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Chapter 1
General Introduction
1.1

mHealth

Mobile technologies, such as smartphones and tablets, possess unique qualities that make
them powerful tools for promoting health and healthy lifestyles (Klasnja and Pratt, 2012).
They are widely adopted (e.g., approximately 70% of the German and 80% of the American population used smartphones in 2018, Statista, 2019a), always on, and people tend to
carry them with them everywhere (Ventä et al., 2008). Furthermore, their functionalities
are constantly increasing. This makes them the perfect medium to deliver public health
information and interventions. In line with this thinking, the recent mobile health
(mHealth) trend aims to help people to improve their personal health through mobile
technologies (Harrison et al., 2011). So far, over 300,000 smartphone applications (apps)
are available (with more being added each day) that aim to assist users to achieve diverse
health objectives such as quitting smoking, taking more steps, and disease management
(IQVIA, 2017).
1.1.1

Potential of mHealth

Health apps are a promising approach for the treatment and care of chronic diseases (Lee
et al., 2018), as well as for improving general health and well-being in today’s society
(World Health Organization, 2011). In contrast to conventional therapies and other selfhelp approaches (e.g., self-help books), health apps allow the users to perform the training
at a time and place that is convenient to them (Atienza and Patrick, 2011). This promises
a more efficient use of available resources, and allows access to knowledge and critical
medical information to both patients and physicians (Istepanian and Lacal, 2003). Previous research indicates that health apps can support the change of health relevant behaviors, such as medication adherence, physical activity or making healthy lifestyle choices
(O'Reilly and Spruijt-Metz, 2013; Anglada-Martinez et al., 2015). They can also increase
the user’s education, tracking, motivation, and adherence (Handel, 2011; Ahtinen et al.,
2013; Gibbons et al., 2018).
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In addition, such apps support detailed tailoring and can therefore be easily adjusted to
the user’s personal demands (Atienza and Patrick, 2011). These features are said to improve both the adoption of self-management strategies and subsequently, disease prevention. This, in turn, can have a positive influence on the consumer’s health (Gibbons et al.,
2018). Consequently, mHealth can lead to substantial financial savings for both the user
and the health care system (Luxton et al., 2011). That this approach is well received by
users (Proudfoot et al., 2010) is reflected by the increasing number of individuals that use
smartphone applications to manage their personal health (1.7 billion health apps were
downloaded in 2013, 3.7 billion health apps were downloaded in 2017, Statista, 2019c).
However, in order to be effective, health apps need to be based on evidence-based content. This includes behavior change techniques which enable the user to achieve longterm behavior change (Abraham and Michie, 2008), as well as the combination of those
techniques with gamification in order to ensure user compliance (Cafazzo et al., 2012).
1.1.2

Gamification and Interactive Design

Despite the potential usefulness of mHealth interventions, previous research suggests
that the interest in health apps can be fleeting and that their use is, therefore, often perceived as a temporary commitment (Dennison et al., 2013). The exploration of strategies
that motivate user compliance has been identified as an important research direction in
order to ensure the effectiveness of mHealth (Klasnja and Pratt, 2012). Gamification, i.e.
the use of game elements in nongame contexts, is aimed at increasing the motivation,
engagement, and enjoyment of interventions (Deterding et al., 2011). This goes a long way
to ensure the user’s interest (Oinas-Kukkonen and Harjumaa, 2009) and thus, to increase
his or her exposure to the intervention’s content (Davies et al., 2012). A taxonomy by Hoffmann et al. (2017) identified 17 gamification techniques (e.g., levels, leaderboards, avatars,
agents, time pressure, and digital rewards such as points and badges) that can be applied
in the mHealth context. Empiric evidence supports that the use of such techniques can,
indeed, increase the use of a service (Hamari, 2013). Taylor et al. (2019) for example reported an increase in compliance for keeping a gamified health diary, compared to a nongamified version of the app. The technology acceptance model supports this finding. It
states that a systems usage intention relies on the user’s perceived joy of use (Venkatesh
and Bala, 2008). This is an important consideration, because increasing the usage of health
apps through gamification can reinforce desired behaviors (McKeown et al., 2016). It is
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therefore already applied in many different kinds of health apps (e.g., physical activity,
diet and weight loss, and hygiene (Pereira et al., 2014)).
Indeed, previous studies provide evidence that the use of gamification can be an effective
tool to support mHealth interventions. For example, the application of points in a diabetes
intervention app (Cafazzo et al., 2012) and the combination of different gamification techniques (e.g., points, badges, leaderboards, time pressure) in a weight management app
for children have had positive impact on health relevant behaviors (González et al., 2016).
This is further supported by another study that focused on the combination of game elements (e.g., challenges, social pressure, social support, and digital rewards) with behavior
change techniques (e.g., providing information about health consequences, goal setting,
and self-monitoring through a digital diary) in an app for smoking cessation. The results
of this study showed that this combination of gamification with aspects from behavior
change theory was well received by users (Edwards et al., 2018). It is therefore hardly
surprising that gamification has also been reported to increase the user experience and
usability of health apps (Zagel and Bodendorf, 2014; Johnson et al., 2016).
Notwithstanding these positive results, it has to be kept in mind that the effects of gamification are diverse and depend largely on the application context (Johnson et al., 2016).
Though most studies report positive effects of gamification (Koivisto and Hamari, 2019),
some also report neutral or even negative effects with regard to cognitive and behavioral
outcomes (Johnson et al., 2016).
1.1.3

Ethical, Legal and Social Implications

In addition to content, developers need to consider certain ethical, legal, and social challenges when designing health apps. For one, the research codes that are followed when
studying mHealth often depend on the researchers’ profession. However, it has been
called into question to what extent the applied codices can actually cover the field of mobile technologies. Nonetheless, ethical research guidelines also apply to mHealth studies.
It has been suggested that the development of mobile health specific codices could solve
this problem. For this purpose Weber (2015) introduced MEESTAR, a model that helps
developers to critically reflect and evaluate their health technologies with respect to seven
ethical dimensions (i.e., participation, security, care, autonomy, privacy, self-perception,
and fairness). Notwithstanding the potential of such solutions, to this day no ethical codex
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has established itself (Albrecht and Fangerau, 2015). Still, if conducting a clinical trial, the
research should meet the overall requirements for clinical research and, thus, be in line
with the Declaration of Helsinki (World Medical Association, 2013).
Where appropriate, legal idiosyncrasies may have to be considered, such as medical product laws that, at least in Germany, apply to medical apps. This includes, for example, apps
that support patients in dealing with their disease (e.g., a chronical illness) in everyday
life or apps that are used to support medical professionals in diagnosing a disease (MPG,
2019).
Another major aspect that should be considered is the app’s acceptability. In order to ensure that a health app is accepted it is important to involve the user in its development
process. This ensures that user requirements, such as data protection and personalization,
are taken into account (van Velsen et al., 2018). Additionally, app developers should make
sure that the app is widely accessible and low cost, as these aspects can restrict its comprehensive use (Krebs and Duncan, 2015).
Also, a health app’s acceptance is often decreased through a difficulty for both users and
medical professionals to identify secure, high-quality health apps (Institute for Healthcare
Informatics, 2013; Boudreaux et al., 2014). Though there are many apps on the market,
their quality and effectiveness is often called into question (De La Vega and Miró, 2014).
Yet, both aspects are important factors to ensure the acceptance and usage of health apps
(Venkatesh and Bala, 2008; Akter et al., 2013).
1.1.4

Assessing the Quality of Health Apps and User Compliance

Because both perceived quality and effectivity are important factors to ensure a health
app’s acceptance (Venkatesh and Bala, 2008; Akter et al., 2013), they are often the focus of
mHealth research. Different approaches are used to shed light on these aspects and can
help potential users and medical professionals to identify suitable health apps (JakeSchoffman et al., 2017).
One approach that is often found in the literature is content analysis, which aims at reviewing the evidence-based content of currently available health apps (Jake-Schoffman et
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al., 2017). Such reviews provide a good insight into which apps make use of proven concepts (e.g., behavior change techniques) and which are lacking in this regard (Breton et
al., 2011; Christmann et al., 2017a; Hoffmann et al., 2017).
Another method that aims at determining the quality of health apps is the application of
the Mobile Application Rating Scale (MARS, Stoyanov et al., 2015). The MARS was developed specifically to assess the quality of health apps in the eyes of health and IT experts.
Later, a user centered version of the MARS was published (user Mobile Application Rating Scale (uMARS, Stoyanov et al., 2016), which focuses on assessing a health app’s quality from the user’s perspective. Both the MARS and uMARS questionnaires provide easily
interpretable ratings regarding the general quality, the subjective quality, and the perceived impact of the contemplated health app.
Besides quality, how well an app functions has major impact on its intended use (Venkatesh and Bala, 2008). Usability testing (e.g., with the System Usability Scale (SUS,
Brooke, 1996) can ascertain a health app’s functionality (Jake-Schoffman et al., 2017).
Though important, usability criteria do not cover all aspects that make a program appealing (Hassenzahl et al., 2000). To achieve a broader assessment of how an app is perceived
by users, app developers should also consider the feelings, impressions, and attitudes that
the user experiences with the product. Evaluating the user experience (e.g., with the User
Experience Questionnaire (UEQ)) allows the comprehensive assessment of subjective reactions, specifically emotional aspects of an app’s usage (Laugwitz et al., 2008).
Even though emotional or behavioral consequences are judged to be equally relevant,
their outcomes might differ from one another (Hassenzahl, 2001). Thus, in addition to
content, quality, usability, and user experience, the effectiveness evaluation through randomized controlled trials plays an important role in the assessment of health apps. This
includes the evaluation of the user’s compliance. One approach that is used to determine
this aspect is the measurement of usage duration and quantity (e.g., Christmann et al.,
2018b). The reason for this is that the regular use of an intervention ensures that the user
comes into contact with the app’s behavior change content (Vandelanotte et al., 2007;
Webber et al., 2010). This can increase the effectiveness of an intervention (McKeown et
al., 2016). In turn, a next step should include longitudinal user studies that evaluate both
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the app’s effectiveness and its effects on long-term behavior change (Institute for
Healthcare Informatics, 2013).

1.2

Stress and Stress Management

The previously addressed aspects also apply in the context of stress management. Stress,
and with it stress management, have gained importance with regard to personal health in
recent years. The prevalence of chronic stress in today’s society is high. More than half of
the working age society report stress and stress related symptoms (Wiegner et al., 2015).
This poses a growing health risk to modern society, since chronic stress is directly linked
to a person’s physical, as well as mental, well-being (Malarkey and Mills, 2007). Furthermore, chronic stress and health are also indirectly connected through stress-related behaviors (e.g., smoking, alcohol and drug abuse, poor eating habits, sedentary lifestyle,
and insufficient therapy adherence) (Baum and Posluszny, 1999; Cohen et al., 2007). As a
result, preventing chronic stress through the learning of stress management strategies in
healthy individuals, is an important way to improve society’s health and well-being
(American Psychological Association, 2012, 2015).
However, stress management interventions are not only important for disease prevention
in healthy individuals. Poor stress management has also been linked to an increased
health and mortality risk in patients with chronic conditions (Russ et al., 2012). It is therefore, not surprising that stress management training is a major part of many multimodal
disease treatments, such as in the treatment of chronic pain (Flor et al., 1992; Elgar and
McGrath, 2003; Barlow and Ellard, 2006).
Stress management methods for prevention or in disease treatment are usually taught in
single or group therapy sessions. However, in recent years stress management apps have
been becoming an increasingly popular medium to promote stress self-management (e.g.,
Morris et al., 2010; Ahtinen et al., 2013; Chittaro and Sioni, 2014).
1.2.1

mHealth for Stress Management

In line with this trend of using mHealth for stress management purposes, a rising number
of stress management apps are now available (e.g., “Ovia”, “Mevi”, “DeStressify”,
“StressEraser”, “AEON”, “Headspace”, “Healthy Mind” and “myCompass”). First evidence shows that the use of such apps can have a positive impact on a person’s stress level
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(Ahtinen et al., 2013; Chittaro and Sioni, 2014; Economides et al., 2018; Lee and Jung, 2018).
Moreover, stress management apps can successfully reduce symptoms of stress and improve the user's psychological (Harrison et al., 2011) and physical well-being (Lee and
Jung, 2018).
Like other mHealth programs, stress management apps are more and more often combined with wearable devices in order to monitor or manipulate the user’s biological responses (e.g., heart rate, respiratory rate, peripheral skin temperature, and neuronal activity) through biofeedback. Examples of how wearables are utilized in stress management apps include the monitoring and controlling of relaxation levels, breathing patterns,
and concentration (Kaushik et al., 2006; Lee, 2009; Maddox et al., 2015).
However, no matter whether mHealth interventions for stress management are based on
wearables or not, in order to ensure their effectiveness (Morris et al., 2010; Harrison et al.,
2011; Chittaro and Sioni, 2014) they have to combine predisposing factors (e.g., provide
information and knowledge about stress and stress management, and motivate the user),
enabling factors (e.g., teach stress self-management skills and allow the tracking of stress
relevant behaviors), and reinforcing factors (e.g., rewards and feedback) (Payne et al.,
2016). This shows that combining evidence-based content from behavior change theory,
stress management theory, and gamification theory is a promising approach to ensure the
effectiveness of stress management apps.
Notwithstanding the importance of integrating and combining evidence-based content
from these backgrounds, app reviews show that few apps on the market make use of these
concepts. The available apps vary largely with respect to the amount of included behavior
change techniques and stress management methods (Coulon et al., 2016; Christmann et
al., 2017a). While some apps do not include any evidence-based behavior change techniques or stress management methods, those that do mostly focus on one specific coping
strategy (Coulon et al., 2016). This demonstrates that current stress management apps
show controversial theoretical underpinnings (Lee et al., 2014). However, there are also
exceptions that combine several behavior change and stress management techniques
within one app (e.g., “Mevi”) (Christmann et al., 2017a).
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The implementation of gamification in stress management apps on the other hand, remains an exception. Moreover, most app designers do not combine gamification with evidence-based content from behavior change theory or stress management theory in order
to improve user compliance (Hoffmann et al., 2017).
One reason why gamification might not be met with enthusiasm in this context, could be
the ongoing discussion about whether gamification should be used in stress management
applications. For one, little is known about how gamification affects psychological or behavioral outcomes in the context of stress management, or about how users perceive this
aspect (Johnson et al., 2016; Sardi et al., 2017; Koivisto and Hamari, 2019). Furthermore,
users of the stress management app “Ovia” did not wish for an integration of game elements in this context (Ahtinen et al., 2013). This suggests that users might neither want,
nor accept game elements in stress management apps. A possible cause for this could be
that the advantages of linking mHealth with gamification is still unknown to them (Spil
et al., 2017).
Though gamification is rare in mHealth for stress management, there have been a few
exceptions. For example, MUSE app measures the user’s brain activity though a wearable
electroencephalography (EEG) device and then feeds the data back to the user in real time
(neurofeedback) in order to support meditation (InteraXon Inc.). Afterwards, the user receives digital rewards (e.g., points and badges) in accordance with his or her performance
(Przegalinska et al., 2018). Another example that combines biofeedback with gamification
is StressEraser. Here, the user receives points for controlling his or her heart rate variability through breathing exercises (Ebben et al., 2009). Though these programs pose a first
step towards integrating gamification in mHealth stress management interventions, so far
it remains unknown if these approaches are effective, as well as wanted and accepted by
users.
1.2.2

mHealth for Pain Management

Besides preventing chronic stress in healthy individuals, stress and stress management
play an important role for a large number of medical conditions (Russ et al., 2012). One
area where stress management plays an integral part of multimodal treatment approaches
is chronic pain therapy (Jensen et al., 2003; Macea et al., 2010; Irvine et al., 2015). Here it
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is applied in combination with medical treatments (e.g., medication, surgery rehabilitation, and physical therapy) (American Psychological Association, 2013) in order to
achieve a better treatment outcome. Such multimodal treatments have shown to improve
overall quality of life in chronic pain patients (Flor et al., 1992; Elgar and McGrath, 2003;
Barlow and Ellard, 2006).
However, the integration of multimodal approaches into therapy has been slow (Breivik
et al 2006). Indeed, the majority of patients never receive the required training to acquire
the necessary self-management skills that allow them to better deal with their chronic pain
in everyday life (Peng et al., 2007a; Peng et al., 2007b; Lynch et al., 2008).
Due to the rising number of available health apps, appropriate chronic pain treatment
approaches have the potential to reach a larger number of affected patients (Demiris et
al., 2008). First evidence suggests that such apps have great potential to support chronic
pain treatment and that they are well received by patients (Irvine et al., 2015; Jamison et
al., 2018).
Even though the inclusion of evidence-based content is crucial to ensure the effectiveness
of pain management apps (Morris et al., 2010; Harrison et al., 2011; Chittaro and Sioni,
2014), reviews show that the content of apps is limited in this context. With the exception
of the pain diary app “PainTracker” (Jamison et al., 2018), most pain apps only supply
information, and lack a combination of evidence-based functionalities (Rosser and Eccleston, 2011; Wallace and Dhingra, 2014; Lalloo et al., 2015). They miss strategies for social support, evidence-based self-care skills, and the tracking of the multidimensional experience of pain. In addition, the educational content that is included is often of poor
quality (Jamison et al., 2018). Moreover, so far no German smartphone app that combines
these aspects with gamification is available for adults. This strongly indicates that comprehensive, clinically informed smartphone apps with evidence-based content that combine these concepts are highly needed in this context (Lalloo et al., 2015).
1.2.3

Overview and Gap in Research

As outlined above, the effective combination of insights from behavior change theory and
gamification in mobile health systems is a promising approach to ensure the user’s adherence and long-term behavior change (e.g., Davis et al., 2008; González et al., 2016). The
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combination of these concepts has been suggested as a prerequisite to ensure the effectiveness of stress management apps (Payne et al., 2016). Nevertheless, a recent app review
showed that stress management and behavior change content is almost never combined
with gamification in order to improve user compliance and intervention adherence. Moreover, no app that links behavior change theory and stress management theory with gamification is available in German (Hoffmann et al., 2017).
To close this gap, a novel stress management application, named Stress-Mentor, was designed and implemented in an iterative development approach. Including the user into
the development process in this manner aims to ensure that areas for improvements are
uncovered, that the user’s requirements are met, that the app is accepted by users, and
that the development results in a high quality product (Stinson et al., 2010; van Velsen et
al., 2018). This includes the user’s need for data protection which can impact the app’s
usage intention (Faust-Christmann et al., 2018), as well as personalization (Gay and
Leijdekkers, 2012) and the support of the user’s autonomy (Sax et al., 2018). Also, in order
to ensure comprehensive usage, the app should be widely accessible and low cost (Krebs
and Duncan, 2015). Moreover, to meet the three prerequisites (predisposition, engagement, and reinforcement) for effective stress management apps and to ensure the user’s
compliance with the intervention, Stress-Mentor’s concept should combine behavior
change techniques and a multitude of stress management techniques with gamification
features (Payne et al., 2016).
In line with the iterative development approach, a first prototype (minimal viable product, MVP, (Lenarduzzi and Taibi, 2016)) of Stress-Mentor was developed that linked the
self-monitoring of stress relevant behaviors through a diary with the appearance of an
avatar (Christmann et al., 2018b). This MVP was then improved based on user feedback.
This included the extension of the gamification structure, as well as the testing and integration of various stress management strategies. The development process led to an extended app framework, which linked a large variety of behavior change techniques and
stress management methods with gamification (see Chapter 2 for details on the development process and resulting app concept).
The resulting full version of Stress-Mentor was then evaluated in a four-week user study,
to reveal improvements compared to the MVP. The results of this analysis are presented
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in Chapter 3. As previously recommended (Olff, 2015), this study also assessed the impact
of gamification on the app’s usage behavior, usability, user experience, and perceived
quality (see Chapter 4). As the last step, the applicability of the app’s concept for other
health contexts was determined in an expert study, using the example of chronic pain
management (stress management plays an important role in the multimodal treatment of
chronic pain (e.g., Irvine et al., 2015). The results of this evaluation are presented in Chapter 5.
Chapter 6 concludes this thesis with a general discussion of the presented research. It
includes a summary of the studies’ main results and their impact, and discusses broached
ethical, legal, and social implications. Moreover, recommendations for the development
of gamified health apps and the application of wearables in stress management apps will
be deduced from the presented research. At the end, an outlook on the requirements of
future research will be given, in addition to an overview of the studies’ limitations.
The chapters of this thesis build on each other and can be seen as cumulative research.
Nonetheless, all chapters provide the necessary theoretical background and can also be
read independently.
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Chapter 2
The Iterative Development of “Stress-Mentor”
This chapter focuses on the iterative development of Stress-Mentor, which progressed
over four stages (see Figure 1 for an overview). In the first stage, a first prototype was
developed. This MVP consisted of a health diary that was linked to the appearance of an
avatar in the form of a bird-like cartoon animal (Christmann et al., 2018b). In the next step
this MVP was extended through the development of a diary overview diagram (Christmann et al., 2017b). Afterwards, the applicability of the wearable EEG MUSE for a neurofeedback relaxation exercise for Stress-Mentor was tested. For this purpose, two studies
were conducted. The first study tested the reliability and validity of the data obtained
with the wearable, the second study focused on the usability, comfort and quality of the
device and the MUSE neurofeedback app. Afterwards, additional audio- and text-based
stress management exercises were realized and tested for their applicability. The user
studies that were conducted at each development stage provided feedback on areas of
improvement. This feedback was then used to develop an extended app concept that combines aspects from behavior change theory and stress management theory within an extended gamification framework (Christmann et al., 2018a).

2.1.

Development of the MVP and Resulting Implications

Self-regulatory skills are a prerequisite in order to change maladaptive health behaviors
(Kanfer and Gaelick-Buys, 1991). This self-regulation process can be divided into three
distinct stages, namely self-monitoring, self-evaluation, and self-reinforcement (Kanfer,
1970). The first stage, self-monitoring, is aimed at deliberately paying attention to one’s
own behavior (Kanfer and Gaelick-Buys, 1991). Three requirements must be met to ensure
the effectiveness of self-monitoring through diaries. First, the user must be truthful when
making an entry; second, the entries must be made within temporal proximity to the
tracked behavior; and third, the user must be consistent in keeping his or her diary (Bandura, 1998).
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Figure 1: Development stages of Stress-Mentor.
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In agreement with the recent mHealth trend, health apps that provide digital diaries can
help to achieve these aspects (Stone et al., 2002; Wharton et al., 2014; Taylor et al., 2019).
As a result, they can help users increase their awareness of the tracked behaviors, along
with promoting behavior change (Acharya et al., 2011). Though the first two requirements
for effective self-monitoring can be achieved with a diary app, digital diaries themselves
might have problems to sustain the consistency of the user’s entries (Solbrig et al., 2017).
Vicarious reinforcement through avatars has been suggested as a solution to this problem
(e.g., Taylor et al., 2019).
In line with this approach, Stress-Mentor’s MVP combined self-monitoring through a diary with vicarious reinforcement through an avatar, i.e. a bird-like cartoon animal (the
Rhineland-Palatinate Elwetritsch, displayed in Figure 2). Though vicarious reinforcement
through avatars has been successfully applied in other health genres (e.g., in the context
of physical exercise (Fox et al., 2009), or diet (Byrne et al., 2012)), Stress-Mentor’s MVP
was the first app that made use of this concept in the context of stress management (Hoffmann et al., 2017).
The diary included eight stress relevant constructs that could be tracked by the user on a
daily basis (see Table 1 for a list of the included categories). For each entry, the color of
the answer changed according to a traffic light coloring system, depending on whether
the behavior was in line with official health recommendations or not. Entries that met the
health recommendations were displayed in green, those that somewhat met the recommendations were displayed in yellow, and entries that did not meet the health recommendations were colored in red (Table 1 and Figure 2 for details).
Besides this direct feedback, the user also received indirect feedback through changes in
the looks of his or her avatar. Each diary category was linked to one aspect of the avatar's
appearance (see Table 1 for details). Overall, the avatar looked healthier if the user’s entries were in accordance with the health recommendations (see Figure 3).
The MVP was tested in a four-week randomized controlled user study (Christmann et al.,
2018b). With regard to usage consistency, this study revealed that the experimental group
(EG), which received vicarious reinforcement through the avatar, did not show changes
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in the number of missing diary entries throughout the usage period. In contrast, the control group (CG) without vicarious reinforcement, showed a significant increase in missing
diary entries over time.

Figure 2: Screenshots of the MVP. Left: main screen with avatar and diary summary. Right: diary scales with color
coded entries to provide feedback on the conformity of the user’s behavior with the health recommendations.

Figure 3: Change of the avatar’s appearance in accordance with the diary entries.
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Table 1: Diary categories of the MVP with entry evaluation and descriptions of the avatar’s changing appearance
depending on the diary entries. The values for sleep are displayed in a simplified manner, because the evaluation
depends on a person’s age.

Diary Categories
Sleep in hours
Caffeine intake in 100mg
units
Portions of fruits and
vegetables
Sport in minutes
Emotional state
Stress level
Positive events
Negative events

Green
Evaluation

Yellow
Evaluation

Red
Evaluation

7-9

6, 10

≤ 5, ≥ 11

0-3

4-5

≥6

≥5

3-4

0-2

≥ 30
happy
0-1
many
none, few

10-20
neutral
2-3
some
some

0
sad, angry
4-5
none, few
many

Change of Avatar’s
Appearance
Position of head, dark circles under the eyes
Trembling of the whole avatar
Color saturation of plumage
Girth of abdomen
Emotional expression
Tidiness of plumage
Position of the ears
Position of the ears

This coincides with previous results that suggested that vicarious reinforcement can be
an effective way to influence user behaviors (Fox et al., 2009; Byrne et al., 2012; Parks et
al., 2014). However, the results with regard to the avatar’s effect on the MVP’s usage were
somewhat ambiguous. The revealed effect of vicarious reinforcement in this study was
not strong enough to result in significant group differences.
Still, the avatar was generally perceived in a positive manner by users of the EG. For example, they stated that watching the avatar change over time was fun. This attitude coincides with previous results on representing the user through an avatar’s appearance
(Lyles et al., 2017). This indicates that there appears to be no general dislike of gamification in the context of stress management apps.
In addition, the convergent validity of the diary categories demonstrates that the first
property for effective self-monitoring, namely truthfulness (Bandura, 1998), can be
achieved with the MVP, provided that the users are honest when making their entries and
do not deceive themselves. The second property, i.e. temporal proximity, is also supported as the diary entries can be made anywhere and anytime. The last property for effective self-monitoring, namely consistency (Bandura et al., 1963), was supposed to be
promoted through vicarious reinforcement. This could not be confirmed, as the results
for the MVP’s usage consistency were ambiguous.
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Clearly, the avatar alone was not sufficient to keep the user entertained over a long usage
period. This agrees with previous results, showing that user’s wish for extensive motivational support (Thiele et al., 2002). Further support for this was found in the app’s quality
ratings. Though the uMARS ratings did not differ between the EG and CG (as revealed
by Mann-Whitney U tests; Field, 2009), the MVP’s ratings revealed room for improvement, especially regarding the subscales engagement and perceived impact (Figure 4).

Figure 4: Means and standard errors of the MVP’s (diary and avatar) uMARS ratings.

This finding was sustained by the users’ comments. For one, the users requested an overview diagram to help them track their behaviors over time. Such charts are important
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features of health apps and support the user’s self-evaluation, which is an important step
for self-regulation. This, in turn, can promote behavior change (Kanfer, 1970).
Besides the overview diagram, the users wanted additional categories to be included in
the diary, namely for water and alcohol consumption. Since stress can both directly impact a person’s health through its physiological effects and also indirectly impact a person’s health through maladaptive health behaviors such as poor eating habits or alcohol
abuse (Baum and Posluszny, 1999; Cohen et al., 2007; Glanz et al., 2015), the app’s diary
was extended by two categories (namely, water and alcohol consumption). Furthermore,
participants commented that the four provided smiley faces in the diary category mood
were not always sufficient to represent their emotional state. This resulted in the addition
of two more moods: worried and content. This matches with the users’ general wish for a
more detailed classification of the diary entries’ color coding. Participants perceived the
use of only three color assessments as too harsh, leading to the implementation of a more
detailed subdivision of the diary’s color coding system where it was appropriate.
Moreover, participants from both groups asked for a broader set of stress management
methods besides self-monitoring (see Christmann et al., 2017a for taxonomy). An extension of the diary categories, as well as the implementation of stress management methods,
could result in increased ratings of the app’s perceived impact. It also goes a long way to
ensure the app’s effect on subjective stress level and coping, as users have difficulty to
come up with practical coping strategies on their own (Kocielnik and Sidorova, 2015).
The results clearly showed that although the MVP was an adequate first approach, selfmonitoring though a diary alone is not enough to satisfy the user long term. Moreover,
the integration of an avatar for gamification might not be sufficient to improve the user’s
compliance. However, the ratings for engagement and, as a result, Stress-Mentor’s usage
consistency could be further improved through the integration of additional gamification
techniques. Such approaches have shown great potential to ensure user compliance (Taylor et al., 2019) and as a result, the effectivity of health apps (e.g., Cafazzo et al., 2012;
González et al., 2016).
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Integration of a Diary Overview Chart and Resulting Implications

During the MVP study, the users requested a diary overview diagram in order to help
them track their behavior change over time. This coincides with the fact that, besides selfmonitoring through a diary, self-evaluation is an important step of the self-regulation
process (Kanfer, 1970). Self-monitoring applications alone do not help people to reach
their personal, actual goals (e.g., reducing subjective stress level). Instead, there is a risk
that the collection of data itself becomes the goal (Marcengo and Rapp, 2014). Therefore,
the reflective stage (Fleck and Fitzpatrick, 2010; Li et al., 2011) is crucial before the intended behavior change can occur (Fogg, 2002). Providing suitable visualizations (e.g.,
through charts; Li et al., 2011; Li et al., 2012; Cuttone et al., 2013) can facilitate self-evaluation (Cuttone et al., 2014) and thus, support the self-regulation of behaviors (Kanfer,
1970).
The line plot (Cuttone et al., 2014) and the bar chart (e.g., Sony LifeLog, Fitbit) are common
long-term visualizations of health data. At first glance, these visualizations seem to be
perfect for exploring progress over time as well as correlations between health behaviors
(Li et al., 2011). However, these chart types do not consider how the respective health
behavior should be appraised. Therefore, they do not allow the user to make decisions for
or against behavior change (DiClemente et al., 2001). Exceptions, such as Fitbit, bridge
this gap by providing additional goal fulfillment charts which depict to what degree the
user’s personal goals are achieved. However, visualizations that combine time series data
and the appraisal of this data within one chart are rare.
To help Stress-Mentor’s users to make decisions regarding behavior change, two alternate
long-term visualizations (an accumulated bar chart and a point chart, see Figure 5) were
developed and compared in a user study (Christmann et al., 2017b).
Although both charts resulted in satisfying overall quality scores (participants rated the
quality of both charts with the uMARS), the findings were in favor of the point chart. For
one, fluctuations were more reliably detected when presented in the point chart, whereas
the accumulated bar chart covered up some of the periodic variance in the data. The detection of such periodic patterns has been pointed out to be fundamental (Larsen et al.,
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2013; Cuttone et al., 2014). Additionally, participants were more often unable to rate questions regarding the correlation between different health behaviors when they were displayed as bar charts.

Figure 5: Displayed are the two chart types that were compared in a user study; a) depicts the bar chart and b) the
point chart.

Another important finding of this study was that the participants were not overloaded
when both the raw data and the corresponding appraisals of the data were provided. This
was supported by the ratings of perceived difficulty to answer, which did not differ between the two types of visualization. However, the point chart resulted in fewer trials in
which participants were unable to pick an answer option (Christmann et al., 2017b).
Also, the results indicated that the presentation of the full color spectrum of the appraisals
appears to play a role for the effective presentation of health data. Participants more frequently rated the behavior as health conscious when it was presented in the bar chart.
While the full color spectrum was always visible in the point chart, this was not the case
for the bar chart. It is likely that participants were not aware of the full color spectrum
when rating the health consciousness of the behaviors displayed in the bar chart. This bias
might be stronger for inexperienced users of the app, since the traffic light feedback system should be adopted easily over time (Eikey et al., 2015). Still, these results highlight
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the importance of displaying the full color spectrum for appraisals, especially regarding
new users.
Overall, this study showed that combining health data with traffic light feedback in a bar
or point chart can help the user to appraise his or her respective behaviors. However,
there was a preference towards the point chart. In addition, some participants suggested
using trend lines instead of single points in order to facilitate the observation of correlations in the point charts, as this approach reduces unavoidable noise (Cuttone et al., 2014).
As there was a slight preference towards the point chart in this study, this visualization
type, including the suggested trend lines, was implemented into Stress-Mentor.

2.3

Integration of Stress Management Techniques

2.3.1

Background

Though users can learn about their stress patterns based on the information they obtain
through diaries, only very few are able to come up with practical coping strategies for
improving their stress level on their own (Kocielnik and Sidorova, 2015). Thus, besides
facilitating self-regulation through self-monitoring, self-evaluation and self-reinforcement, the inclusion of evidence-based stress coping strategies plays an integral role in
ensuring the effectiveness of stress management apps (Williams and Kemper, 2010).
Lazarus (1985) distinguished between two broad types of coping strategies: problem-focused and emotion-focused coping. Problem-focused coping is aimed at altering a person’s interaction with his or her environment (e.g., time management). Emotion-focused
coping, on the other hand, is aimed at reducing stress sensations (e.g., progressive muscle
relaxation (PMR)). Notwithstanding their positive effects, it has been shown that not all
coping techniques work equally well for every individual (Barabasz and Perez, 2007).
Stress management group interventions and self-help books, therefore, usually teach a
broad range of coping techniques (e.g., Mason, 2001; Davis et al., 2008). Such multi-technique approaches seem to be more effective than using a single technique (Murphy, 1996;
Jones and Johnston, 2000). They are, however, rarely found in current stress management
apps (Coulon et al., 2016; Christmann et al., 2017a).
To close this gap, the goal was to provide a large variety of stress management techniques
in Stress-Mentor. This combines the advantages of mHealth (e.g., being able to perform
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the stress management exercises anywhere and anytime; Blackburne et al., 2016) with
those of multi-technique approaches (e.g., finding out which stress management techniques are best suited for the individual; Murphy, 1996; Koldijk et al., 2016). To determine
how stress management exercises should be implemented into Stress-Mentor, several
emotion-focused coping techniques were tested for their applicability in user studies.
2.3.2

Testing the Applicability of the Wearable EEG System MUSE for a Neurofeedback-Based Relaxation Exercise

2.3.2.1 Introduction
One example for an emotion-focused coping technique that aims at increasing relaxation
and can help to handle and decrease stress is neurofeedback (Hjelm and Browall, 2000).
In neurofeedback, brain activity (EEG waves) is analyzed by a computer in real time, broken down according to its frequency components and transformed into sensory inputs
(e.g., visual or auditory) that provide feedback to the user. The distribution of EEG frequencies depends on the state of attention or consciousness (e.g., awake, sleeping, attentive, relaxed, and stressed). Alpha activity (8-13 Hz), for instance, appears to play an important role when providing neurofeedback that is targeted at relaxation. Previous studies have shown that an increase in relaxation is mirrored by an increase of alpha activity
in the brain (Shaw, 2003). Moreover, users of neurofeedback can learn to distinguish between different brain frequencies, such as high and low alpha frequencies (Frederick,
2012) and control their production of alpha activity (Beatty, 1972). Such exercises can lead
to an increase of perceived relaxation (Hjelm and Browall, 2000; van Boxtel et al., 2012).
Even though providing neurofeedback has a huge potential to support the user in staying
autonomous and healthy, such applications have mostly remained in the context of science and have not yet reached consumers (Blankertz et al., 2010; McDowell et al., 2013).
This is hardly surprising, considering that the use of such systems remains unpractical.
One major reason for this is that the use of conventional EEG systems for neurofeedback
requires the appliance of electrode gel in order to lower impedances between the electrodes and the scalp. The use of such “wet” electrodes, therefore, requires long preparation times and can lead to skin irritations caused by the electrode gel (Sullivan et al., 2007;
Liao et al., 2011). Another reason such systems have not reached the market so far, is their
cost (Cutrell and Tan, 2008; Hairston and Lawhern, 2015).
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While the advantages might prevail for people who are dependent on them, it remains a
fact that most EEG systems are not tenable for truly mobile or user oriented applications,
due to issues regarding power, size, weight and comfort (Müller et al., 2008; McDowell et
al., 2013; Gramann et al., 2014; Hairston and Lawhern, 2015). This makes them unappealing for healthy users and, therefore, leads to a shift in demands and requirements for such
systems (Zander and Kothe, 2011; Ekandem et al., 2012; Lee et al., 2013). In order to be
accepted on the market, such devices need to be well designed and gel-free (Müller et al.,
2008). They also need to be applicable in everyday life (De Vos et al., 2014). Consequently,
such systems must be simple to set up and troubleshoot, and they likely will have to be
relatively transparent or even invisible to the user in order to ensure user compliance
(McDowell et al., 2013). Additionally, they should be user friendly, robust, easy to use
and designed in a ‘fool-proof’ manner (Mihajlovic et al., 2015), as well as low cost, lightweight and comfortable to wear in order to ensure their usability across different contexts
(Hairston and Lawhern, 2015).
One possible approach to meet these challenges poses the use of dry electrode wearable
EEGs. These systems omit the use of skin preparation and electrode gel and can operate
with minimal wiring. This leads to significantly lower preparation times and effort and
allows the user freedom of motion (Matthews et al., 2008). Moreover, the use of dry electrode wearable EEG systems helps to make the devices smaller and lighter, as user’s will
have to carry less hardware around (Wilson and Russell, 2003; De Vos et al., 2014). If designed in a user-friendly way such systems can be easily applied in health care and, thus,
also in the context of stress management (Lee et al., 2013). To determine whether this is
the case, different studies have assessed the usability of consumer-grade wearable EEGs.
The results suggest that, though the devices often receive good usability ratings, there is
still room for improvement (Rebolledo-Mendez et al., 2009; Leape et al., 2016).
EEG systems that could potentially be used in everyday life include, e.g. Neurosky MindWave (http:/neurosky.com/), Emotiv EPOC (https://www.emotiv.com/), imec EEG headset (https://www.imec-int.com/en/home), Cognionics Agile-10 (https://www.cognionics.net), and InteraXon MUSE (http://www.choosemuse.com). The integration of such systems into mHealth interventions can pose an effective alternative to self-help literature
with respect to reducing stress (Miller, 2012). For example, wearable EEGs have been applied to control the user’s concentration and relaxation levels (Lee, 2009; Maddox et al.,
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2015). However, their integration into mobile stress management interventions and their
combination with gamified health apps that try to target user compliance is slow. One
exception is the wearable EEG system MUSE (InteraXon Inc.), which is linked with a meditation app that provides the user with gamified neurofeedback. On one side, the app
provides online auditory feedback during the exercise. On the other side, the MUSE companion app collects and visualizes the EEG data of a meditation session in a simplified
and gamified manner (e.g., it provides points and badges) and compares the results of the
current session to previous ones (Przegalinska et al., 2018).
Such combinations of wearable EEG systems with gamified mobile applications have
great potential in the context of personal health care (Mihajlovic et al., 2015). However, in
order to provide effective neurofeedback to the user, it is essential that the used EEG devices are both reliable and accurate in their measurement of the used EEG characteristic
(e.g., ERPs or frequency band powers). Both the acceptability of the data collection
method and very high accuracies are obligatory to ensure the users’ acceptance (Wilson
and Russell, 2003). The benefits of dry electrode wearable devices are, however, often
counterbalanced by low signal reliability and validity (McFarland and Wolpaw, 2011).
There are already studies comparing the performance of dry electrode (e.g., Estepp et al.,
2009) or wearable (e.g., Matthews et al., 2008; Bleichner et al., 2016) EEG systems to that
of research-grade ones that are gel-based. However, only few studies have evaluated the
validity of commercial, dry electrode wearable systems. Badcock et al. (2013) tested the
performance of the Emotiv EPOC and compared it to that of a gel-based research EEG
regarding auditory event related potentials (ERPs). For this they simultaneously recorded
EEG signals with a research and the gaming EEG during 566 standard (1000 Hz) and 100
deviant (1200 Hz) tones under passive (non-attended) and active (attended) conditions
for 21 adult participants. From these, they then obtained late auditory ERPs (P1, N1, P2,
N2, and P3 peaks) and the mismatch negativity in active and passive listening conditions
for each participant and each device. The study revealed that the two EEG systems were
mostly comparable with respect to size and timing of the investigated ERPs. They only
found small differences between the two devices for P1 in one of their experimental conditions, as well as for the peak and latency of P3. Also, mismatch negativity waveforms
of the research and wearable EEG were only similar if they were not noisy. Despite these
exceptions, the study concluded that the Emotiv EPOC might be a plausible alternative to
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research-grade EEG systems (Badcock et al., 2013). Their results are supported by a different study, which reported that the Emotiv EPOC’s performance is as good as that of
current research-grade systems in many paradigms (Melnik et al., 2017). Another study
tested the validity of a three-channel dry electrode wearable system developed by Brain
Products. In this study too, the EEG signal was recorded simultaneously with the wearable and a state-of-the-art research system. Two experimental paradigms were used to validate the device. On one hand, the researchers investigated ERPs with a variation of the
oddball paradigm. On the other hand, they investigated features of the frequency domain
with a paradigm that included occipital alpha. They found that the amplitude and temporal structure of the ERPs, as well as the features of the frequency domain did not differ
between the two EEG systems. The results therefore supported the validity of the dry
electrode wearable system with regard to both ERPs and features of the frequency domain, including occipital alpha (Zander and Kothe, 2011). Yet another study investigated
the reliability and validity of Mindwave, a single electrode commercial EEG by NeuroSky.
Again, the signal was simultaneously recorded with the wearable and a research-grade
device during a resting state paradigm with an eyes open and an eyes closed condition
and a driving simulator paradigm were participants performed an ecological and a dynamic driving task. The results indicated that the wearable was less reliable but still provided data that was comparable to that of the gel-based system regarding power spectra,
temporal aspects and signal-to-noise ratio (Rieiro et al., 2019).
While lower resolution components have previously been suggested as a plausible way
to improve design, power, and cost of dry electrode, wearable EEG systems (Hairston and
Lawhern, 2015), these studies show that such trade-offs might no longer be necessary.
Instead they indicate that such systems can be a useful tool in a variety of novel applications (Lopez-Gordo et al., 2014). On the other hand, a review of wearable EEGs for daily
applications suggests that the devices require improvements with regard to their personalization, sensory input, brain signal acquisition and analysis, as well as their feedback
generation (Mihajlovic et al., 2015).
Though the wearable EEG MUSE (InteraXon Inc.) was specifically designed to support
relaxation through meditation exercises (InteraXon Inc.; Ijjada et al., 2015) and is used in
a variety of other application scenarios (e.g., mental state recognition (Bashivan et al.,
2016), evaluation of user enjoyment (Abujelala et al., 2016), real time drowsiness detection
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(Rohit et al., 2017), measuring focus states (Przegalinska et al., 2018), as well as concentration and stress levels (Maddox et al., 2015)), so far only one study has focused on evaluating its validity (Krigolson et al., 2017). Here, the researchers investigated ERPs using a
visual oddball paradigm and reward positivity in a reward learning task. Again, the wearable EEG’s data was compared to that of a gel-based device. However, opposite to Badcock et al. (2013) and Zander and Kothe (2011), this study made use of a between-subjects
design. One group performed the paradigm while their brain activity was recorded with
the wearable device, while the EEG of the control group was recorded with a state-of-theart research system. The results supported MUSE’s validity with regard to both ERP observation and quantification regarding N200, P300, and reward positivity components
(Krigolson et al., 2017).
Besides ERP oriented study designs, frequency bands are often used in the context of both
research and applied neurofeedback methods for relaxation (Hjelm and Browall, 2000).
As a result, frequency analysis is often used as a basis for testing the validity of new EEG
systems (e.g., Harland et al., 2002; Estepp et al., 2009; Grozea et al., 2011). Eyes open and
eyes closed are two regularly used conditions in this context, due to their distinctive pattern of alpha activity (Kirschstein, 2008). During the eyes open condition, less alpha activity is expected because of the alpha blockade (Berger, 1929; Shaw, 2003). In contrast, the
eyes closed condition results in an increase of alpha activity. This difference in alpha band
power is especially apparent in electrodes located in close proximity to the occipital lobe
(Shaw, 2003; Kirschstein, 2008).
Besides eyes open and eyes closed conditions, belly breathing exercises could pose as an
additional experimental task. Such exercises are well-known relaxation techniques. Because relaxation is related to higher alpha activity in the brain (Shaw, 2003), an increase
in alpha band power is expected in this condition. Besides tasks that focus on alpha activity, other experimental conditions could be applied in order to validate EEG devices with
respect to other frequency bands. For example, brainstorming should elicit higher beta
activity (14-30 Hz) due to an increase in cognitive load (Ray and Cole, 1985; Kirschstein,
2008). Thus, this task could potentially be applied to validate new EEGs with regard to
the beta frequency band. However, beta activity can be found in a variety of locations
across the cortex (Kropotov, 2009). This makes it harder to detect beta activity with a restricted electrode setup, as is often the case with consumer-oriented EEG systems. Even if
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the activity is harder to detect though, the wearables measurements should still be comparable to those of a gel-based device.
Even though MUSE was created and is often used for frequency dependent neurofeedback (e.g., Rohit et al., 2017), to this point no evidence exists that supports the system’s
reliability and validity with respect to frequency analysis. The first study in this thesis,
therefore, aimed at examining both the reliability and validity of the MUSE wearable with
regard to alpha and beta frequency domains across different experimental conditions (i.e.,
eyes open, eyes closed, breathing and brainstorming).
However, as mentioned above, the device’s validity and reliability are not the only aspects
that determine how MUSE is received by users. Rather, its usability, user experience, and
perceived comfort majorly define whether users adopt the system for neurofeedback
training in the end (Müller et al., 2008; McDowell et al., 2013; De Vos et al., 2014; Hairston
and Lawhern, 2015). This, in turn, determines the device’s applicability for stress management applications. A previous study already tested MUSE’s usability for applied
healthcare research. Here, a researcher rated the device’s ease of use and form factor to be
medium (Leape et al., 2016). However, the interpretation of the results is limited due to
the use of a single rater and narrow evaluation criteria. Thus, the second study presented
here focused on the evaluation of these aspects with a larger sample, as well as on determining how users perceive the neurofeedback supported meditation exercises that are
provided in the MUSE companion app.

2.3.2.2 Study 1: Evaluation of MUSE’s Reliability and Validity
2.3.2.2.1 Methods

Paradigm
The EEG-signal was recorded simultaneously with the wearable EEG system MUSE by
InteraXon and the research-grade gel-based EEG system actiCAP by Brain Products. The
experiment consisted of two sessions, with a 30 minute break between sessions. Each session entailed four experimental conditions: eyes open, eyes closed, breathing, and brainstorming. Spontaneous EEG features were recorded for each of these experimental tasks,
causing different band powers for the alpha (8–13 Hz) and beta band (14-30 Hz) (e.g.,
Birbaumer and Schmidt, 2006). The four conditions were aimed to compare MUSE’s performance across different experimental tasks with that of the gel-based research EEG. By
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performing every condition once in each of the two sessions, the test-retest reliability of
the wearable EEG was tested. The parallel recording of the EEG signal with both the wearable and gel-based system allowed to compare the systems’ reliabilities and to estimate
convergent validity, as specific patterns of alpha and beta activity were expected for each
experimental task (eyes open, eyes closed, breathing and brainstorming).
In the eyes open condition, participants were asked to think of nothing in particular and
focus on a fixation cross placed on the wall in front of them. Because of the alpha blockade
(Shaw, 2003), it was expected to find less alpha activity in this condition as compared to
the eyes closed condition (Berger, 1929).
In the eyes closed condition, participants were again asked to think of nothing in particular and keep their eyes closed. Due to the closed eyes, larger alpha band power was
expected in this condition compared to the eyes open condition (Shaw, 2003; Kirschstein,
2008). Both eyes open and eyes closed are tasks commonly used to validate new EEG systems with regard to the alpha frequency band (e.g., Estepp et al., 2009, Harland et al., 2002;
Grozea et al., 2011).
In the breathing condition participants were instructed to close their eyes, breathe deeply
through their belly and count their breath from 1 to 10. Once they arrived at count 10 or
if they lost track of their count they started to count from the beginning and so on. Belly
breathing is a well-known relaxation technique and relaxation is related to higher alpha
activity in the brain (Shaw, 2003). However, because the participants were not trained in
belly breathing alpha power in this condition was expected to be similar to that of the
other conditions with closed eyes (brainstorming and eyes closed).
During the brainstorming condition, participants were asked to keep their eyes closed.
They were then given a word category (e.g., countries), for which they had to find as many
matching words as possible in their head, without speaking them out loud, within one
minute. Then they were given the next word category. The condition covered five word
categories and resulted in a total of five minutes of recording time. To eliminate repetition
effects, different words were used in both sessions. As cognitive load causes an increase
in beta activity, it is expected that this task results in a higher beta band power compared
to the other conditions (Ray and Cole, 1985; Kirschstein, 2008).
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Each experimental task lasted five minutes. After each condition participants were asked
whether they had followed the instructions. All experimental tasks were performed in
both experimental sessions. The order of the tasks was randomized across participants.
Event markers were used to mark the beginning and end of an experimental condition in
the data of the gel-based EEG’s signal. The study procedure is illustrated in Figure 6.

Figure 6: Diagram of the study procedure. The order the conditions were presented in was randomized across all
participants.

Participants
The ethics committee of the Department of Social Sciences at the Technische Universität
Kaiserslautern approved the methods used to test participants in this study. All subjects
gave written informed consent in accordance with the Declaration of Helsinki and received 15 € for their participation. A total of 20 participants took part in this study. All
participants were neurologically healthy. One participant had to be excluded due to repeated signal-loss in the electrodes of the gel-based EEG. The data of 19 participants (age
range 19-29 years, mean (M) age = 24.1 years, standard deviation (SD) = 2.7 years, righthanded, 10 female) was pre-processed and used for statistical analysis.

Study Procedure
For this study, all participants were seated in an electronically shielded cubicle. Before
attaching the electrodes, participants’ skin was cleaned on the forehead and behind the
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ears, using first an abrasive gel and then alcohol. Afterwards, the electrodes of the two
EEG systems (the wearable consumer EEG system MUSE by InteraXon and the gel-based
research-grade EEG system actiCAP by Brain Products) were attached. First the wearable
device was placed. The electrode connection for the wearable EEG was verified with the
visual system provided by InteraXon. The EEG signal of the wearable EEG was recorded
using MUSELab by InteraXon with a sampling rate of 220 Hz.
Next, the electrodes of the gel-based system were attached in a 1.5-2 cm distance to those
of the wearable using adhesive rings. The electrodes were placed at the locations A1, A2,
Fp1, and Fp2, grounding and reference electrodes were placed at Fpz according to the
international 10-20 system (Figure 7), because this roughly matches the position of the
four electrodes of MUSE. After attaching the electrodes to the scalp, conductive gel was
applied to the gel-based system in order to improve connectivity. The electrode impedances were kept below 5 kΩ. The EEG signal of the gel-based system was amplified with
actiCHamp and recorded using the Brain Vision Analyzer software by Brain Products
with a sampling rate of 500 Hz. Participants were asked to sit still and to avoid moving as
much as possible during recording.

Figure 7: Electrode placement according to the international 10-20 system. The locations used in this study are
highlighted in grey.

Pre-processing
MATLAB (version R2016a) and the toolboxes EEGlab (Delorme and Makeig, 2004) and
ERPlab (version 13_6_5b) (Lopez-Calderon and Luck, 2014) were used to pre-process and
analyze the data. The data from the time of the trigger to 300 seconds following the trigger
for the eyes open, eyes closed, and breathing condition, were used for analysis. For the
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brainstorming condition, the data following 60 seconds after each trigger’s occurrence (5
times one minute of brainstorming) was used for analysis. This, too, added up to a total
of 300 seconds of recorded data.
Because the sampling rate of the wearable was set to 220 Hz, the sampling rate of the gelbased data was also reduced to 220 Hz during data pre-processing. A high pass filter at 1
Hz was used to eliminate baseline drifting and to reduce activity at very low frequencies,
which is often an artifact. A powerline notch filter at 50 Hz was applied to remove artifacts
stemming from electrical instruments in the vicinity (Libenson, 2010).
In the next step, a spectral analysis on the resulting data following Welch’s method was
conducted for frequencies between 0.1-110 Hz. This resulted in power signal density
(PSD) values for all sessions, devices, conditions, and electrodes for each participant. In
addition, the mean power of the alpha and beta frequency bands was derived.

Statistical Analysis
Pearson correlations between the two sessions for each device and the two devices in each
session were calculated for the PSDs of each participant for each condition and each channel, as indicators for test-retest reliability. The resulting correlation coefficients were then
averaged across all participants. High correlation coefficients (> .90) speak of high reliability, values between .80 - .90 are interpreted to be moderate and < .80 as insufficient
reliability (Vincent, 2008).
Univariate analyses of variance (ANOVA) with repeated measures and subsequent t-tests
were used to detect differences between the wearable device and gel-based system with
regard to alpha and beta band powers (Bortz, 2016). A five-way ANOVA with the factors
device (wearable and gel-based), channel (A1, A2, Fp1, Fp2), condition (eyes open, eyes
closed, breathing, and brainstorming), frequency band (alpha and beta) and session (one
and two), were conducted. The Greenhouse-Geisser adjustment was applied to correct for
violations of sphericity. T-tests were calculated to further analyze the interaction effects.
Bonferroni correction was used to adjust the t-test results for an accumulation of alpha
errors (Field, 2009). The effect size (d) according to Cohen (1988) was calculated. Effects d
= 0. 20 - 0.40 correspond to a small effect, d = 0.50 – 0.70 a moderate effect and d ≥ 0.80 a
large effect.

32

Chapter 2

Hypotheses
Reliability
H1: The data of session one and session two show high positive correlations (> .90) (Vincent, 2008) between the PSDs for both the wearable and the gel-based device, in all four
channels and all four conditions.
H2: The ANOVA reveals no main effect of session and no interaction of session with any
of the other factors.
H3: High positive correlations (> .90) (Vincent, 2008) are found between the PSDs of the
wearable and gel-based device in both sessions, all four conditions, and all four channels.

Validity
H4: Both devices show reduced alpha activity in the eyes open condition compared to the
eyes closed, breathing, and brainstorming conditions due to the alpha blockade (Shaw,
2003; Kirschstein, 2008).
H5: Both devices show higher alpha activity at the mastoids (A1 and A2) than at the
frontal locations (Fp1 and Fp2) in the eyes closed, breathing, and brainstorming conditions compared to the eyes open condition, due to the alpha blockade (Shaw, 2003; Kirschstein, 2008).
H6: Both devices show comparable alpha activity in the breathing, eyes closed, and brainstorming condition, due to closed eyes (Shaw, 2003).
H7: Both devices show higher beta activity in the brainstorming condition compared to
the eyes open, eyes closed, and breathing conditions (Ray and Cole, 1985; Kirschstein,
2008).
H8: There exist no differences between the two devices in the mean alpha and beta power
measured in each condition and channel.
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2.3.2.2.2 Results

Reliability
Both the gel-based and wearable device showed high positive correlations (all r ≥ .90)
between session one and two for the PSDs in all electrodes in all conditions (see Table 2).
Correlation coefficients between the two devices were low (≤ .80) to high (≥ .90) for all
electrodes and conditions in session one and two (see Table 3). The ANOVA showed no
main effect of the factor session and no interactions of session with any of the other factors
(see Appendix 1).
Table 2: Means (M) and standard deviations (SD) of Pearson correlation coefficients (r) between the power spectral densities of 0.1-110 Hz of session 1 and 2, regarding each experimental condition, device, and channel. All p-values were ≤
.001.

Eyes open

Eyes closed

Breathing

Brainstorming

Wearable

Gelbased

Wearable

Gelbased

Wearable

Gelbased

Wearable

Gelbased

Fp1

M = .925;
SD = .076

M = .936;
SD = .069

M = .955;
SD = .137

M = .983;
SD = .024

M = .906;
SD = .052

M = .983;
SD = .046

M = .953;
SD = .045

M = .993;
SD = .007

Fp2

M = .934;
SD = .103

M = .974;
SD = .032

M = .956;
SD = .068

M = .977;
SD = .036

M = .943;
SD = .070

M = .977;
SD = .050

M = .937;
SD = .127

M = .988;
SD = .012

A1

M = .946;
SD = .145

M = .974;
SD = .032

M = .950;
SD = .046

M = .964;
SD = .047

M = .960;
SD = .095

M = .964;
SD = .089

M = .965;
SD = .047

M = .989;
SD = .013

A2

M = .956;
SD = .058

M = .974;
SD = .032

M = .974;
SD = .064

M = .972;
SD = .037

M = .945;
SD = .024

M = .972;
SD = .050

M = .957;
SD = .088

M = .988;
SD = .012

Table 3: Means (M) and standard deviations (SD) of the Pearson correlation coefficients (r) between the power spectral
densities of 0.1-110 Hz of the two devices regarding each experimental condition, session, and channel. All p-values were ≤ .001.

Eyes open

Eyes closed

Breathing

Brainstorming

Session 1

Session 2

Session 1

Session 2

Session 1

Session 2

Session 1

Session 2

Fp1

M = .800;
SD = .207

M = .746;
SD = .261

M = .897;
SD = .136

M = .910;
SD = .042

M = .878;
SD = .082

M = .922;
SD = .039

M = .873;
SD = .062

M = .866;
SD = .090

Fp2

M = .823;
SD = .229

M = .748;
SD = .247

M = .926;
SD = .078

M = .901;
SD = .049

M = .900;
SD = .065

M = .921;
SD = .076

M = .815;
SD = .164

M = .864;
SD = .088

A1

M = .938;
SD = .031

M = .932;
SD = .027

M = .912;
SD = .041

M = .923;
SD = .024

M = .910;
SD = .059

M = .934;
SD = .037

M = .908;
SD = .042

M = .923;
SD = .036

A2

M = .921;
SD = .046

M = .922;
SD = .032

M = .910;
SD = .046

M = .925;
SD = .043

M = .888;
SD = .047

M = .919;
SD = .046

M = .919;
SD = .039

M = .932;
SD = .026
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Validity
The ANOVA revealed main effects of the factors device, channel, task, and frequency
band. Twofold interactions were detected between channel*frequency band, channel*task, frequency band*task, channel*device, frequency band*device, and task*device.
Triple interactions were found for channel*task*device, and frequency band*task*device.
A fourfold interaction was detected for channel*frequency band*task*device (see Appendix 1).
Consistently, t-tests revealed that alpha activity was higher at the mastoids than at the
frontal electrodes (all p ≤ .001, see Appendix 2 for details). Higher beta band power was
detected in Fp2 (t(18)= 3.28, p = .004, d = 0.75) and A1 (t(18) = 3.85, p = .001, d = 0.86) compared to A2.
In line with the interaction between frequency band*task, t-tests revealed reduced alpha
activity in the eyes open condition compared to the eyes closed, breathing, and brainstorming tasks (all p ≤ .001, see Appendix 4). However, this effect was only observed in
the research-grade device (see Appendix 9 for details). Also, alpha activity was lower during brainstorming than during the eyes closed or breathing task (all p ≤ .001). Beta band
power was also lower during brainstorming than during eyes closed (t(18) = 3.76, p = .001,
d = 0.86). See Appendix 4 for details.
Lower overall power was detected at the mastoids during eyes closed compared to the
other three experimental conditions (all p ≤ .001). Moreover, higher power was detected
in A1 and A2 during eyes closed than during brainstorming (both p ≤ .001). Also see Appendix 3 for details.
Overall, the power measured by the two devices did not differ at the frontal electrodes.
The electrodes at the mastoids both showed significantly less power for the gel-based device than for the wearable (both p ≤ .001, see Appendix 5 for details). However, the mean
power was higher for MUSE during eyes closed, breathing, and brainstorming, while it
was lower during the eyes open task (see Appendix 7). In line with this, MUSE also resulted in a higher mean alpha (t = 3.55, p = .002, d = 0.81) and mean beta band power (t =
4.53, p ≤ .001, d = 1.04) than the research-grade EEG system (also see Appendix 6). Moreover, power differed between all electrodes of both devices in all four experimental conditions (see Appendix 8).
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To analyze the fourfold channel*frequency band*task*device interaction, an additional
four ANOVAs (one for each channel) were performed with the factors frequency
band*task*device. All four electrodes showed an interaction of frequency band*task*device. Fp1, Fp2 and A2 showed a main effect of frequency band. Main effects of device and
task, as well as an interaction between frequency band*device were revealed for A1 and
A2. Fp1, Fp2, and A1 showed a task*device interaction (see Appendix 10).
Though the wearable showed lower alpha activity during the eyes open condition compared to the other three tasks in Fp1 and Fp2, these differences were not found for the gelbased device (see Appendices 11 and 12 for details). Both devices showed lower alpha
power at A1 and A2 during the eyes open condition than during eyes closed, breathing
and brainstorming (all p ≤ .001). Lower alpha activity was also detected during brainstorming than eyes closed and breathing in A1 and A2 of both devices (see Appendices
13 and 14 for details).
T-tests did not uncover differences in the alpha power measured by the two devices in all
four experimental conditions in Fp1 (Appendix 11). A similar pattern was observed for
Fp2, with the exception of the eyes open task, where alpha power was higher in the gelbased device than in MUSE (t = 2.77, p = .01, d = 0.64, see Appendix 12 for details). The
opposite was observed for A1 and A2. Though no differences were found between the
two systems for these electrodes during the eyes closed and brainstorming tasks, alpha
power was significantly higher in MUSE during the eyes open condition (see Figure 8 and
Appendices 13 and 14). Moreover, alpha power was also higher in A1 of the wearable
during breathing.
Though beta band power increased in Fp1 and Fp2 during the eyes open condition compared to the other three tasks for the gel-based device, this pattern did not exist for the
wearable (see Appendices 11 and 12 for details). This is further supported by the differences that were uncovered between the beta power measured in each condition with the
research-grade system and MUSE. For A1 and A2, the research-grade EEG showed higher
beta activity in the eyes closed and breathing condition compared to brainstorming (all p
≤ .001, see Appendices 13 and 14).
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Figure 8: Means and standard deviations for the alpha power measured by each of the two devices (wearable EEG
MUSE and the gel-based EEG) in each electrode (A1, A2, Fp1, and Fp2) during each of the four experimental conditions (eyes open, eyes closed, breathing, and brainstorming).

In contrast, MUSE only measured higher beta activity during breathing than brainstorming in A1 (t = 3.87, p ≤ .001, d = 0.81) and in the eyes closed condition compared to brainstorming in A2 (t = 5.05, p ≤ .001, d = 1.16). Additional differences in beta band power were
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detected for Muse between the eyes open task and breathing (A1 and A2), eyes closed
(A2) and brainstorming (A2). This result is further supported by the fact that beta power
was higher in MUSE during the eyes open condition compared to the gel-based device
(see Figure 9 and Appendices 13 and 14).

Figure 9: Means and standard deviations for the beta power measured by each of the two devices (wearable EEG
MUSE and the gel-based EEG) in each electrode (A1, A2, Fp1, and Fp2) during each of the four experimental conditions (eyes open, eyes closed, breathing, and brainstorming).

2.3.2.2.3 Discussion
The results show that with regard to the systems’ reliability, H1 and H2 could be confirmed. The high positive correlations (all r ≥ .90) between the PSDs in session one and
two that were uncovered for all four electrodes in all four experimental conditions speak
for a high test-retest reliability of both devices (Vincent, 2008). This is further confirmed
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by the fact that the ANOVA revealed no main effect of session and no interactions of
session with any of the other factors. Even though previous results show that high correlations between the wearable and research-grade EEGs are possible (Estepp et al., 2009;
Zander and Kothe, 2011), the correlations between MUSE and the research-grade device
differed strongly. Although most were high, medium and low correlations were also observed, especially in Fp1 and Fp2 during the eyes open and brainstorming condition, but
also during the breathing task in Fp1 and A2. These variances indicate that there are severe differences in the measurements of the two devices. Thus, H3 could not be confirmed. This could be due to MUSE being more affected by signal loss, given the fact that
wearable setups still face difficulties, such as motion artefacts (Chi et al., 2010).
In line with H4, alpha powers were significantly lower in the eyes open condition due to
the alpha blockade, compared to the other three conditions in which participants kept
their eyes closed (Shaw, 2003). Also, higher alpha power was detected at the mastoids
compared to the frontal locations during eyes closed, breathing, and brainstorming than
during the eyes open condition. This was expected (H5), as closed eyes lead to less visual
input and subsequently to higher alpha activity in the brain’s visual cortex (Berger, 1929;
Shaw, 2003; Birbaumer and Schmidt, 2006). As expected, alpha activity was comparable
during the eyes closed, breathing, and brainstorming conditions (Shaw, 2003). This confirms H6. Because brainstorming leads to a higher cognitive load, this task was expected
to result in higher beta band powers (H7) in both devices. This was not confirmed by the
results. A cause for this could be the fact that beta activity may be found in a variety of
locations across the cortex, including the central areas (Kropotov, 2009). As the present
electrode setup only covered the mastoids and frontal areas of the scalp, it is quite possible
that the electrodes simply did not pick up on these signals.
Though there were differences with regard to the systems alpha activity during the eyes
open task, the two devices were comparable in their performance during the other three
experimental conditions. This goes in line with another study that also found variabilities
between two investigated devices for ERPs in specific experimental conditions (Badcock
et al., 2013). Still, akin to the results of Grozea et al. (2011), the two devices used in this
study were very similar with respect to their measurements of alpha band power.
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On the other hand, MUSE and the gel-based system differed more strongly with respect
to beta activity. For example, the research-grade device showed an increase in beta activity in Fp1 and Fp2 during the eyes open condition. This was not the case for MUSE. This
goes in line with previous results that showed that the investigated devices differed more
strongly at electrodes located at the back of the head (Estepp et al., 2009) and over the left
and right temporal lobe (Bleichner et al., 2016). Also, the beta band power in this study
was higher in MUSE than in the gel-based EEG during the eyes open task. Thus, the main
effect of device and the interactions of device with the other factors of the ANOVA indicates that H8 can only be confirmed in part. Still, previous studies demonstrate that such
differences between the signals of two EEG systems are not uncommon (Krigolson et al.,
2017; Melnik et al., 2017). Variability in amplifiers and contact materials, movement interference, mechanical pressure or electrode location are mentioned as possible reasons for
variances across two EEG devices (Estepp et al., 2009; Badcock et al., 2013; Fiedler et al.,
2014; Bleichner et al., 2016).
However, while Grozea et al. (2011) reported that the two devices used in their study were
very similar for alpha and beta frequency band powers, this study found similarities between the two devices mostly with respect to alpha activity. This indicates that MUSE
might be less suitable for applications involving the beta frequency band and demonstrates that MUSE’s validity strongly depends on the context of its application and targeted frequency domain aspects. Furthermore, this study only investigated the validity
and reliability of the system in a stationary sitting position. Future studies should look
into the device’s suitability for other tasks and for daily life applications that involve
movement to determine its motion tolerance. Real world evidence of such recordings is
still scarce (Wang et al., 2017), but one study indicates that recordings with MUSE under
real-life conditions is noisy and unstable (Przegalinska et al., 2018). Though problems
such as potential signal loss and movement artifacts might not be a problem for the analysis of frequencies over longer time periods, it remains a question for further research
whether this poses an actual problem for other application scenarios (Gramann et al.,
2011).
Besides the system’s reliability and validity, the study also revealed other areas of concern. For one, MUSE is still not completely unobtrusive and concealed. Hence, it remains
to be seen whether the system is capable of meeting the users’ demands (McDowell et al.,
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2013). Furthermore, two study participants complained about the system being uncomfortable to wear for a longer period of time, showing a need to further examine the system’s design and usability (Müller et al., 2008). In addition, though first evidence exists
that neurofeedback exercises can result in the user’s relaxation (Hjelm and Browall, 2000),
it is still unknown whether this approach is wanted and accepted by users. For this reason,
the next study investigated the usability, user experience, and general quality of MUSE
and its companion app, which provides neurofeedback-based meditation exercises.

2.3.2.3 Study 2: Evaluation of the Usability, User Experience and General Quality of the MUSE Wearable
and Its Neurofeedback-Based Companion App
2.3.2.3.1 Methods

Participants
A total of 19 participants (8 male/ 11 female, ages 22-29 years, M = 25.21, SD = 2.74 years)
were recruited via an e-mail distribution list of the Technische Universität Kaiserslautern.
Seven of the participants were currently employed, 11 were university students. All participants gave written consent to participate in accordance with the declaration of Helsinki. The study procedure was approved by the ethics committee of the Department of
Social Sciences at the Technische Universität Kaiserslautern. In order to take part in the
study, participants had to be between 18-30 years of age, be fluent in German (all app
instructions were only available in German), not meditate regularly, and not have prior
experience with the MUSE companion app.

Study Procedure
Each participant tested the MUSE app on a Lenovo TB-4706F tablet, according to a specific
protocol (see Figure 10). Before testing the app, after connecting the wearable EEG to the
app, and after finishing the second meditation, the participant rated his or her emotional
state on three scales: valence, arousal and dominance, using the Self-Assessment Manikin
(SAM, Bradley and Lang, 1994).
After testing, the well-established System Usability Scale (SUS, Brooke, 1996) was used to
assess the usability of the MUSE system (combination of MUSE app and MUSE wearable
EEG). The questionnaire provides reliable results even for small samples (Sauro, 2011). It
consists of 10 questions that the participant evaluated on a five-point Likert scale from 1
(strongly disagree) to 5 (strongly agree).
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In addition, the User Experience Questionnaire (UEQ, Laugwitz et al., 2008) was used to
appraise the system’s user experience. The UEQ includes 26 pairs of opposites that are
rated on a seven-point scale and assess a system’s attractiveness, perspicuity, dependability, efficiency, stimulation and novelty. These aspects can be further summarized in
three major categories: attractiveness, pragmatic quality and hedonic quality.

Figure 10: Study procedure for testing the wearable EEG MUSE and its companion app.

The MUSE app’s perceived quality was assessed with the user Mobile Application Rating
Scale (uMARS, Stoyanov et al., 2016). The uMARS comprises 26 questions from three categories: subjective quality, perceived impact, and general quality. Participants rated each
question on a five-point Likert scale from 1 (inadequate) to 5 (excellent). Questions from
the category "perceived impact" were adapted, i.e. the term "health behavior" was replaced with "meditation".
The Comfort Rating Scales (CRS, Knight et al., 2002) were used to evaluate the comfort of
the MUSE wearable. The CES appraises a wearable’s comfort in six categories (emotion,
attachment, harm, perceived change, movement, and anxiety) through the participant’s
agreement with 11 statements. The participant rated his or her agreement with the statements on a five-point scale from 1 (strongly agree) to 5 (strongly disagree).
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Moreover, seven additional questions regarding the wearable’s continued use, daily use,
ease of use, visual appeal, use in private and public, as well as the willingness to pay for
the device were assessed by the participant on a five-point scale from 1 (strongly agree)
to 5 (strongly disagree). Also, three open ended questions that targeted the system’s best
and worst features, as well as additional comments, were included to allow for differentiated user feedback.

Statistical Analysis
Because the assumption of normal distribution was violated (all p < .05), differences in
SAM ratings during the study were assessed with Friedman tests instead of repeated
measures ANOVA. Wilcoxon signed-rank tests were used instead of t-tests for post-hoc
analysis (Field, 2009). Bonferroni correction was used to adjust the statistical results for
an accumulation of alpha errors (new alpha-level p ≤ .02). The effect size (r) according to
Cohen (1992) was calculated. Effects r = 0. 10 – 0.30 correspond to a small effect, r = 0.30 0.50 a moderate effect, and r ≥ 0.50 a large effect.
2.3.2.3.2 Results
The testing of the system took approximately 36 minutes. When answering the 11 questions with regard to the session summary and interpretation of the data, the participants
made an average of M = 1.2 errors (SD = 0.90).
No differences were found between the participants’ reported valence (χ²(2) = 1.56, p =
.47) and dominance (χ²(2) = 3.87, p = .16) ratings. However, Friedman tests revealed differences with regard to arousal (χ² (2) = 15,49, p ≤ .001). Arousal levels decreased after the
second meditation, compared to the baseline rating (Z = 2.45, p = .01, r = 0.56) and the
rating the participants gave after connecting the wearable EEG to the MUSE app (Z = 2.47,
p = .01, r = 0.57). See Figure 11 for details.
The system’s usability was rated as good, reaching 76% of the maximum possible SUS
score (Bangor et al., 2009). The user experience showed mixed results, with the systems
attractiveness, perspicuity, efficiency, and novelty being rated as good, stimulation as below average, and dependability as bad (see Figure 12). Notwithstanding the mixed results
in the subscales, the means for the systems attractiveness (M = 1.47, SD = 0.83), pragmatic
quality (M = 1.05, SD = 1.00) and hedonic quality (M = 0.96, SD = 0.88) were all above 0.8,
thus speaking for a positive evaluation of the system’s user experience (Schrepp, 2015).
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Figure 11: Self-Assessment Manekin ratings at the beginning of the study (T1), after connecting the wearable EEG
MUSE to the MUSE companion app (T2), and after finishing the second meditation (T3). Depicted are the medians,
maximum and minimum values, as well as first and third quartiles. Significant differences are marked with an
asterisk (*).
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Figure 12: Means and standard deviations of the User Experience Questionnaire (UEQ) ratings for the MUSE system
(wearable and app).
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MUSE app’s general quality was rated to be good (M = 3.76, SD = 0.41 out of 5). The subcategories entertainment and functionality mirrored this result. Even though the subcategory information was also perceived as good, its scale assessing the credibility of the
app’s source only received an average rating.
Additionally, the subscale aesthetics was only rated as average. Though its scales regarding the MUSE app’s layout and visual appeal were rated to be good, the app’s graphics
were perceived as very poor. The app’s subjective quality (M = 3.22, SD = 0.67 out of 5)
and perceived impact (M = 2.84, SD = 0.87 out of 5) were assessed to be average. See Figure
13 for details.

Figure 13: Means and standard deviations of the uMARS ratings for the MUSE companion app.
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The wearable EEG’s comfort was evaluated positively with regard to emotion (M = 1.68,
SD = 0.93), harm (M = 1.45, SD = 0.78), movement (M = 2.23, SD = 1.61) and anxiety (M =
1.21, SD = 0.42). Perceived change (M = 3.05, SD = 1.38) received a neutral and attachment
(M = 3.82, SD = 1.38) a negative rating.
The additional questions revealed that the participants found the wearable easy to use (M
= 3.84, SD = 0.98) and visually appealing (M = 3.84, SD = 0.60). Though the rating with
regard to using MUSE for meditation in the future was neutral (M = 3.00, SD = 1.11), they
were unlikely to use it in daily life (M = 2.37, SD = 1.30). If they would use it, it would
most likely be in private (M = 4.26, SD = 0.73), while they would avoid using the device in
public (M = 1.63, SD = 0.83).
2.3.2.3.3 Discussion
The results showed a positive evaluation of the systems usability and user experience.
This is slightly better than the rating of Leape et al. (2016), who evaluated the systems
ease of use to be medium. However, their ratings were focused solely on the wearable,
while the ratings of this study involved both MUSE and its companion app. In addition
to its generally positive rating, the UEQ scores indicated room for improvement regarding
MUSE’s stimulation and dependability. The participants liked the motivational aspects,
such as points and badges that were included in the app. As suggested by Christmann et
al. (2018b), they even wanted more motivational aspects to be included to keep them interested long-term. In line with Rebolledo-Mendez et al. (2009), the results of this study
show that assessing the usability and user experience of wearable EEGs is an effective
approach to identify domains that require improvement.
Though the MUSE app’s general quality was rated to be good, the app’s graphics were
assessed as poor. The participants thought that the graphs and graphics that were used to
display the user’s performance at the end of each exercise held little meaning and were
hard to understand. App developers should visualize the data according to its application
purpose and do it in a way that makes sense to the user, e.g. by educating and helping the
user to interpret the data (Mihajlovic et al., 2015). A possible solution to this was implemented for Stress-Mentor’s diary overview diagram, where in addition to displaying the
user’s data, the graph provides color coded feedback in order to simplify its interpretation
(Christmann et al., 2017b).
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In agreement with a previous assessment (Leape et al., 2016), the wearable EEG’s comfort
was also evaluated positively. Nonetheless, the participants had concerns regarding
MUSE’s comfort during longer sessions. This agrees with the comments from study 1,
where the participants had to wear the device for a longer duration. Here, two participants complained about MUSE being uncomfortable. Furthermore, two participants from
study 2 complained that the EEG was uncomfortable in combination with their glasses.
These aspects are important considerations, because comfort is one factor that determines
the system’s acceptance (Hairston and Lawhern, 2015). Developers should make sure that
wearable EEGs are comfortable to wear independent of the user’s head shape and usage
duration.
With regard to operating and navigating the system, the participants showed particular
difficulty in connecting the wearable EEG with the companion app and establishing a
good data signal. They felt that they could only learn how to operate the device correctly
through trial and error. This coincides with a previous study that reported difficulties in
the electrode setup of the MUSE EEG (Krigolson et al., 2017). This contradicts the fact that
such systems have to be easy to set up and troubleshoot in order to ensure their usability
and acceptance (McDowell et al., 2013). When integrating wearables into health apps, the
developers should therefore make sure that connecting the device to the app is easily
done, e.g. by providing a step by step description of the procedure (Mihajlovic et al., 2015).
Establishing a good data signal could be improved through automatically adjusting the
instructions to the user’s current situation. Such intelligent EEG solutions could help the
user to obtain a suitable data quality by guiding the user in readjusting the electrodes
(Mihajlovic et al., 2015).
Though the wearable’s visual appeal was rated as good, the participants were unwilling
to wear the device in public, probably because it is very noticeable to observers (Leape et
al., 2016). This coincides with the previous conclusion that wearable EEGs need to be
transparent or even invisible (McDowell et al., 2013), as well as applicable in everyday life
(De Vos et al., 2014) if developers want to ensure the user’s compliance. It also contradicts
previous predictions that the use of such sensors might become more acceptable (Leape
et al., 2016).
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In addition, data privacy is an important decision-making factor when it comes to downloading health apps (Meingast et al., 2006). The participants of this study noted that they
had to disclose a lot of information that would keep them from downloading and using
the app on their own smartphones and with their own data. It was also mentioned that
the login process should not be dependent on the internet and that the data should only
be saved locally instead of online. When utilizing commercially available wearables such
as MUSE, it should be kept in mind that the users’ data can potentially be intercepted or
exposed to third parties (Alahäivälä and Oinas-Kukkonen, 2016).
Out of the 19 study participants, only two stated that they would be willing to buy MUSE
for the retail price. One of them further restricted his answer by saying that he would only
buy it to access the devices raw data and use this to build his own application, but not to
use it with the MUSE app. This coincides with the assessment of the other 17 participants
who said that the device was too expensive, especially considering its limited functionality and applicability. Seven participants would be willing to buy the MUSE wearable if it
were cheaper. On average, participants were willing to pay approximately 80 € (range 30200 €) for the device. This shows that the previous assumption that such devices must be
low cost to ensure their usage held true (Hairston and Lawhern, 2015). It also demonstrates that, even though MUSE is one of the cheapest wearable EEG systems currently
available, potential users are unlikely to acquire the device in order to perform neurofeedback-based relaxation exercises. Though the wearable EEG MindWave Mobile 2 (NeuroSky), which provides single electrode brain monitoring, is the cheapest one available at
99.99 $, its price is still above what the participants in this study were willing to pay.
Moreover, such low-price solutions usually come at a trade-off for signal quality and robustness (Mihajlovic et al., 2015).
The results for the SAM show that the participants’ arousal decreased after the second
meditation, compared to the baseline measure and the rating after the connection of the
EEG system with the app was completed. This suggests that neurofeedback-based meditations can have positive impact on perceived arousal (Hjelm and Browall, 2000; van Boxtel et al., 2012). Nonetheless, due to a missing control group, it remains questionable
whether it is really the neurofeedback that causes a decrease in reported arousal. In fact,
the participants said that they found the received neurofeedback to be disturbing. They
stated that the audio-feedback was distracting them from the original task (meditation)
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and that it was hard for them to relax during the exercise. One even said she found the
feedback to be stressful because she felt pressured into doing the exercise right. This coincides with a recent study on a biofeedback app to support deep and slow abdominal
breathing. Here biofeedback instructions also did not result in immediate effects on the
subjective relaxation level (Faust-Christmann et al., 2019).
In addition to this, the participants thought that MUSE’s online-feedback was incorrect.
Very high accuracies are required to ensure the users’ acceptance of the device (Wilson
and Russell, 2003). Besides, it was unclear how the app evaluated the user’s data. If the
content of a health app is perceived to be incorrect or irritating this likely causes distrust
and discourages further usage (Dennison et al., 2013). This could have resulted in the relatively bad scores with respect to the credibility of the app’s source, subjective quality,
and perceived impact. The results therefore, indicate that apps that include techniques
with a proven effect on well-being (e.g., the mindfulness meditation app “Headspace”)
might be preferable (Bostock et al., 2019).
Reinforcement for this came from the users’ statements which indicated that the participants prefer guided relaxation exercises over ones with online feedback and that a choice
of different exercises would be favored, so they could choose the ones they liked best. This
makes sense because not all techniques work equally well for all users (Murphy, 1996;
Koldijk et al., 2016). This challenge is often met by providing multiple techniques within
one intervention (Murphy, 1996; Jones and Johnston, 2000).

2.3.2.4 Conclusion
While previous studies have investigated the validity of other wearable and consumer
EEG systems (e.g., Matthews et al., 2008; Zander and Kothe, 2011) and one study focused
specifically on MUSE’s validity in the application of ERP measurements (Krigolson et al.,
2017), this is the first study that looked into the suitability of MUSE with regard to frequency aspects. Study 1 therefore adds to the existing literature comparing wearable EEG
systems and classical EEG setups.
The mixed results of this study indicate that MUSE’s reliability and validity depends
largely on electrode location, task, and the investigated frequency domains. This proves
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that there is still reason to question the accuracy of dry electrode and consumer EEG systems (Cutrell and Tan, 2008). Hence, the MUSE’s applicability for neurofeedback-based
relaxation exercises and other contexts is problematic.
This was further supported by the participant’s perception that the feedback received
with the MUSE app was incorrect. In addition, they thought the provided feedback was
distracting them from meditating and felt that they could not relax during the exercise. In
line with Mihajlovic et al. (2015), this indicates that like other wearable EEGs, MUSE requires improvement with regard to signal acquisition, feedback generation, and personalization.
Furthermore, potential users do not want to acquire the wearable device because it is limited to one application context. However, in order to reach as many users as possible, the
technologies that are utilized for mHealth purposes should be accessible to people from
a multitude of backgrounds (Alahäivälä and Oinas-Kukkonen, 2016). In view of these
findings, the focus was put on integrating text- and audio-guided relaxation exercises into
Stress-Mentor, instead of ones that are based on online feedback.
2.3.3

Testing the Applicability of Audio- and Text-Based Relaxation Exercises in a User Study

2.3.3.1 Introduction
In addition to the neurofeedback exercise provided by the MUSE companion app, four
other relaxation exercises (guided imagery, progressive muscle relaxation, mindfulness
meditation, and abdominal breathing) from Mason’s (2001) “Guide to Stress Reduction”
were translated into German and tested in a user study. The first exercise, guided imagery, describes a procedure during which an individual’s personalized images are mentally produced (Weigensberg et al., 2009). Guided imagery often includes sensations such
as smell, taste, sound, sight, and feel (Naparstek, 1995). Another proven stress management technique is PMR. PMR consists of the progressive tensing and relaxing of muscle
groups. It is aimed at learning the sensations associated with tension, as well as recognizing the connection between tension and relaxation, while at the same time relaxing the
complete skeletal musculature (Scheufele, 1999). Mindfulness meditation, on the other
hand, trains a person to pay attention to internal and external experiences (e.g., sounds,
heartbeat, and breathing) (Klatt et al., 2009), while breathing exercises are based on the
manipulation of breath movements. For example, during abdominal breathing, a person’s
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abdomen, rather than his or her chest, expands during inhalation (e.g., Varvogli and
Darviri, 2011). In addition to these four techniques, listening to music or sounds has
proven effective for reducing stress (Labbé et al., 2007). However, not all types of music
promote relaxation. Classic and new age music for example seem to be better suited than
e.g., heavy metal (Mornhinweg, 1992).
Each of the exercises was aimed at a beginner’s level and included detailed instructions
that the participants were asked to follow. To make following the provided instructions
easier, the longer exercises (i.e., mindfulness meditation, guided imagery, and PMR) were
recorded in an audio format. Because the instruction for the breathing exercise was short,
it was presented as text. All four exercises were backed by new age ambient music. The
same music was then used as an additional relaxation exercise, resulting in five experimental conditions: meditation, guided imagery, PMR, breathing, and music. In order to
ensure that the resulting exercises were feasible to be integrated into Stress-Mentor, their
applicability was tested in a user study.

2.3.3.2 Methods
The five exercises were tested in a user study to examine their practical suitability. For
this purpose, N = 30 participants were recruited via the email distribution system of the
Technische Universität Kaiserslautern. All participants gave written consent in accordance with the declaration of Helsinki.
The study was based on a within-subjects design. Each participant experienced all five
stress management exercises, namely mindfulness meditation, guided imagery, PMR,
breathing, and music over three sessions. Because mindfulness meditation, guided imagery and breathing were comparably short (each lasted approximately 20 minutes), they
were presented in one session. The order of presentation for these three exercises was
cross-balanced across participants. The PMR and music condition lasted 60 minutes each.
This resulted in a total of three 60 minutes long sessions for every participant. The presentation order of the sessions was, again, cross-balanced across participants. After performing each exercise (mindfulness meditation, guided imagery, PMR, breathing, and music),
the participant filled out a questionnaire regarding his or her perception of the task. In
this questionnaire he or she was presented with different statements and was instructed
to rate how strongly he or she agreed with each statement on a five-point Likert scale
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(from 1 “strongly disagree” to 5 “strongly agree”). See Appendix 15 for details regarding
the presented statements. In addition, a final questionnaire was filled out at the end of the
study (Appendix 16).
The Shapiro-Wilk test indicated that the data was not normally distributed (all p > .05).
As a result, non-parametric tests (namely: Friedman test instead of ANOVA with repeated
measures, and Wilcoxon signed-rank test for two related samples, Bortz, 2016) were used
for statistical analysis. The Bonferroni correction method was used to control for effects
of multiple testing. The effect size (r) according to Cohen (1992) was calculated. Effects r
= 0. 10 – 0.30 correspond to a small effect, r = 0.30 - 0.50 a moderate effect and r ≥ 0.50 a
large effect.

2.3.3.3 Results
The Friedman tests showed no differences between the performed tasks with regard to
the perceived ease of understanding the instructions, how much the participants enjoyed
the exercise, the perceived quality of the audio recording, and as to how pleasant they
perceived the background music. However, the tasks differed with regard to the perceived ease of executing the exercise (χ²(4) = 15.71, p = .003). Wilcoxon signed-rank tests
confirmed that the instructions for the music condition were rated as easier to follow than
those for guided imagery (Z = -3.04, p = .002, r = 0.56), mindfulness meditation (Z = -2.98,
p = .003, r = 0.54), and PMR (Z = -3.21, p = .001, r = 0.59). Though no significant difference
was found between the music exercise and the breathing exercise (α = .007 due to Bonferroni correction), a general trend revealed that the execution of the music exercise was
perceived as easier than that of the other conditions.
These results were further confirmed by the post-test questionnaire. The exercises did not
differ in their final rating of pleasantness (χ²(4) = 3.08, p = .54). The Friedman test revealed
differences between the five relaxation techniques regarding the final ratings of the perceived ease of performing the exercises (χ²(4) = 11.05, p = .02). However, Wilcoxon singedrank tests did not confirm this result (all p > .05).

2.3.3.4 Discussion
Overall, the results revealed a positive evaluation of all presented stress management exercises. The instructions were perceived as easy to follow and the quality of the audio
recordings was rated to be good. Moreover, participants generally enjoyed the exercises
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and rated them to be easy to execute. The speaking rate was perceived neither as too fast,
nor as too slow. The speaker’s voice was rated as pleasant and very comprehensible. However, two participants stated that they would have preferred a female instead of a male
voice for the audio instructions. This indicates that this aspect might depend on individual preference. App designers should, therefore, consider providing the user the choice
between different speakers (e.g., a male and a female), when implementing audio instructions, as is often done in navigation devices (e.g., TomTom).
Though the background music was perceived as pleasant, the study also revealed that
5/30 participants commented negatively on the used music. For example, one said that he
perceived the music as boring, another described it as monotonous. In response to this
feedback, a slider was implemented that allows the user to adjust the volume of the background music or turn it off completely, if he or she wishes (Figure 14).

Figure 14: Screenshot of an audio exercise.

Moreover, instead of providing a preset music exercise, a task was added that allows the
user to choose his or her own music. This exercise includes information on which music
is generally better or worse suited for relaxation (Mornhinweg, 1992). Despite these adjustments, the results spoke for a positive evaluation of the presented stress management
exercises and indicated that they could be implemented into the app.
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Description of Included Stress Management Methods

Though biofeedback exercises have successfully been applied to reduce the stress levels
of individuals (e.g., Hjelm and Browall, 2000), the presented studies with the wearable
EEG MUSE showed that the application of such exercises might not be wanted by users
of stress management apps. In fact, it was revealed that users preferred stress management exercises that were based on audio- or text instructions.
This coincides with the fact that the realized audio- and text-based relaxation exercises
were well received by the users. As a result, the tested relaxation exercises for beginners,
as well as the advanced exercises that are based on them, were included in Stress-Mentor.
This agreed with the users’ wish for graded tasks. As was the case in the study, longer
and more complex exercises (e.g., PMR, meditation, and guided imagery) were presented
in audio format. The instructions for shorter exercises with simpler instructions (e.g.,
breathing) were presented as text. In addition to PMR, meditation, guided imagery, and
breathing, several other emotion-focused coping exercises were implemented. This included tasks for self-massage, mindfulness meditation, euthymic methods, and physical
stress relief.
In addition to relaxation exercises, it has been recommended that stress management interventions should also include psycho-education, the analyses of individual reactions,
assertiveness training, time management, and cognitive restructuring (Jones and Johnston, 2000). Thus, a variety of problem-focused coping strategies were also included in
text format, namely refuting irrational ideas, time management, setting priorities, and assertiveness training. Because these exercises are aimed at altering an individual’s interaction with his or her environment, they pose a good supplement to the emotion-focused
techniques which are more strongly targeted at furthering relaxation (Lazarus, 1985).
Since these exercises are often more complex, take longer to learn, and often involve planning in order to be executed, they were not tested before implementation.
Table 4 provides an overview of the included stress management exercise categories. All
tasks were based on exercises from an established self-help book by Mason (2001). To
support the user in finding additional help, information regarding important professional
contacts and links to websites, as well as books with further information about stress and
stress management, were included in several exercises. As a result, Stress-Mentor now
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includes 79 stress management tasks from 14 technique types. This multi-technique approach allows the user to find out for him- or herself which stress management techniques
are best suited for him or her (Murphy, 1996; Koldijk et al., 2016).
Table 4: Stress management exercises that are included in Stress-Mentor.

Type of Stress Management Technique

Category

Classification

Avoiding perfectionism
Refuting irrational ideas
Assertiveness training
Social support/change
Set and identify priorities
Observing and planning time division
Euthymic methods
Self-massage
Breathing
Passive and active PMR
Guided imagery
Meditation
Mindfulness meditation
Physical stress relief

Cognitive
Cognitive
Cognitive
Social support
Time management
Time management
Relaxation
Relaxation
Relaxation
Relaxation
Relaxation
Relaxation
Relaxation
Relaxation

Problem-focused
Problem-focused
Problem-focused
Problem-focused
Problem-focused
Problem-focused
Emotion-focused
Emotion-focused
Emotion-focused
Emotion-focused
Emotion-focused
Emotion-focused
Emotion-focused
Emotion-focused

2.4

Linking Gamification and Behavior Change Techniques in “Stress-Mentor”

2.4.1

Background

Based on the feedback from the previous studies, an extended app concept for StressMentor was developed. This concept links established stress management methods and
behavior change techniques with an extensive gamification framework (Christmann et
al., 2018a). Such approaches have already shown great potential in ensuring the effectiveness of health apps (e.g., Edwards et al., 2018).
All in all, Stress-Mentor includes 8 out of 17 gamification techniques that were presented
in a taxonomy by Hoffmann et al. (2017). All techniques that could potentially lead to
increased pressure on the user were not integrated because they were perceived as unsuitable for the context of stress management (Hoffmann et al., 2017). Moreover, real
world prizes and 3-D environments were not feasible for the intended application of the
app, though it is conceivable that these solutions could be implemented in the future (e.g.,
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a virtual reality based stress management exercise or a combination of Stress-Mentor with
a loyalty program of health insurance companies).
Appendix 17 provides an overview on which gamification techniques are included in
Stress-Mentor and how they are realized. These gamification aspects are linked to a large
variety of evidence-based behavior change techniques that are based on a taxonomy by
Abraham and Michie (2008) (see Appendix 18 for details on which techniques were integrated and how they were realized). As recommended by Koldijk et al. (2016), the integrated behavior change techniques were chosen based on their suitability for their application in the context of stress management. In the following, a detailed description of
Stress-Mentor and its features is provided, including how gamification was linked with
the behavior change techniques (also see Table 5 for an overview). The behavior change
techniques are italicized in the text. Stress-Mentor’s most distinctive characteristics are
limited usage duration by design to support the user’s autonomy and a number of tiered
gamification methods to keep the user interested (Figure 15).
Table 5: Detailed description of the gamification techniques that are included in Stress-Mentor.

Gamification
Technique

Behavior Change Technique

Avatar

Provide feedback on performance, model or demonstrate the behavior

Agent

Agree on behavioral contract, prompt practice, provide instructions on app usage, provide information about the behavior health link and behavioral consequences, provide general encouragement, use follow up prompts

Health diary & diary
overview diagram

Prompt self-monitoring of behavior, provide feedback on performance, provide
information about behavior health link

Photo book

Provide opportunities for social comparison, provide feedback on performance

Shop

Provide feedback on performance

Experience points

Provide contingent rewards

Progress bars

Provide feedback on performance

Badges

Provide contingent rewards, provide feedback on performance

Tasks

Stress management (e.g., breathing exercises, meditation, PMR, refuting irrational ideas), plan social support and social change, time management, barrier
identification, model or demonstrate the behavior, prompt practice, prompt
specific goal setting, prompt review of behavioral goals, provide information
about health behavior and behavioral consequences, teach to use prompts or
cues, prompt self-talk, provide general encouragement, prompt intention formation, provide instructions, set graded tasks
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Figure 15: App features timeline.

2.4.2

“Stress-Mentor’s” Concept

2.4.2.1 Diary
Based on the MVP, the final version of Stress-Mentor includes a health diary, with which
the user can track a variety of stress-relevant behaviors, as well as aspects regarding his
or her well-being in the past 24 hours. Previous studies show that such digital health diaries improve the user’s compliance compared to paper and pencil approaches (Taylor et
al., 2019). In accordance with the user feedback regarding the MVP and feedback from
medical experts, who suggested adding the categories sleep quality, exercise intensity,
digestion and step count, the diary was extended.
As a result, it now encompasses the following 14 categories: sleep duration (Alvarez and
Ayas, 2004; Gallicchio and Kalesan, 2009), sleep quality (Pilcher et al., 1997), physical exercise duration (World Health Organization, 2011), physical exercise intensity (Shephard,
2001), positive events (Cohen and Hoberman, 1983), negative events (Kanner et al., 1981;
DeLongis et al., 1982; Lu, 1991), subjective stress-level (Levenstein et al., 1993; Cohen et
al., 1994), prevailing mood (DeLongis et al., 1988), caffeine consumption (Nawrot et al.,
2003; European Food Information Council, 2018), fruit/vegetable consumption (Boeing et
al., 2012; Oyebode et al., 2014), alcohol consumption (German Nutrition Society, 2010),
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consumption of water/unsweetened beverages (German Nutrition Society, 2017), digestion, and step count (Tudor-Locke and Bassett, 2004). The user is provided with direct
feedback through a traffic light color coding (green, light green, yellow, orange, red), on
whether the tracked behaviors meet general health recommendations. See Table 6 for details. This way the diary supports self-monitoring and provides feedback on the user’s performance which enables the user to easily appraise his or her behavior. Another form of direct
feedback is provided through an overview diagram (Christmann et al., 2017b) that summarizes the user’s diary entries over time within one chart. Such graphs have been associated with increased task meaningfulness as well as need satisfaction (Sailer et al., 2017).
Table 6: Diary categories of Stress-Mentor’s full version with entry evaluation. Sleep duration and alcohol are displayed in a simplified manner as the health recommendations depend on the user’s age and gender respectively.

Diary Categories
Sleep duration in hours
Sleep quality
Sport duration in
minutes

Green
Evaluation

Light Green
Evaluation

Yellow
Evaluation

Orange
Evaluation

Red
Evaluation

8
good

7, 9
-

6, 10
medium

5, 11
-

≤ 5, ≥ 11
bad

≥ 30

-

10-20

-

0

easy, hard

very easy,
very hard

-

< 10000

< 7500

< 5000

Sport intensity

medium

Step count
Consumption of
water/unsweetened
beverages in liter
Caffeine intake in
100mg units
Portions of fruits and
vegetables
Alcohol intake in
glasses
Digestion

≥ 12500

easy-medium, medium-hard
<12500

1.75, ≥2

1.5

1,1.25

0.75

0-0.5

0-2

3

4-5

6

≥7

6, ≥7

5

3-4

2

0,1

0-1

-

1.5

-

2-≥4

good

-

medium

-

Emotional state

happy

content

neutral

-

Stress level
Positive events
Negative events

0-1
many
none

2-3
some
few

4-5
few
some

7-8
-

bad
sad, angry,
worried
9-10
none
many

Additionally, when the user presses the info button next to each category, he or she is
presented with information regarding the health recommendations for the respective behaviors. Figure 16 displays screenshots of the diary and diary overview diagram.
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Figure 16: Left: screenshot of the diary. Middle: the app’s main screen with a summary of the color-coded diary
entries. Right: screenshot of the diary overview diagram.

2.4.2.2 Avatar
As was the case for the MVP, the avatar’s (a bird-like cartoon animal, namely the Rhineland-Palatinate Elwetritsch) appearance is linked to the user’s diary entries. Such approaches for vicarious reinforcement can affect the user’s behavior by observing and interpreting the rewards and punishments experienced by others (e.g., Fox et al., 2009;
Byrne et al., 2012; Christmann et al., 2018b). For this purpose, each diary category was
linked to one feature of the avatar’s appearance (e.g., less stress leads to a fuller plumage,
see Table 1 for details). This provides information about the consequences of the user’s behavior.
The avatar’s overall condition mirrors to what extent the health recommendations in the
diary were followed during the past week. This provides contingent rewards. This approach
has been shown to support continuous usage behavior over a four-week interval, compared to a control condition with a static avatar (see Christmann et al., 2018b for details).
These positive effects are reflected in an increase in user compliance when digital diaries
are paired with gamification (Taylor et al., 2019). Moreover, the avatar’s size mirrors the
progress within the app, which in turn provides feedback on the user’s performance. Positive
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feedback is a common gamification strategy that aims at reinforcing the desired behaviors
(Alahäivälä and Oinas-Kukkonen, 2016). Figure 17 depicts both the avatar’s adjustment
according to the user’s behavior and its development over time.

Figure 17: a): Changes in the avatar’s looks dependent on the diary entries (left: red entries, middle: yellow entries,
and right: green entries). b): Avatar’s development over time, dependent on the user’s progress (left to right: egg,
infant, child, teenager, and adult).

To track the avatar’s development and to counteract change blindness, the user is given
the opportunity to make photos of the avatar, save them in a photo book (Figure 18) and
to share these photos with friends (provide opportunities for social comparison). This further
promotes social relatedness through the avatar (Sailer et al., 2017).

2.4.2.3 Agent
Another of Stress-Mentor’s gamification features is the app’s agent: a wise owl which
serves as the user’s mentor. Using agents is especially effective to deliver health related
communication and health behavior change interventions (Bickmore et al., 2005) because
they can have positive impact on the user’s learning (Holmes, 2007). The owl instructs the
app usage and introduces new app features (provide instruction). It also provides general
information about stress management and about the consequences of behavior change in
the form of short tips (Figure 19). These tips also target social support, time management,
and the identification of barriers (e.g., “It is important to identify barriers in our daily life
which prevent us from reaching our goals. When you are aware of them you can include
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them in your plans”). It also shows encouraging quotations from prominent figures (e.g.,
“Success is falling nine times and getting up ten” by Jon Bon Jovi) to provide general encouragement.

Figure 18: Screenshot of the photobook to track the avatar’s development.

Moreover, at the very first start of the app, the agent entrusts the care of the avatar to the
user though a behavioral contract. In order to raise the avatar and prepare it for its future
life, the user has to fulfill the tasks given in the application. The owl’s daily reminders to
complete the tasks and to fill out the stress diary help to prompt daily practice and to prompt
the self-monitoring of behaviors.

2.4.2.4 Task of Day/Week
In order to progress in the app and raise the avatar, the user has to complete a certain
number of tasks which teach evidence-based stress management strategies. In line with
multi-technique approaches (e.g., Mason, 2001; Davis et al., 2008), Stress-Mentor includes
a large variety of emotion- and problem-focused stress management strategies. Furthermore, different behavior change techniques are realized in the tasks. Appendix 18 provides an overview on the behavior change techniques and their implementation within
the app.
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Figure 19: Left: the “wise owl” provides instructions and information about the app’s usage. Right: the “wise owl”
provides general information about stress management.

At the beginning the user can perform one “task of the day”. As the user progresses, a
second “task of the day” and tasks spanning up to seven days (“task of the week”) are
added to support further practice. The integration of the stress management exercises
through a task feature supports the user in setting attainable goals. For each task, the user
can choose between three stress management exercises.
Because it has been shown that not all coping techniques work equally well for every
individual (Murphy, 1996; Koldijk et al., 2016), the order in which the exercises are presented to the user is based on a weekly stress checklist. In the stress checklist, the user can
enter stress-related mental and physical complaints (i.e., fears and worries, sadness, anger, stress at work, stress in private life, muscle tension, head, neck, and back grievances
caused by tension, digestive problems, and sleep problems). Each aspect is rated on a scale
from 0 (none) to 10 (maximum). This approach was chosen because certain stress management exercises are especially effective for reducing specific stress-related complaints
(Davis et al., 2008). As is the case for the diary, the entries in the stress checklist are color
coded in accordance with an extended traffic light coloring system (0-1 = green, 2-3 = light
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green, 4-6 = yellow, 7-8 = orange, 9-10 = red). Tailoring the content to the user’s personal
demands in this manner (Atienza and Patrick, 2011) improves the adoption of self-management strategies. In addition to the task features, all exercises the user has already unlocked by executing them can be reviewed in the app’s menu and repeated whenever and
as often as the user wants.

2.4.2.5 Visualization of Progress
As recommended, the user’s experience is reflected through a progressive, nonlinear
point and leveling system that includes badges in order to document benchmarks in the
user’s progress (Zichermann and Cunningham, 2011). Each finished task rewards the user
with experience points and virtual currency, which can later be exchanged for virtual
items in a shop. These items are thematically fitting to the topic of preparing the avatar
for its future life, such as a soft blanket, a calendar, or books. They support the visualization
of the user’s progress by being placed in a suitcase next to the avatar (see Figure 20). Besides
the shop, progress bars help to visualize the user’s advancement. Progress bars are commonly used to convey to the user how many points he or she has attained and how many
more points are needed in order to achieve the next level. This motivates the app’s continued use (Zichermann and Cunningham, 2011). Another visualization of progress is provided through contingent rewards in the form of badges. Badges can, for example, be
earned through consistently keeping the diary and following the health recommendations
(Figure 20). This supports both need satisfaction and perceived task meaningfulness
(Sailer et al., 2017).

2.4.2.6 Additional Features
In addition, the aspect of discovery is realized through several methods that are distributed throughout the app (e.g., after reaching a new level the avatar grows, discounts on
items in the shop, opportunity for taking photos is not fully predictable). Generating unpredictability in this manner is expected to encourage the user to return (Chou, 2015).
After finishing the designated usage period, the avatar leaves, symbolizing freedom and
autonomy. The user receives postcards from the avatar on a regular basis to provide follow-up prompts.
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Figure 20: a) Screenshot of Stress-Mentor that shows the avatar and the suitcase which is filled with virtual items.
The badges are placed on the tree trunk. The experience points are displayed in the upper right corner. b) Screenshot of the shop. c) The “wise owl” hands a new badge to the user, who has completed the tasks of the day on a
regular basis. d) Progress bars depict the user’s progress with regard to the next level and the badges.
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Though Stress-Mentor has a limited usage period by design (if the user extensively uses
the app on a daily basis, he or she is finished in three months), the app does not instill the
pressure to be used. If the user does not manage to finish all available features, or if he or
she forgets to use the app for a while, this does not have negative consequences. It simply
leads to an extended usage period. Furthermore, even though the app’s gamification features are removed after the user finishes the program, the app can still be used as a reference guide to look up information and repeat the stress management exercises.
2.4.3

Summary

Compared to the MVP, Stress-Mentor’s full version encompasses a variety of gamification
techniques, instead of just an avatar, as well as a large number of behavior change techniques and stress management exercises, that add to the MVP’s diary.
With its comprehensive content, including behavior change, stress management and gamification theories, Stress-Mentor includes all three recommended aspects to ensure the
app’s effectiveness: predisposing factors, enabling factors, and reinforcing factors (Payne
et al., 2016). It includes information regarding attitudes and knowledge, increases awareness, helps to evaluate beliefs and values, and promotes confidence, motivation, and selfefficacy. It also teaches a large number of stress management and behavior change skills
and allows the tracking of stress-related behaviors through a diary. Moreover, it reinforces the desired behaviors through an extensive rewards and feedback system.
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Chapter 3
A Systematic Comparison of the MVP with the Final Version of “Stress-Mentor” Regarding Perceived App Quality
Though the evaluation of the MVP showed that gamification in form of an avatar was met
with a positive attitude by the users, there was still room for improvement. This was
shown by the app’s quality ratings, especially regarding the MVP’s perceived impact and
engagement (see Figure 4 for the uMARS ratings). This finding was confirmed by the participants’ comments after using the MVP for four weeks. After integrating the users’ feedback from this first study into Stress-Mentor’s extended design (see Chapter 2.4 for details), the full version’s general quality was again evaluated with the uMARS questionnaire in a four-week user study. The aim of Chapter 3 is to assess Stress-Mentor’s quality
and to reveal improvements in comparison to the MVP. This allows inferences on the
success of the app’s iterative development process. A slightly modified version of this
chapter was previously published in Hoffmann et al. (2019).

3.1

Introduction

3.1.1

Background

Chronic stress and its negative impact on health are a growing problem in today’s society
(Wiegner et al., 2015). A solution for this problem that is met with increasing approval is
the use of health-promoting smartphone applications (mHealth). There is already a large
number of stress management apps available on the market (e.g., “Ovia”, “Mevi”,
“DeStressify” and “myCompass”). First evidence that the use of such apps can have positive impact on a person’s stress level has already been published (Ahtinen et al., 2013;
Economides et al., 2018; Lee and Jung, 2018).
To ensure their effectivity, stress management apps should integrate evidence-based content. This includes well-established coping and relaxation methods, as well as behavior
change techniques (Morris et al., 2010; Harrison et al., 2011; Chittaro and Sioni, 2014).
However, current app reviews show that only few of the available stress management
apps include a broad range of established methods (Coulon et al., 2016; Christmann et al.,
2017a). Notwithstanding the importance of appropriate content, these methods alone
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have been suggested as insufficient to promote long-term behavior change through apps
(Vandelanotte et al., 2007). The integration of gamification in mHealth products has been
proposed as a possible solution to this problem.
3.1.2

Gamification in Health Apps

Gamification is defined as the use of game elements in non-game contexts (Deterding et
al., 2011). It can have positive effects on user experience (Johnson et al., 2016) and usability
(Zagel and Bodendorf, 2014), as well as on the user’s motivation and engagement (Hamari, 2013). Moreover, the implementation of gamification can improve usage consistency and, thus, result in a greater exposure to the content of mHealth products (Vandelanotte et al., 2007). Nevertheless, it is critically discussed whether gamification should
be used in stress management applications. So far, studies report positive as well as negative or neutral effects with respect to behavioral and cognitive aspects. In addition, the
effects of gamification are often dependent on the context and aim of the application
(Johnson et al., 2016). For example, a study in the context of smoking cessation suggests
that the combination of game elements and behavior change techniques can be well received by users (Edwards et al., 2018). On the other hand, the developers of the stress
management app “Ovia” report that users do not wish for an integration of game elements in this context. This shows that users might not accept game elements in the context
of stress management. Users are clearly reluctant towards linking stress management
with gamification (Ahtinen et al., 2013). This might be one reason why, despite its great
potential, gamification is hardly found in current stress management applications (Hoffmann et al., 2017). Despite the users’ reluctance toward the hypothetical use of gamification in stress management apps, little is known about how game elements are actually
perceived in this context.
3.1.3

“Stress-Mentor’s” Final Version vs. the MVP

To close the identified gaps, a first prototype of the stress management app Stress-Mentor
was developed. As described in Chapter 2.1, this MVP (Lenarduzzi and Taibi, 2016) combined the self-monitoring of stress-relevant behaviors and events through a diary with
vicarious reinforcement through the appearance of an avatar. The MVP’s general quality
was then assessed in a longitudinal study. The MVP was tested by 26 participants over a
period of 4 weeks (Christmann et al., 2018b). After the four-week trial period the participants rated the MVP’s quality with the user Mobile Application Rating Scale (uMARS,
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Stoyanov et al., 2016), which was applied as a semi-structured interview in order to receive suggestions for improvement. The results of this first study showed that linking the
self-monitoring of stress-relevant behaviors with vicarious reinforcement through an avatar was well received by users. However, the study also revealed that the inclusion of
more game elements might be needed to improve the usage behavior (Christmann et al.,
2018b).
Including the user into the development process in this manner is an important method
to ensure the functionality of health technologies. Thus, as is recommended in iterative
app development (Stinson et al., 2010), the user feedback from this first study was used
to create an extended app concept.
Based on the feedback, additional stress management, behavior change, and gamification
features were incorporated in Stress-Mentor’s full version. For example, in addition to
self-monitoring through a diary and its long-term visualization (Christmann et al., 2017b),
the full version includes daily stress management exercises (i.e., breathing, progressive
muscle relaxation, meditation, guided imagery, euthymic methods, physical exercises,
cognitive aspects, time management, setting priorities, and planning social support and
change). Moreover, it links these stress management aspects with a number of game elements. Besides the avatar, the full version includes an agent that guides the user through
the app by explaining new functions and providing tips on stress and stress management.
When using the app for the first time, the agent hands over the responsibility of raising
the avatar to the user through a behavioral contract, which provides a narrative context.
This means, in addition to reflecting the user’s diary entries through its appearance, the
user’s progress is visualized through the avatar’s growth in the full version. The user can
capture this progress in a photobook. The avatars pictures can also be shared with others.
This provides a social component. Additionally, the user’s progress is visualized through
progress bars. The full version also supports goal setting by providing the stress management exercises in “tasks of the day” and “tasks of the week”. Here, the user can choose
one out of three suggested exercises he or she wants to accomplish each day. The app’s
consistent usage is rewarded through badges. Another reward system is the points the
user receives for every task and diary entry. These points can be exchanged for items for
the user’s avatar in a shop. The addition of new gamification aspects over time is aimed
at upholding the user’s curiosity. This is further supported through random sales in the
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app’s shop, randomly provided motivational quotes of famous people, and the randomly
provided option to take pictures of the avatar.
The resulting full version of Stress-Mentor, thus, combines an extended gamification
framework with evidence-based stress management methods and behavior change techniques. For more information regarding Stress-Mentor’s concept, see Chapter 2.4 or
Christmann et al. (2018a). Screenshots and content of both the MVP and the full version
are displayed in Figure 21.
The full version’s general quality was again evaluated in a four-week user study using
uMARS. The aim of this study was to assess Stress-Mentor’s quality and to reveal improvements compared to the MVP.

Figure 21: Screenshots and content of Stress-Mentor’s first test version (minimal viable product, MVP, left screenshot) and its full version (right screenshot). The app combines evidence-based stress management techniques with
gamification. The content already included in the MVP is highlighted in bold print.
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Methods

3.2.1

Participants
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Participant recruitment was carried out via an e-mail distribution list of the Technische
Universität Kaiserslautern and associated research institutes, as well as an article in a local
newspaper. All participants gave written consent to participate in accordance with the
declaration of Helsinki.
In 2016, the MVP was tested by 26 participants (M age = 23.38 years, SD = 3.01 years, 11
female, 15 male) in a first user study (Christmann et al., 2018b). Of these participants, 6
were in employment and 20 were university students.
In 2018, Stress-Mentor’s full version was again tested in a user study with 20 participants.
However, one participant did not return for the final study appointment. This resulted in
a total of 19 participants (M age = 33.6 years, SD = 8.8 years, 10 female, 9 male) that were
included in the analysis. Of these participants, 12 were in employment and 7 were university students.
To ensure that the testing conditions were as realistic as possible, the app was installed
on the users’ own smartphone (Android version 4.4 or higher) and then used for four
weeks in both studies. Therefore, the regular use (at least once a day) of a smartphone or
tablet was a prerequisite for participation. In addition, participation in both studies required a minimum age of 18 years and fluency in German (all app instructions are only
available in German).
3.2.2

Study Procedure

At the beginning, each participant was informed about the course and aim of the study,
as well as about the collected data. Each participant gave his or her written consent to
participate. Subsequently, the participant’s demographic data was collected and the lead
investigator installed the full version of the stress management app on the participant’s
smartphone or tablet. After the installation, a brief introduction was given by the lead
investigator. First, the participant had to adjust the settings to his or her gender and age,
as well as his or her preferences (tracking of alcohol and coffee consumption, reminder,
color schemes and text size). Then, he or she made an entry in the app's health diary (sleep

70

Chapter 3

duration and quality, duration and intensity of sport, positive and negative events, general degree of stress, prevailing mood, digestion, consumption of water, vegetables and
fruit, caffeinated drinks and alcohol). This was followed by a four-week usage period,
during which participants should use the app daily.
The study was completed with a second meeting that took place at least one day and a
maximum of 14 days after the end of the four-week usage period. As was done with the
MVP, the participants then again rated the full version’s quality using uMARS (Stoyanov
et al., 2016).
3.2.3

App Quality

The user version of the mobile application rating scale was applied to assess the quality
of both the MVP and the app’s full version. uMARS was specifically designed to assess
the quality of health apps from the user perspective (Stoyanov et al., 2016).
Participants rated each of the questionnaire’s items on a 5-point Likert-scale (from 1 inadequate to 5 excellent). uMARS was applied as a semi-structured interview. This means
that, after each rating, participants had the opportunity to explain their answer and provide feedback and suggestions for changes in the app (open response format). Presenting
questionnaires as semi-structured interviews provides deeper insight into the reasoning
for the ratings, as well as suggestions for possible improvements (e.g., Anderson et al.,
2016a).
A total of three questions were removed from the questionnaire. One question from the
category information (16. “Does the app come from a credible source?”) was removed
because the participants were informed of the app’s source in detail prior to participation.
Furthermore, two questions from the category subjective quality were removed: 18. “How
many times do you think you would use this app in the next 12 months if it was relevant
to you?” because this question was not included in the MVP questionnaire due to a shorter
targeted usage period and 19. ”Would you pay for this app?” because the app is available
for free. The term “health behavior” in the questions of the app specific section was replaced with “stress management”.
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Analysis

In order to check whether the addition of established stress management methods and
other gamification techniques had a positive effect on the perceived quality of the app,
the results from both studies were tested for differences. Because the data was not normally distributed, (all p < .05) non-parametrical tests (namely Mann-Whitney U tests for
two independent samples) were used to identify differences in the central tendencies of
the uMARS ratings of the full version and the MVP (Field, 2009). Bonferroni correction
was used to adjust the statistical results for an accumulation of alpha errors (new alphalevel p ≤ .013). The effect size (r) according to Cohen (1992) was calculated. Effects r = 0.
10 – 0.30 correspond to a small effect, r = 0.30 - 0.50 a moderate effect and r ≥ 0.50 a large
effect.

3.3

Results

The analysis revealed significantly higher ratings for the full version (Median (Mdn) =
4.55) compared to the MVP (Mdn = 4.03) regarding the app’s general quality; U = 71.00, p
≤ .001, r = 1.54. In detail, improvements in the full version (Mdn = 4.20) compared to the
MVP (Mdn = 2.80) could be observed for the category engagement; U = 39.00, p ≤ .001, r =
2.05. Moreover, higher ratings were observed in all questions of this category (i.e., entertainment, interest, customization, interactivity and target group). With regard to aesthetics, the full version (Mdn = 4.67) also received better ratings than the MVP (Mdn = 4.33); U
= 113.00, p = .001, r = 1.07. However, here only the question of visual appeal showed a
significant improvement, while no difference could be found between the rating regarding Stress-Mentor’s layout and graphics. An improvement of the app’s full version (Mdn
= 4.67) in comparison with the MVP (Mdn = 4.00) could also be detected regarding the
category information, U = 142.50, p = .009, r = 0.81. The ratings for both the quality and
quantity of the included information increased. No difference between MVP and full version was identified regarding the app’s visual information. Even though the app is now
much more complex and has a lot more features, ratings for the app’s functionality did
not decrease and its functionality was assessed as excellent for both the MVP (Mdn = 4.75)
and full version (Mdn = 4.75); U = 216.50, p = .34, r = 0.27. This is also reflected in the rating
of each of the questions regarding the app’s functionality (i.e., performance, ease of use,
navigation, and gestural design). There was no difference between MVP and full version
with respect to these aspects. In contrast, MVP (Mdn = 2.83) and full version (Mdn = 3.83)
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differed with respect to their perceived impact; U = 105.00, p = .001, r = 1.15. The app’s full
version received higher ratings for all questions in this category (i.e., awareness,
knowledge, attitudes, intention to change, help seeking, and behavior change). In addition, the full version (Mdn = 4.00) received a better overall star rating than the MVP (Mdn
= 3.00); U = 135.00, p = .004, r = 0.87. Also, participants were more likely to recommend the
full version (Mdn = 5.00) of Stress-Mentor to others in comparison to the MVP (Mdn =
3.00); U = 96, p < .001, r = 1.24. The corresponding medians for the three main uMARS
categories (general quality, subjective quality, and perceived impact) of both studies are
displayed in Figure 22. Means, standard deviations, and statistical values for each item
are found in Table 7.

Figure 22: uMARS (user Mobile Application Rating Scale) ratings of the MVP (minimal viable product) and the full
version of Stress-Mentor are displayed. Depicted are the medians, maximum and minimum values, as well as first
and third quartiles. Significant differences between the groups are marked with an asterisk (*).
Table 7: Means (M), standard deviations (SD), and statistical values of Mann-Whitney-U tests for uMARS ratings
of the MVP and the full version of Stress-Mentor by item. The new alpha level is set at .025 according to the Bonferroni correction method.

Category

Engagement

Item

Entertainment

M

M Full-

SD

SD Full-

MVP

Version

MVP

Version

4.11

3.00

0.19

0.18

U

p

r

99.00

≤ .001

0.56
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M

M Full-

SD

SD Full-

MVP

Version

MVP

Version

Interest

4.42

2.89

0.14

Customization

4.11

2.7

Interactivity

3.84

Target Group

Item

U

p

r

0.20

62.00

≤ .001

0.66

0.24

0.24

108.50

.001

0.50

2.22

0.19

0.17

53.00

≤ .001

0.69

4.63

3.81

0.16

0.16

115.00

.001

0.50

Performance

4.79

4.74

0.12

0.09

234.00

.48

0.10

Ease of Use

4.58

4.81

0.14

0.08

207.00

.15

0.21

Navigation

4.53

4.81

0.12

0.08

182.50

.04

0.31

4.95

4.85

0.05

0.07

232.00

.31

0.15

Layout

4.79

4.59

0.10

0.10

206.00

.17

0.20

Graphics

4.79

4.44

0.12

0.12

177.00

.03

0.31

Visual Appeal

4.42

3.67

0.12

0.16

126.00

.002

0.47

4.42

3.56

0.14

0.25

150.50

.012

0.37

4.63

3.85

0.11

0.18

121.00

.001

0.49

4.32

4.59

0.27

0.11

229.00

.48

0.10

4.32

2.89

0.22

0.24

96.00

≤ .001

0.54

4.21

3.33

0.16

0.21

135.00

.004

0.42

Awareness

3.74

3.19

0.27

0.23

182.50

.09

0.25

Knowledge

3.84

2.67

0.25

0.28

136.00

.006

0.41

Functionality

Gestural
Design

Aesthetics

Quality of
Information
Information

Quantity of
Information
Visual
Information
Recommenda-

Subjective
Quality

tion to Others
Overall Star
Rating

Perceived
Impact
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Category

Item
Attitudes
Intention to
Change
Help Seeking
Behavior
Change

3.4

M

M Full-

SD

SD Full-

MVP

Version

MVP

Version

3.58

2.52

0.35

4.11

3.00

3.37
3.95

U

p

r

0.25

152.00

.02

0.35

0.26

0.29

142.50

.009

0.39

1.93

0.29

0.18

96.00

≤ .001

0.54

2.59

0.24

0.29

126.50

.003

0.44

Discussion

In summary, although not all aspects showed significant improvements between the MVP
and the full version, there is a general trend towards enhancing the overall quality of the
full version compared to the MVP. The positive ratings with regard to entertainment, interest, customization, interactivity and target group show that the use of gamification can
affect perceived user engagement in a positive manner. This is in agreement with the results of previous studies showing that gamification can have positive impact on motivation and engagement (Hamari, 2013). Increasing user engagement in this manner is important to improve usage consistency and can, thus, increase an intervention’s effectivity
(Zagel and Bodendorf, 2014). This is supported by the technology acceptance model
(TAM3) which identified joy of use as one major predictor for the intention to use technologies (Venkatesh and Bala, 2008).
Besides the gamified context, the integration of an extensive number of stress management techniques and information regarding stress and stress relevant behaviors can explain why the participants are more likely to recommend the full version than the MVP.
It is also very likely the cause for the improved overall star rating. MVP users commented
that they wished for the integration of more stress management methods (Christmann et
al., 2018b). The integration of an extensive number of stress management and behavior
change techniques in response to this feedback can also explain the more positive evaluation of the full version’s perceived impact. It also explains the increase of the ratings with
regard to the app’s quality and quantity of information. This emphasizes the importance
of integrating evidence-based exercises and behavior change techniques into mHealth
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products (Vandelanotte et al., 2007). Nonetheless, some users suggested including more
graphics, pictures and videos for the stress management exercises.
Moreover, references and links supporting the user in the search for professional help
were added to Stress-Mentor’s full version. These links were included in both a menu
item and in specific tasks. This likely resulted in a more positive rating regarding the likelihood of the user to seek further help.
Although the full version is much more complex than the MVP, there was no significant
deterioration in Stress-Mentor’s navigation and visual information. The functionality of
both app versions was rated as excellent. This indicates that the use of gamification could
positively affect the system’s usability (Zagel and Bodendorf, 2014).
The positive evaluations regarding the general quality of the full version suggests that the
combination of established stress management methods and gamification (Christmann et
al., 2018a) that was applied in Stress-Mentor was well received by the users. Although
some users of stress management apps explicitly oppose the use of gamification (Ahtinen
et al., 2013) the positive evaluation of Stress-Mentor shows that this is not necessarily the
case. The users’ comments emphasized that the embedding of stress-related aspects into
a gamified context was perceived in an overall positive way. In fact, the participants found
the app interesting to use and enjoyed exploring its contents. This is in line with previous
results that indicate that the combination of gamification with evidence-based content
from stress management and behavior change could have positive effects on the user’s
engagement and, thus, potentially make health apps more effective (Edwards et al., 2018).
However, it is apparent that users are not aware of the effect of gamification (Thorpe and
Roper, 2017). Some of the participants said that the gamification concept would not have
been necessary in their opinion. However, they also described that they tried to adjust
their behavior so that they could make positive entries in their diary in order to make
their avatar look healthier. This observation coincides with previous results on the effectiveness of vicarious reinforcement through avatars (e.g., Fox et al., 2009). It further underpins the potential usefulness of gamification in the context of stress management.
This demonstrates that it is not sufficient to ask potential users whether gamification is
desired in a particular context. Rather, studies must examine if the implementation of
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game elements in a specific context appeals to the user and how their use influences the
effectiveness of the product (Cafazzo et al., 2012; González et al., 2016). When integrating
gamification, the context and goal of the app should therefore always be taken into account (Johnson et al., 2016). The positive response to combining gamification with stress
management in Stress-Mentor is probably due to the fact that the integrated gamification
elements support the actual goal of the app, namely the learning of stress management
methods through daily and weekly tasks. Nonetheless, little is known about the effect of
gamification on actual usage behavior. This aspect is the focus of Chapter 4, where the
usage behavior of a gamified version of Stress-Mentor and a not gamified version of the
app was investigated.

3.5

Conclusion

In summary, an overall trend of improvement could be observed for Stress-Mentor’s full
version. The positive ratings confirm that Stress-Mentor is of good general quality, speaking for the app’s successful, iterative development. This study, therefore, shows that an
iterative development process involving the user can lead to an improvement in the product’s overall quality.
Even though some users of stress management apps were opposed to the use of gamification (Ahtinen et al., 2013), this study demonstrates that the combination of stress management methods with gamification was, in fact, well received. This highlights the potential usefulness of gamification in the context of stress management.
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Chapter 4
Evaluation of “Stress-Mentor’s” Gamified Concept
The previous chapter showed that Stress-Mentor’s iterative development resulted in improvements of the app’s quality and indicated that the app is well-received by users. This
suggests that gamification in the context of stress management is met with a positive user
attitude. Furthermore, previous studies have shown that the gamification of health apps
can increase their usage (Taylor et al., 2019). However, so far little is known as to how
gamification affects the usage of stress management apps. This chapter, therefore, focuses
on evaluating the effect of gamification on the usage behavior of Stress-Mentor, namely
on the number of performed stress management exercises and the amount of time the
users spend with the app. In addition to this aspect, this chapter deals with the question
of how age mediates the app’s usage. For this purpose, the final version of Stress-Mentor
(which was introduced in Chapter 2.4) was compared to a non-gamified version of the
app in a four-week user study with a broad sample of young (18-35 years), middle aged
(36-50 years), and old users (51-65 years).

4.1

Introduction

4.1.1

Background

Evidence is growing that chronic stress can have negative impact on a person’s physical,
as well as mental, well-being (Stansfeld and Candy, 2006; Cohen et al., 2007). However, a
person’s well-being does not solely depend on his or her exposure to stress. Rather, it
depends on the way a person copes with stress (Cooper, 1994). Lazarus distinguished two
types of coping mechanisms with regard to stress management, namely problem-focused
(e.g., time management) and emotion-focused coping (e.g., meditation) (Lazarus, 1985).
These coping strategies are usually taught in single or group therapy sessions.
In recent years, the use of mHealth technologies, such as smartphone apps, has gained
popularity in the context of personal health management (Harrison et al., 2011). Such apps
aim at affecting the user’s education, motivation and adherence (Handel, 2011; Ahtinen
et al., 2013) and pose an alternative to expensive conventional treatments (Proudfoot et
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al., 2010; Luxton et al., 2011). “Ovia”, “Mevi”, “DeStressify”, “myCompass”, “StressEraser”, and “AEON", are only some examples of currently available stress management
apps. First evidence shows that the use of such apps can have positive impact on a person’s stress level (Ahtinen et al., 2013; Economides et al., 2018; Lee and Jung, 2018). However, in order to ensure their effectiveness (Harrison et al., 2011), they have to include
evidence-based content from behavior change theory (Abraham and Michie, 2008) and
stress management theory (Williams and Kemper, 2010). Furthermore, it is important to
ensure adequate user engagement and motivation. These aspects have great influence on
the user’s exposure to the app’s content (Webber et al., 2010) and are, therefore, directly
linked to an app’s effectiveness (Vandelanotte et al., 2007). Both motivation and engagement can be increased through the integration of gamification (Cafazzo et al., 2012).
Gamification is aimed at making interventions more enjoyable, motivating, and engaging
(Deterding et al., 2011). This goes a long way to ensure the user’s interest (Oinas-Kukkonen and Harjumaa, 2009) and increase his or her exposure to the evidence based content
of the intervention (Davies et al., 2012). Empiric evidence supports that the use of gamification techniques can, indeed, increase the use of a service (Hamari, 2013). For example,
Taylor et al. (2019) demonstrated that a gamified health diary increased the users’ compliance compared to a not gamified version of the app.
Moreover, it was already shown that the gamification in form of rewards through points
for diabetes patients (Cafazzo et al., 2012) and the combination of different gamification
techniques for weight management in children (e.g., points, badges, leaderboards, time
pressure) can be effective in promoting behavior change through apps (González et al.,
2016). Another study that focused on an app for smoking cessation showed that the combination of game elements (e.g., challenges, social pressure, social support, and digital
rewards such as trophies) and behavior change techniques (e.g., providing information
about health consequences, goal setting, and self-monitoring through a digital diary) can
be well received by users (Edwards et al., 2018).
One aspect that needs to be considered when designing gamified health apps, however,
is that the acceptance of gamification appears to be affected by the user’s age. Younger
adults are more likely to download gamified health apps than older adults (Goyal et al.,
2016). A reason for this could be that older adults are more opposed towards gamification
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(Thiel et al., 2016). Also, older adults show a lower self-efficacy and more anxiety with
respect to the use of technologies, such as health apps (Czaja et al., 2006). Gamification
could further increase these existing problems. It has, therefore, been suggested that alternatives without gamification might be preferable for older users (Hierhammer and
Herrmanny, 2013). On the other side, older users also show greater sustained engagement
and usage as a result of gamification than younger ones (Brauner et al., 2013; Goyal et al.,
2016). This shows that, regardless of the users’ age, combining gamification with behavior
change techniques and stress management methods is a promising approach to ensure
the effectiveness of stress management apps.
Nonetheless, app reviews show that few apps on the market make use of these concepts.
The available apps vary largely with respect to the amount of included behavior change
techniques and stress management methods (Coulon et al., 2016; Christmann et al.,
2017a). While some apps do not make use of any evidence-based techniques, those that
do mostly focus on one specific coping method. However, there are also exceptions that
combine several behavior change and stress management techniques within one app (e.g.,
“Mevi”) (Christmann et al., 2017a). The implementation of gamification in stress management apps, on the other hand, remains an exception. Moreover, app designers do not
combine gamification with evidence-based content from behavior change or stress management theory in order to improve usage duration and behaviors (Hoffmann et al., 2017).
One reason why gamification might not be met with enthusiasm in this context could be
the ongoing discussion about whether gamification should be used in stress management
applications. While many studies revealed positive effects of gamification on behavioral
and cognitive aspects, there have also been reports on negative, or neutral effects (Johnson
et al., 2016). Furthermore, users of the stress management app “Ovia” did not wish for an
integration of game elements in this context (Ahtinen et al., 2013). This suggests that users
might neither want, nor accept, the integration of game elements into stress management
apps. In contrast, a recently published study with Stress-Mentor’s MVP suggests that the
combination of an avatar with stress-focused self-monitoring through a digital diary, was
met with a positive reaction by users (Christmann et al., 2018b). This was further confirmed by the request of participants from a study that investigated the usability of the
neurofeedback-based meditation app MUSE (see Chapter 2.3). Here, the users requested
more gamification features in order to keep their sustained interest. Nevertheless, both
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the context and aim of an application are decisive for the effects of gamification (Johnson
et al., 2016). Though the previous results in this thesis suggest a positive user attitude
towards gamification, at this point, little is known about how gamification is perceived
compared to a non-gamified app version and whether it improves usage consistency in
the context of stress management.
4.1.2

Short Summary of “Stress-Mentor’s” Concept

To close the identified gaps in research, the stress management app Stress-Mentor was
developed in an agile development process (see Chapter 2 for details). In a first step, an
MVP (Lenarduzzi and Taibi, 2016) was created that combined self-monitoring through a
digital diary with an avatar. This MVP was then tested in a first user study. The results
showed that, while the avatar was perceived positively, it might not be sufficient to improve frequency of use (Christmann et al., 2018b). Based on this study, an extended app
framework was developed that includes additional stress management, behavior change
and gamification features. Besides self-monitoring through a diary and its long-term visualization (see Chapter 2.4 or Christmann et al., 2017b), the full version includes a broad
range of daily stress management exercises (i.e., breathing, progressive muscle relaxation,
meditation, guided imagery, euthymic methods, physical exercises, cognitive aspects,
time management, setting priorities, and planning social support and change).
Stress-Mentor links these stress management aspects with a number of game elements. In
addition to the avatar, Stress-Mentor now includes an agent that guides the user through
the app, explains new functions, and provides tips on stress and stress management.
When the app is used for the first time, the agent hands the responsibility of raising the
avatar over to the user. This is done through a behavioral contract and provides a narrative context. The user’s progress is now visualized through the avatar’s growth, in addition to reflecting the user’s diary entries through its appearance. The user can capture
changes in his avatar in a photobook. The taken pictures can also be shared with others.
This counteracts change blindness and provides a social component without instilling social pressure. Along with the avatar’s appearance, the user’s advances are visualized
through progress bars. Moreover, Stress-Mentor supports goal setting by providing the
stress management methods in “tasks of the day” and “tasks of the week”. Here, the user
can choose one out of three suggested exercises on a daily basis. The app allows for the
user to perform more and more tasks as he or she progresses, starting with one and rising
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up to three per day as he or she advances. The available tasks are based on a weekly stress
checklist. Here, the user can enter stress-related ailments (i.e., fears and worries, sadness,
anger, stress at work, stress in private life, muscle tension, head, neck and back grievances
caused by tension, digestive problems, and sleep problems). Stress-Mentor rewards the
consistent usage of the app through badges and points that the user receives, e.g. for completed tasks and diary entries. In a shop, the gained points can then be exchanged for
items for the user’s avatar. To uphold the user’s curiosity, new gamification aspects are
added over time. This aspect is furthered through three additional elements: randomly
provided motivating quotes of famous persons, the randomly provided option to take
pictures of the avatar, and random sales in the app’s shop. These elements support unpredictability and curiosity, which play an important role to keep the user interested
(Chou, 2015). As a result, Stress-Mentor combines an extended gamification framework
with evidence-based techniques from stress management and behavior change theory.
See Figure 23 for a screenshot and Christmann et al. (2018a) for further information regarding Stress-Mentor’s concept.

Figure 23: Screenshot of Stress-Mentor.
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Study Aim

Previous studies suggested that gamification can have positive effects on user experience
(Johnson et al., 2016) and usability (Zagel and Bodendorf, 2014), as well as usage consistency (Vandelanotte et al., 2007). Notwithstanding gamification’s positive impact, as of
yet, little is known about how the implementation of game elements in the context of
stress management apps actually affects these aspects. The aim of this study was therefore
to investigate the impact of gamification on user experience, usability, perceived app
quality, and the usage behavior in the context of stress management apps. For this purpose, a four-week randomized control study was conducted. The experimental group
(EG) received a full version of Stress-Mentor with gamified aspects and the control group
(CG) received the app without gamification.

4.2

Methods

4.2.1

Participants

Participants were recruited via an e-mail distribution list of the Technische Universität
Kaiserslautern and associated research institutes, as well as an article in a local newspaper. All participants gave written consent to participate in accordance with the declaration
of Helsinki. The study procedure was approved by the ethics committee of the Department of Social Sciences at the Technische Universität Kaiserslautern.
Because the app was tested over a period of four weeks on the participants’ own
smartphones, the regular use (at least once a day) of a smartphone or tablet was a requirement for participation. Also, participants had to be of legal age (18 years) and fluent in
German, as all app instructions are only available in German.
A total of 64 participants were randomly assigned to an EG, who tested Stress-Mentor
with all game elements, and a CG, who received an app version with the same stressmanagement techniques but without gamification (Figure 24). The data of seven participants had to be excluded from the analysis (three did not return for the final interview,
two had technical problems, and two dropped out during the study for personal reasons).
This left N = 57 participants to be included in the analysis (EG (N = 29; 15 female; M age =
41.30 years, SD = 13.69), CG (N = 28; 16 female; M age = 41.23 years; SD = 12.95)). χ²-tests
revealed no differences between the two groups regarding gender, profession, use of
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health apps, use of stress management apps, and the application of stress management
methods in everyday life; a t-test revealed no differences between the two groups with
regard to age (all p > .05).

Figure 24: Differences and similarities between the gamified and the not gamified version of Stress-Mentor.

4.2.2

Study Procedure

During the first study appointment, the lead investigator installed a shortened version of
Stress-Mentor (all of the app’s features could be unlocked and experienced within the
study period) on the participant’s own smartphone (Android version 4.4 or higher). The
participant then used the app for the first time in the presence of the lead investigator
following a specific protocol. First, he or she was asked to adjust the app settings according to his or her individual preferences (age, gender, tracking of caffeine and alcohol consumption, step counter, reminder alarms, color scheme, font size). Next, the participant
was instructed to fill out the stress checklist (fears and worries, sadness, anger, stress at
work, stress in private life, muscle tensions, tension related head, neck and back pains,
digestive problems, sleep problems), followed by a diary entry (sleep duration, sleep
quality, physical exercise duration, sport intensity, occurrences of positive and negative
events, stress level, prevailing mood, digestion, water consumption, fruit/vegetable consumption, and optional: caffeine consumption, alcohol consumption, and step count).
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Then, he or she selected one of the available stress management tasks and read the instruction to get an impression of what the tasks entailed. Afterwards the participant used
the app for a period of four weeks in his or her daily life, to ensure testing conditions were
as realistic as possible. The participant was told to use the app at least once a day, if possible. However, it was left up to the participant how he or she used the app and how long
he or she used it. After the four-week trial period the participant returned for a final questionnaire on the app’s usability and user experience, as well as a semi-structured interview aimed at rating the general quality of Stress-Mentor and receiving open ended feedback on how the app could be further improved. See Figure 25 for an overview of the
study procedure.
4.2.3

App Usage

During the four-week test period, the participant’s usage data was recorded. This included the number of tasks that were performed and the time spent using the app.
4.2.4

Usability and User Experience

The usability of the app was measured with the widely used System Usability Scale (SUS,
Brooke, 1996), because this questionnaire provides reliable results even for small samples
(Sauro, 2011). The SUS consists of 10 questions, which are evaluated on a five-point Likert
scale from 1 (strongly disagree) to 5 (strongly agree).
The User Experience Questionnaire (UEQ) was used to assess the user experience. The
UEQ covers six aspects (attractiveness, perspicuity, dependability, efficiency, stimulation,
and novelty) in 26 pairs of opposites (Laugwitz et al., 2008). The respondents rate the app
on a seven-level scale, by indicating whether they tend to assign the app to one adjective
or another.
4.2.5

App Quality

The Mobile Application Rating Scale (MARS) was developed specifically for determining
the quality of health apps (Stoyanov et al., 2015). In addition to the original version for
health and IT experts, a user version of the MARS (uMARS) with simplified wording was
published in 2016 (Stoyanov et al., 2016). Like the MARS, the uMARS comprises three
categories: subjective quality, perceived impact, and general quality. Questions from the
category "perceived impact" were adapted to the topic of stress, i.e. the term "health behavior" was replaced by "stress management".
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Participants rated each of the 26 questions on a five-point Likert scale from 1 (inadequate)
to 5 (excellent). In order to enable differentiated user feedback, the uMARS was applied
as a semi-structured interview (i.e., after each question the participant had the opportunity to explain his or her answer and report on the experiences with the app).

Figure 25: Diagram of the study procedure.
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Analysis

Even though the Shapiro-Wilk test revealed that the data was not normally distributed,
MANOVA was used for analysis. MANOVA with repeated measures is considered to be
robust again violations of normal distribution, provided the sample size of both groups
is larger than 20 (Pagano, 2010; Wilcox, 2013). Thus, a MANOVA with two between-subject factors (group (EG and CG) and age (young users = 18-35 years, middle aged users =
36-50 years, and old users = 51-65 years), and the within-subject factor week, was used to
detect differences in the groups’ usage behavior over time. The usage behavior was operationalized by number of performed tasks and amount of time spent with the app, which
were moderately correlated, r = .60, p ≤ .001. Additional ANOVAs and post-hoc tests were
applied to determine were the revealed differences originated. The Greenhouse-Geisser
adjustment was applied to correct for violations of sphericity. Because the questionnaires’
data was not normally distributed (all p < .05) non-parametric tests (namely Mann-Whitney U tests for two independent samples (Bortz, 2016) were used to see if the two groups
differed in their ratings of Stress-Mentor’s usability, user experience and quality. The effect size (r) according to Cohen (1992) was calculated.

4.3

Results

4.3.1

Usage Behavior

The MANOVA revealed main effects of group, age, and week. An interaction was detected between week*age. No further interactions were found (see Table 8 for details).
Table 8: MANOVA results for main effects and interactions.

Factor

λ

df 1

df 2

F

p

Part. η2

group

0.77

2

50

7.43

.001

.23

age

0.80

4

100

3.02

.02

.11

week

0.21

6

46

28.89

≤ .001

.71

group*age

0.91

4

100

1.23

.30

.05

week*group

0.77

6

46

2.25

.06

.23

week*age

0.64

12

94

1.90

.04

.20

week*group*age

0.75

12

92

1.20

.29

.14
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Comparable results were revealed by the ANOVAs, with two exceptions. There was a
significant interaction between week*group for the number of performed tasks. Furthermore, the interaction between week*age was only apparent for the number of tasks, but
not for the amount of time spent with the app (see Table 9 for details).
Table 9: ANOVA results for main effects and interactions for number of performed tasks and amount of time
spent with the app.

Factor

Dependent Variable

group

number of performed tasks
amount of time spent with app
number of performed tasks
amount of time spent with app
number of performed tasks
amount of time spent with app
number of performed tasks
amount of time spent with app
number of performed tasks
amount of time spent with app
number of performed tasks
amount of time spent with app
number of performed tasks
amount of time spent with app

age
week
group*age
week*group
week*age
week*group
*age

df 1

df 2

1
1
2
2
3
3
2
2
3
3
6
6
6
6

106
86
106
86
106
86
106
86
106
86
106
86
106
86

F
10.70
11.38
5.18
3.47
40.57
16.14
0.86
2.28
5.94
0.34
2.97
0.32
1.19
1.03

p
.002
.001
.009
.04
≤ .001
≤ .001
.43
.11
.003
.68
.02
.84
.32
.41

Part. η2
.17
.18
.17
.12
.44
.24
.03
.08
.10
.01
.10
.01
.04
.04

T-tests revealed that the EG spent more time with the app (t(34) = 2.80, p = .01) and performed more tasks (t(55) = 3.02, p = .01) compared to the CG (see Figure 26 for details). No
differences were detected between the usage behaviors of young and middle aged, as well
as middle aged and old users. However, old users performed more tasks and spent more
time using the app than young users (Table 10).
Table 10: Post-hoc t-test results for differences between young, middle aged and old users regarding the usage behaviors.

Dependent Variable
number of performed tasks

amount of time spent using the app

Age Groups

df

young - middle aged
young - old
middle aged - old
young - middle aged
young - old
middle aged - old

38
35
35
38
26
35

t
-1.86
-2.70
-0.98
-1.92
-3.00
0.15

p
.07
.01
.33
.06
.01
.88

d
0.60
0.91
0.33
0.62
1.18
0.05

The number of performed tasks increased in both groups over time, with no further increase between week 3 and 4 (see Table 11). This trend was more distinct in the EG (Figure
26).
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Additionally, the EG performed more tasks compared to the CG in each week (all p ≤ .05,
see Table 12). The amount of time the users spent using the app decreased after the first
week, then stayed constant throughout weeks 2 and 3 (see Table 13 and Figure 27).
Table 11: T-test results for within-groups comparisons regarding the number of performed tasks per week.

Group

experimental group

control group

Weeks

df

week 1 – week 2
week 1 – week 3
week 1 – week 4
week 2 – week 3
week 2 – week 4
week 3 – week 4
week 1 – week 2
week 1 – week 3
week 1 – week 4
week 2 – week 3
week 2 – week 4
week 3 – week 4

28
28
28
28
28
28
27
27
27
27
27
27

t
-5.99
-6.40
-6.28
-4.68
-3.83
-0.16
-4.76
-4.58
-3.07
-2.30
-0.54
1.56

p
≤ .001
≤ .001
≤ .001
≤ .001
.001
.87
≤ .001
≤ .001
.005
.03
.59
.13

d
2.26
2.42
2.37
1.77
1.45
0.06
1.83
1.76
1.18
0.89
0.21
0.60

Table 12: Post-hoc t-test results for differences between the experimental and control group with regard to the
number of performed tasks per week.

Dependent Variable

Week

df

number of performed tasks

week 1
week 2
week 3
week 4

47
55
55
55

t
2.45
2.05
2.41
2.97

p
.02
.046
.02
.004

d
0.72
0.55
0.65
0.80

Table 13: T-test results regarding differences between the weeks regarding the amount of time users spent with
the app.

Dependent Variable

amount of time spent using the app

Weeks
week 1 – week 2
week 1 – week 3
week 1 – week 4
week 2 – week 3
week 2 – week 4
week 3 – week 4

df
56
56
56
56
56
56

t
6.57
3.45
6.27
-0.25
1.89
1.95

p
≤ .001
.001
≤ .001
.81
.06
.06

d
1.76
0.92
1.68
0.07
0.51
0.52

The number of performed tasks increased over time in all three age groups. However, this
increase was more distinct with increasing age (see Table 14 and Figure 26). The young
users performed less tasks than the middle aged users in week 2 and less than the old
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users in week 2, 3 and 4. Middle aged and old users did not differ in the number of tasks
they performed each week (see Table 15).
Table 14: T-test results for within-groups comparisons for young, middle aged, and old users, regarding the number of performed tasks per week.

Group

Weeks

young

middle aged

old

df

week 1 – week 2
week 1 – week 3
week 1 – week 4
week 2 – week 3
week 2 – week 4
week 3 – week 4
week 1 – week 2
week 1 – week 3
week 1 – week 4
week 2 – week 3
week 2 – week 4
week 3 – week 4
week 1 – week 2
week 1 – week 3
week 1 – week 4
week 2 – week 3
week 2 – week 4
week 3 – week 4

19
19
19
19
19
19
19
19
19
19
19
19
16
16
16
16
16
16

t
-1.84
-2.27
-2.26
-2.01
-1.90
-0.06
-6.59
-5.83
-4.00
-2.61
-0.86
1.22
-6.30
-6.82
-5.49
-4.27
-2.49
0.29

p
.08
.04
.04
.06
.07
.95
≤ .001
≤ .001
.001
.02
.40
.24
≤ .001
≤ .001
≤ .001
.001
.02
.78

d
0.84
1.04
1.04
0.92
0.87
0.03
3.02
2.68
1.84
1.20
0.40
0.56
3.15
3.41
2.75
2.14
1.25
0.15

Table 15: Post-hoc t-test results for differences between young, middle aged, and old users regarding the number
of performed tasks per week.

Week
week 1

week 2

week 3

week 4

Age Groups

df

young - middle aged
young - old
middle aged - old
young - middle aged
young - old
middle aged - old
young - middle aged
young - old
middle aged - old
young - middle aged
young - old
middle aged - old

38
35
35
38
35
35
38
35
35
38
35
35

t
-1.67
-1.34
0.06
-2.88
-4.16
-1.64
-1.59
-3.08
-1.36
-1.91
-2.39
-0.67

p
.11
.20
.96
.01
.001
.12
.13
.007
.19
.07
.03
.51

d
0.54
0.45
0.02
0.93
1.41
0.55
0.52
1.04
0.46
0.62
0.81
0.23
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Figure 26: Means and standard errors of the number of performed tasks for the experimental group (EG) who received the gamified version of Stress-Mentor, and the control group (CG) who received a non-gamified version of
the app, for young (18-35 years), middle aged (36-50 years), and old users (51-65 years).

Figure 27: Means and standard errors of the amount of time users spent with the app for the experimental group
(EG) who received the gamified version of Stress-Mentor, and the control group (CG) who received a non-gamified
version of the app, for young (18-35 years), middle aged (36-50 years), and old users (51-65 years).

4.3.2

Usability and User Experience

The SUS scores were rated to be above the average for both the gamified and not gamified
version of the app ((EG) Mdn = 95.00; (CG) Mdn = 90.00). In fact, the ratings are within the
top 10% and therefore correspond to a grade of “A” (Sauro, 2011).
The UEQ ratings (see Table 16) showed that the user experience for both the gamified and
not gamified version of Stress-Mentor was evaluated positively (all mean values higher
than 0.8, Schrepp, 2015). Mann-Whitney U tests revealed no differences between the SUS
and UEQ ratings of the EG and CG (all p > .05).
4.3.3

App Quality

The ratings regarding the app’s perceived impact ((EG) Mdn = 3.83; (CG) Mdn = 3.75; U =
330, p = .22, r = 0.02) and subjective quality ((EG) M = Mdn = 4.25; (CG) Mdn = 3.88; U =
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290.5, p = .06, r = 0.03) did not differ between the two groups. The app’s general quality
received higher ratings in the EG (Mdn = 4.57) compared to the CG (Mdn = 4.32, U = 254.5,
p = .016, r = 0.04; see also Figure 28 and Appendix 19 and 20).
Table 16: Means (M), standard deviations (SD), and statistical values of Mann-Whitney-U tests for ratings of the
User Experience Questionnaire of the MVP and the full version of Stress-Mentor.

UEQ Scale
attractiveness
perspicuity
efficiency
dependability
stimulation
novelty

M CG

M EG

SD CG

1.89
1.87
2.02
1.31
1.27
1.41

1.52
2.15
1.68
1.45
0.91
0.91

0.89
0.84
0.66
0.68
1.03
0.84

SD EG
0.71
0.68
0.61
0.74
0.93
0.89

U
341.00
290.50
332.00
346.00
354.00
298.00

p
.30
.06
.23
.34
.41
.08

r
0.02
0.03
0.02
0.02
0.01
0.03

Figure 28: User Mobile Application Rating Scale ratings for the experimental group (EG) who received the gamified
version of Stress-Mentor, and the control group (CG) who received a non-gamified version of the app. Depicted are
the medians, maximum and minimum values, as well as first and third quartiles. Significant differences between
the ratings of both groups are marked with an asterisk (*).

4.4

Discussion

4.4.1

Usage Behavior

The results revealed that users who received the gamified version of Stress-Mentor practiced more stress management techniques and spent more time using the app. This shows
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that gamification had a positive impact on the usage behavior of Stress-Mentor. Thus, it
increased the contact with the stress management and behavior change content. This goes
in line with the results of previous studies (Davies et al., 2012) and suggests that gamification could increase the app’s effectiveness (Taylor et al., 2019).
In agreement with the app’s design (which allows for the user to perform more and more
tasks, starting with one and rising up to three per day as he or she progresses), both
groups showed an increase in the number of stress management exercises that were performed over time. Even though no interaction between week*group was detected through
the multivariate tests, this outcome contradicts the results of the univariate tests, where
the group modifies the effect of week on the number of performed tasks. This is supported
by the post hoc-tests, which showed that the increase in performed tasks was strongest in
the EG. Stress-Mentor’s gamified concept (see Chapter 2.4 for details), therefore, led to
increased exposure to the app’s stress management content. Taylor et al. (2019) reported
a similar effect. In their study, gamification led to a significantly higher number of diary
entries compared to a non-gamified control condition. This supports previous results
about gamification and its positive impact to the user’s exposure to the evidence-based
content of health apps (Davies et al., 2012; Hamari, 2013).
In contrast to the increase in performed tasks, the time participants spent with the app
decreased after the first week of the usage period. This initial drop is likely due to the
increased interest at the beginning of using a service (Koivisto and Hamari, 2019). This
effect has been previously observed for health apps in other contexts, where the usage
also peaked during the first week of the usage period and then declined (Katule et al.,
2016). Despite the observed novelty effect, the results of the presented study reveal that
gamification sustained its positive impact on the usage behaviors over the trial period
(Bamidis et al., 2016).
Another important aspect that affected the usage behavior was the participants’ age. Old
users performed more tasks and spent more time using the app than young users. Also,
the increase in the number of performed tasks over time was stronger for middle aged
and old users, compared to young users. This coincides with previous studies that
showed an increase in sustained engagement in older adults compared to younger adults
(Brauner et al., 2013). A reason for these findings could be that conscientiousness to use
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such interventions increases with age (Roberts et al., 2006). Previous research shows that
conscientiousness can positively affect a person’s health behaviors (Bogg and Roberts,
2004). It suggests that stress management apps could become more effective with increasing age, as older users are more likely to maintain the use of such interventions (Goyal et
al., 2016; Koivisto and Hamari, 2019). Though the effect of week was modified by age, age
did not modify the effect of group.
4.4.2

Usability, User Experience and Quality Ratings

Previous studies suggest that gamification can also positively affect an app’s usability
(Zagel and Bodendorf, 2014). This could not be confirmed in the present study as both
app versions’ usability was assessed to be very good (Sauro, 2011). Gamification has also
been connected to an increase in user experience ratings. Higher ratings would especially
be expected regarding novelty and stimulation, as these aspects examine a system’s hedonic quality (Schrepp, 2015). Hedonic quality is highly related to the construct “joy of
use” from the technology acceptance model. High ratings in these categories would therefore raise the intention to use the app (Venkatesh and Bala, 2008). Because users in the EG
used the app more consistently than users in the CG, it was expected that the gamified
version of Stress-Mentor received higher ratings on the novelty and stimulation scales.
Surprisingly, this was not the case. However, both app versions were evaluated positively
with respect to all user experience aspects (Schrepp, 2015).
Also, both groups rated Stress-Mentor’s perceived impact and subjective quality to be
good. Only the overall quality was rated as excellent in the EG, compared to good in the
CG. This was due to the gamified version of Stress-Mentor being assessed as more aesthetic. As both app versions received positive ratings in all tests, ceiling effects could be
the reason that no group differences were detected. Another reason could be that the sample size was too small to uncover effects. Additionally, the non-gamified version of StressMentor already included several visual and interactive aspects (e.g., tasks of the
day/week, diary and diary overview). Therefore, the design of the control version might
have led to the lack of differences regarding the usability and user experience ratings. This
is supported by comments from users of the CG who stated that they thought the broad
number and range of stress management tasks was perceived as interesting and engaging.
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Participants’ Feedback to “Stress-Mentor”

Users of the CG mentioned that they would have liked game elements, such as badges
and points, to be included. They said this would have motivated them into using the app
more intently. This shows that users of health apps expect and demand mHealth contents
to be gamified, in order to present the content in an interesting manner (Oinas-Kukkonen
and Harjumaa, 2009) and increase both the user’s engagement and motivation (Deterding
et al., 2011). This is further supported by the fact that the EG perceived the included game
elements in a positive manner. This goes in line with previous findings that support the
use of gamification in the context of stress management (Christmann et al., 2018b) and
further supports the app’s gamified concept (Christmann et al., 2018a). Many participants
in the EG shared the conclusion that the app’s gamification had a motivating effect on
them and reported that they enjoyed using the app. This positive reception of gamification contradicts the suggestion that the use of game elements in stress management apps
is not wanted by users (Ahtinen et al., 2013). Two older participants said that they would
not have needed gamification. Nevertheless, they also reported paying more attention to
their stress-related behaviors and that they tried to meet the health recommendations in
the diary in order to positively influence their avatar’s appearance. This goes in line with
previous studies on vicarious reinforcement which showed that linking an avatar’s appearance with the user’s performance positively affects health behaviors such as physical
exercise (Fox et al., 2009). However, it also indicates that older adults might be more critical towards gamification (Thiel et al., 2016). Besides this, the participants suggested allowing the user to choose between different avatars (e.g., other animals or mythical creatures, raising a tree, or building a house). These avatars could move through different
scenes and further reflect the user’s behaviors through their actions in addition to their
appearance (King et al., 2013). Further personalization could increase the relatedness between the user and his or her avatar and thus lead to the user putting even more effort
into achieving the app’s health recommendations (van Vugt et al., 2009).
Another aspect that revealed need for improvement was the app’s shop. Most participants
reported that they did not know what items to buy, as they were unsure what their avatar
needed. This shows that the shop should support the overall goal of the app (Anderson
et al., 2016a). In response, the app’s shop was adjusted. It now includes items that match
the app’s context, such as books on stress management, items that are linked to the app’s
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diary categories (e.g., running shoes) or stress management exercises (e.g., chocolate for
euthymic methods). Each item now also includes a small description of its purpose.
Though the badges were received positively, the users would like to know from the beginning that these rewards exist and how they can be obtained (Zichermann and Cunningham, 2011). Even though unpredictability is said to play an important role in keeping
the user’s interest (Chou, 2015), this shows that a certain degree of transparency is required. In response, progress bars and a short description for each badge were added to
Stress-Mentor.
The notification users could set to remind them to use the app was also well received.
Nevertheless, additional reminders (especially for the tasks) were requested (Ruzic and
Sanford, 2018). Still, app designers should be careful so the app’s reminders are not perceived as irritating. This can lead to the users uninstalling the app (Dennison et al., 2013).
If health apps include more than one aspect that requires the user’s attention, individualized, easily set, and turned off notifications or alarms should be included.
Overall, the participants from both groups reported that they liked that the app provided
them with a large variety of different stress management techniques. However, they
thought that the exercises they could choose from were sometimes too long to practice in
their current situation. This could pose a problem, as user’s display very little patience for
using health app’s if they are perceived as time consuming (Dennison et al., 2013). This
could be avoided by making sure the app always provides tasks of varying lengths. However, this could result in the users’ only accomplishing short tasks, even though lengthier
exercises might be more suitable for their symptoms (Davis et al., 2008). Furthermore,
participants liked that they could repeat the tasks they previously accomplished as often
as they wanted. However, such a feature should be communicated in an obvious manner.
This further supports that transparency might be preferred over unpredictability in the
context of health apps (Chou, 2015).
Besides the app’s content, data security gains importance to users of health technologies
(Wilkowska and Ziefle, 2012). Though Stress-Mentor saves the user’s data locally on his
or her smartphone in encrypted form, 58 % (33 of 57) of the users would have liked to be
able to set a password to restrict the access to the app. In addition to local storage and

96

Chapter 4

encryption, app developers should, therefore, provide the user the option to set a password, as forcing the user to set a password may dissuade them from using the app (Dennison et al., 2013).
4.4.4

Limitations

This study only focused on the usage of Stress-Mentor over four weeks. Though the results show that gamification can positively influence the usage behavior, this study does
not provide insight into how long this effect might last. Longer studies should further
investigate the long-term effects of gamification on usage consistency.
Moreover, though usage consistency is linked with effectivity (Vandelanotte et al., 2007),
future studies should research whether gamification in the context of stress management
does improve the effectivity of an intervention. The present study only looked at the number of performed tasks and time spent with the app, thus no assumptions can be made on
whether the app is actually effective in reducing stress. Previous studies have shown positive, as well as neutral and negative effects of gamification on cognitive and behavioral
outcomes (Johnson et al., 2016). Future studies should, therefore, also focus on investigating if gamified stress management apps are effective in reducing stress and increasing the
use of evidence-based coping strategies.

4.5

Conclusions

Though previous studies suggested that the gamification of stress management apps
might not be desired by users (Ahtinen et al., 2013), this study clearly shows that this is
not necessarily true. Notwithstanding the identified areas of improvement, Stress-Mentor
was evaluated positively with respect to usability, user experience, and quality. While the
questionnaires did not show an impact of gamification on the app’s hedonic quality or
perceived engagement, it did affect the app’s usage behavior. Gamification resulted in the
accomplishment of more stress management tasks and more time spent using the app.
This shows that gamification can have positive effects on the usage of mHealth interventions. In line with previous results (e.g., Taylor et al., 2019), this suggests that gamification
increases user compliance. These outcomes are further supported by the users’ positive
perception of Stress-Mentor’s gamified concept. Overall, this confirms that if gamification
is designed to support the content and overall goal of an intervention, it is well received
and effective in promoting the usage of stress management apps.

Chapter 5

97

Chapter 5
Clinical Outlook: “Pain-Mentor” – Applying the Concept of
“Stress-Mentor” in the Context of Chronic Pain Management
Though Stress-Mentor was designed specifically to prevent chronic stress in healthy
adults, its gamified concept can be applied in other health contexts. This chapter shows
how the app was modified for the application in the context of chronic pain management,
resulting in the pain management app Pain-Mentor. The acceptance of Pain-Mentor was
then evaluated in an expert study, by assessing the app’s quality in the eyes of experts
with a background in chonic pain management. In addition, the experts’ feedback was
used to determine areas that require improvement and to further adapt the app’s content
to the context of chronic pain management.

5.1

Introduction

5.1.1

Background

Besides chronic stress, chronic pain is a major factor that impacts the health and wellbeing of today’s society. Approximately 1/3 of the American and European population
suffers from chronic pain (Breivik et al., 2006; American Psychological Association, 2013).
This makes chronic pain a major health care problem that needs to be taken more seriously
(Breivik et al., 2006). With profound negative consequences regarding psychological, social, physical, and economic aspects for those affected, chronic pain can have a serious
negative impact on a person’s overall quality of life (Becker et al., 1997; Carmona, 2001;
Pérez et al., 2017; Molander et al., 2018).
Next to medical treatments (e.g., medication, surgery, rehabilitation, and physical therapy), psychological treatments are an important aspect of pain management (American
Psychological Association, 2013). In fact, the combination of five theory-based functionalities, namely pain-related education, self-monitoring, goal setting, social support, and the
training of self-care strategies, have been suggested to promote self-management of
chronic pain (Wantland et al., 2004; Murray et al., 2005; Stinson et al., 2013; Stinson et al.,
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2014; Alexander and Joshi, 2016). Because patients need to understand and manage the
thoughts, emotions, and behaviors that often accompany chronic pain (American Psychological Association, 2013), the mediated self-care strategies should include stress coping
skills such as relaxation techniques, problem solving, and communication skills training
(Jensen et al., 2003; Macea et al., 2010; Irvine et al., 2015). Multimodal approaches that
integrate these aspects can better improve overall quality of life in chronic pain patients
when compared to treatments that are strictly medication focused (Flor et al., 1992; Elgar
and McGrath, 2003; Barlow and Ellard, 2006).
The integration of multimodal approaches into routine primary and tertiary care has,
however, been slow (Breivik et al., 2006). Major barriers, such as poor accessibility due to
geographical reasons, limited availability of trained professionals, and large therapy-related costs, keep patients from accessing pain-specific education and psychological treatment (Peng et al., 2007a; Peng et al., 2007b; Stinson et al., 2013). As a result, the majority
of patients never receive the required education or skills training to promote pain selfmanagement (Peng et al., 2007a; Peng et al., 2007b; Lynch et al., 2008).
However, the care for chronic pain is no longer strictly limited to medical environments
and clinician-guided telehealth due to the rising number of mHealth products (Demiris
et al., 2008). mHealth describes the use of mobile technologies in order to improve health
(Harrison et al., 2011) by affecting the user’s education, motivation, and adherence (Handel, 2011; Ahtinen et al., 2013). It has already been applied to support mental, as well as
physical, health programs (World Health Organization, 2011). As such, mHealth can enhance the self-management of chronic conditions (Anderson et al., 2016b). Indeed, preliminary evidence suggests that pain management apps have great potential to support
chronic pain treatment and are well received by patients (Irvine et al., 2015; Jamison et al.,
2018). Because such apps are available anywhere and anytime (Blackburne et al., 2016),
they can reduce the frequency and cost of face-to-face interventions. As a result, they have
the potential to make healthcare systems more effective (Institute for Healthcare Informatics, 2013).
In order to ensure their effectiveness, apps for chronic pain management must be based
on evidence-based content (i.e., pain-related education, self-monitoring, goal-setting, social support, and the training of self-care strategies including stress management) (Morris
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et al., 2010; Harrison et al., 2011; Chittaro and Sioni, 2014). Even though these aspects are
easy enough to implement, app reviews show that existing pain management apps have
limited content. Rather than providing evidence-based behavior change programs, the
reviewed pain apps lack the combination of evidence-based functionalities (Rosser and
Eccleston, 2011; Wallace and Dhingra, 2014; Lalloo et al., 2015). Indeed, most apps only
include one of the five suggested components (Rosser and Eccleston, 2011; Wallace and
Dhingra, 2014). Apps mostly focus on supplying information (Rosser and Eccleston, 2011;
Wallace and Dhingra, 2014; Lalloo et al., 2015). They seldom help to achieve social support
and often lack evidence-based self-care skills and the tracking of the multidimensional
experience of pain. Most apps only allow the tracking of pain intensity (Rosser and Eccleston, 2011; De La Vega and Miró, 2014; Lalloo et al., 2015; Portelli and Eldred, 2016)
(e.g., FitBack, Irvine et al., 2015). Some apps also allow the user to track other pain related
aspects such as pain location, medication, and pain source (e.g., Pain Squat, Stinson et al.,
2013). However, only a minority of apps also allow the assessment of emotional and cognitive aspects. In addition, the educational content that is included is often of poor quality.
An exception is the pain diary app PainTracker, which includes three of the five suggested
functionalities. It allows the tracking of a number of pain related aspects, as well as goal
setting and provides informational content (Jamison et al., 2018). Notwithstanding this
exception, comprehensive, evidence-based, and clinically informed smartphone apps for
pain self-management are highly needed (Lalloo et al., 2015).
While important, the use of evidence-based content alone has been considered as insufficient to ensure adequate user engagement and motivation (Vandelanotte et al., 2007), two
aspects that have great influence on the usage of an intervention program (Webber et al.,
2010). In fact, further improvement is needed to make pain apps more engaging and entertaining (Jamison et al., 2018).
One way to increase user engagement and motivation is gamification. Gamification, the
use of game elements in nongame contexts (Deterding et al., 2011), aims to make interventions such as health apps more enjoyable, motivating, and engaging (AlMarshedi et
al., 2016). However, the use of gamification in health apps has been critically discussed,
as its effects depend on the context and goal of the application (Johnson et al., 2016). While
users do not always want the implementation of gamification in health apps (Ahtinen et
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al., 2013), it could be shown that its use in health apps can have positive effects on both
health and wellness (Johnson et al., 2016).
Indeed, gamification has already been shown to positively influence user self-management (AlMarshedi et al., 2016), lifestyle (Kamel Boulos et al., 2015), health and behavioral
outcomes (Allam et al., 2015), as well the retention of desired user behaviors (Kuo and
Chuang, 2016). This confirms that the implementation of gamification can be effective in
promoting behavior change through apps (González et al., 2016).
Even so, few pain apps make use of this concept. Two pain apps for adolescent cancer
patients have included gamification in the form of a virtual rewards system and ranks
that were linked to the users’ pain diaries and adherence (Stinson et al., 2013; Jibb et al.,
2018). However, so far there is no chronic pain management app with an extensive gamification framework for adults.
5.1.2

“Pain-Mentor”

Because current pain management apps lack in their use of both evidence-based self-management skills (Lalloo et al., 2015) and gamification (Jamison et al., 2018), Pain-Mentor
was developed to close this gap in research. Pain-Mentor is based on the concept of the
gamified stress management app Stress-Mentor (see Chapter 2.4 or Christmann et al.
(2018a) for details regarding the app’s concept). Stress-Mentor includes all five suggested
theory-based functionalities. For one, it realizes self-monitoring though a diary that allows the tracking of up to 14 diary categories (i.e., sleep duration and quality, sport duration and intensity, daily uplifts and daily hassles, stress level, mood, digestion, consumption of water, fruit/vegetables, coffee and alcohol, as well as step-count). In addition, the
app teaches different self-help skills through daily and weekly tasks. In these tasks, the
user can choose one out of three suggested skills he or she wants to practice. Which techniques are offered by the app depends on the user’s entries into a stress checklist. In the
stress checklist, the user can enter stress-related aspects (i.e., fears and worries, sadness,
anger, stress at work, stress in private life, muscle tension, head, neck and back grievances
caused by tension, digestive problems, and sleep problems) on a scale from 0 to 10 on a
weekly basis. This concept of personalized tasks encourages the user to set daily and
weekly goals and supports the repetition of exercises. The mediated skills include relaxa-
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tion exercises (i.e., abdominal breathing, meditation, mindfulness, progressive muscle relaxation, guided imagery, stretching exercises, and self-massage), problem solving (i.e.,
time management, goal setting, planning of social support and social change, and barrier
identification), cognitive aspects (i.e., assertiveness training, refuting irrational ideas, appraisal of stress, and stressful situations, and avoiding perfectionism) and the transfer of
educational information about stress. Moreover, the app provides tips on stress, based on
the user’s documented stress-level.
In addition to self-monitoring, stress management skills, and educational information,
Stress-Mentor includes several other behavior change techniques (see Appendix 18 for a
list) to support long-term behavior change. The included behavior change techniques are
linked to an extensive gamification concept aimed at motivating and engaging the user
(Christmann et al., 2018a). As such, the app includes an avatar (a bird-like cartoon animal)
that provides feedback by reflecting both the user’s diary entries (vicarious reinforcement) (Bandura et al., 1963; Christmann et al., 2018b) and progress. Another aspect is the
app’s agent (a wise owl), who poses as a mentor that entrusts the care of the avatar to the
user via a behavioral contract, provides instructions on app functions, and provides general encouragement, as well as the educational tips on stress. The user can collect “woodland coins” that can later be exchanged for items for the user’s avatar. Moreover, the app
provides feedback on the user’s performance through progress bars, a diary overview
diagram (Christmann et al., 2017b), badges, and the visual development of the avatar and
its surroundings. A detailed description of the implemented behavior change techniques
and how they were linked with gamification can be found in Chapter 2.4.
Because stress management, as well as cognitive and behavioral aspects, play an important role in the treatment of chronic pain (American Psychological Association, 2013),
Stress-Mentor’s concept was adopted for the pain management app (Pain-Mentor) that
was evaluated in this study. While all stress related content remained, additions were
made to the existing diary, tips, stress checklist, and daily tasks to further adapt PainMentor to the context of chronic pain treatment. The following adjustments were made to
better suit Pain-Mentor to its designated usage context: For one, the stress checklist was
renamed to symptoms checklist. The symptoms checklist was then extended with a numerical rating scale for pain that is commonly used in therapy. It allows the user to enter
his or her pain level on a scale from 0 (no pain) to 10 (worst possible pain) (Farrar et al.,
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2001). The diary was also extended by this scale. This provides the user with the opportunity to track the trend of his or her pain on a daily basis (Hawker et al., 2011). Eight pain
specific daily tasks were added to the task pool: one each to develop a plan for setbacks,
planning social support for pain management and planning a dropped activity, as well as
five physical exercises for muscle strengthening and stretching. Moreover, the tips given
by the app’s mentor were extended by additional information on chronic pain and pain
management. A screenshot of the app is displayed in Figure 29.
All in all, Pain-Mentor differs from other pain management apps regarding one important
property: It includes all five suggested self-management functionalities (i.e., educational
information on pain and stress, a total of 87 pain and stress specific self-help skills, goal
setting through tasks of the day/week, multidimensional self-monitoring through a digital diary, and social support through tailored exercises) and combines this content with
gamification in order to motivate and engage the user. This poses great potential for supporting in-person therapy and reducing therapy costs (Bender et al., 2011).

Figure 29: Screenshot of Pain-Mentor.
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Motivation

In contrast to general recommendation, most app designers have neither included experts
from pain management in the development of their apps (Portelli and Eldred, 2016), nor
have they used expert reviews to assess their apps’ quality (Rosser and Eccleston, 2011).
Contrary to this, Pain-Mentor’s contents were extended in consultation with a physician
who is specialized in chronic pain treatment. The involvement of health care professionals
in the development of health apps, as was done for Pain-Mentor, is important for health
apps to contribute value to health care and chronic disease management (Kao and Liebovitz, 2017). With many apps promising effective pain treatment, patients face a large array
of possible apps to choose from, with little guidance regarding their quality (Institute for
Healthcare Informatics, 2013). To ensure quality, functionality, and relevance of the content, health apps need to be tested in scientific trials and involve health care professionals,
not only during their development, but also in the evaluation process (Rivera et al., 2016).
In general, health apps must be acceptable to both the user, who must decide whether the
program is usable and can provide benefit in an operational environment, and health professionals, who determine whether the app does what it is supposed to do (Stead et al.,
1994). In contrast to the users’ goal, the experts’ primary goal is to assess the quality of a
health app in order to identify apps to recommend to their patients (Baptista et al., 2017).
They focus on different aspects and provide different feedback than users and developers
(Wang et al., 2017). Therefore, even though few pain management apps have been scientifically evaluated by experts (Lalloo et al., 2015), testing the quality of health apps
through expert evaluations is essential to assess key app features (Gibbons et al., 2018).
This study, therefore, conducted an expert evaluation of the newly developed pain management app Pain-Mentor that combines a multimodal approach to pain self-management with an extensive gamification framework. The aim was to evaluate the app’s general quality in the eyes of health professionals and to assess their opinion on combining
pain management with gamification.
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5.2

Methods

5.2.1

Participants

To assess the app’s quality in the eyes of health professionals, experts with a background
in chronic pain management were recruited (Figure 30). For this purpose, based on an
internet search, physicians that are specialized in pain treatment and general psychotherapists in a 100 km radius of the Technische Universität Kaiserslautern were contacted via
email. Of 94 contacts, 8 were willing to participate in this study. An additional three experts learned about the study from one of their colleagues and volunteered to participate
as a result. In the end N = 11 experts (5 physicians and 1 nurse with a background in pain
management, as well as 5 psychotherapists) participated in this study. Previous research
suggested the use of at least 2-4 experts (Nielsen, 1994; Barnum, 2011; Masterson Creber
et al., 2016), though a larger sample size increases the percentage of identified problems
in the apps. Because as many as N = 9 participants enable the identification of about 95%
of all problems (Virzi, 1992), it can be concluded that the sample size of this study provides a good insight into the app’s quality and enables to identify most of the concerns
arising from experts for chronic pain treatment.
All participants had specific experience in the field of pain and pain management. They
had neither prior experience with the tested app, nor comprehensive experience in handling and testing mobile devices.
5.2.2

Study Procedure

The whole procedure was approved by the local ethics committee from the department
of social sciences of the Technische Universität Kaiserslautern. To ensure a standardized
approach the following study procedure was predefined (see Figure 30). At the beginning,
the health professional was informed about the procedure, aim and data collected in the
study. Each participant gave written consent according to the declaration of Helsinki.
Afterwards, Pain-Mentor and its contents were presented to the professional in detail in
a PowerPoint presentation that explained which pain and stress management methods,
behavior change techniques, and gamification aspects were included and how they were
interconnected. After the presentation, the expert tested the app on a tablet (Lenovo TB4706F). For this purpose, the app was set to a specific default setting in order to ensure
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that all participants were exposed to the same content and features. Testing also followed
a predefined process that took 15-25 minutes for each participant (see Figure 31 for a detailed description).

Figure 30: Depiction of the participant acquisition and study procedure.
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Figure 31: Sequential order of the app testing process that all experts followed.
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App Quality

After testing Pain-Mentor, the expert rated the quality of the app and was asked for feedback. For this purpose, the mobile application rating scale (MARS) was applied. MARS
was specifically designed to assess the quality of health apps, with the help of experts
from health and IT (Stoyanov et al., 2015). MARS consists of six subscales. Four of those
scales (engagement, functionality, aesthetics, and information quality) assess the general
app quality. The subjective quality section evaluates the user’s overall satisfaction, while
the app specific section assesses the perceived impact of the app on the user’s knowledge,
attitudes, intentions to change, as well as the likelihood of actual change in the targeted
health behavior.
Participants rated each of the 23 MARS items on a 5-point Likert-scale (from 1 = inadequate to 5 = excellent). To allow for differentiated user feedback, MARS was applied as a
semi-structured interview. This means that after each rating, participants had the opportunity to explain their answer and give suggestions regarding further improvement of the
app (open response format). Presenting MARS and other questionnaires as semi-structured interviews has been done in previous studies and promises deeper insight into the
raters reasoning and possible improvements (e.g., Anderson et al., 2016a). As the experts
only spent a limited time testing the app (approx. 20-30 minutes), an additional answer
option was added to each question, namely “I cannot assess this”. This ensured that experts were not forced to answer if they felt that they had not spent enough time with the
app to assess an aspect.
Three questions from the subscale “subjective quality” were removed from the questionnaire: 18. “Does the app come from a credible source?” because the source of the app was
explained to the participants in detail, 19. “Has the app been tested?” because an evaluation regarding the app’s effectiveness has not been conducted so far and 22. ”Would you
pay for this app?” because health experts are not the target user audience of the app. In
addition, question 20. was adapted to the context and changed into 20. “Would you recommend this app to patients who might benefit from it?” The questions from the “app
specific” section were adapted to the context, i.e. the term “health behavior” was replaced
with “stress and pain management”.
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Additional App Specific Questions

In addition to MARS, the participants answered seven additional questions on a 5-point
Likert-scale (from 1 = inadequate to 5 = excellent) and one open response question with
regard to the app’s expected appeal for patients and specific app features. As with MARS,
participants received the opportunity to explain their answers. See Appendix 21 for a list
of all additional questions.

5.3

Results

5.3.1

Quality of “Pain-Mentor”

Overall, experts rated Pain-Mentor to be of excellent quality (M = 4.51, SD = 0.54). The
subjective app quality was appraised as excellent (M = 4.51, SD = 0.31). The app specific
questions were rated as good with a mean of 4.27 (SD = 0.76). The MARS quality subsections engagement and aesthetics were rated as good, functionality and information were
rated as excellent (see Appendix 22 for mean values and standard deviations).
Looking at each question of these subsections in detail, the results showed means ranging
from 3.80 (SD = 0.63) for customization to 4.73 for entertainment (SD = 0.647) and interest
(SD = 0.47) for the subsection engagement. Functionality showed mean ratings between
4.55 (SD = 0.69) for ease of use and 4.83 (SD = 0.41) for gestural design. The app’s aesthetics
were assessed to be good, with mean values of 4.36 for layout (SD = 0.65) and visual appeal (SD = 0.51), as well as 4.64 (SD = 0.51) for graphics. The information communicated
in Pain-Mentor also showed good to excellent ratings with means ranging from 4.09 (SD
= 0.70) for the quality of the information to 4.90 (SD = 0.32) for information quantity. The
subjective quality of the app showed ratings of 4.27 (SD = 0.47) regarding the recommendation of the app to patients and the overall star rating and 5.00 (SD = 0.00) for usage
duration. The app specific questions of MARS showed values between 3.67 (SD = 0.92)
with regard to encouraging patients to seek help outside the app and 4.8 (SD = 0.45) regarding the app’s potential to promote behavior change. A detailed visualization of the
results is included in Figure 32.
Occasionally, experts did not feel able to answer a question (see Appendix 23 for details).
Participants gave several reasons for being unable to assess these questions, which will
be discussed.
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Figure 32: Experts mean ratings with standard deviations for the MARS (Mobile Application Rating Scale) regarding
Pain-Mentor.

5.3.2

Additional Questions Outcomes

Good to excellent mean ratings could be observed for all additional questions (see Table
17). Experts thought it was very likely that Pain-Mentor would appeal to patients (M =
4.45, SD = 0.46). The app’s gamification concept was rated as good (M = 4.27, SD = 0.65).
The experts’ expectations of Pain-Mentor were mostly fulfilled (M = 4.18, SD = 0.60). They
rated the implemented diary (M = 4.64, SD = 0.67), daily tasks (M = 4.64, SD = 0.67), and
symptoms checklist (M = 4.73, SD = 0.47) as sensible and useful. Moreover, they believed
that using Pain-Mentor to support in-person therapy would be beneficial (M = 4.55, SD =
0.52). No expert was unable to assess an additional question.

5.4

Discussion

5.4.1

Principal Results

Overall, experts rated the app to be of excellent overall and subjective quality. The app
specific section of MARS was rated as good. These positive results reflect that the app and
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its contents (diary, daily tasks, information, symptoms checklist, as well as its gamification concept) met the experts’ expectations. As anticipated, these results show that combining the five suggested self-management functionalities (i.e., educational information,
self-care skills, self-monitoring, goal setting, and social support) (Wantland et al., 2004;
Murray et al., 2005; Stinson et al., 2013; Stinson et al., 2014; Alexander and Joshi, 2016) in
an app targeting chronic pain management is approved by health experts.
Table 17: Experts’ mean (M) ratings and standard deviations (SD) for the additional questions regarding PainMentor.

Question

M

SD

Do you think the app would appeal to patients?

4.45

0.52

Did you like the gamification concept?

4.27

0.65

Did the app meet your expectations?

4.18

0,60

How useful is the diary?

4.64

0.67

How useful is the symptoms checklist?

4.64

0.67

How useful is the concept of the daily exercises?

4.73

0.47

How useful is it to apply the app in addition to therapy?

4.55

0.52

In addition, the experts thought that the app’s gamification concept, especially the avatar,
made the program engaging and interesting to use. This is mirrored by the experts’ comments, e.g. E4: “I think the app motivates those patients who want to be proactive and do something to manage their pain.” This implies that the use of gamification could pose a solution
to the lack of engagement and entertainment in pain management apps mentioned by
Jamison et al. (2018).
However, two experts expressed concerns that the existing gamification concept, especially the choice in avatar, might be too childlike and not suitable for the elderly. While
most users prefer human avatars that match their own gender (Nowak and Rauh, 2005),
it is very subjective which avatar appeals to a user. To solve this problem, the participants
suggested providing the user the choice between different avatars. This reflects the comments from the user study with Stress-Mentor that was presented in Chapter 4. Some
experts expressed skepticism regarding the avatar’s suitability for the elderly. Chapter 4
implicates that these concerns might be unwarranted, as older users were even more compliant than younger ones when testing a gamified stress management app. This agrees
with the health professionals’ opinion that Pain-Mentor was well suited for the target
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group (adults with chronic pain) and that it was very likely that the app would appeal to
patients. This further supports the combination of evidence-based content and gamification (Allam et al., 2015; Kamel Boulos et al., 2015; AlMarshedi et al., 2016; Kuo and
Chuang, 2016).
In addition, gamification most likely had positive impact on the app’s aesthetics. Experts
especially liked that they could choose the avatar’s color and that the avatar’s appearance
was linked to both the diary entries and progress (e.g., E9: “It’s nice that the user can pick
the avatar’s color. Especially the visual elements invite you to explore and play around a little.”)
and the app’s “simple visual design” that allowed them to use the app intuitively. This
supports the effects of both personalization (Gay and Leijdekkers, 2012) and the use of
vicarious reinforcement through avatars in health apps (Christmann et al., 2018b).
While the experts were mostly satisfied with Pain-Mentor’s customizability, they also
suggested including more reminders to help the user remember to practice throughout
the day. This shows that one reminder is the minimum, while the inclusion of more appears to be preferable. Similar comments were encountered by Stress-Mentor’s users. Five
experts also suggested the addition of new diary aspects. However, there was no consensus between these experts on which aspects should be added (they suggested weight, additional dietary aspects and notation of additional exercises). Thus, it cannot be concluded
which categories would make the most sense to add based on the feedback gained from
this study. Besides, the addition of aspects could easily overwhelm the user and lead to a
decline in the app’s usability and usage (Thompson et al., 2005). One expert also commented that not all aspects are equally important for every patient. To solve this issue,
developers could add a notes section that leaves room for further patient specific entries,
as was implemented in other pain management apps (e.g., Chronic Pain Tracker, FitBack)
(Rosser and Eccleston, 2011; Irvine et al., 2015). Another approach could be to allow the
addition of individual scales in the diary (Koskinen and Salminen, 2007). Both solutions
would leave the addition of further diary categories up to the user and his or her treating
health professional.
Regardless of the suggested extensions, the diary was perceived as very useful by the
experts. One participant expressly mentioned that she especially liked that the diary
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wasn’t overly focused on pain, but rather allowed tracking the patient’s overall well-being, including emotional (stress level and mood) and cognitive aspects (daily hassles and
daily uplifts). This goes in line with Rosser and Eccleston (2011) and Lalloo et al. (2015),
who criticized that most pain apps focused only on tracking medication and pain levels.
Though the app’s interactivity was assessed as good, one expert commented that it could
be further improved by giving advice based on the user’s diary entries. Consequently,
developers should think about further personalizing their apps through linking user entries (e.g., from a diary) to suitable health information and tasks. For example, the app
MyBehavior automatically provides personalized suggestions based on a health diary
(Rabbi et al., 2015).
Participants thought that the information imparted in the app was generally well formulated and of high quality. Moreover, the experts would recommend the app to many of
their patients. This shows that the experts thought the app to be a good therapy supplement. Whether they would recommend the app to a patient depended on whether he or
she would profit from using the app. This depends largely on patients’ age, disease pattern, and current state. However, age does not necessarily impact compliance or satisfaction with a pain app (Jamison et al., 2018). Moreover, the combination of visual features
(due to the gamification concept) and content (Christmann et al., 2018a) was perceived
very positively (e.g., E9: “It (the app) has a good balance of simple visual design and good content-related information.”). This further supports the use of gamification in the context of
pain management.
There was general approval of the self-management skills that are imparted in the app.
Still, three experts suggested including additional tasks, such as more stretching exercises,
more tasks specifically aimed at dealing with pain, and exercises aimed at distracting patients from their pain. This emphasizes that experts see the potential of using apps to teach
the user a large number of stress-related self-help skills, including relaxation, problem
solving, and cognitive aspects (Macea et al., 2010). However, it should be supplemented
by more pain specific aspects to provide maximal suitability.
The experts also mentioned that they would like to be able to review the app’s data with
their patients on a computer in order to monitor and discuss their patients’ progress.
However, an automatic data transmission to the treating health professionals was seen as
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problematic due to the experts’ limited available time. To avoid this problem, an optional
sharing function could be added that allows patients to share their data with health professionals on a voluntary basis (Rosser and Eccleston, 2011). Such functions provide
health professionals with the opportunity to gather data on a patient’s behavior (Luxton
et al., 2011). My Pain Diary, for example, offers the export of data to a computer (Jamison
et al., 2018).
The experts’ positive ratings regarding the app’s ability to positively influence patients’
awareness, knowledge, attitude, intention to change, help seeking, and behavior change
align with the fact that health apps can enhance users’ self-management of chronic conditions (Anderson et al., 2016b). However, it was emphasized that the individual played an
important role regarding these aspects. Nonetheless, the experts thought that it would be
very useful to employ the app to supplement in-person therapy. This supports the great
potential of health apps to support regular treatment (World Health Organization, 2011).
In addition to using the app for therapy support, one expert suggested to use Pain-Mentor
to bridge the time until patients can receive in-person therapy. Because waiting times for
therapy are often long, applying health apps in this manner could further increase their
potential to improve health care (Demiris et al., 2008) and diminish the number of patients
who do not receive adequate treatment (Lynch et al., 2008). This area of application should
therefore be the focus of future research.
When asked which aspects they thought would keep patients from using the app, experts
mostly mentioned a lack of motivation for people to change. However, they also brought
up a lack of familiarity with mobile devices/apps and data security.
This goes in line with previous studies that have shown that technical affinity (Czaja et
al., 2006), data privacy, and security (Wilkowska and Ziefle, 2012) are important aspects
for choosing and using health technologies. This aspect was also pointed out as important
by participants who tested a neurofeedback-based meditation exercise with the wearable
EEG MUSE and its companion app (see Chapter 2.3). Developers should, therefore, make
sure to pay special attention to data security when developing health apps (Luxton et al.,
2011).
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While the experts’ comments showed that some adjustments, such as adding more pain
specific exercises, diary categories, and reminders could further improve the app, they
still rated Pain-Mentor to be of excellent overall quality. This shows that minor adjustments of suitable health apps (e.g., from stress management) can make them useful tools
that can be applied in different contexts (e.g., chronic pain management). Nonetheless,
whether an app will be assessed as useful or not depends on both the app’s content and
the suggested context of use (Lewis and Wyatt, 2014). Not every health app should be
applied in or adjusted for other contexts. Underlining the importance of expert evaluations (Rivera et al., 2016), this study showed that involving health experts who have a
background in the target context helps to determine an app’s suitability and to identify
necessary adjustments.
5.4.2

Limitations

The experts approved of the app’s gamification concept and thought that using gamification in this manner could improve patients’ motivation and engagement. However, from
this study it cannot be concluded how the use of gamification does, in fact, affect these
aspects. Although Chapter 4 indicates that the app’s gamified concept can positively affect user compliance, further research is needed in order to determine its effects in the
context of chronic pain treatment. Moreover, while experts approved of the idea to use
the app to support therapy, randomized controlled trials are needed to actually determine
Pain-Mentor’s effectiveness as a therapy-support tool.
Because all experts were given a detailed introduction into Pain-Mentor and spent approximately 20-30 minutes using the app, they received detailed insight into how the app
worked. Nonetheless, experts had trouble assessing the app’s gestural design and the
app’s potential to positively affect behavior change. Future studies could avoid this problem through longer trial periods.

5.5

Conclusions

This study supports the use of gamification in a pain management app. The participating
health experts approved of the app’s gamification concept and described it as a good way
to enhance user motivation and engagement. Moreover, the app received positive ratings
with regard to general and subjective quality, as well as app specific aspects. This shows
that the use of gamification did not have a negative impact on the app’s credibility and
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integrity and that the combination of gamification with the five recommended self-management functionalities (i.e., pain-related education, self-monitoring, goal setting, social
support, and the training of self-care strategies) led to an overall positive evaluation of
Pain-Mentor. This study also shows that applying MARS, in combination with additional,
more app specific questions in a semi-structured interview, can provide insight into user
ratings and disclose possible areas for improvement. Hence, this approach helps to adjust
health apps for a specific target audience and to identify further application scenarios.
Moreover, the study showed that Stress-Mentor’s concept is not limited to an application
in the stress management context. It can, in fact, be successfully applied in other mHealth
contexts that are aimed at supporting mental and physical health. The behavior change
techniques which are associated with the agent, the avatar, the photo book, the experience
points, the acquisition of items for the avatar, and the badges can be transferred into many
other health contexts. Furthermore, because their content can be adapted to the respective
context, the “task of the day” and “task of the week” features provide a universal tool to
teach self-management skills and knowledge with respect to different health behaviors.
Stress-Mentor’s concept can therefore be useful for a broad range of interventions, including, but not limited to, chronic pain management.
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Chapter 6
General Discussion
6.1

Principal Results

As mentioned in the beginning, the gamification of stress management apps is a critically
discussed topic. Previous research suggested that users of stress management apps might
be opposed to the use of gamification in this context (Ahtinen et al., 2013). However, it
remained unclear how gamification is actually perceived by the users. Furthermore, it
was unknown how gamification affects the usage behavior of gamified stress management apps (Johnson et al., 2016). To fill this gap in research, the focus of this thesis was
put on the iterative development and evaluation of the gamified stress management app
Stress-Mentor. Such user-driven development approaches help to ensure qualities such
as the app’s acceptance and usability, both of which are important correlates of an app’s
usage intention and social impact (Venkatesh and Bala, 2008).
In Chapter 1, several requirements for a gamified stress management app were identified.
One was that it should combine evidence-based content from behavior change theory,
stress management theory, and gamification in order to ensure the users’ adherence and
long-term effectiveness (e.g., Davis et al., 2008; González et al., 2016; Payne et al., 2016).
In a first approach to meet this demand, a MVP was developed that included a health
diary for self-monitoring and vicarious reinforcement through an avatar (Christmann et
al., 2018b). The feedback from a user study with this MVP was used to improve the app,
including the integration of a diary overview chart (Christmann et al., 2017b), as well as
the extension of the gamification framework (see Chapter 2.4 and Christmann et al., 2018a
for details). In addition, the participants stated that they wanted instructions on how to
perform effective stress management exercises to be included in the app.
This supports the idea that users need detailed instructions on how to perform suitable
exercises, because they have trouble to come up with appropriate coping strategies on
their own (Kocielnik and Sidorova, 2015). Previous research suggests that multi-technique
approaches are more effective than single-technique interventions (Murphy, 1996; Jones
and Johnston, 2000). Also, they can help the user to identify the coping strategies that are
most suitable to them (Barabasz and Perez, 2007). However, such approaches are still rare
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in currently available stress management apps (Coulon et al., 2016; Christmann et al.,
2017a).
Stress-Mentor closes this gap by including a multi-technique approach that is based on a
variety of different audio- and text-based stress management exercises and combines
these techniques with aspects from behavior change theory and gamification theory (see
Chapter 2.4 for details). This ensures that the three prerequisites for effective stress management presented by Payne et al. (2016) (i.e., predisposition, engagement, and reinforcement) are met. Chapter 3 revealed that this approach led to improvements of Stress-Mentor’s full version compared to the MVP, especially regarding its perceived engagement,
information quality and quantity, and perceived impact.
In addition to content, users put emphasis on preserving their autonomy (Sax et al., 2018).
Stress-Mentor meets this demand with two design features. For one, the task of the
day/week feature provides the user with the choice between three different stress management exercises every day. This leaves him or her in control of which task to perform.
The second feature is Stress-Mentor’s limited usage period by design. Stress-Mentor’s
concept allows the user to identify which stress management techniques work best for
him or her and how the exercises can be integrated into daily life. Moreover, the graded
tasks let the user become increasingly independent with regard to performing the exercises. This leads to Stress-Mentor making itself superfluous over time.
Another important user requirement is the personalization of mHealth interventions (Gay
and Leijdekkers, 2012). Stress-Mentor satisfies this requirement by adjusting its content
to the user’s personal information. This includes the modification of the assessment of the
diary categories sleep and alcohol consumption according to the user’s age and gender,
respectively. Moreover, the user can decide which behaviors he or she wants to track in
the diary and adjust the apps color scheme to his or her own preference. In accordance
with the user’s feedback from the conducted studies they can set several reminders and
decide whether they want to be presented with motivational quotes. Furthermore, the
presentation order of the stress management techniques is based on the user’s stress
checklist. Though throughout the intervention the user can perform every exercise, the
ones that are most relevant to the user’s self-reported grievances are presented first. This
ensures that the app adjusts to the user’s personal demands (Atienza and Patrick, 2011),
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which can improve the adoption of the presented stress management strategies (Gibbons
et al., 2018).
To ensure that the app is widely accessible and reaches as many potential users as possible, Stress-Mentor is available for free. It was previously suggested that health apps
should be low cost in order to ensure their user acceptance (Krebs and Duncan, 2015).
This was confirmed in the presented studies, which revealed that the participants did not
want to pay for Stress-Mentor. The reason they gave for this was that they generally did
not pay to use apps. This indicates that free health apps have the potential to be more
widely distributed, because free apps are generally downloaded more often (AppBrain,
2019). Another aspect is that the app’s content is always available, because once installed,
the content’s presentation is independent of the internet. However, such design decisions
can come at the cost of memory space, which could potentially be perceived as a disadvantage by users (Dennison et al., 2013). Nonetheless, Stress-Mentor only has a size of 104
MB.
The evaluation of Stress-Mentor in user and expert studies showed that the iterative development approach, under consideration of the aforementioned user demands, led to a
high quality product that is accepted by users and experts alike (Chapter 3, 4, and 5).
Including users as well as experts has been suggested as an important approach, because
they provide feedback from different perspectives (Wang et al., 2017).
The results also showed that the concern of the users’ negative attitude of gamification in
stress management apps (Ahtinen et al., 2013) did not hold true. The users of Stress-Mentor approved of its gamified concept and commented positively on the integrated game
elements, especially the avatar. Similarly positive user attitudes were reported for combining gamification with behavior change content in a smoking cessation app (Edwards
et al., 2018). This supports previous reports that showed that users are willing to adopt
gamification into their lives (Spil et al., 2017). The positive view on the app’s concept is
mirrored by user comments from the Google Play Store after Stress-Mentor was published:
“Your app stands out from the ‘usual’ offers and is absolutely brilliant! It is based on a holistic
approach and combines many different instruments for self-perception and stress management. In
addition, it is attractively designed and cleverly combined with a playful and challenging character.
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The app helps me to regularly pay closer attention to my stress management and to keep my personal ‘health diary’. And it is also fun to care for and raise the Elwetritsch (as one should care for
one's inner child) and to reward oneself with nice gimmicks. I have already recommended the app
many times and received only very positive feedback so far.”
The gamified concept of the app was further supported by the results of the study presented in Chapter 4, which investigated Stress-Mentor’s usage behavior. Though previous
research showed that gamification can have positive effects on user compliance of health
apps (Taylor et al., 2019), the presented study was the first investigating how gamification
affects the usage behavior of stress management apps. The results revealed that gamification increased the amount of time the users spent with the app, as well as the number of
performed stress management exercises. This indicates that gamification not only increases the use of a service, it can also increase the exposure to an app’s evidence based
content (Webber et al., 2010). This goes a long way to ensure the app’s effectivity (Cafazzo
et al., 2012).
Overall, the applied experimental approach to the iterative development of Stress-Mentor, allowed for the continuous improvement of the app, as well as for adjustments due
to user demands and expert suggestions. It also enabled the ability to reveal improvements compared to the MVP (see Chapter 3), to investigate the users’ perception of gamification in this context, and to study the effects of gamification on the usage behavior (see
Chapter 4). Moreover, the application of the app’s gamified concept in the context of
chronic pain management tested its applicability in other health contexts (see Chapter 5).

6.2

Ethical, Legal and Social Implications

Notwithstanding Stress-Mentor’s positive evaluation, health app developers need to consider which other factors might influence the usage intention of their applications. For
example, an online survey with Stress-Mentor suggested that intrinsic motivational factors (e.g., subjective stress level and the subjective importance of stress management) have
great impact on both the app’s perceived usefulness and usage intention (Faust-Christmann et al., 2018). This shows that people adopt gamified health apps more easily when
they already have the right attitude towards the change and then use such apps for additional motivation in order to reinforce the desired behaviors (Alahäivälä and Oinas-Kukkonen, 2016). This results in a so-called "prevention dilemma", because risk groups who
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are not aware of the importance of stress management for their own health and well-being
are not willing to use such an app (Faust-Christmann et al., 2018). Extrinsic motivators,
such as loyalty programs from health insurance companies, have been suggested as possible incentives and could lead to the usage of health apps for monetary reasons (Friedel
and Trautvetter, 2011). However, this does not appear to apply in the context of stress
management apps (Faust-Christmann et al., 2018).
Aside from their potential, health apps also generate new security and privacy concerns
(Meingast et al., 2006). These issues pose obstacles to the use of health apps (Rasche et al.,
2018). This is not surprising, considering that health data is often highly sensitive. This
makes the protection of this data all the more important (Kotz, 2011) in order to ensure
the systems acceptability (Guo et al., 2016). This was supported by the comments of users
who tested the MUSE companion app (Chapter 2.3.2). The users made it clear that having
to disclose their personal information online in order to use the app would keep them
from downloading it onto their own device. While only the minority of available health
apps ensure the protection of the user’s health data (e.g., He et al., 2014), Stress-Mentor
meets these demands by only storing the data locally on the smartphone in encrypted
form and not passing the user’s data on to third parties. This is specifically important
when applying the app’s gamified concept in medical contexts (Meingast et al., 2006; Albrecht and Fangerau, 2015; Chan et al., 2015).
On the other hand, patient monitoring remains an important factor for the application
and recommendation of medical apps. However, while experts wish to review their patients’ data in order to monitor their progress, external monitoring also remains an ethical
and legal issue, because it is often unclear who has access to the obtained information
(Olff, 2015). Also, the professionals fear an overload of work due to time limitations (Gagnon et al., 2016), while the patients need to be in control of the collection, recording, distribution, and access to their mHealth data (Kotz, 2011). Leaving the choice of sharing
personal health data up to the user, instead of automatically sharing the data with medical
professionals, could solve these issues (Rosser and Eccleston, 2011).
Besides data privacy, other ethical and legal concerns must also be considered when developing and testing health apps in user trials. Depending on the context, medical product
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laws (MPG, 2019) and general requirements with regard to medical research (World Medical Association, 2013) may have to be met. So far, which codes are followed largely depends on the researchers’ profession. However, it is questionable to what extent these
codes cover the constantly changing field of mobile technologies. Therefore, guidelines
and codes should be developed that are adapted to the specific requirements of mHealth
solutions (e.g., Albrecht and Fangerau, 2015).
Because Stress-Mentor strictly targets prevention in healthy users and aims at promoting
a healthy lifestyle, it does not fall under the medical product laws in Germany (MPG,
2019). However, these laws apply to medical apps that are, for example, designed to support patients in their dealing with a chronic disease in everyday life. This includes PainMentor, which aims at promoting self-efficacy for chronic pain management patients. If
an app has a primarily medical purpose (e.g., it supports the diagnosis or therapy of diseases) it needs to be certified as a medical product. For this, it must undergo a conformity
process. This process does not, however, include the testing of the quality of the app’s
content, its benefit for the user, its usability, or the extent of the app’s data security concept
(MPG, 2019).
Thus, even though reliability, quality, correctness of the content, and minimal error rate
are minimum requirements, there are many apps on the market that do not meet them
(De La Vega and Miró, 2014). As a result, medical professionals and patients have difficulty to identify secure, high quality apps (Institute for Healthcare Informatics, 2013; Boudreaux et al., 2014). A standardized evaluation tool could help to solve this issue (Chan et
al., 2015). The MARS and uMARS scales (Stoyanov et al., 2015; Stoyanov et al., 2016),
which were used to assess Stress-Mentor’s quality in this thesis, are one solution approach
that is more and more often applied. In addition to providing easily interpretable quality
scores, the application of these scales also allowed the observation of improvements between the development stages and helped to identify required adjustments in the presented studies.

6.3

Recommendations for the Development of Gamified Health and Medical

Apps
Aside from the requirements discussed in the Principal Results section and ethical, legal,
and social aspects, a health apps’ accuracy, legitimacy, and security were identified as
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important factors to ensure their acceptance (Dennison et al., 2013). Thus, developers
should ensure that the content of their interventions is evidence-based (Abraham and
Michie, 2008; Cafazzo et al., 2012). This includes the utilization of behavior change techniques, gamification techniques, and context specific aspects (Payne et al., 2016). Here, not
only the number of techniques that are included is important, but also that the chosen
techniques match the app’s context (Johnson et al., 2016).
With regard to gamification, for example, several aspects need to be kept in mind. For
one, the effects of gamification are diverse. Thus, the choice of techniques might differ
depending on the intervention’s target group. While leaderboards, badges, and performance graphs positively affect need satisfaction and perceived task meaningfulness, avatars and narrative context can promote social relatedness (Sailer et al., 2017). Moreover,
not all game elements are equally well suited depending on their application context. For
example, further burdening the user by including time or social pressure is likely counterproductive in the context of stress management (Hoffmann et al., 2017).
Also, in order to ensure the acceptance and usage of interventions, developers should
clearly communicate the content and aim of their apps and provide the user with an easy
way to identify the quality of the intervention (Chan et al., 2015). This includes research
studies targeting the effectiveness and acceptance (e.g., Lee and Jung, 2018), as well as
quality ratings of health apps (e.g., Stoyanov et al., 2016). Moreover, developers should
not take the user’s theoretical opposition to gamification in specific mHealth contexts at
face value. Even though previous research indicated that users did not want gamification
in stress management apps (Ahtinen et al., 2013), it was well received in the user studies
conducted with Stress-Mentor (e.g., Christmann et al. (2018b) and Chapter 4). This shows
that, if implemented in a way that supports the overall goal of the app (Anderson et al.,
2016a), gamification can be accepted and positively influence the users’ compliance.
In line with this, it should be kept in mind that, even though potential consumers often
show high interest in linking gamification with mHealth, they are often unaware of the
value of gamification in the respective contexts (Thorpe and Roper, 2017). App developers
should, therefore, make the functionality and relevance of gamification in health apps
much more clear (Spil et al., 2017). This includes the conductance of user studies targeting
the effects of gamification on usage behaviors and behavior change (Cafazzo et al., 2012;
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González et al., 2016; Taylor et al., 2019). The research presented here is a first step to
communicate the effects of gamification in the context of stress management. It shows
that the gamification of Stress-Mentor is perceived in a generally positive manner and
positively affects the app’s usage. One way to inform the user of the uncovered results is
by addressing them in the app description in the corresponding app store.

6.4

Recommendations for the Use of Wearables in the Stress Management

Context
More and more health apps utilize wearables to achieve their objectives (e.g., Kaushik et
al., 2006). The research presented here indicates that the users of Stress-Mentor were not
generally opposed to the integration of wearables into the app. In fact, many stated that
they want to automatically record their step count with their own smartwatches. This
indicates that the usage of multifunctional wearables and ones that are already in the users’ possession is likely to be accepted. However, the presented results also revealed that
this might not be the case for devices the user has to acquire specifically to promote stress
management. The participants who tested MUSE were unwilling to purchase the device
(see Chapter 2.3.2). A reason for this could be its cost-benefit ratio. Other wearables, such
as fitness bands for example, allow for a multitude of services (e.g., step counting, activity
monitoring, distance and speed tracking, heart rate monitoring, calorie counting, detection of sleep patterns, body temperature and hydration level) (Spil et al., 2017), that are
often applicable in various contexts. This suggests that, if wearables are integrated in a
stress management app, they should be low cost (Hairston and Lawhern, 2015) and support a variety of functionalities. Moreover, they should be adapted to the context and environment of their application, because both convenience and comfort determine whether
a wearable will target niche groups or establish itself as a mainstream solution (Mihajlovic
et al., 2015).
Also, the participants preferred test- and audio-instructed relaxation exercises over those
that rely on neurofeedback. The cause of this could be that the integration of wearables in
order to support stress management exercises through biofeedback creates a dependence.
This disagrees with the users’ need for autonomy (Sax et al., 2018). It is, therefore, questionable how many potential users can be reached with apps that are dependent on one
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specific wearable that users will have to purchase particularly for using the app. In addition, the participants found that the online neurofeedback distracted them from the original meditation task. This agrees with previous findings that indicate that stress management exercises with biofeedback have no immediate effects on subjective relaxation level
in novices (Faust-Christmann et al., 2019). Future studies should, therefore, further investigate how wearables can support active relaxation and to what extent these approaches
are accepted by users.
Furthermore, it was already mentioned that accuracy, legitimacy, and security are important to ensure the user’s trust and encourage mHealth usage (Dennison et al., 2013).
Hence, when integrating wearables, developers should keep in mind that, though more
convenient and easer to come by, the data of commercially available devices can possibly
be intercepted or exposed to third parties (Alahäivälä and Oinas-Kukkonen, 2016). Moreover, they should not blindly trust the provided data if there is no proof of the system’s
reliability and validity, as this can prevent the usage of the intervention (Dennison et al.,
2013). For example, Chapter 2.3.2 suggests that the reliability and validity of the wearable
EEG MUSE depends on its application context and the utilized frequency bands. Similar
observations were made in a previous study (Badcock et al., 2013).
Overall, the results of the conducted studies support the previous assumption that there
are obstacles to the adoption of wearables for health purposes (Mihajlovic et al., 2015).
When deciding which wearables to integrate into health apps, developers should make
sure that the utilized technologies are accessible to people from a multitude of backgrounds and not just a certain age group or a group of enthusiasts (Alahäivälä and OinasKukkonen, 2016). Also, developers should keep in mind that applying wearables in daily
life situations might require the monitoring of contextual information (Mihajlovic et al.,
2015), an aspect that is viewed critically by users (Dennison et al., 2013). In order to ensure
the device’s acceptance by users, it might also be necessary that the wearable is transparent or even invisible (McDowell et al., 2013). To identify and meet the demands that drive
the acceptance and adoption of wearables into stress management interventions it is necessary to include users and other stakeholders into the development process (Mosconi et
al., 2019).
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Limitations and Outlook

Though this thesis shows that gamification in the context of stress management is accepted by users and has positive impact on the usage behavior, it does not address the
app’s effects on stress. The app includes important content, such as stress management
exercises and behavior change techniques that should theoretically ensure its effectiveness. However, so far it remains unclear whether Stress-Mentor does in fact reduce stress
or whether it positively affects the users’ application of stress coping strategies in everyday life. Future studies should investigate this aspect in longitudinal randomized controlled trials. Moreover, it would be interesting to see if and to what extent gamification
might mediate these effects, as gamification often only elicits short-term engagement
(Sardi et al., 2017).
In addition, this thesis shows that Stress-Mentor’s gamification concept can be easily
adapted for the use in other health contexts. However, it has to be kept in mind that the
context of an application has great impact on the effects and acceptance of such technologies (Johnson et al., 2016). Because the requirements differ (Carter et al., 2015), the opinions of experts and users should be obtained in order to disclose areas of improvement
and adaptation when applying Stress-Mentor’s concept in other contexts.
Another aspect that should be taken into account is that, so far, Stress-Mentor is only
available for Android devices. This could lead to a bias in the collected data, because differences between Android and iOS users have been reported, e.g. with respect to income
levels (Smith, 2013). However, with a market share of 78 % in Germany and 76 % worldwide for Android based devices (Statista, 2019b), the results and implications of the presented studies should be somewhat generalizable. Still, it limits Stress-Mentor’s accessibility to some extent. To increase the app’s coverage, it would be essential to extend the
service to iOS and Windows platforms in a next step.

6.6

Conclusion

It has been shown in previous research that gamification can positively affect the usage
of mHealth technologies (e.g., Taylor et al., 2019). However, it remained unclear whether
this held true in the context of stress management apps and how such an approach would
be perceived by users. This thesis shows that the combination of evidence-based content
from behavior change theory, stress management theory, and gamification theory in the
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stress management app Stress-Mentor, is well received by users and experts alike. The
quality, usability, and user experience ratings suggest that the app is accepted. The results
also showed that gamification led to an increased usage of Stress-Mentor, compared to a
control group who received a non-gamified version of the app. Furthermore, the increased number of performed tasks indicates that the app’s gamified concept positively
affects the users’ compliance.
Though gamification resulted in an overall positive outcome, mHealth developers should
critically scrutinize whether they want to link their apps to wearables. Even though users
appear to be open to the usage of such devices, they are not always willing to acquire
them. This appeared to be especially the case if the device was linked to relaxation aimed
online feedback. In fact, the participants stated that they preferred audio- and text-based
instructions for stress management exercises.
Overall, the applied iterative development process of Stress-Mentor resulted in a highquality product that is readily adopted. In addition, the results imply that the use of gamification in Stress-Mentor could increase the app’s effectivity by increasing its usage and,
thus, the user’s contact with the evidence based stress management strategies and behavior change techniques.
The presented research therefore extends the existing literature on the effects of gamification and supports the integration of gamification into stress management apps. Furthermore, it provides insight into important considerations that need to be made when developing health apps, as well as possible solutions to encountered challenges.
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Appendix
Appendix 1: Main effects and interactions for five-factor ANOVA with factors (channel, frequency band, session,
task, and device).

Factors

df1

df2

F

p

Channel
Frequency Band
Session
Task
Device
Channel * Frequency Band
Channel * Session
Frequency Band * Session
Channel * Frequency Band * Session
Channel * Task
Frequency Band * Task
Channel * Frequency Band * Task
Session * Task
Channel * Session * Task
Frequency Band * Session * Task
Channel * Frequency Band * Session * Task
Channel * Device
Frequency Band * Device
Channel * Frequency Band * Device
Session * Device
Channel * Session * Device
Frequency Band * Session * Device
Channel * Frequency Band * Session * Device
Task * Device
Channel * Task * Device
Frequency Band * Task * Device
Channel * Frequency Band * Task * Device
Session * Task * Device
Channel * Session * Task * Device
Frequency Band * Session * Task * Device
Channel * Frequency Band * Session * Task * Device

1.51
1.00
1.00
1.60
1.00
1.21
2.63
1.00
1.70
2.25
1.71
2.05
2.51
4.49
2.48
3.57
2.88
1.00
1.57
1.00
2.37
1.00
1.88
2.32
3.89
1.65
3.88
2.57
4.36
1.97
5.30

27.18
18.00
18.00
28.82
18.00
21.76
47.37
18.00
30.58
40.57
30.74
36.93
45.24
80.87
44.66
64.17
51.83
18.00
28.21
18.00
42.61
18.00
33.78
41.75
69.98
29.76
69.87
46.24
78.51
35.39
95.33

15.45
5.74
0.86
18.33
22.81
36.48
1.23
0.52
0.14
29.37
11.96
3.05
0.66
1.48
0.51
0.55
11.09
9.28
0.31
0.03
0.76
1.81
0.43
45.16
11.03
33.16
11.74
0.47
0.79
0.21
0.93

≤ .001
.03
.37
≤ .001
≤ .001
≤ .001
.31
.48
.84
≤ .001
≤ .001
.06
.56
.21
.65
.68
≤ .001
.007
.69
.88
.49
.20
.64
≤ .001
≤ .001
≤ .001
≤ .001
.68
.55
.81
.47

Appendix 2: t-test results for the interaction channel * frequency band.

t-test pairs
Fp1_alpha - Fp2_alpha
Fp1_alpha - A1_alpha
Fp1_alpha - A2_alpha

t

df

p

Cohen’s d

-1.16
-6.80
-6.07

18
18
18

.26
≤ .001
≤ .001

0.27
1.56
1.39

Sign. after Bonferroni
adjustment
*
*

Partial
η2
.46
.24
.05
.51
.56
.67
.06
.03
.01
.62
.40
.15
.04
.08
.03
.03
.38
.34
.02
.00
.04
.09
.02
.72
.38
.65
.40
.03
.04
.01
.05
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t-test pairs
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t

df

p

Cohen’s d

Fp2_alpha - A1_alpha
Fp2_alpha - A2_alpha
A1_alpha - A2_alpha
Fp1_beta - Fp2_beta
Fp1_beta - A1_beta
Fp1_beta - A2_beta

-6.23
-5.80
-1.07
-0.82
1.27
2.43

18

≤ .001
≤ .001
.30
.43
.22
.03

1.43
1.33

Fp2_beta - A1_beta
Fp2_beta - A2_beta
A1_beta - A2_beta

1.95
3.28
3.85

18
18
18
18
18
18
18
18

Sign. after Bonferroni
adjustment
*
*

0.25
0.19
0.29
0.56
0.45
0.75

.07
.004
.001

*
*

0.88

Appendix 3: t-test results for the interaction channel * task.

t-test pairs

t

df

p

Cohen’s d

Fp1_eyes open - Fp1_eyes closed
Fp1_eyes open - Fp1_brainstorming
Fp1_eyes open - Fp1_breathing
Fp1_eyes closed - Fp1_brainstorming

0.52
1.67
1.09
2.44

18
18
18

.61
.11
.29
.03

0.12
0.38
0.25
0.56

Fp1_eyes closed - Fp1_breathing
Fp1_brainstorming - Fp1_breathing
Fp2_eyes open - Fp2_eyes closed
Fp2_eyes open - Fp2_brainstorming
Fp2_eyes open - Fp2_breathing
Fp2_eyes closed - Fp2_brainstorming

1.04
-0.97
-0.61
0.343
-0.12
2.00

.31
.35
.55
.74
.91
.06

0.24
0.22
0.14
0.08
0.03
0.46

Fp2_eyes closed - Fp2_breathing
A2_eyes open - A2_eyes closed
A2_eyes open - A2_brainstorming
A2_eyes open - A2_breathing
A2_eyes closed - A2_brainstorming
A2_eyes closed - A2_breathing
A2_breathing - A2_brainstorming

0.86
-6.96
-4.59
-5.54
6.94
1.46
4.47

.40
≤ .001
≤ .001
≤ .001
≤ .001
.16
≤ .001

0.20
1.60
1.05
1.27
1.59
0.34

A1_eyes open - A1_eyes closed
A1_eyes open - A1_brainstorming
A1_eyes open - A1_breathing
A1_eyes closed - A1_brainstorming
A1_eyes closed - A1_breathing

-6.75
-4.36
-6.24
5.07
-0.94

A1_brainstorming - A1_breathing

-5.72

18
18
18
18
18
18
18
18
18
18
18
18
18
18
18
18
18
18
18
18

Sign. after Bonferroni
adjustment

*
*
*
*

≤ .001
≤ .001
≤ .001
≤ .001
.36

1.03
1.55
1.00
1.43
1.16
0.22

*
*
*

≤ .001

1.31

*

*
*

Appendix 4: t-test results for the interaction frequency band * task.

t-test pairs
eyes open_alpha - eyes closed_alpha
eyes open_alpha - breathing_alpha

t

df

p

Cohen’s d

-6.75
-5.95

18
18

≤ .001
≤ .001

1.55
1.36

Sign. after Bonferroni
adjustment
*
*
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t-test pairs

Sign. after Bonferroni
adjustment
*

t

df

p

Cohen’s d

eyes open_alpha - brainstorming_alpha
eyes closed_alpha - breathing_alpha

-4.58
0.97

18
18

≤ .001
.34

1.05
0.22

eyes closed_alpha - brainstorming_alpha
breathing_alpha - brainstorming_alpha
eyes open_beta - eyes closed_beta
eyes open_beta - breathing_beta
eyes open_beta - brainstorming_beta
eyes closed_beta - breathing_beta

5.12
4.61
-1.39
-1.07
0.15
0.67

18
18
18
18
18
18

≤ .001
≤ .001
.18
.30
.88
.51

1.17
1.06
0.32
0.25
0.03
0.15

*
*

eyes closed_beta - brainstorming_beta
breathing_beta - brainstorming_beta

3.76
2.26

18
18

.001
.04

0.86
0.52

*

Appendix 5: t-test results for the interaction channel * device.

t-test pairs
wearable_Fp1 - gel-based_Fp1
wearable_Fp2 - gel-based_Fp2
wearable_A1 – gel-based_A1

t
1.51
1.06
8.41

df
18
18
18

p
.15
.30
≤ .001

Cohen’s d
0.35
0.24
1.93

wearable_A2 – gel-based_A2

5.69

18

≤ .001

1.31

Sign. after Bonferroni adjustment

*
*

Appendix 6: t-test results for the interaction frequency band * device.

t-test pairs
wearable_alpha – gel-based_alpha
wearable_beta – gel-based_beta

t

df

p

Cohen’s d

3.55
4.53

18
18

.002
≤ .001

0.81
1.04

Sign. after Bonferroni
adjustment
*
*

Appendix 7: t-test results for the interaction task * device.

t-test pairs
wearable_eyes open – gel-based_eyes open
wearable_eyes closed – gel-based_eyes closed
wearable_breathing – gel-based_breathing
wearable_brainstorming – gel-based_brainstorming

t

df

p

Cohen’s d

-3.59
6.49
6.88
5.55

18
18
18
18

.002
≤ .001
≤ .001
≤ .001

0.82
1.49
1.58
1.27

Sign. after
Bonferroni
adjustment
*
*
*
*

Appendix 8: t-test results for the interaction channel * task * device.

t-test pairs
wearable_eyes open_Fp1 –
gel-based_eyes open_Fp1
wearable_eyes open_Fp2 –
gel-based_eyes open_Fp2
wearable_eyes open_TP9 –
gel-based_eyes open_TP9

t

df

p

Cohen’s d

Sign. after Bonferroni
adjustment

-5.09

18

≤ .001

1.17

*

-5.73

18

≤ .001

1.31

*

3.42

18

.003

0.78

*
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t-test pairs
wearable_eyes open_TP10 –
gel-based_eyes open_TP10
wearable_eyes closed_Fp1 –
gel-based_eyes closed_Fp1
wearable_eyes closed_Fp2 –
gel-based_eyes closed_Fp2
wearable_eyes closed_TP9 –
gel-based_eyes closed_TP9
wearable_eyes closed_TP10 –
gel-based_eyes closed_TP10
wearable_breathing_Fp1 –
gel-based_breathing_Fp1
wearable_breathing_Fp2 –
gel-based_breathing_Fp2
wearable_breathing_TP9 –
gel-based_breathing_TP9
wearable_breathing_TP10 –
gel-based_breathing_TP10
wearable_brainstorming_Fp1 –
gel-based_brainstorming_Fp1
wearable_brainstorming_Fp2 –
gel-based_brainstorming_Fp2
wearable_brainstorming_TP9 –
gel-based_brainstorming_TP9
wearable_brainstorming_TP10 –
gel-based_brainstorming_TP10
wearable_eyes open_Fp1 –
wearable_eyes open_Fp2
wearable_eyes open_Fp1 –
wearable_eyes open_TP9
wearable_eyes open_Fp1 wearable_eyes open_TP10
wearable_eyes open_Fp2 –
wearable_eyes open_TP9
wearable_eyes open_Fp2 –
wearable_eyes open_TP10
wearable_eyes closed_Fp1 –
wearable_eyes closed_Fp2
wearable_eyes closed_Fp1 –
wearable_eyes closed_TP9
wearable_eyes closed_Fp1 –
wearable_eyes closed_TP10
wearable_eyes closed_Fp2 –
wearable_eyes closed_TP9
wearable_eyes closed_Fp2 –
wearable_eyes closed_TP10

Appendix

t

df

p

Cohen’s d

Sign. after Bonferroni
adjustment

3.86

18

≤ .001

0.89

*

4.06

18

.001

0.93

*

4.04

18

.001

0.93

*

3.02

18

.007

0.69

*

5.16

18

≤ .001

1.18

*

4.93

18

≤ .001

1.13

*

4.62

18

≤ .001

1.06

*

7.99

18

≤ .001

1.83

*

3.00

18

.008

0.69

*

3.58

18

.002

0.82

*

2.77

18

.01

0.64

*

5.86

18

≤ .001

1.34

*

3.55

18

.002

0.81

*

0.41

18

.69

0.09

-1.27

18

.22

0.29

-0.58

18

.57

0.13

-1.54

18

.14

0.35

-0.85

18

.40

0.20

-0.74

18

.47

0.17

-4.68

18

≤ .001

1.07

*

-5.74

18

≤ .001

1.32

*

-3.92

18

≤ .001

0.90

*

-4.93

18

≤ .001

1.13

*
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t-test pairs
wearable_eyes closed_TP9 –
wearable_eyes closed_TP10
wearable_breathing_Fp1 –
wearable_breathing_Fp2
wearable_breathing_Fp1 –
wearable_breathing_TP9
wearable_breathing_Fp1 –
wearable_breathing_TP10
wearable_breathing_Fp2 –
wearable_breathing_TP9
wearable_breathing_Fp2 –
wearable_breathing_TP10
wearable_breathing_TP9 –
wearable_breathing_TP10
wearable_brainstorming_Fp1 –
wearable_brainstorming_Fp2
wearable_brainstorming_Fp1 –
wearable_brainstorming_TP9
wearable_brainstorming_Fp1 –
wearable_brainstorming_TP10
wearable_brainstorming_Fp2 –
wearable_brainstorming_TP9
wearable_brainstorming_Fp2 –
wearable_brainstorming_TP10
wearable_brainstorming_TP9 –
wearable_brainstorming_TP10
gel-based_eyes open_Fp1 –
gel-based_eyes open_Fp2
gel-based_eyes open_Fp1 –
gel-based_eyes open_TP9
gel-based_eyes open_Fp1 –
gel-based_eyes open_TP10
gel-based_eyes open_Fp2 –
gel-based_eyes open_TP9
gel-based_eyes open_Fp2 –
gel-based_eyes open_TP10
gel-based_eyes open_TP9 –
gel-based_eyes open_TP10
gel-based_eyes closed_Fp1 –
gel-based_eyes closed_Fp2
gel-based_eyes closed_Fp1 –
gel-based_eyes closed_TP9
gel-based_eyes closed_Fp1 –
gel-based_eyes closed_TP10
gel-based_eyes closed_Fp2 –
gel-based_eyes closed_TP9

147
Sign. after Bonferroni
adjustment

t

df

p

Cohen’s d

-0.82

18

.42

0.19

-0.54

18

.60

0.12

-6.64

18

≤ .001

1.52

*

-4.78

18

≤ .001

1.10

*

-5.36

18

≤ .001

1.23

*

-4.48

18

≤ .001

1.03

*

2.13

18

.05

0.49

-0.79

18

.44

0.18

-4.43

18

≤.000

1.02

*

-3.88

18

.001

0.89

*

-2.61

18

.02

0.60

-2.53

18

.02

0.58

-0.08

18

.94

0.02

0.59

18

.56

0.14

4.16

18

.001

0.95

*

4.53

18

≤ .001

1.04

*

3.81

18

.001

0.87

*

4.32

18

≤ .001

0.99

*

3.85

18

.001

0.88

*

-1.70

18

.11

0.39

-7.09

18

≤ .001

1.63

*

-6.24

18

≤ .001

1.43

*

-4.96

18

≤ .001

1.14

*
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t-test pairs
gel-based_eyes closed_Fp2 –
gel-based_eyes closed_TP10
gel-based_eyes closed_TP9 –
gel-based_eyes closed_TP10
gel-based_breathing_Fp1 –
gel-based_breathing_Fp2
gel-based_breathing_Fp1 –
gel-based_breathing_TP9
gel-based_breathing_Fp1 –
gel-based_breathing_TP10
gel-based_breathing_Fp2 –
gel-based_breathing_TP9
gel-based_breathing_Fp2 –
gel-based_breathing_TP10
gel-based_breathing_TP9 –
gel-based_breathing_TP10
gel-based_brainstorming_Fp1 –
gel-based_brainstorming_Fp2
gel-based_brainstorming_Fp1 –
gel-based_brainstorming_TP9
gel-based_brainstorming_Fp1 –
gel-based_brainstorming_TP10
gel-based_brainstorming_Fp2 –
gel-based_brainstorming_TP9
gel-based_brainstorming_Fp2 –
gel-based_brainstorming_TP10
gel-based_brainstorming_TP9 –
gel-based_brainstorming_TP10

Appendix

t

df

p

Cohen’s d

Sign. after Bonferroni
adjustment

-4.61

18

≤ .001

1.06

*

-0.12

18

.90

0.03

-1.94

18

.07

0.44

-7.28

18

≤ .001

1.67

*

-6.12

18

≤ .001

1.40

*

-4.85

18

≤ .001

1.11

*

-4.35

18

≤ .001

1.00

*

0.06

18

.95

0.01

-1.72

18

.10

0.39

-4.45

18

≤ .001

1.02

*

-3.94

18

.001

0.90

*

-2.52

18

.02

0.58

-2.37

18

.03

0.54

-0.33

18

.74

0.08

Appendix 9: t-test results for the interaction frequency band * task * device.

t-test pairs
wearable_eyes open_alpha –
gel-based_eyes open_alpha
wearable_eyes closed_alpha –
gel-based_eyes closed_alpha
wearable_breathing_alpha –
gel-based_breathing_alpha
wearable_brainstorming_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_alpha –
wearable_eyes closed_alpha
wearable_eyes open_alpha –
wearable_breathing_alpha

Sign. after Bonferroni
adjustment

t

df

p

Cohen’s d

-1.60

18

.13

0.37

-2.87

18

.01

0.66

-3.47

18

.003

0.80

*

-4.10

18

.001

0.94

*

-3.09

18

.006

0.71

*

-2.85

18

.01

0.65
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t-test pairs
wearable_eyes open_alpha –
wearable_brainstorming_alpha
wearable_eyes closed_alpha –
wearable_breathing_alpha
wearable_eyes closed_alpha –
wearable_brainstorming_alpha
wearable_breathing_alpha –
wearable_brainstorming_alpha
gel-based_eyes open_alpha –
gel-based_eyes closed_alpha
gel-based_eyes open_alpha –
gel-based_breathing_alpha
gel-based_eyes open_alpha –
gel-based_brainstorming_alpha
gel-based_eyes closed_alpha –
gel-based_breathing_alpha
gel-based_eyes closed_alpha –
gel-based_brainstorming_alpha
gel-based_breathing_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
gel-based_eyes open_beta
wearable_eyes closed_beta –
gel-based_eyes closed_beta
wearable_breathing_beta –
gel-based_breathing_beta
wearable_brainstorming_beta –
gel-based_brainstorming_beta
wearable_eyes open_beta –
wearable_eyes closed_beta
wearable_eyes open_beta –
wearable_breathing_beta
wearable_eyes open_beta –
wearable_brainstorming_beta
wearable_eyes closed_beta –
wearable_breathing_beta
wearable_eyes closed_beta –
wearable_brainstorming_beta
wearable_breathing_beta –
wearable_brainstorming_beta
gel-based_eyes open_beta –
gel-based_eyes closed_beta
gel-based_eyes open_beta –
gel-based_breathing_beta
gel-based_eyes open_beta –
gel-based_brainstorming_beta
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Sign. after Bonferroni
adjustment

t

df

p

Cohen’s d

-2.62

18

.02

0.60

1.11

18

.28

0.25

0.89

18

.39

0.20

0.44

18

.67

0.10

-3.70

18

.002

0.85

*

-3.56

18

.002

0.82

*

-3.20

18

.005

0.73

*

0.27

18

.79

0.06

1.37

18

.19

0.32

1.01

18

.33

0.23

-2.03

18

.06

0.47

0.99

18

.33

0.23

0.62

18

.55

0.14

2.23

18

.04

0.51

-0.11

18

.91

0.03

0.56

18

.58

0.13

-0.86

18

.40

0.20

0.74

18

.47

0.17

-0.84

18

.41

0.19

-4.41

18

≤ .001

1.01

*

3.17

18

.005

0.73

*

2.89

18

.001

0.66

*

2.75

18

.01

0.63
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t-test pairs
gel-based_eyes open_beta –
gel-based_brainstorming_beta
gel-based_eyes closed_beta –
gel-based_breathing_beta
gel-based_eyes closed_beta –
gel-based_brainstorming_beta
gel-based_breathing_beta –
gel-based_brainstorming_beta

t

df

p

Cohen’s d

-0.05

18

.96

0.01

-1.30

18

.21

0.30

-1.49

18

.16

0.34

-1.60

18

.13

0.37

Sign. after Bonferroni
adjustment

Appendix 10: Main effects and interactions revealed by the ANOVAs for the four channels.

ANOVA

Fp1

Fp2

A2

Factors

df1

df2

F

p

Frequency Band
Session
Task
Device
Frequency Band * Session
Frequency Band * Task
Session * Task
Frequency Band * Session * Task
Frequency Band * Device
Session * Device
Frequency Band * Session * Device
Task * Device
Frequency Band * Task * Device
Session * Task * Device
Frequency Band * Session * Task * Device
Frequency Band
Session
Task
Device
Frequency Band * Session
Frequency Band * Task
Session * Task
Frequency Band * Session * Task
Frequency Band * Device
Session * Device
Frequency Band * Session * Device
Task * Device
Frequency Band * Task * Device
Session * Task * Device
Frequency Band * Session * Task * Device
Frequency Band

1.00
1.00
1.65
1.00
1.00
1.54
1.93
1.79
1.00
1.00
1.00
2.02
1.64
2.19
2.13
1.00
1.00
1.86
1.00
1.00
1.57
2.65
2.23
1.00
1.00
1.00
2.40
1.63
2.66
2.31
1.00

18.00
18.00
29.78
18.00
18.00
27.71
34.75
32.17
18.00
18.00
18.00
36.44
29.55
39.38
38.39
18.00
18.00
33.48
18.00
18.00
28.33
47.78
40.13
18.00
18.00
18.00
43.25
29.40
47.91
41.65
18.00

57.95
3.16
1.50
2.29
0.70
5.78
0.44
0.84
1.67
0.35
0.90
38.87
24.42
0.07
1.13
60.39
1.31
0.48
1.13
0.17
2.21
0.34
0.34
1.39
0.08
0.01
39.38
24.75
1.36
0.66
6.80

≤ .001
.09
.24
.15
.41
.01
.64
.43
.21
.56
.36
≤ .001
≤ .001
.95
.34
≤ .001
.27
.61
.30
.68
.14
.77
.74
.25
.78
.93
≤ .001
≤ .001
.27
.54
.02

Partial
η2
.76
.15
.08
.11
.04
.24
.02
.04
.09
.02
.05
.68
.58
.00
.06
.77
.07
.03
.06
.01
.11
.02
.02
.07
.00
.00
.69
.58
.07
.04
.27
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Factors

df1

df2

F

p

Session
Task
Device
Frequency Band * Session
Frequency Band * Task
Session * Task
Frequency Band * Session * Task
Frequency Band * Device
Session * Device
Frequency Band * Session * Device
Task * Device
Frequency Band * Task * Device
Session * Task * Device
Frequency Band * Session * Task * Device
Frequency Band
Session
Task
Device
Frequency Band * Session
Frequency Band * Task
Session * Task
Frequency Band * Session * Task
Frequency Band * Device
Session * Device
Frequency Band * Session * Device
Task * Device
Frequency Band * Task * Device
Session * Task * Device
Frequency Band * Session * Task * Device

1.00
1.54
1.00
1.00
1.49
2.44
2.41
1.00
1.00
1.00
2.50
2.55
1.96
2.07
1.00
1.00
1.54
1.00
1.00
1.54
2.70
2.70
1.00
1.00
1.00
2.59
2.86
2.38
2.11

18.00
27.78
18.00
18.00
26.77
43.91
43.39
18.00
18.00
18.00
45.07
45.93
35.36
37.34
18.00
18.00
27.67
18.00
18.00
27.63
48.52
48.52
18.00
18.00
18.00
46.55
51.42
42,78
38,04

0.02
32.15
32.36
0.29
11.69
1.03
0.31
9.06
0.35
1.59
1.50
5.68
0.52
0.37
3.35
0.00
34.17
70.68
0.00
9.76
1.39
0.65
4.18
0.76
0.16
4.39
3.01
0.58
0.31

.90
≤ .001
≤ .001
.60
.001
.38
.78
.008
.56
.22
.23
.003
.60
.70
.08
.96
≤ .001
≤ .001
.98
.001
.26
.57
.05
.39
.70
.01
.04
.60
.75

Partial
η2
.00
.64
.64
.02
.39
.05
.02
.33
.02
.08
.08
.24
.03
.02
.16
.00
.65
.80
.00
.35
.07
.03
.19
.04
.01
.20
.14
.03
.02

Appendix 11: t-test results regarding the ANOVA for Fp1 for the interaction device* condition * frequency band.

t-test pairs
wearable_eyes open_alpha –
wearable_eyes closed_alpha
wearable_eyes open_alpha –
wearable_breathing_alpha
wearable_eyes open_alpha –
wearable_brainstorming_alpha
wearable_eyes closed_alpha –
wearable_breathing_alpha
wearable_eyes closed_alpha –
wearable_brainstorming_alpha

t

df

p

Cohen’s d

Sign. after Bonferroni adjustment

-4.24

18

≤ .001

0.97

*

-3.73

18

.002

0.85

*

-3.05

18

.007

0.70

*

0.79

18

.44

0.18

2.97

18

.008

0.68

*
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t-test pairs
wearable_breathing_alpha –
wearable_brainstorming_alpha
gel-based_eyes open_alpha –
gel-based_eyes closed_alpha
gel-based_eyes open_alpha –
gel-based_breathing_alpha
gel-based_eyes open_alpha –
gel-based_brainstorming_alpha
gel-based_eyes closed_alpha –
gel-based_breathing_alpha
gel-based_eyes closed_alpha –
gel-based_brainstorming_alpha
gel-based_breathing_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
wearable_eyes closed_beta
wearable_eyes open_beta –
wearable_breathing_beta
wearable_eyes open_beta –
wearable_brainstorming_beta
wearable_eyes closed_beta –
wearable_breathing_beta
wearable_eyes closed_beta – wearable_brainstorming_beta
wearable_breathing_beta –
wearable_brainstorming_beta
gel-based_eyes open_beta –
gel-based_eyes closed_beta
gel-based_eyes open_beta –
gel-based_breathing_beta
gel-based_eyes open_beta –
gel-based_brainstorming_beta
gel-based_eyes closed_beta –
gel-based_breathing_beta
gel-based_eyes closed_beta –
gel-based_brainstorming_beta
gel-based_breathing_beta –
gel-based_brainstorming_beta
wearable_eyes open_alpha –
gel-based_eyes open_alpha
wearable_eyes closed_alpha –
gel-based_eyes closed_alpha
wearable_breathing_alpha –
gel-based_breathing_alpha
wearable_brainstorming_alpha –
gel-based_brainstorming_alpha
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t

df

p

Cohen’s d

Sign. after Bonferroni adjustment

2.98

18

.008

0.68

*

-1.33

18

.20

0.30

0.05

18

.96

0.01

0.82

18

.43

0.19

1.69

18

.11

0.39

3.14

18

.006

0.72

1.72

18

.10

0.39

-2.76

18

.01

0.63

-2.60

18

.02

0.60

-2.47

18

.02

0.57

0.17

18

.87

0.04

0.95

18

.36

0.22

0.73

18

.47

0.17

4.03

18

.001

0.92

*

4.55

18

≤ .001

1.04

*

4.16

18

.001

0.95

*

1.17

18

.26

0.27

0.98

18

.34

0.23

-0.55

18

.59

0.13

-2.36

18

.03

0.54

1.41

18

.18

0.32

2.12

18

.05

0.49

1.57

18

.13

0.36

*

Appendix
t-test pairs
wearable_eyes open_beta –
gel-based_eyes open_beta
wearable_eyes closed_beta –
gel-based_eyes closed_beta
wearable_breathing_beta –
gel-based_breathing_beta
wearable_brainstorming_beta –
gel-based_brainstorming_beta
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t

df

p

Cohen’s d

Sign. after Bonferroni adjustment

-4.47

18

≤ .001

1.02

*

4.50

18

≤ .001

1.03

*

5.86

18

≤ .001

1.34

*

3.51

18

.002

0.81

*

Appendix 12: t-test results regarding the ANOVA for Fp2 for the interaction device* condition * frequency band.

t-test pairs
wearable_eyes open_alpha –
wearable_eyes closed_alpha
wearable_eyes open_alpha –
wearable_breathing_alpha
wearable_eyes open_alpha –
wearable_brainstorming_alpha
wearable_eyes closed_alpha –
wearable_breathing_alpha
wearable_eyes closed_alpha –
wearable_brainstorming_alpha
wearable_breathing_alpha –
wearable_brainstorming_alpha
gel-based_eyes open_alpha –
gel-based_eyes closed_alpha
gel-based_eyes open_alpha –
gel-based_breathing_alpha
gel-based_eyes open_alpha –
gel-based_brainstorming_alpha
gel-based_eyes closed_alpha –
gel-based_breathing_alpha
gel-based_eyes closed_alpha –
gel-based_brainstorming_alpha
gel-based_breathing_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
wearable_eyes closed_beta
wearable_eyes open_beta –
wearable_breathing_beta
wearable_eyes open_beta –
wearable_brainstorming_beta
wearable_eyes closed_beta –
wearable_breathing_beta

t

df

p

Cohen’s d

Sign. after Bonferroni adjustment

-5.62

18

≤ .001

1.29

*

-4.98

18

≤ .001

1.14

*

-3.33

18

.004

0.76

*

0.79

18

.44

0.18

2.14

18

.05

0.49

1.86

18

.08

0.43

-2.24

18

.04

0.51

-0.93

18

.37

0.21

-0.41

18

.69

0.09

1.95

18

.07

0.45

2.25

18

.04

0.52

0.93

18

.37

0.21

-4.30

18

≤ .001

0.99

*

-3.60

18

.002

0.83

*

-2.25

18

.04

0.52

0.29

18

.78

0.07
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t-test pairs
wearable_eyes closed_beta –
wearable_brainstorming_beta
wearable_breathing_beta –
wearable_brainstorming_beta
gel-based_eyes open_beta –
gel-based_eyes closed_beta
gel-based_eyes open_beta –
gel-based_breathing_beta
gel-based_eyes open_beta –
gel-based_brainstorming_beta
gel-based_eyes closed_beta –
gel-based_breathing_beta
gel-based_eyes closed_beta –
gel-based_brainstorming_beta
gel-based_breathing_beta –
gel-based_brainstorming_beta
wearable_eyes open_alpha –
gel-based_eyes open_alpha
wearable_eyes closed_alpha –
gel-based_eyes closed_alpha
wearable_breathing_alpha –
gel-based_breathing_alpha
wearable_brainstorming_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
gel-based_eyes open_beta
wearable_eyes closed_beta –
gel-based_eyes closed_beta
wearable_breathing_beta –
gel-based_breathing_beta
wearable_brainstorming_beta –
gel-based_brainstorming_beta

Sign. after Bonferroni adjustment

t

df

p

Cohen’s d

0.79

18

.44

0.18

0.40

18

.70

0.09

3.50

18

.003

0.80

*

3.72

18

.002

0.85

*

3.60

18

.002

0.83

*

0.77

18

.45

0.18

0.75

18

.46

0.17

-0.04

18

.97

0.01

-2.77

18

.01

0.64

0.51

18

.62

0.12

1.52

18

.15

0.35

0.45

18

.66

0.10

-4.88

18

≤ .001

1.12

*

5.03

18

≤ .001

1.15

*

4.81

18

≤ .001

1.10

*

2.93

18

.009

0.67

*

*

Appendix 13: t-test results regarding the ANOVA for A1 for the interaction device* condition * frequency band.

t-test pairs
wearable_eyes open_alpha –
wearable_eyes closed_alpha
wearable_eyes open_alpha –
wearable_breathing_alpha
wearable_eyes open_alpha –
wearable_brainstorming_alpha
wearable_eyes closed_alpha –
wearable_breathing_alpha

t

df

p

Cohen’s d

Sign. after Bonferroni adjustment

-6.42

18

≤ .001

1.47

*

-6.08

18

≤ .001

1.39

*

-4.75

18

≤ .001

1.09

*

-1.55

18

.14

0.36
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t-test pairs
wearable_eyes closed_alpha –
wearable_brainstorming_alpha
wearable_breathing_alpha –
wearable_brainstorming_alpha
gel-based_eyes open_alpha –
gel-based_eyes closed_alpha
gel-based_eyes open_alpha –
gel-based_breathing_alpha
gel-based_eyes open_alpha –
gel-based_brainstorming_alpha
gel-based_eyes closed_alpha –
gel-based_breathing_alpha
gel-based_eyes closed_alpha –
gel-based_brainstorming_alpha
gel-based_breathing_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
wearable_eyes closed_beta
wearable_eyes open_beta –
wearable_breathing_beta
wearable_eyes open_beta –
wearable_brainstorming_beta
wearable_eyes closed_beta –
wearable_breathing_beta
wearable_eyes closed_beta –
wearable_brainstorming_beta
wearable_breathing_beta –
wearable_brainstorming_beta
gel-based_eyes open_beta –
gel-based_eyes closed_beta
gel-based_eyes open_beta –
gel-based_breathing_beta
gel-based_eyes open_beta –
gel-based_brainstorming_beta
gel-based_eyes closed_beta –
gel-based_breathing_beta
gel-based_eyes closed_beta –
gel-based_brainstorming_beta
gel-based_breathing_beta –
gel-based_brainstorming_beta
wearable_eyes open_alpha –
gel-based_eyes open_alpha
wearable_eyes closed_alpha –
gel-based_eyes closed_alpha
wearable_breathing_alpha –
gel-based_breathing_alpha
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t

df

p

Cohen’s d

Sign. after Bonferroni adjustment

3.88

18

.001

0.89

*

4.96

18

≤ .001

1.14

*

-6.02

18

≤ .001

1.38

*

-6.10

18

≤ .001

1.40

*

-4.47

18

≤ .001

1.02

*

1.06

18

.30

0.24

5.50

18

≤ .001

1.26

*

4.68

18

≤ .001

1.07

*

-3.63

18

.002

0.83

*

-4.46

18

≤ .001

1.02

*

-2.71

18

.01

0.62

-1.59

18

.13

0.37

2.05

18

.06

0.47

3.87

18

.001

0.89

-2.62

18

.02

0.60

-2.22

18

.04

0.51

-0.95

18

.36

0.22

0.78

18

.45

0.18

4.40

18

≤ .001

1.01

*

3.40

18

.003

0.78

*

4.37

18

≤ .001

1.00

*

1.36

18

.19

0.31

4.47

18

≤ .001

1.03

*

*
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t-test pairs
wearable_brainstorming_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
gel-based_eyes open_beta
wearable_eyes closed_beta –
gel-based_eyes closed_beta
wearable_breathing_beta –
gel-based_breathing_beta
wearable_brainstorming_beta –
gel-based_brainstorming_beta
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Sign. after Bonferroni adjustment

t

df

p

Cohen’s d

2.52

18

.02

0.58

2.13

18

.05

0.49

4.25

18

≤ .001

0.98

*

8.54

18

≤ .001

1.96

*

7.89

18

≤ .001

1.81

*

Appendix 14: t-test results regarding the ANOVA for A2 for the interaction device* condition * frequency band.

t-test pairs
wearable_eyes open_alpha –
wearable_eyes closed_alpha
wearable_eyes open_alpha –
wearable_breathing_alpha
wearable_eyes open_alpha –
wearable_brainstorming_alpha
wearable_eyes closed_alpha –
wearable_breathing_alpha
wearable_eyes closed_alpha –
wearable_brainstorming_alpha
wearable_breathing_alpha –
wearable_brainstorming_alpha
gel-based_eyes open_alpha –
gel-based_eyes closed_alpha
gel-based_eyes open_alpha –
gel-based_breathing_alpha
gel-based_eyes open_alpha –
gel-based_brainstorming_alpha
gel-based_eyes closed_alpha –
gel-based_breathing_alpha
gel-based_eyes closed_alpha –
gel-based_brainstorming_alpha
gel-based_breathing_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
wearable_eyes closed_beta
wearable_eyes open_beta –
wearable_breathing_beta
wearable_eyes open_beta –
wearable_brainstorming_beta

t

df

p

Cohen’s d

Sign. after
Bonferroni
adjustment

-6.75

18

≤ .001

1.55

*

-5.14

18

≤ .001

1.18

*

-5.01

18

≤ .001

1.15

*

1.07

18

.30

0.25

5.09

18

≤ .001

1.17

*

3.50

18

.003

0.80

*

-5.69

18

≤ .001

1.31

*

-5.55

18

≤ .001

1.27

*

-4.43

18

≤ .001

1.02

*

0.94

18

.36

0.22

4.85

18

≤ .001

1.11

*

3.93

18

.001

0.90

*

-5.57

18

≤ .001

1.28

*

-3.94

18

.001

0.90

*

-3.32

18

.004

0.76

*
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t-test pairs
wearable_eyes closed_beta –
wearable_breathing_beta
wearable_eyes closed_beta –
wearable_brainstorming_beta
wearable_breathing_beta –
wearable_brainstorming_beta
gel-based_eyes open_beta –
gel-based_eyes closed_beta
gel-based_eyes open_beta –
gel-based_breathing_beta
gel-based_eyes open_beta –
gel-based_brainstorming_beta
gel-based_eyes closed_beta –
gel-based_breathing_beta
gel-based_eyes closed_beta –
gel-based_brainstorming_beta
gel-based_breathing_beta –
gel-based_brainstorming_beta
wearable_eyes open_alpha –
gel-based_eyes open_alpha
wearable_eyes closed_alpha –
gel-based_eyes closed_alpha
wearable_breathing_alpha –
gel-based_breathing_alpha
wearable_brainstorming_alpha –
gel-based_brainstorming_alpha
wearable_eyes open_beta –
gel-based_eyes open_beta
wearable_eyes closed_beta –
gel-based_eyes closed_beta
wearable_breathing_beta –
gel-based_breathing_beta
wearable_brainstorming_beta –
gel-based_brainstorming_beta
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Sign. after
Bonferroni
adjustment

t

df

p

Cohen’s d

1.28

18

.22

0.29

5.05

18

≤ .001

1.16

2.44

18

.03

0.56

-2.64

18

.02

0.60

-2.10

18

.05

0.48

-0.72

18

.48

0.17

1.17

18

.26

0.27

5.60

18

≤.000

1.28

*

3.62

18

.002

0.83

*

4.37

18

≤ .001

1.00

*

2.17

18

.04

0.50

1.28

18

.22

0.29

1.17

18

.26

0.27

2.81

18

.01

0.64

*

7.69

18

≤ .001

1.76

*

4.81

18

≤ .001

1.10

*

6.09

18

≤ .001

1.40

*

*
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Appendix 15: Statements and their respective rating scales that were filled out after each exercise for assessment.

Questions for All Exercises
Question

The exercise instructions were
easy to follow
It was easy for me to perform
the exercise
I enjoyed the exercise
The audio recording is of good
general quality
The music is pleasant

1
(strongly
disagree)

2
(somewhat
disagree)







Rating
3
(neutral)

4
(somewhat
agree)

5
(strongly
agree)













































Additional Questions for Exercises with Audio Instructions (PMR, Mindfulness Meditation, Breathing)
Question
Rating
1
2
3
4
5
(strongly
(somewhat
(neutral)
(somewhat
(strongly
disagree)
disagree)
agree)
agree)
The speakers voice is pleasant











The speakers voice is understandable at all times











The speed of speech is too fast
The speed of speech is too slow
















Appendix 16: Statements and their respective rating scales that were filled out at the end of the study for assessment.

Questions for All Exercises
Question

I enjoyed the exercise “meditation”
I enjoyed the exercise “guided
imagery”
I enjoyed the exercise “breathing”
I enjoyed the exercise “progressive muscle relaxation”

1
(strongly
disagree)

2
(somewhat
disagree)







Rating
3
(neutral)

4
(somewhat
agree)

5
(strongly
agree)
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Questions for All Exercises

Question

I enjoyed the exercise “music”
It was easy to perform the exercise “meditation”
It was easy to perform the exercise “guided imagery”
It was easy to perform the exercise “breathing”
It was easy to perform the exercise “progressive muscle relaxation”
It was easy to perform the exercise “music”

1
(strongly
disagree)

2
(somewhat
disagree)







Rating
3
(neutral)

4
(somewhat
agree)

5
(strongly
agree)























































Appendix 17: List of gamification techniques according to Hoffmann et al. (2017) and how they are realized within
Stress-Mentor.

Gamification Technique
(Hoffmann et al 2017)

Included

Economic
Marketplace and economies



Digital rewards



Real world prizes
Social

-

Avatar



Agent



Competition
Teams
Parallel communication systems
Social pressure
Performance-oriented

-

Feedback



Levels



Secondary game objectives



Ranks of achievement

-

Realization within Stress-Mentor
Shop, currency
Badges, points, positive appearance of avatar
in accordance to behaviors that meet the
health recommendations
Bird-like cartoon animal (Elwetritsch) that reflects the user’s behavior
Wise owl that guides the user through the app
and provides information
Badges, color coding of diary entries, diary
overview diagram, progress bars
Avatar development, increasingly difficult
tasks with progression in app
Make avatar look as healthy as possible, learn
as many different stress management techniques as possible, try to achieve all badges
-
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Gamification Technique

Included

(Hoffmann et al 2017)

Leaderboards
Time pressure
Embedding-focused

-

Narrative context



3-D environments

-

Realization within Stress-Mentor
Responsibility for rearing the avatar, avatar
grows with user’s progress
-

Appendix 18: List of behavior change techniques according to Abraham and Michie (2008) and how they are realized within Stress-Mentor.

Behavior Change Technique
(Abraham and Michie 2008)

Included

1. Provide information about
behavior health link



2. Provide information on consequences
3. Provide information about
others’ approval



4. Prompt intention formation



5. Prompt barrier identification
6. Provide general encouragement

-

-



Realization within Stress-Mentor
Health information for every diary category, e.g. how
much caffeine should be consummated at the most;
agent provides tips on stress and stress management
Information about stress is linked to nutrition, regular
exercise, emotions and the appraisal of events
Every day the user can choose 1 out of 3 stress management tasks which he or she wants to accomplish
today
Praise at the end of the tasks; agent provides motivational quotes
Task difficulty increases within the different categories, e.g. relaxation exercises start with detailed audio
instructions, followed by shortened audio versions
and expert versions with text instructions. By completing the easy tasks more difficult tasks will be
available in future sessions
Multiple types of instruction are used: text, audio files,
multiple choice quizzes, and photos

7. Set graded tasks



8. Provide instruction



9. Model or demonstrate the
behavior
10. Prompt specific goal setting
11. Prompt review of behavioral goals
12. Prompt self-monitoring of
behavior



Avatar reflects user's behavior through its appearance



Task for setting identifying priorities and goals; task
of the day and task of the week feature

13. Provide feedback on performance



-

-



Every day the user fills out a diary to monitor stress
related behaviors
The user’s knowledge about stress management, irrational ideas and health is tested in quiz tasks with direct appraisal; traffic-light coloring of the diary entries
provides feedback on whether health recommendations are met, development of the avatar reflects user's
progress

Appendix
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Behavior Change Technique
(Abraham and Michie 2008)

Included

Realization within Stress-Mentor

14. Provide contingent rewards



Badges reward for behavior that meets health recommendations and contingent usage of the app; user receives coins for diary entries, tasks and stress checklist

15. Teach to use prompts or
cues



Embedded in the tasks for time management and relaxation, e.g. short breathing exercises can be performed each time before answering the phone

16. Agree on behavioral contract



User must agree to a behavioral contract with the
agent in order to take over responsibility of rearing
the avatar

17. Prompt practice



Reminders to complete the tasks of the day and tasks
of the week

18. Use follow-up prompts



19. Provide opportunities for
social comparison
20. Plan social support or social change
21. Prompt identification as a
role model
22. Prompt self-talk



Four weeks after finishing the intervention the avatar
sends a postcard reminding the user of the learned exercises
The photobook provides the opportunity to share pictures of the avatar with others
Separate task category, e.g. the user is asked to integrate help from friends and family in his daily life


-

-



Used within some relaxation exercise

23. Relapse prevention

-

24. Stress management



25. Motivational interviewing

-

26. Time management



Task categories comprise relaxation methods, time
management, revealing and refuting irrational ideas,
assertiveness training, planning social support, general knowledge about stress management, euthymic
methods, and physical tasks for muscle relaxation and
stress relief
Separate task category which teaches effective planning and to set priorities

Appendix 19: Means (M), standard deviations (SD), and statistical values of Mann-Whitney-U tests for uMARS
ratings of the control group (CG) and the experimental group (EG) of Stress-Mentor by item. The new alpha level
is set at .01 according to the Bonferroni correction method.

uMARS Sub-Category
Engagement
Functionality
Aesthetics
Information

M CG

M EG

SD CG

SD EG

U

p

r

3.90
4.54
4.35
4.37

4.20
4.74
4.62
4.42

0.61
0.47
0.46
0.39

0.57
0.29
0.41
0.48

291.50
293.50
251.50
367.50

.07
.06
.01
.53

0.03
0.03
0.04
0.01
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Appendix 20: Means (M), standard deviations (SD), and statistical values of Mann-Whitney-U tests for uMARS
ratings of the control group (CG) and the experimental group (EG) of Stress-Mentor by item. The new alpha level
is set at .025 according to the Bonferroni correction method.

Category

Engagement

Functionality

Aesthetics

Information

Item

M CG

M EG

SD CG

SD EG

U

p

r

Entertainment

3.93

4.10

0.94

0.90

364.50

.49

0.09

Interest

4.18

4.38

0.86

0.68

361.50

.45

0.10

Customization

3.68

4.00

1.19

1.04

347.00

.32

0.13

Interactivity

3.18

3.79

1.06

1.01

264.00

.02

0.31

Target Group

4.57

4.48

0.63

0.79

396.00

.91

0.03

Performance

4.75

4.79

0.52

0.56

379.00

.65

0.09

Ease of Use

4.46

4.62

0.64

0.62

347.50

.33

0.14

Navigation

4.36

4.48

0.56

0.57

357.00

.43

0.12

Gestural Design

4.61

4.79

0.74

0.49

358.50

.29

0.14

Layout

4.61

4.66

0.57

0.72

366.00

.47

0.11

Graphics

4.5

4.72

0.64

0.59

322.00

.13

0.22

Visual Appeal

3.93

4.34

0.66

0.67

275.00

.03

0.30

Quality of Information

4.32

4.45

0.61

0.63

358.50

.45

0.11

Quantity of Information

4.54

4.48

0.58

0.57

385.00

.75

0.05

Visual Information

4.07

4.38

1.09

0.98

324.50

.15

0.19

Credibility of Source

4.50

4.38

0.58

1.02

405.50

.99

0.00

4.00

4.38

0.94

0.94

308.50

.09

0.22

Amount of Uses

4.36

4.55

1.16

0.99

361.50

.38

0.12

Willingness to Pay

2.54

3.00

1.40

1.56

335.00

.25

0.15

Overall Star Rating

3.89

4.21

0.63

0.90

293.00

.06

0.26

Awareness

3.64

3.83

1.25

1.20

367.50

.54

0.09

Knowledge

3.36

3.90

1.10

1.01

285.50

.04

0.27

Attitudes

3.04

3.45

1.35

1.45

334.50

.25

0.15

Intention to Change

3.32

3.93

1.19

1.31

269.00

.02

0.30

Helps Seeking

3.36

3.28

1.28

1.36

393.00

.84

0.03

Behavior Change

4.11

3.93

0.88

1.03

373.50

.59

0.07

Recommendation to
Others
Subjective Quality

Perceived Impact
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Appendix 21: List of additional questions for the semi-structured expert interview.

Question

1.

Do you think the app would appeal to patients?

2.

Did you like the gamification concept?

3.

Did the app meet your expectations?

4.

How useful is the diary?

5.

How useful is the symptoms checklist?

6.

How useful is the concept of the daily exercises?

7.

How useful is it to apply the app in addition to therapy?

8.

What do you think could keep patients from using the app?

Answer options
N/A I cannot assess this
1 definitely not
2 rather not
3 probably
4 very likely
5 of course
N/A I cannot assess this
1 not at all
2 a little
3 so/so
4 mostly
5 completely
N/A I cannot assess this
1 not at all
2 a little
3 so/so
4 mostly
5 completely
N/A I cannot assess this
1 not at all
2 not useful
3 so/so
4 mostly
5 very
N/A I cannot assess this
1 not at all
2 not useful
3 so/so
4 mostly
5 very
N/A I cannot assess this
1 not at all
2 not useful
3 so/so
4 mostly
5 very
N/A I cannot assess this
1 not at all
2 not useful
3 so/so
4 mostly
5 very

164

Appendix

Appendix 22: Means (M) and standard deviations (SD) of the experts’ ratings for each category of the MARS questionnaire.

MARS Category
General app quality
Subjective Quality
App specific
Engagement

M
4.51
4.51
4.27
4.32

SD
0.54
0.31
0.76
0.62

Functionality
Aesthetics
Information

4.73
4.45
4.53

0.50
0.56
0.49

Appendix 23: Listed are the questions at least one expert felt unable to assess and the number of experts that were
unable to assess each of these questions.

Question
Customization
Navigation
Goals
Information quantity
Attitudes
Intention to change
Awareness
Interactivity
Gestural design
Behavior change

N
1
1
1
1
1
1
2
3
5
6
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