-based motivational messages through the use
of scenarios, crowdsourcing, and deductive coding is likely to be valuable in different
contexts, although for optimal effect, adjustments to the scenarios, surveys or code-
book might be needed. Lastly, the in-the-wild study proved that sending theory-based
strategies in the form of motivational messages does influence people in physical ac-
tivity behavior, however more replication in identical and different contexts is needed
to really find out the underlying mechanisms.
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The previous chapter discussed to what extent the research questions could be an-
swered. This chapter summarizes the work done, highlights the contributions, and
outlines future work based on the direction of this dissertation.

This dissertation presented research in which we investigated, designed, and eval-
uated behavior change strategies that can be used to motivate people to change their
physical activity behavior. The research showed how theory-based strategies can be
translated to real-world technology-based interventions, to what extent tailoring of
these theory-based interventions to individual differences can influence the impact of
the intervention, and to what extent theory-based interventions can effectively em-
power people to change their physical activity behavior using technology. In this
chapter, the contributions of the work are summarized and final remarks are made,
and the chapter ends with a perspective on future work. The work presented in this
dissertation contributed to the challenge of designing and developing effective moti-
vational technology based on behavior change theory in several ways.

Firstly, this work had a methodological contribution in terms of exploring an ap-
proach to operationalize the strategies suggested in behavior change theories and
models to be used in practice. The work showed that these strategies can be opera-
tionalized by elicitating text-based motivational messages through scenarios (crowd-
sourced or otherwise) and deductively coding the messages. Although using elicita-
tion and coding is not new, we do not know of other research applying these methods
to the operationalization of behavior change strategies.

Secondly, this work had an empirical contribution to the challenge of designing
and developing effective motivational technology by exploring characteristics of the
user to which the interventions or strategies could be tailored. Although the results
apply to the strategies that were tested specifically, the implications of our results
(that impact of interventions could be improved by tailoring to other characteristics)
can be more generalizable in the sense that other behavior change strategies could
also benefit from exploring other characteristics that could impact the effectiveness
above and beyond what is formalized in the specific theories or models. In this sense,
the empirical contribution could also be viewed as a (minor) theoretical contribu-
tion to the behavior change theory literature at large and the Transtheoretical Model
literature in specific.

Thirdly, this work had another empirical contribution to the challenge of design-
ing and developing effective motivational technology by showing that the designer
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of the operationalized behavior change strategy also matters. The work showed that
messages fitting the same behavior change strategy were perceived differently (moti-
vationally) based on the designer of the message (expert or peer) and based on the
stage of behavior change people were in, with expert-designed messages being pre-
ferred early in behavior change, while peer-designed messages being preferred later
in behavior change. In a similar manner as the second contribution, this empirical
contribution could also be viewed as a minor theoretical contribution.

Fourthly, the work contributed empirically to the challenge of designing and de-
veloping effective motivational technology by showing that the content of the motiva-
tional messages matters to motivate people to change their physical activity behavior
in the sense that people were more motivated by random messages from ten behav-
ior change strategies than tailored messages (based on their stage of change) from
three to five behavior change strategies. In a similar manner as the second and third
contribution, this empirical contribution could also be viewed as a minor theoretical
contribution. Specifically, this could be a minor theoretical contribution to the liter-
ature that disputes the use and strict progression of the stages of change as is, and
would opt for a looser definition of the stages, which would also involve a looser use
of the processes fitting the stages.

Fifthly, the work also has a contribution in the form of datasets, as the fifty ex-
pert and peer-designed messages used to operationalize the ten processes of change
behavior change strategies are available in this dissertation (see Table B.1 and C.1).
Moreover, the original datasets of motivational messages (audio recording of peer-
designed messages and text version of peer and expert-designed messages) are avail-
able for researchers doing similar work upon request from the author of this disserta-
tion.

Thus far, the most important contributions of the research described in this disser-
tation have been highlighted. We think that the findings also contribute to the wider
field. Therefore, in this section we reevaluate the contributions and the dissertation
in light of some of the most important challenges discussed by current or emerging
leaders of the field in The 2016 Theme Issue of the American Journal of Preven-
tive Medicine: Digital Health: Leveraging New Technologies to Develop, Deploy, and
Evaluate Behavior Change Interventions [Yardley et al., 2016a].

The Theme Issue discusses the future of the field (of “Digital Health Behavior
Change Interventions”) extensively through five papers [Patrick et al., 2016; Hekler
et al., 2016; Yardley et al., 2016b; Murray et al., 2016; McNamee et al., 2016] and a
commentary [Kelly, 2016]. As is mentioned in the papers, the next steps or remaining
challenges are many. A selection of these steps and challenges are highlighted here
because they are valuable and relate to approach and contributions of this work and
show the relevance and timeliness of the research questions and the findings.

For example, in one of the Theme Issue papers, Hekler et al. [2016] argue that “It
is essential for advancing behavioral science not only to focus on building computa-
tional models but also on the development of these models and behavioral theories
in a collective mindset where each group of scientists are clearly specifying when a
theory/model will and will not be useful and, by extension, the interventions that
are created based on the theories.” From the translation of theory-based strategies to
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practical interventions, to finding out to what extent communicating crowd-designed
motivational messages to people influences their physical activity behavior, this dis-
sertation has focused on getting and describing specific results, and describing the
specific circumstances leading to these results. This is exemplified in the approach
taken to translating theory-based strategies, in the evaluation of comparing differ-
ent designers of strategies, and in the evaluation of the messages representing the
strategies in a three-month-lasting field study.

Yardley et al. [2016b] discuss future, more elaborate work in engagement and
tailoring, but note that “conventional tailoring of content to match an individual’s de-
mographic characteristics, may still be required to ensure that users are not presented
with material they find so alienating or demotivating that they abruptly cease using
the intervention.” The need for “conventional tailoring”, as it is called in this paper, is
one of the main arguments of this dissertation, in particular tailoring to demographic
characteristics and individual differences like personality, gender and stage of change.
As is exemplified by the results described in Chapter 5, where some of the strategies
rated on a scale from 1 (“Very demotivating”) to 5 (“Very motivating”) with 3 as neu-
tral scored lower than a 3, meaning that the strategies were considered, in certain
circumstances, demotivating. To quote the discussion section of that chapter: “In that
sense, the measurement of how motivating these messages are perceived is not only
input for what strategies to definitely use, but also for what strategies to avoid for
which users to increase the likelihood of this system being used over longer periods
of time.” In the rated evaluations of our strategies in this dissertation, the chosen
scale was intentionally from demotivating to motivating, so that we could account
for strategies that some people could find alienating or demotivating, and through
conventional tailoring we could avoid using these strategies on those people.

Murray et al. [2016] mention a guideline that stipulates that there should be “rea-
sonable confidence that the intervention plus delivery package can be implemented
with high fidelity”. Again, this guideline resonates with the overall setup of the re-
search described in this dissertation. The approach to realizing the design of the
theory-based strategies as real-world technology-based interventions has been to stay
as true as possible to the original theoretical strategy. The definitions of the stages
of change were taken to shape the content of the scenarios that were used to trigger
people to design motivational messages. The definitions of the processes of change
were used to develop of codebook representing these processes of change as closely
as possible while considering the text message form. The evaluations of selections of
the text messages were, in part, to confirm the internal consistency of the messages
selected for each process-category. So all in all, many of the steps taken in the re-
search described in this dissertation have been to ensure with reasonable confidence
that the interventions plus the delivery package were implemented with high fidelity.

Overall, discussing the approach and contributions of this dissertation in light of
an extensive Theme Issue discussing the future of Digital Health Behavior Change In-
terventions shows that the approach and contributions of this dissertation are relevant
and timely.

Considering the current state of technology, research done in the field, and our
contributions, we can also reflect on some of the next steps or leaps that could be
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taken to advance the field. Technology is ever advancing, and implementing and
using more of these advances will open up more and more possibilities in sensing and
monitoring people in daily life. The ubiquity and pervasiveness of more technology
with sensors can result in more data, more accurate data, and real-time data. These
types of data can be used in a myriad of ways, for example, real-time sensor data can
be used for real-time interventions, and more and bigger data can be used for more
accurate machine learning algorithms. However, these are not next steps that would
logically follow from this dissertation, since this dissertation did not focus on (the
development of) technological advances.

The advancement of technology could provide next steps that would follow from
this dissertation in a different way, for example: faster and better testing of motiva-
tional strategies and theory development. This could happen in the ‘classical’ sense,
similar to the approach used in this dissertation, where motivational strategies are de-
signed and evaluated based on theories and models and subsequently implemented
and evaluated in-the-wild. Combining this with a robust app or any other robust tech-
nology that can deliver motivational strategies (in text form or other) would provide
a platform to easily test and evaluate strategies through the convenience of a ubiq-
uitously available app in any of the app stores. This would in turn hopefully result
in more precise, quantitative, and testable theories, models or strategies. Consider-
ing this in light of our own approach, new strategies can be easily crowdsourced,
evaluated, added to the app and tested. In this way, future research could incor-
porate larger studies with control groups, which are usually not feasible for HCI re-
search [Klasnja et al., 2011], but which are the gold standard in health sciences for
the evaluation of effects of interventions.

Another option already discussed in Chapter 5, is that this type of research of
investigating all the different factors that might relate to certain strategies could be
done by an adaptive system [Kaptein et al., 2012]. An adaptive system would not
need any prior input on how the factors relate, and could find the most optimal
model for users by testing all the strategies. In Chapter 5 we argued that: “for the
purpose of our system, we feel that this does not fit our research approach in two
ways. First, the use of an adaptive system with a wide variety of possible strategies
and no prior input, has a high risk of being abandoned by users, because on average,
the users will be exposed to a number of strategies that might not be motivating or
even demotivating them (one of our results of the evaluation), resulting in a higher
chance of abandoning the technology. Second, starting from an adaptive system with
no prior input might optimize the model in an more effective way compared to a
predetermined static model, but it will not help explaining or interpreting why the
model works. For example, we could find that a certain group of messages is highly
effective for some user features, but if these messages do not explicitly group on a
certain theme or underlying construct it will be hard to interpret and replicate the
results.” After our in-the-wild evaluation, however, it seems that our first argument is
not valid in our particular case. The wide variety of possible strategies that we used in
our random condition were received and perceived more positively than our tailored
condition. In light of that, an (at least partially) adaptive system would be a logical
next step for our system, and possibly also for similar systems in general. Moreover,
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recent advancements in open source adaptive systems [Kaptein and Kruijswijk, 2016;
Kruijswijk et al., 2016] make it easier for anyone to use an adaptive system with a
multitude of strategies to explore which strategies could work. Nevertheless, we think
that it would still be valuable to base the initial system on an already tested model,
to help interpret and explain when the system works or does not work.

Another venue to explore would be to take a step back in how we currently design
motivational messages. Analyzing text is nothing new, and programs (e.g., LIWC)
exist to do this for you, as shown in Chapter 6. However, in the context of behavior
change interventions it is not very common to do linguistic research on the motiva-
tional messages used as intervention. In that sense, another step forward might be to
take a step back again and really build up the messages we send as interventions and
curate the content.

This dissertation presented research that investigated, designed, and evaluated be-
havior change strategies that can be used to motivate people to change their physical
activity behavior. Although the research contributed new knowledge to the challenge
of ‘how can people be motivated to change or maintain their physical activity behav-
ior’, motivating people to change their behavior has still proven challenging. As stated
in the introduction: “changing behavior is an intricate and difficult process, and indi-
vidual differences make it difficult to generalize this process. People do not all have
the same motivations, which makes it difficult to successfully motivate all types of
different kind of people to do more regular physical activity.” So what work needs to
be done to get closer to really motivate people to change their, in this case physical
activity, behavior?

New developments in technology will offer faster and better algorithms, more
and better data, and bigger and better computational models. However, these de-
velopments do not necessarily make behavior change easier. To advance the field of
digital health behavior change interventions, we believe a few things are essential:
to keep using theories and models as the basis for intervention strategies and to keep
updating theories and models based on new insights, to specify when and why certain
strategies will work, to develop interventions with high fidelity, and to document the
development of interventions so that they can be reproduced with high fidelity. In this
way, we do not just get more data on behavior change, we can help make behavior
change easier.
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Process Consciousness Raising/Increasing Knowledge — Code: CR

Brief definition Increased awareness of causes, consequences and cures for not being physical active.

Full definition CR is a process that involves increased awareness of causes, consequences and cures
for not being physical active. The intention is increasing the knowledge of unaware
individuals with objective information.

Practical def. Encourage subject to read and think about physical activity (cognitive process)

Perspectives To start/trigger or advance the process: messages that give (objective) information
about the benefits or disadvantages of not exercising.

Inclusion Arguments with information (mostly) facts about benefits or disadvantages for health;
(objective) confrontations with diseases; prevention for diseases

Exclusion Subjective arguments why people should exercising; benefits for appearance; a proposal

Example incl. “It can prevent all types of diseases like Diabetes and cancer”
“Exercise can help you live longer”
“Exercise will help you to be healthy and fitt.”

Example excl. “You worked hard for everything, why not also for your health?” - This would fit better
with SR
“You will look much better; You will feel better when you exercise.” - This would fit
better with SR

Process Dramatic Relief/Emotional Arousal/Being aware of risks — Code: DR

Brief definition Produces increased emotional experiences for not being physical active.

Full definition DR is a process that gives individuals an increasing in emotional experiences (like feel-
ing fear, anxiety, worries) when they are not physical active.

Practical def. Dramatically making the subject aware that being inactive is very unhealthy (cognitive
process)

Perspectives To start/trigger or advance the process: messages that ‘play’ on the dangers of not
exercising (something shocking) or the subjective benefits of exercising (something de-
sirable).
To distinguish: When an DR messages also contains information, the difference between
DR and CR is in the more subjective/dramatic/exaggerating feeling (good or bad) of the
messages.

Inclusion Warnings that elicits an emotional response, like making individuals scared about the
risks with eventually an action that can be taken.

Exclusion Objective arguments of the benefits of exercise

Example incl. “You get cancer and die when you not exercise”

Example excl. “It prevents diseases.” - This would fit better with CR
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Process Environmental Reevaluation/Caring about consequences to others — Code: ER

Brief definition Consideration of how the individual affects others in his social environment

Full definition ER is a process to increase the individual’s consideration of how his physical inactivity
or activity affects his social environment, like family and friends.

Practical def. Encourage the subject to recognize how his inactivity affects his family, friends, and
coworkers (cognitive process)

Perspectives To start/trigger or advance the process: messages that suggest or remind you not ex-
ercising might have a negative effect on family, friends or environment; or that trying
exercise would have an positive effect on family, friends or environment.
To distinguish: Messages in this category can usually also fit in other categories like SR,
CR or DR or even SEL, but fit into ER because the main topic is family, friends or social
environment.

Inclusion Reminders/hints for recognizing what influence his (good or bad) behavior has on his
social environment; Raises awareness about his function as positive or negative role
model; Implies to notice the effect the individual has on others.

Exclusion Packaged compliments

Example incl. “Just think about how your wife will notice”
“Let’s get you in shape so you can play with your kids!”

Example excl. -

Process Social Liberation/Increasing healthy opportunities — Code: SOL

Brief definition Awareness of alternatives or social opportunities when being physical active.

Full definition SOL is a process to increase the awareness of the individual’s to see social opportunities
or alternatives if being physical active in the society.

Practical def. Help the subject to increase her awareness of opportunities to be physically active (cog-
nitive process)

Perspectives To start/trigger or advance the process: messages that suggest or remind you not exer-
cising might not fit anymore into today’s society; or that if you want to try exercising,
the society around you has plenty of opportunities to do so.

Inclusion Options of social opportunities the society offers for physical activity; Implies to notice
possibilities in the society.

Exclusion What they should do to be physically active

Example incl. “If you need help: there are programs online, local gyms”

Example excl. -
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Process Self-Reevaluation/Comprehending benefits — Code: SR

Brief definition Cognitive and emotional reappraisal about self-image

Full definition SR is a process that contains an emotional and cognitive (re)evaluation of the individ-
ual’s self-image about being or not being physical active.

Practical def. Help the subject to understand the personal benefits of being physically active (mostly
cognitive process and a bit behavioral process)

Perspectives To start/trigger the process: messages that suggest not exercising might conflict with
personal values or that trying exercise would match very well with personal values.
To advance the process: messages that tell you how not exercising conflicts with per-
sonal values or going to exercise will match very well with personal values (persuasive
argument).

Inclusion Triggers people to think about his or her self-image; Imagery, how would it be if? ;
Proposals: if you exercise, you will feel great; Reflections; persuade arguments that
helps to make a decision. Benefits for appearance. Contains mostly thing like “you
will/would [look great] if”, “think about”.

Exclusion Only suggestions or imperatives without arguments why; or if the messages suggests
the individual has already started. This would fit better with SEL

Example incl. “Think of how great you will feel when you get started”, “You should up and do some-
thing, you will feel great”, “You will look much better!”

Example excl. “You should go on a walk.” - This would fit better with SC
“Each day you do this, it will get easier.” - This would fit better with SEL (assuming
somebody already started here), as reinforcing the goal and commitment.

Process Self-Liberation/Committing yourself — Code: SEL

Brief definition The choice and commitment to change in being physical active and also believe in it.

Full definition SEL is a process that helps individuals in their choice and commitment to be physical
active and their believe to stay active.

Practical def. Encourage the subject to make (and keep) promises, plans, and commitments to your-
self to be active on short term (mostly behavioral process and a bit cognitive process)

Perspectives To start/trigger the process: messages that instigate you to make a commitment (to
someone/yourself) or set a goal for exercise or messages that drive you to accept re-
sponsibility for starting to exercise. To advance the process: messages that help and
remind you of your commitment (to someone/yourself) or your goal for exercise.
To distinguish: Perspective is usually on a short-term goal

Inclusion Start exercise: keywords like that say “goal” or “commitment”
Keep exercising: “don’t give up”, “you can do it”, “stay motivated” etc. or paraphrases
of this.

Exclusion Sentences where the “don’t give up” and others are just ‘added’ and not the main topic

Example incl. “Don’t give up, you can do it!”; “Keep it up!”; “Keep going”

Example excl. “Don’t give up, you’re dreams about to come true” - would fit better in RM because of
the (future) reward being the most important part of the message.
“Get up and do it” - it contains no commitment or promise, so it fits better in SC.
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Process Helping Relationships/Enlisting social support — Code: HR

Brief definition Support from others for being physical active

Full definition HR is a process that involves helping the individual during attempts to be or to stay
physical active by giving support.

Practical def. Encourage the subject to find a family member, friend, or coworker who is willing and
able to provide support for being active or be the support (behavioral process and cog-
nitive process)

Perspectives Direct messages: messages that directly function as a “friend”, by being personal and
caring
Indirect messages: messages that suggest you to engage in a ‘helping relationship’, by
seeking support of friends, or suggest to do something with friends.
To distinguish: Messages in this category can usually also fit in all other categories, but
fit into HR because the messages are more personal, very often with “I” added in the
sentence.

Inclusion A personal tone; Feeling understood: Seems like as a friends say it; Mostly contains the
word “I”, like: I know it’s hard.
A compliment from “I” perspective

Exclusion -

Example incl. “I’m so proud of you!” , “I know it’s hard, but I think you’re doing really great!”, “Play
some sports with friends”

Example excl. “you’re doing great” - This would fit better in RM because it lacks a personal touch (e.g.
“I think you’re doing great”).

Process Counter Conditioning/Substituting alternatives — Code: CC

Brief definition Learn to substitute alternative healthy behavior for problem behavior

Full definition CC is a process that helps individuals to learn and seek to ways of being physical active
when encountering barriers.

Practical def. Encourage the subject to participate in physical activity when she is tired, stressed, or
unlikely to want to be physically active (behavioral process and cognitive process)

Perspectives Direct messages: messages that suggest that you could replace a bad behavior with a
good behavior. Or messages that suggest you could do the good behavior (to replace
the bad behavior can be implicit). Indirect messages: messages that suggest ways to
overcome or avoid certain barriers (like time, repetitiveness, muscle ache) that prevent
you from doing exercise.
To distinguish: The suggestions can be on learning behavior (behavior change) on the
long-term, so this can be cognitive. Or behavioral, when suggesting good behaviors.

Inclusion Advise for being physical active when encountering barriers; keywords can be “time”
and “don’t feel like X, do Y” perspective is usually on long-term

Exclusion Imperatives

Example incl. “Have fun with it, don’t make exercising a boring chore”
“How about going to swim? That sounds fun!”

Example excl. “Park the car further away from the building and walk to it” - because this is more a
behavior reminder, it fits better in SC.
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Process Reinforcement Management/Rewarding yourself — Code: RM

Brief definition Consequences for doing healthy behavior

Full definition RM is a process that provides consequences for doing physical activities.

Practical def. Encourage the subject to praise himself and reward himself for being physically active
or be the praise and reward (behavioral process)

Perspectives Direct messages: messages that directly function as a reward (like a compliment)
Indirect messages: messages that suggest you should get or deserve a reward or that
suggest you a future reward (if you hold on).

Inclusion Compliments/Rewards after being physical active; Compliments after good results; Pos-
itive; Advice with long term reward.

Exclusion Almost no messages when it is obvious the individual has not started yet, because there
is nothing to ‘reinforce’/reward.

Example incl. “You look great!!”, “Well done!”, “You are making great improvements”, “Keep up the
good work”

Example excl. “I’m so proud! Keep it up.” - Because the first part is quite personal, this would fit more
in HR

Process Stimulus Control/Reminding yourself — Code: SC

Brief definition Control of situations and other causes that trigger for not doing activities

Full definition SC is a process whereby the individual needs to remove or add stimuli for doing physical
activities.

Practical def. Tell the subject to set up reminders to be active, or be the reminder (behavioral process)

Perspectives Direct messages: messages that instigate you to do some exercise in the very near future.
(“now”, “today”, “tomorrow”: the message serves as a cue from the ‘environment’)
Indirect messages: messages that help and remind to reshape your environment so as
to provide positive cues or remove negative cues.

Inclusion Reminders for doing activities; Usually no arguments; Imperatives for doing activities

Exclusion Arguments why they should do activities, with less/no focus on the near-future re-
minder. A commitment or promise (this fit more in SEL).

Example incl. “Just do something! Go for a run! Go for a walk! Put your shoes on!”
“Get moving! Don’t let no exercise be your downfall!” - (there is enough reminder that
it fits SC, and not enough goal/commit that it fits SEL)

Example excl. “You don’t need to be able to run a marathon today, but you do need to exercise daily”
- It is not a clear reminder, and the focus is on long-term behavior, so it fits better in CC



B | Fifty peer-designed motivational mes-
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Motivational Message Cat. α

If you exercise, your quality of life will be much higher than it is now. CR

Exercise helps lower your risk of heart attack and stoke. CR

Exercise helps keep blood sugar, and blood pressure under control. Those who
regularly work out are 3 times less likely to develop these problems.

CR

Exercise will help clear your mind and reduce stress. CR

Regular exercise will keep you strong and raise your stamina levels. CR 0.76

Unless some changes are made in your weight you could risk getting a heart
attack,stroke or something else that could effect your life.

DR

You need to exercise before it takes a toll on your body! DR

Start working out before its too late, you’re not getting any younger! DR

Don’t let yourself get old and regret not taking care of your body and your
health. Keep at it every day and remember what you’re working for.

DR

It’s easier to wake up early in the morning and workout, than it is to look in
the mirror and not like what you see.

DR 0.82

You owe it to your family and friends to take care of yourself. ER

Take care of yourself so your health doesn’t become a burden on other people. ER

Your loved ones want you to be around so you should exercise to get healthy. ER

Your friends and family are counting on you! ER

Remember, you are doing this for your friends and family as much as yourself. ER 0.88

The local gym has lots of fun classes you can check out; you’ll get fit, and meet
new people!

SOL

Try some social exercising. Take a yoga or pilates class. Make some friends
who tempt you to have good habits this week.

SOL

Look online for a good beginner workout. SOL

You’re not alone! Tons of people are working to exercise more frequently! SOL

If you want to start exercising, you could always go to a gym; you can preserve
your routine regardless of the weather.

SOL 0.73

Think about all of the benefits of becoming healthy. SR

Imagine being in the best shape of your life with a long future ahead of you. SR

In 10 years, will you be glad you watched television, or upset that you didn’t
exercise?

SR

You will be amazed at the changes you will see in yourself after exercising
regularly!

SR

Imagine what you’ll look like next year if you start now SR 0.73

Today is the day to get moving and get healthy SEL

Decide today to do some exercise. SEL
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This will get easier the more you do it. Keep at it! SEL

The hardest thing is always starting, you can do this! SEL

You can and will achieve your fitness goals! SEL 0.72

I know how hard it is to find time to exercise, but think of how much time you
will save by being stronger and more efficient.

HR

You should exercise more. I know it’s hard, but it’s worth it to keep going.
You’ll feel so much better in the long term is you don’t give up now.

HR

I believe in you; you can incorporate exercise into your daily life. HR

I’m proud of you for wanting to be healthy, keep at it. HR

I’m proud of you for wanting to get in shape. HR 0.74

Activity doesn’t have to be a chore, find something fun to do! CC

Find something active yet fun to do today, so that you’ll enjoy your exercise
more.

CC

Don’t forget to exercise often, it’s more rewarding than watching TV. CC

Think of exercise as a way to let go and relax your mind. CC

Try a new location to jog in. Keep your mind active while you exercise. CC 0.68

You are doing a good job, keep up the good lifestyle. RM

You’re doing great- you should be proud of yourself! RM

Congratulations on working towards a healthier you! RM

Be proud of yourself for sticking with the plan. RM

Don’t forget to stop and appreciate your own hard work today. RM 0.85

Find at least 30 minutes in your schedule today for some exercise. SC

Get out there and exercise! SC

Always plan your daily activities allowing room for your exercise. SC

Schedule your workouts on your calendar. SC

Have you worked out yet today? Now’s the perfect time! Get up, get going! SC 0.73

Table B.1: The fifty peer-designed messages evaluated and their coding and alpha.
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Motivational Message Cat. α

Regular exercise is important for you to stay healthy. CR

Regular exercise will help you to better handle all the stress factors in your life. CR

After a longer time of regular exercising you will see how your body changes
in a positive way.

CR

You will feel so much better with some regular exercise in your life. CR

Regular exercise will make you less vulnerable for diseases. CR 0.73

Think about the physical disadvantages that result from your inactivity. DR

How would you feel in a year if you do not start to exercise now? DR

Are you done doing nothing? DR

Are you still hesitating? Pretty soon time will run against you! DR

The longer you push exercise aside, the longer you are denying yourself a better
quality of life.

DR 0.78

How about joing your friends that are already exercising? It will not only
improve your own health, but also your social relationships.

ER

Aren’t your friends already envying you because of your discipline? ER

Regular exercise with friends does not only improve your health, but also deep-
ens your social relationships.

ER

Work out with friends. You will not only stay healthy, but also improve your
social life.

ER

Have you talked to a friend about this decision? ER 0.75

Look around in your neighbourhood if you can find any facilities to do some
sports.

SOL

Keep an eye out for some nice areas in your district where you can go jogging. SOL

Keep an eye out for a gym or jogging route that is close by. SOL

Try out different sports, and then think about which one you liked the most. Is
there any club nearby which offers this sport?

SOL

Think of a sport that you personally enjoy the most - running, swimming, ten-
nis...what do you like?

SOL 0.82

Wouldn’t it be worth it for you own well-being to start exercising? SR

Imagine how much better you would feel with some regular exercise in your
life!

SR

Think about all the positive consequences that will result from your exercise. SR

Think of all the great results you could achieve within a year if you start now
to implement fitness in your daily life.

SR

If you start working out today you will see results within two weeks! And
wouldn’t that be a great feeling?

SR 0.75

You can do it - start your journey into a more active and healthy life. SEL
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Try to set daily goals that you can reach. A bit of exercising (e.g. going for a
strong walk) is always better than none.

SEL

Keep on exercising until it will become a steady aspect of your life! SEL

Start now! The beginning is always the most difficult part of the whole journey! SEL

It’s time to finally change your thoughts into action! Start with some easy and
slow exercises.

SEL 0.69

I promise you that you will love working out! HR

I promise it’s going to pay off afterwards! HR

I have trust in you - you can do it! HR

I am sure that you can do it, but to get there you have to overcome yourself
and start with the first steps.

HR

I am sure you would feel much better with a little exercise in your life. HR 0.72

Think of something that could make exercising even more fun for you! Try it
out the next time!

CC

Don’t quit! Starting again from the beginning is more difficult than continuing. CC

If you keep on going, those exercises will get much easier for you in the future. CC

Make exercise your hobby! If you have fun while doing it, it will get easier to
start.

CC

Don’t forget to enjoy working out. CC 0.68

Wow, you are doing very well! Hold on! RM

Good work, you already managed the most important part. Now keep on going. RM

You can be proud of yourself. RM

It is impressive how good you are doing with incorporating regular exercise
into your daily life.

RM

You have come this far, you should be proud of your achievements. RM 0.83

Set fixed times in the week for physical exercise. SC

Have you already worked out today? No? - Then what are you waiting for? SC

Start to make a weekly agenda to set fixed times for your exercises. SC

What are you doing right now? What about going for a run? SC

Have you already planned your next exercise session? Planning helps to keep
on track.

SC 0.70

Table C.1: The fifty expert-designed messages evaluated and their coding and alpha.
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Fixed effects Estimate Std. Error t-value

(Intercept) 3.4363 0.152 22.622

Contemplation:Designer (peer) 0.106 0.227 0.466

Preparation:Designer (peer) 0.299 0.220 1.357

Action:Designer (peer) 0.326 0.230 1.420

Maintenance:Designer (peer) 0.306 0.213 1.434

Table D.1: The estimates and standard error of the two way interaction effects between: designer
of the message and stage of the participant. Significant effects reported for 1p ă 0.05,
2p ă 0.01, 3p ă 0.001.

Fixed effects Estimate Std. Error t-value

(Intercept) 3.4363 0.152 22.622

DR:Designer (peer) 0.298 0.177 1.678

ER:Designer (peer) -0.4161 0.177 -2.344

SOL:Designer (peer) 0.010 0.177 0.057

SR:Designer (peer) 0.047 0.177 0.262

SEL:Designer (peer) -0.117 0.177 -0.657

HR:Designer (peer) 0.246 0.177 1.386

CC:Designer (peer) -0.075 0.177 -0.422

RM:Designer (peer) -0.3841 0.177 -2.163

SC:Designer (peer) -0.149 0.177 -0.838

Table D.2: The estimates and standard error of the two way interaction effects between: process-
categories and designer of the message. Significant effects reported for 1p ă 0.05,
2p ă 0.01, 3p ă 0.001.
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Fixed effects Estimate Std. Error t-value

(Intercept) 3.4363 0.152 22.622

DR:Contemplation 0.073 0.139 0.521

ER:Contemplation -0.2961 0.139 -2.126

SOL:Contemplation -0.3171 0.139 -2.273

SR:Contemplation 0.131 0.139 0.939

SEL:Contemplation 0.021 0.139 0.153

HR:Contemplation 0.005 0.139 0.037

CC:Contemplation -0.040 0.139 -0.285

RM:Contemplation -0.092 0.139 -0.662

SC:Contemplation -0.130 0.139 -0.933

DR:Preparation -0.009 0.134 -0.070

ER:Preparation -0.3742 0.134 -2.786

SOL:Preparation -0.3401 0.134 -2.539

SR:Preparation 0.161 0.134 1.198

SEL:Preparation -0.071 0.134 -0.527

HR:Preparation -0.039 0.134 -0.292

CC:Preparation -0.072 0.134 -0.538

RM:Preparation -0.105 0.134 -0.785

SC:Preparation -0.209 0.134 -1.562

DR:Action -0.084 0.134 -0.626

ER:Action -0.3091 0.134 -2.311

SOL:Action -0.4302 0.134 -3.208

SR:Action 0.135 0.134 1.005

SEL:Action -0.075 0.134 -0.558

HR:Action -0.056 0.134 -0.417

CC:Action -0.015 0.134 -0.111

RM:Action -0.168 0.134 -1.258

SC:Action -0.180 0.134 -1.341

DR:Maintenance 0.096 0.127 0.751

ER:Maintenance -0.2791 0.127 -2.191

SOL:Maintenance -0.228 0.127 -1.790

SR:Maintenance 0.038 0.127 0.298

SEL:Maintenance -0.157 0.127 -1.235

HR:Maintenance -0.092 0.127 -0.720

CC:Maintenance -0.066 0.127 -0.517

RM:Maintenance -0.248 0.127 1.950

SC:Maintenance -0.159 0.127 -1.247

Table D.3: The estimates and standard error of the two way interaction effects between: process-
categories and stage of the participant. Significant effects reported for 1p ă 0.05,
2p ă 0.01, 3p ă 0.001.
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Fixed effects Estimate Std. Error t-value

(Intercept) 3.4363 0.152 22.622

DR:Contemplation:Designer (peer) -0.143 0.203 -0.704

ER:Contemplation:Designer (peer) 0.4521 0.203 2.223

SOL:Contemplation:Designer (peer) -0.048 0.203 -0.236

SR:Contemplation:Designer (peer) -0.126 0.203 -0.618

SEL:Contemplation:Designer (peer) 0.014 0.203 0.068

HR:Contemplation:Designer (peer) -0.041 0.203 -0.201

CC:Contemplation:Designer (peer) -0.044 0.203 -0.219

RM:Contemplation:Designer (peer) 0.301 0.203 1.481

SC:Contemplation:Designer (peer) 0.084 0.203 0.415

DR:Preparation:Designer (peer) -0.036 0.197 -0.181

ER:Preparation:Designer (peer) 0.246 0.197 1.248

SOL:Preparation:Designer (peer) -0.169 0.197 -0.856

SR:Preparation:Designer (peer) -0.340 0.197 -1.724

SEL:Preparation:Designer (peer) -0.087 0.197 -0.441

HR:Preparation:Designer (peer) -0.162 0.197 -0.822

CC:Preparation:Designer (peer) -0.171 0.197 -0.865

RM:Preparation:Designer (peer) 0.041 0.197 0.208

SC:Preparation:Designer (peer) 0.027 0.197 0.137

DR:Action:Designer (peer) 0.187 0.206 0.910

ER:Action:Designer (peer) 0.4631 0.206 2.250

SOL:Action:Designer (peer) 0.121 0.206 0.590

SR:Action:Designer (peer) -0.112 0.206 -0.547

SEL:Action:Designer (peer) 0.006 0.206 0.029

HR:Action:Designer (peer) -0.153 0.206 -0.742

CC:Action:Designer (peer) -0.108 0.206 -0.525

RM:Action:Designer (peer) 0.180 0.206 0.878

SC:Action:Designer (peer) 0.226 0.206 1.099

DR:Maintenance:Designer (peer) -0.074 0.191 -0.390

ER:Maintenance:Designer (peer) 0.373 0.191 1.952

SOL:Maintenance:Designer (peer) -0.112 0.191 -0.586

SR:Maintenance:Designer (peer) -0.038 0.191 -0.197

SEL:Maintenance:Designer (peer) 0.128 0.191 0.672

HR:Maintenance:Designer (peer) -0.066 0.191 -0.344

CC:Maintenance:Designer (peer) 0.020 0.191 0.106

RM:Maintenance:Designer (peer) 0.269 0.191 1.409

SC:Maintenance:Designer (peer) 0.188 0.191 0.983

Table D.4: The estimates and standard error of the three way interaction effects between:
process-categories, designer of the message, and stage of the participant. Significant
effects reported for 1p ă 0.05, 2p ă 0.01, 3p ă 0.001.
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Random condition

Category PC C P A M Total

CR 11 (8/3) 28 (24/4) 29 (15/14) 69 (48/21) 61 (34/27) 198 (129/69)

DR 6 (6/0) 35 (22/13) 24 (13/11) 50 (17/33) 60 (25/35) 175 (83/92)

ER 14 (1/13) 41 (23/18) 30 (15/15) 57 (17/40) 72 (21/51) 214 (77/137)

SOL 4 (1/3) 17 (8/9) 9 (7/2) 18 (7/11) 22 (9/13) 70 (32/38)

SR 12 (8/4) 32 (23/9) 32 (24/8) 62 (39/23) 62 (39/23) 200 (133/67)

SEL 15 (5/10) 33 (27/6) 28 (19/9) 51 (24/27) 49 (34/15) 176 (109/67)

HR 13 (0/13) 42 (19/23) 34 (14/20) 59 (28/31) 53 (28/25) 201 (89/112)

CC 11 (6/5) 37 (26/11) 31 (20/11) 69 (35/34) 65 (37/28) 213 (124/89)

RM 9 (3/6) 29 (26/3) 48 (31/17) 61 (38/23) 62 (49/13) 209 (147/62)

SC 4 (2/2) 20 (10/10) 27 (13/14) 36 (16/20) 20 (10/10) 107 (51/56)

Total 99 (40/59) 314 (208/106) 292 (171/121) 532 (269/263) 526 (286/240) 1763 (974/789)

Tailored condition

CR 5 (3/2) 15 (5/10) 11 (4/7) 12 (5/7) 18 (8/10) 61 (25/36)

DR 30 (10/20) 66 (15/51) 5 (1/4) 7 (2/5) 10 (4/6) 118 (32/86)

ER 30 (4/26) 70 (10/60) 13 (6/7) 10 (3/7) 21 (11/10) 144 (34/110)

SOL 27 (7/20) 57 (11/46) 4 (1/3) 1 (1/0) 3 (0/3) 92 (20/72)

SR 4 (2/2) 71 (40/31) 19 (11/8) 16 (8/8) 25 (13/12) 135 (74/61)

SEL 2 (2/0) 6 (2/4) 110 (66/44) 22 (13/9) 12 (6/6) 152 (89/63)

HR 2 (2/0) 7 (3/4) 138 (76/62) 115 (60/55) 19 (12/7) 281 (153/128)

CC 2 (2/0) 5 (2/3) 150 (80/70) 129 (66/63) 28 (15/13) 314 (165/149)

RM 4 (4/0) 4 (0/4) 12 (8/4) 112 (64/48) 187 (160/27) 319 (236/83)

SC 2 (1/1) 3 (1/2) 7 (1/6) 111 (53/58) 222 (90/132) 345 (146/199)

Total 108 (37/71) 304 (89/215) 469 (254/215) 535 (275/260) 545 (319/226) 1961 (974/987)

Both conditions

CR 16 (11/5) 43 (29/14) 40 (19/21) 81 (53/28) 79 (42/37) 259 (154/105)

DR 36 (16/20) 101 (37/64) 29 (14/15) 57 (19/38) 70 (29/41) 293 (115/178)

ER 44 (5/39) 111 (33/78) 43 (21/22) 67 (20/47) 93 (32/61) 358 (111/247)

SOL 31 (8/23) 74 (19/55) 13 (8/5) 19 (8/11) 25 (9/16) 162 (52/110)

SR 16 (10/6) 103 (63/40) 51 (35/16) 78 (47/31) 87 (52/35) 335 (207/128)

SEL 17 (7/10) 39 (29/10) 138 (85/53) 73 (37/36) 61 (40/21) 328 (198/130)

HR 15 (2/13) 49 (22/27) 172 (90/82) 174 (88/86) 72 (40/32) 482 (242/240)

CC 13 (8/5) 42 (28/14) 181 (100/81) 198 (101/97) 93 (52/41) 527 (289/238)

RM 13 (7/6) 33 (26/7) 60 (39/21) 173 (102/71) 249 (209/40) 528 (383/145)

SC 6 (3/3) 23 (11/12) 34 (14/20) 147 (69/78) 242 (100/142) 452 (197/255)

Total 207 (77/130) 618 (297/321) 761 (425/336) 1067 (544/523) 1071 (605/466) 3724 (1948/1776)

Table E.1: The number of messages and how they are rated (motivating/not motivating), per cat-
egory, per stage, and per condition.
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