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Investigating the impact of personalized treatment
goals on engagement levels of SMI patients with an

mHealth tool: a pilot study
Jordi M.A. van Heugten1, Lorenzo J. James1, Pieter M.E. Van Gorp1, Raoul C.Y. Nuijten1, and Lily E. Frank1

ABSTRACT

Abstract—Monitoring patients with severe mental illness (SMI)
has become a major challenge in mental healthcare. Mobile
health (mHealth) tools are more regularly used in a wide range of
mental health domains to assess and monitor patients, potentially
increasing patient’s engagement. Recent results have shown that
tailored approaches provide even better results than generic
approaches. However, we still lack empirical evidence in the SMI
setting. More specifically, it remains unclear how personalized
goals, which are critical from a treatment point of view, affect
engagement. Therefore, this pilot study aims to evaluate the
impact of personalized treatment goals on engagement levels of
SMI patients with an mHealth tool. We designed a two-period
two-arm within-subject crossover study in which 4 participants
were exposed to personalized and non-personalized behavioral
goals. It was found that personalized behavioral goals did not
have a significant impact on engagement levels, as compared to
non-personalized behavioral goals. Additionally, we argued that
the goal difficulty might be key when personalizing treatment
goals within an mHealth tool. Personalization seems particularly
promising when it focuses on dynamically challenging goals for
an individual over an extended period of time, balancing the
right combination of goals to get a patient into flow.

Index Terms—mHealth, personalization, goal setting, engage-
ment, severe mental illness, FACT.

I. INTRODUCTION

In recent decades, the number of people who suffer from
mental health problems has grown significantly in the Nether-
lands. Research has shown that more than 40% of the general
population will experience one or more mental disorders in
their entire lifetime [1]. Individuals who experience mental
disorders for an extended period of time (i.e., at least several
years) and who have serious limitations in social and societal
functioning, are considered to suffer from a severe mental
illness (SMI) [2, 3]. It is estimated that approximately 20%
of these individuals are at high risk of relapse and hospital
readmission [4]. Nevertheless, the majority of the SMI patients
are living independently. To prevent social and societal prob-
lems, continuous coordination of SMI patients by healthcare
professionals is crucial [5]. Therefore, the Dutch Institute of
Mental Health and Addiction Care devised Flexible Assertive
Community Treatment (FACT), with the aim to treat and
support patients with continuity in their own environment

1Jordi van Heugten, Lorenzo James, Pieter Van Gorp, Raoul Nuijten, and
Lily Frank are with Department of Industrial Engineering and Innovation Sci-
ences at Eindhoven University of Technology, The Netherlands (corresponding
author: l.j.james@tue.nl)

in order to decrease admissions and to prevent dropping
out of care [2]. During FACT, patients are regularly visited
by their case manager (i.e., a healthcare professional), who
continuously evaluates and monitors the risk of relapse [2].
These case managers are also responsible for co-designing the
treatment outcome goals together with the patients, which are
documented in a patient’s personal treatment plan [3].

Since the majority of SMI patients are living independently,
it has become difficult for case managers to monitor these
patients and provide coordinated care. The mental health
sector faces a shortage of staff and limited budgets, making it
impossible to continuously approach and treat these patients
individually at increasing scale [3, 6]. Moreover, due to the
recent COVID-19 pandemic, delivery of care at home was
not even possible for a while [7]. As a result, patients may
not receive the care and treatment they need as there is no
effective way for a case manager to monitor the patient [8]. In
turn, patients are reportedly disengaged with their treatment,
potentially as a result of a poor fit between the patient and
their assigned treatment [9]. Even now, there are no effective
digital tools to help case managers monitor their patients
individually, nor is there a tool to help patients work indepen-
dently on the outcome goals found in their treatment plans.
Current digital tools, such as remote calling or e-mail, were
not experienced by many patients as a better alternative, as
compared to standard home visits [8]. This indicates that these
tools are not suitable for continuous monitoring of treatment
goals and motivation to adhere to these goals. Hence, new
(digital) approaches for illness self-management, treatment and
monitoring are urgently needed [10].

Nowadays, mobile health (mHealth) tools are more regularly
used in a wide range of mental health domains, mostly
used to tackle lack of engagement, treatment adherence and
treatment costs [11, 12]. Previous research has shown some
promising results in employing mHealth interventions among
SMI patients to positively influence desired behavior change
(e.g., compliance with the entire clinical and therapeutic
process) [9, 13, 14, 15]. A review of mHealth devices used
in clinical interventions concluded that there is an emerging
evidence base to support the use of these tools in the assess-
ment, monitoring and intervention of daily functioning of SMI
patients [16]. In turn, it improves healthcare delivery, increases
diagnosis speed and reduces treatment costs [17].

A behavior change strategy is even more effective when
an mHealth tool is personalized toward particular user needs
or user characteristics [18, 19]. Empirical studies in non-SMI
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settings have demonstrated that tailored approaches provide
better results than one-size-fits-all approaches, which distribute
the same components to all users [20, 21]. Tondello et al. [19]
proposed a general framework that can be used to design a
system that recommends these components to each user indi-
vidually. Key in this framework are the three main components
that could be tailored [19]: 1) activities, 2) game elements, and
3) persuasive strategies. The absence of empirical results in
the SMI setting provides an opportunity to personalize these
components within an mHealth tool in order to improve a
target behavior. More specifically, the opportunity to person-
alize the activity component for an individual SMI patient.
Since treatment outcome goals are already personalized in
consultation with a case manager, mHealth tools could employ
these goals to effectively promote a target behavior. Hence,
by adopting these personalized goals within an mHealth tool
(i.e., personalizing activities), the poor fit between the patient
and assigned treatment can be improved, potentially increasing
engagement.

Therefore, this study aims to investigate the impact of
personalized treatment goals on engagement levels of SMI
patients with an mHealth tool. Promoting engagement in
mHealth behavior change interventions is thought to be im-
portant for intervention effectiveness and is becoming key
in mHealth research [9, 19, 22]. Two conceptual models of
engagement have been widely used and state that engagement
is captured through behavior [23, 24]. In this pilot study, we
explored the impact of both personalized and non-personalized
tasks (i.e., the activity component) within an mHealth tool on
engagement levels. These tasks are comparable to treatment
behavioral goals, which, together with treatment outcome
goals, were set and documented in a personal treatment plan.
The target patients received FACT and are treated by the Dutch
Institute of Mental Health and Addiction Care. The treatment
related tasks were hand-tailored for each patient by their case
manager. Prior studies found that tailored approaches are more
effective and provide better results than generic approaches
[20, 21]. Therefore, we hypothesized that the impact of receiv-
ing personalized treatment goals in an mHealth tool would be
larger than the impact of receiving non-personalized treatment
goals on engagement levels of SMI patients.

In the remainder of this paper we first survey contempo-
rary mHealth tools for SMI patients and deepen our under-
standing of behavior change theories. Thereafter, we outline
our research methods, which consist of a preliminary desk
research and intervention trial including recruitment strategy,
intervention context, study design and measurements used
for statistical analysis. Subsequently, the obtained results are
presented. Finally, we discuss our findings, study limitations,
recommend future work directions and draw conclusions.

II. THEORETICAL BACKGROUND

Currently, there are no effective digital tools to help case
managers monitor their patients and sustain adherence of SMI
patients. Therefore, we first survey contemporary mHealth
solutions for these patients and how these tools are tailored.
Second, we deepen our understanding of behavior change

theories. It provides directions on how to improve engagement
in settings where case managers co-design treatment goals for
mHealth interventions.

A. Contemporary mHealth tools for SMI patients

mHealth tools are increasingly used in a wide range of
mental health domains, mostly motivated by a lack of engage-
ment, treatment adherence and treatment costs [11, 12]. To
optimally integrate real world elements (e.g., treatment goals),
it is essential that these tools are tailored toward a broad range
of user needs and user characteristics [25]. Within the concept
of mHealth tailoring, a distinction is oftentimes made between
customization and personalization. Customization means that
a user has the opportunity to adapt the systems content
and functionality to their own needs and preferences, while
personalization means that a system or person (i.e., not the
user itself) offers tailored content or services to a user based on
the needs and preferences of that user [11, 18]. Overall, users
praised the personalized aspects and customization options,
which made the mHealth tool more attractive to them. [26, 27].

As stated before, three main components could be tailored
within an mHealth tool. First, several studies suggested that
they could benefit from the relationship between the patient
and their caregiver and utilize that interaction to tailor activi-
ties for the health intervention [28, 29, 30]. Since case man-
agers are responsible for co-designing the treatment outcome
goals [3], they should be perfectly able to personalize tasks for
such an intervention. This could help to increase the number
of tasks conducted by the patient [31]. In turn, case managers
should be able to constantly monitor the treatment progress,
which may reduce the risk of detrimental effects [32].

Second, the use of gamification in mHealth research has
received considerable interest for its potential to increase
engagement and target behavior change [11, 14]. Gamifi-
cation is the application of game elements in non-game
environments to promote and affect behavior with gameful
experiences [33, 34]. Tailoring these game elements can po-
tentially achieve better results, although this has not yet been
supported by empirical evidence [35, 36]. Cheng et al. [11]
found that the number of applied gamification elements is
growing and that the most used elements in mHealth tools for
SMI patients are: levels, narrative or theme, points, rewards
and avatars. However, no significant effect of the optimal
number of elements on a target behavior was found, while
minimal elements (i.e., only 1) were insufficient to promote
engagement [37, 38]. A combination of several specific ele-
ments seems promising. For example, combining levels with
points was found to be associated with favorable feedback by
users and increased app usage as it makes the accumulated
points more meaningful [25, 39, 40]. On the other hand, a
narrative (i.e., virtual therapist) was implemented to improve
connectedness between task achievement and progress, which
could be interesting because of the important role of a therapist
in such a setting [25, 41].

Lastly, several studies applied a tailored persuasive strategy,
which are strategies to communicate with a user [19, 30, 42].
For example, based on an individual’s current mood state,
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a personalized empathic message was send. It enabled the
mHealth tool to collect mood information in both active
(e.g., user logged a mood state) and passive (e.g., smartphone
sensor) way and tailor a specific message to it [43].

B. Behavior change theories

With behavior change theories, researchers attempt to ex-
plain why human behavior changes. For an mHealth inter-
vention to be effective, several behavior change theories (i.a.,
COM-B sytem) argue that behavior is a product of three essen-
tial conditions: capability, opportunity and motivation [44, 45].
In order to enact a target behavior at a given moment, one
must have the capability and opportunity (i.e., environment)
to engage in the behavior, and the strength of motivation
to engage in the behavior must be greater than for any
other competing behaviors [44]. In this ’behavior system’,
the three components interact to generate behavior that in
turn influences these components. For example, capability and
opportunity can both influence motivation, which in turn can
influence behavior; enacting a behavior can alter capability,
motivation, and opportunity [44].

Stimulation of motivation is a key process in behavior
change. The COM-B model defines motivation as all those
brain processes that energize and direct behavior and distin-
guishes between automatic processes (e.g., desires and habits)
and reflective processes (e.g., plans and evaluations) [44].
An additional framework to study human motivation and
personality is the Self-Determination Theory (SDT) [46]. This
theory differentiates between intrinsic motivation (i.e., due to
internal factors) and extrinsic motivation (i.e., due to external
factors) and proposed three basic psychological needs [46].
In mHealth research, a tool enhances intrinsic motivation by
satisfying the need of autonomy (i.e., need to feel in control
when performing tasks), competence (i.e., need to master
tasks and learn different skills), and relatedness (i.e., need
to feel connected to others) [46, 47]. In particular, intrinsic
motivation drives long-term engagement more than extrinsic
motivation [46].

Lastly, specific and challenging goals along with appropriate
feedback contribute to higher and better results, according to
the Goal Setting Theory [48]. This means that for a person
to engage in a target behavior, goals need to be formulated
according to five principles: clarity, challenge, commitment,
feedback, and task complexity. This emphasizes the need for
case managers and patients to jointly define and document
acceptable behavioral goals in a patient’s personalized treat-
ment plan. Treatment behavioral goals are centered on an
individual’s action (e.g., going for a walk), while treatment
outcome goals focus on a result (e.g., losing 5 kilogram of
weight) [49]. Applying these behavioral goals within mHealth
interventions could potentially lead to a more successful
intervention [50]. By defining specific and challenging goals
for an individual (i.e., personalize behavioral goals), the poor
fit between the patient and offered treatment can be improved.
Thereby potentially increasing engagement, since patients are
reportedly disengaged with their treatment due to this mis-
match [9].

Fig. 1. General research framework, derived from [51] and [52].

III. METHODS

GENERAL RESEARCH METHODOLOGY

To study the impact of personalized treatment behavioral
goals within an mHealth tool on engagement levels of SMI
patients, this research was conducted in a Dutch mental health
context. The Dutch Institute of Mental Health and Addiction
Care consists of 15 different FACT teams, each consisting of
approximately 8 case managers. The entire FACT population
comprised roughly 3,000 SMI patients, distributed over these
15 different FACT teams in the Netherlands. Hence, the
caseload of one single case manager is about 25 patients.
This also means that all patients of a FACT team have
their own case manager. These case managers are responsible
for co-designing the treatment outcome goals together with
the patients, which are documented in a patient’s personal
treatment plan.

For this pilot study, we have derived a research framework
from two existing frameworks, which is visualized in figure
1. The first framework, the Intervention Mapping (IM) [51]
protocol, describes a step-by-step decision-making process for
the development, implementation, and evaluation of a health
promotion program. After our problem investigation in the
Dutch mental health context, we designed our intervention,
implemented it in this context, and evaluated the results.
During this intervention trial, SMI patients were exposed to
our designed mHealth application. Since case managers are
responsible for co-designing the treatment outcome goals [3],
they should be perfectly able to personalize tasks for such an
intervention. Therefore, we aimed to design our application
with these case managers. During a preliminary desk research,
secondary data from treatment plans of the Dutch Institute
of Mental Health and Addiction Care was analyzed with the
objective to recruit case managers who already formulated
specific and challenging treatment behavioral goals. Behav-
ioral goals are concrete (i.e., centered on an individual’s
action [49]), and therefore, measurable. These kind of goals
were needed for our intervention design because personalizing
the treatment goals within an mHealth tool potentially im-
proves a target behavior of a patient. The second framework,
the Cross-Industry standard process for data mining (CRISP-
DM) [52] approach (see figure 1), was used to transform the
data into useful and actionable information. To extract relevant
information for the intervention trial, a text mining method
was used that analyzed the current state of the treatment
plans for each FACT team. This is particularly useful because
people communicate information with language (e.g., texts
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in treatment plans), which is typically unstructured data.
Through text mining, new, previously unknown information
is discovered by a computer, which automatically extracts this
information from different written resources [53]. Based on
our data evaluation of the treatment plans, case managers from
a FACT team in Soest/Baarn were approached to participate
in the project and to personalize tasks that were needed for
our intervention design.

DESK RESEARCH

A. Data understanding

To personalize the behavioral goals for an mHealth tool,
case managers had to be recruited, who already formulated
specific and challenging goals. Therefore, secondary data from
treatment plans was analyzed to evaluate the current state of
these treatment plans and their goals for each FACT team.
The data consisted of semi-structured data in a database,
including tags that relate to: 1) patient, 2) FACT team, 3)
main goal category, and 4) description of main goal. However,
the Dutch text within the description of the goals was open-
ended and did not have a clear structure. Therefore, text mining
and texts analysis were performed using Python programming
software [54] to obtain quantitative insights related to case
managers goal setting strategies.

An exploration of the treatment data was conducted, in-
cluding reading several treatment plans to understand the
data and manually look for patterns. Additionally, a meeting
with 3 healthcare professionals was scheduled to clarify each
aspect of the treatment plan. Since text mining methods are
mostly based on statistical measures of words, a descriptive
statistical analysis of the content of the treatment plans was
performed. Note that texts, and their statistics, were distorted
by text variation. Therefore, texts of treatment plans were pre-
processed for further analysis.

B. Data preparation

Before extracting relevant information from the treatment
plans, texts (i.e., descriptions of main goals) were pre-
processed with different techniques. Words can have different
meanings depending on the their context or be read in different
ways. First, tokenization was applied, which is a process of
splitting a text into words called tokens. These tokens were
used for the descriptive statistical analysis as well as for
further data preparation. Second, the tokens were normalized,
including a conversion of all text to lowercase. Third, non-
informational text was filtered out, including special charac-
ters, punctuation and a list of Dutch most commonly used
function words, stopwords and verbs [55]. Eventually, this
resulted into a bag-of-words for data modelling.

C. Data modelling

1) N-grams: It was assumed that words or sequences
of words that occur frequently indicate important content.
Therefore, N-gram models were used to predict the occurrence
of a sequence of N words. Since verbs were considered
important for behavioral goals, unigrams (i.e., single word)

were modelled both with and without inclusion of the list of
most commonly used Dutch words. Both lists of unigrams
were evaluated by two authors (i.e., J.v.H, and L.J) on the 50
most frequently used words in the description of the treatment
plans. Based on the most frequently used unigrams, several
words (i.e., “action”, “goal” or verbs) or sequences (i.e., first-
person narratives) were assumed to be important. Thereafter,
bigrams (i.e., two words) and trigrams (i.e., three words)
were modelled to validate the importance of these words and
sequences. Note that data preparation and data modeling are
iterative processes and we only modeled bigrams and trigrams
including verbs after assuming they were important.

2) Text representation: Two different subset bag-of-words,
which were assumed to indicate important content, were used
to evaluate FACT teams on their goal setting. While manually
evaluating the treatment plans, it was observed that several spe-
cial characters were used as abbreviation for different impor-
tant words (e.g., “a/” or “*” stands for “action”). Therefore,
the first subset of words included the words “action”, “goal”
and both their observed abbreviations. The second subset of
words included sequences of first-person narratives found with
N-gram data modelling. These both bag-of-words were used
for evaluation.

D. Data evaluation

The frequencies of important words and sequences (i.e.,
the two subset bag-of-words) were evaluated for each FACT
team. These frequencies were used as performance indicator,
where a higher relative frequency means a higher performance.
In other words, a higher performance indicate that the case
managers of that specific FACT team were assumed to be
more familiar with behavioral goal setting. This study aimed
to recruit those case managers who already formulated the
most concrete behavioral goals necessary for the design of our
mHealth tool. Behavioral goals are measurable and therefore
suitable for mHealth interventions. Hence, a FACT team with
a higher performance was approached and their case managers
were asked to participate in this study.

INTERVENTION TRIAL

A. Recruitment

1) Case managers: For the design process of the interven-
tion trial, it was essential to first recruit the case managers
before actually recruiting the patients. Based on the results
of the desk research, case managers from a FACT team in
Soest/Baarn, the Netherlands were recruited in March and
April 2022.

2) Participants: Participants were recruited among SMI
patients who receive treatment from a FACT team in
Soest/Baarn, the Netherlands in April and May 2022. Case
managers approached the SMI patients they deemed fit and
recruited the patients who were willing to participate in the
intervention. Thereafter, explicit consent of all participants was
collected upon registration for the mHealth program by the
researcher, as there may be pressure to consent to participation
when consent is collected by the case manager itself. All
procedures were also approved by the ethical committee of
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(a) (b)

Fig. 2. Interface design of: (a) displayed tasks and (b) the leaderbord with
Average Joe.

the Eindhoven University of Technology (experiment ID:
RB2022IEIS8) and considered as not subjected to Medical
Research Involving Human Subjects Act (WMO) by METC
Isala Zwolle (experiment ID: 220401 SGP).

B. Intervention context

To evaluate personalized treatment behavioral goals in a
Dutch severe mental health context, we have designed our
intervention with the mHealth platform GameBus (e.g., see
www.gamebus.eu). GameBus is a gamification engine that
rewards players for playing healthy social, cognitive and
physical activities together in a personalized gaming expe-
rience. The key idea is to let people pursuit of different
health tasks they truly enjoy as an individual. The platform
generates integrated health data, in a manner compliant to
European privacy legislation, which can be used for scien-
tific research and released its first version late 2015 [56].
Meanwhile, GameBus has been used in a variety of studies
related to improving health, such as a similar study which also
evaluates the effectiveness of personalization and gamification
within mHealth applications, but then related to governmental
staff [57].

Considering that GameBus is already a flexible mHealth
system with the goal of helping people strive for not only bet-
ter physical health but also improved mental health, GameBus
was used as a basis to design the mHealth intervention for
this particular research problem. It can be easily adapted to
different studies by changing the web version of GameBus
with custom components. Hence, a customized web applica-
tion was designed to promote engagement of SMI patients by
rewarding any performed task (i.e., a behavioral goal within
an mHealth tool) with points. Proof of a conducted task was
based on a given description by the participant.

The designed application was titled “Samen Gezond met
Joe” (i.e., “Healthy together with Joe”). Title words “with
Joe” were chosen for specific reasons. The overall goal of
the intervention from the perspective of the patients was to
obtain as many points as possible by performing treatment
related tasks, see figure 2a. Although GameBus had the option
to compare user performances on a social leaderbord (i.e.,
sum of points per user), we did not want participants to see
each other’s progress due to privacy reasons or other negative
associations (e.g., a bad feeling because the participant is at
the very bottom of the leaderbord). Instead, participants could
only track their own performance and compare themselves
against the average performance across all participants (i.e.,
Average Joe) on a leaderboard, see figure 2b. Participants had
to get the impressions that they were scoring points “with
Joe”, rather than against him. To stimulate participants to
be actively involved during the intervention, a certificate of
participation was awarded to participants that obtained at least
150 points, at the end of the campaign. The entire campaign
had a duration of 2 weeks and was split into a personalized
week and a non-personalized week.

C. Study design

This study was designed as a two-period, two-arm (2x2)
crossover design where each participant was randomized to a
sequence of treatments administered sequentially (i.e., within-
subject) during treatment periods, although the objective re-
mained a comparison of the two treatments [58]. Such a design
is commonly used in clinical trials. An additional advantage
is that crossover designs require fewer participants than a
parallel design because participants serve as their own control
group [58]. This was especially useful because of the limited
number of available participants. Figure 3 shows a schematic
representation of the study design, including sequences P-NP
(i.e., study arm 1) and NP-P (i.e., study arm 2).

In the first week, participants were randomly assigned to
either personalized tasks or non-personalized tasks. Where-
after, in the second week, participants were assigned to the
other treatment group. The tasks for each week were set
in collaboration with the case managers of the participating
patients. During a workshop session between these case man-
agers and researchers, a distinction was made between how
personalized and non-personalized behavioral goals should
be defined. These goals should be clear, specific and, for
personalization, based on task complexity, as proposed by the
Goal Setting Theory [48]. Then, the goals were objectively

Fig. 3. Study design: 2x2 crossover design.

www.gamebus.eu
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measurable and suitable as a task within the GameBus appli-
cation. The workshop presentation slides for the case managers
can be retrieved from Figshare [59]. These slides include
some guidelines (i.e., examples of personas extracted from
the preliminary data analysis) to help case managers formulate
behavioral goals for an mHealth tool.

1) Personalized treatment: For each individual patient, a
number of personalized behavioral goals were defined by the
case manager. Those goals were based either on outcome
goals as defined in their personal treatment plan, general
lifestyle or social outcome goals. Moreover, these goals were
tailored based on task complexity, which implies tailoring
the frequency (i.e., how many times performed in a given
timeframe) and/or intensity (e.g., for how long, for how far,
etc.) [57]. GameBus research suggested that personalization
seems particularly promising for promoting the frequency
parameter, as opposed to the intensity parameter [57]. Even
though those results were preliminary, we lacked better guide-
lines in international literature.

These personalized behavioral goals were used as person-
alized tasks within the mHealth tool, with a different number
of tasks (T ) per patient (i.e., 3 to 6). For each task (t) an
importance classification (I) was made by the case manager,
which means that tasks were coded between 1 (i.e., least
important) and 5 (i.e., most important). Taking into account
the frequency (f ), participants were able to perform at most
between 11 and 35 tasks within the mHealth tool per week.
Also the frequency for each task was set by the case manager
of the patient. To maintain an equal number of points per
participant per week, these parameters were used to calculate
the number of points per task (Pt) and the number of points
per task taking into account the frequency per week (Pt,f ),
see equations 1 and 2. Eventually, participants were able to
accumulate roughly 105 points if they would fully comply
during the personalized week. Table III, in appendix A dis-
plays the lists of the personalized tasks that were suggested to
each participant individually.

Pt =
It

T∑
i=1

Ii

∗ 105 (1)

Pt,f = round(
Pt

ft
) (2)

2) Non-personalized treatment: Each case manager defined
some non-personalized behavioral goals, from which they
thought it was relevant for every patient. Those goals were
either lifestyle or socially related. Based on their joint input,
a number of non-personalized tasks (i.e., 5 most relevant non-
personalized behavioral goals) were selected and approved
by the case managers. These tasks were assigned to all
participants. As opposed to the personalized tasks, these non-
personalized tasks were equally important (i.e., coded with 3)
and not tailored according to frequency or intensity. Instead,
each task could be performed once a day. Hence, participants
were able to perform at most 35 tasks (i.e., accumulate a max-
imum of 105 points) during the non-personalized week. Table

IV, in appendix B displays the lists of the non-personalized
tasks that were suggested to all participants.

D. Study procedures

1) Case Managers: Prior to the intervention trial, FACT
team Soest/Baarn was approached to participate in the project.
A meeting with their team leader and 2 case managers was
scheduled to explain about the project and to find out if certain
case managers were interested in participating. Thereafter,
a similar meeting was scheduled with the 4 case managers
who were willing to be part of the project. Up to the kick-
off meeting with the actual participants (i.e., patients), we
communicated with the case managers via email and phone
about patient recruitment and the development of the (non-
) personalized behavioral goals and tasks for the mHealth
application.

2) Patients: Throughout the intervention period, several
emails have been sent and meetings have been scheduled
with the participants. At the start of the campaign, a kick-
off workshop was scheduled to inform every participant on
how to get started with the application. These workshop
presentation slides can be retrieved from Figshare [59]. Since
the accounts were preconfigured, every participant received an
email with personal credentials for the application. Besides, it
was requested in the same email to complete the first (pre-test)
survey. Additionally, at the end of each week another email
have been sent with the request to complete the intermediate-
test and post-test survey, respectively. Finally, after the two-
week campaign, interviews were scheduled with several par-
ticipants to evaluate the mHealth application.

E. Measurements

Engagement in mHealth behavior change interventions is
thought to be important for intervention effectiveness [9, 22].
Higher patient engagement levels are accompanied with higher
patient motivation to adhere to their treatment plan of mental
health disorders [15]. In mHealth intervention research, two
conceptual models of engagement have been widely used and
state that engagement is captured through behavior [23, 24].
Short et al. [22] provided a comprehensive overview on mea-
suring engagement in these interventions, including qualitative
measures, self-report questionnaires, system usage data, sensor
data, social media data, ecological momentary assessments,
and psycho-physiological measures. For this study, measures
were collected from our mHealth application (i.e., system us-
age data), pre-test, intermediate-test, and post-test surveys (i.e.,
self-report questionnaires), and interviews (i.e., qualitative
measures). These measures were often used (in combination)
to assess engagement [22]

1) Objective system data: To objectively measure partici-
pant engagement, system data was recorded. Yardley et al. [23]
distinguishes between micro- and macrolevel engagement
when examining the relationship between user experience,
usage and behavior change. Microlevel engagement refers
to the moment-to-moment engagement with the application,
while macrolevel engagement refers to engagement and iden-
tification with the wider intervention goals (e.g., actual health
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behaviors) [23]. Within microlevel engagement, a distinction
is made between passive engagement (e.g., visiting the appli-
cation) and active engagement (e.g., registering a healthy task
in the application) [24]. In this study, only microlevel engage-
ment was captured through three variables: 1) the number of
days a participant had been online (i.e., passive engagement),
2) the number of tasks a participant had performed (i.e., active
engagement), and 3) the number of virtual points a participant
had scored (i.e., active engagement), which is considered as
a relative scale of task attainment in a particular week. This
third variable was introduced to compare individual patients
in terms of active engagement, since each participant was
assigned to a different number of tasks. For each participant
all three measures were recorded per week. Since each week
for each patient was related to either personalized or non-
personalized tasks, we were able to evaluate the impact of
personalized treatment goals on levels of active and passive
engagement.

2) Subjective survey data: Three surveys were used to col-
lect subjective data of participants. A pre-test survey was used
to gather: 1) demographic data, 2) data related to (intrinsic)
motivation, and 3) data related to personality traits. First, this
survey recorded participants’ age group and gender. Second,
intrinsic motivation related to the mHealth application was
measured using 4 sub-scales from the Intrinsic Motivation
Inventory (IMI) [60]: 1) interest/enjoyment (6 items), 2) per-
ceived choice (7 items), 3) perceived competence (5 items),
and 4) pressure/tension (5 items). This multidimensional scale
assesses participants’ subjective experience related to a target
behavior [60]. The interest/enjoyment scale is considered a
self-report measure of intrinsic motivation [60]. The perceived
choice and perceived competence scales are theorized to be
positive predictors of both self-report and behavioral measures
of intrinsic motivation [60]. The pressure/tension scale is theo-
rized to be a negative predictor of intrinsic motivation [60]. All
items of these 4 sub-scales were measured on 5-point Likert
scales (i.e., coded between -2 and +2). Third, Big-5 personality
traits were estimated using the mini-IPIP scales [61], which
measures a persons’ level of 1) openness to experience, 2)
conscientiousness, 3) extraversion, 4) agreeableness, and 5)
neuroticism with 4 items per trait on 5-point Likert scales (i.e.,
coded between -2 and +2). This is one of the most commonly
used scales in behavioral science to measure personality char-
acteristics. An overview of the pre-test survey questions can
be found in appendix C, table V.

Similar surveys (i.e., intermediate- and post-test) were used
to measure intrinsic motivation after a participant had re-
ceive personalized or non-personalized treatment during one
week. Demographic variables and Big-5 personality traits
were not measured again. For these surveys, sub-scales of
interest/enjoyment and perceived competence consisted of 7
and 6 items, respectively. Both again measured on 5-point
Likert scales (i.e., coded between -2 and +2). An overview
of the intermediate-test and post-test survey questions can be
found in appendix D, table VI.

3) Subjective interview data: At the end of the intervention,
semi-structured interviews were conducted to further analyze
the motivation of the participant to either be involved in the

project or not. All participants were invited to an individual 30-
minute interview. The interviews were conducted on location
and were supervised by two authors (i.e., J.v.H and L.J.).
Unfortunately, due to the participant’s personal circumstances,
one interview was conducted by filling in the questions via
a digital questionnaire. The interview questions focused on:
1) mHealth platform in general, 2) patients’ preferences for
either the personalized tasks or non-personalized tasks, and
3) motivation. An overview of the interview questions can be
found in appendix E, table VII.

F. Data analysis

To evaluate the impact of personalized treatment goals on
engagement levels of participants, four different analyses were
performed. The statistical analyses were executed using R
programming software [62]. Statistical tests were two-tailed
and a p-value of 0.05 was considered statistical significant.
First, an exploration of user statistics was conducted, includ-
ing descriptive statistics of demographics (i.e., gender, age,
personality traits). Additionally, details about the number of
participants enrolled in different study phases were provided.
Second, statistical analyses were performed to evaluate the
impact of personalized treatment goals on engagement levels
of participants. These analyses focused on: 1) evaluating
passive engagement levels and 2) evaluating active engage-
ment levels. Exploratory analyses were performed, including
mean plots and paired samples t-tests to examine potential
differences between treatment groups, study arms and age
groups. Third, statistical analyses were performed to evaluate
the impact of personalized goals on levels of intrinsic moti-
vation, including: 1) interest/enjoyment, 2) perceived choice,
3) perceived competence, and 4) pressure/tension. Again,
exploratory analyses were performed using mean plots and
repeated measures ANOVA tests, including A Tukey multiple
pairwise-comparison, to examine potential differences between
treatment groups, including a pre-test condition (i.e., control
group). Finally, based on digital recordings of the interviews,
interview data was transcribed and organized per question. For
each topic (i.e., GameBus web application, goals and motiva-
tion) a set of actual quotes was selected that all participants did
agree on. These quotes were selected by the first author (i.e.,
J.v.H). The second author (i.e., L.J) checked these selected
citations and agreed with the results.

IV. RESULTS

DESK RESEARCH

A. Descriptive statistics

Secondary data was retrieved from the Dutch Institute of
Mental Health and Addiction Care in February 2022 and
included 14,128 data points of treatment plans from January
2010 until February 2022. During that period, 3,392 different
patients were treated by 15 different FACT teams, each with
a treatment plan containing on average 4.17 (main) long-term
treatment goals. These goals were divided into 7 categories:
1) general or psychotherapy (28.0%), 2) social (21.1%), 3)
health recovery and symptoms (16.5%), 4) personal lifestyle
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(12.3%), 5) functional and daily skills (10.9%), 6) medical
or paramedical (9.2%), and 7) diagnostic research (2.0%).
Note that the non-personalized goals were either lifestyle or
socially related, and therefore, correspond to some of treatment
outcome goals documented in a patient’s treatment plan. For
each long-term goal (i.e., data point) a description was added
in the treatment plan. Since this was mostly textual data,
tokenization of all descriptions resulted into 384,569 tokens,
including 27,142 unique words. Hence, a token ratio of 0.071,
which implies that the descriptions of the long-term goals were
relatively simple, rather than specific. Additionally, the average
length (i.e., number of tokens) of these descriptions differed
per FACT team (i.e., µ = 25.4, σ = 8.1).

B. Evaluation of treatment plans

It was observed that words forming the first-person nar-
rative (e.g., “ik ga”, which translates to “I go”) and the
words “actie(s)” (i.e., action(s)) and “doel” (i.e., goal) were
often transcribed in the treatment plan (see table I for the
most relevant unigrams after tokenization). Additionally, it
was observed that several special characters were used as
abbreviation for different important words (e.g., “a/” or “*”
stands for “action”). The modeled bigrams and trigrams,
validated the importance of the first-person narratives (see
table VIII, appendix F for most relevant bigrams and trigrams
after tokenization). Note that in both cases the most commonly
used Dutch words were included.

Figure 4 shows the percentages (i.e., relative frequencies) of
the treatment plans that contain at least one specific N-gram
for each of the bag-of-words. Results showed that especially
the frequency of the first bag-of-words was different for each
FACT team. On average, 22.5% of the descriptions contained
at least one token of that set of words and only 4 of the FACT
teams were performing better than average. This may indicate
that the treatment plans often did not contain a clear structure
for a specific and challenging behavioral goal (e.g., “goal: I
am going for a walk”), and therefore, are not directly suitable
as input for the intervention design. The frequency of the
second bag-of-words was more equally distributed among the
FACT teams. On average, 56.4% of the descriptions contained
at least one of the first-person narratives from that set of
sequences. However, it was not that clear whether all these

TABLE I
UNIGRAMS OF TREATMENT PLANS

Including 1 Excluding 1

Index Unigram Occurrence Index Unigram Occurrence

1 ik 23,981 3 ga 1,527
9 wil 5,718 5 actie 1,206

13 heb 3,658 12 werk 1,047
18 kan 2,528 26 acties 688
32 ga 1,527 36 doel 571
33 ben 1,427
39 actie 1,206
46 werk 1,047

1 Most commonly used Dutch words.

Fig. 4. Percentages of treatment plans that contain a specific bag-of-words.

first-person narratives were related to a treatment behavioral
goal or not. For example, when having a closer look at the
treatment plans, it was observed that a first-person narrative
might also be related to a treatment outcome goal (e.g., “I
would like treatment for my addiction”). Overall, these results
suggest that most case managers did not document specific
and challenging behavioral goals in a patient’s treatment plan,
which were necessary for intervention design. Nevertheless,
FACT team 5 (i.e., Soest/Baarn), which scored better than
average based on the frequencies of the first bag-of-words, was
approached for participating in the intervention trial. It was
assumed that case managers from this particular FACT team
could more easily design behavioral goals for the mHealth
intervention, compared to case managers from other FACT
teams which performed below average.

INTERVENTION TRIAL

A. User statistics

In total, 5 unique participants were enrolled in this study.
One participant decided not to give informed consent for the
collection and application of system usage data and surveys.

TABLE II
SAMPLE DEMOGRAPHICS

Characteristic Sample (N = 4)

Gender (N; %)

Female 3; 75%
Male 1; 25%

Age group (N; %)

35-44 2; 50%
45-54 2; 50%

Personality (µ;σ)

Extraversion -0.188; 0.875
Agreeableness 1.250; 0.456
Conscentiousness 0.625; 0.629
Neuroticism 0.313; 1.125
Openness 0.563; 0.239
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Fig. 5. Cohort diagram.

Fig. 6. Mean plots of: (a) the number of days participants had been online,
(b) the number of tasks participants had performed, and (c) the number of
points participants had scored.

Instead, some feedback was given, including consent to only
use this feedback. The remaining participants were randomly
assigned to either personalized tasks or non-personalized tasks,
in the first week. These 4 participants completed the pre-
test survey, performed at least one task during the first week,
and completed the intermediate-test survey. During the second
week, 1 participant who was assigned to non-personalized
tasks, was not engaged (i.e., did not check the application
and did not perform a task). At the end of that week, both
participants with non-personalized tasks completed the post-
test survey, while both participants with personalized tasks
did not. At the end of the campaign, 3 participants completed
the post-interview. Note that, due to a participant’s personal
circumstances, one interview was conducted by filling in the
questions via a digital questionnaire. Figure 5 shows a cohort
diagram which details the number of participants involved in
each study phase.

Sample demographics based on the responses of the pre-test
survey are displayed in table II. Both age groups were equally
distributed in both study arms. Note that these results are based
on the 4 participants that gave explicit written consent.

Fig. 7. Mean plots of: (a) the number of days participants had been online,
(b) the number of tasks participants had performed, and (c) the number of
points participants had scored.

Fig. 8. Mean plots of: (a) the number of days participants had been online,
(b) the number of tasks participants had performed, and (c) the number of
points participants had scored.

B. Analysis of objective measures of engagement

1) Evaluation of passive engagement levels: Figure 6a
suggests no significant differences in passive engagement
levels between both treatment groups. However, it seems
that there is more variation between participants during the
non-personalized week. A paired samples t-test revealed that
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treatment groups were indeed not statistically different from
each other in terms of passive engagement levels. Figure 7a
displays passive engagement levels, per week, per study arm.
No statistical differences were found between both study arms,
while passive engagement seems to decrease over time in
general. Visual inspection suggests that the average number
of days online decreased faster over time when a participant
changed from personalized tasks to non-personalized tasks
(i.e., P-NP), as compared to a change from non-personalized
tasks to personalized tasks (i.e., NP-P). Nevertheless, these
results were also not significant. Lastly, figure 8a displays
passive engagement levels, per week, per age group. A visual
inspection suggests that there are differences between both age
groups in terms of passive engagement, but t-test showed no
significant differences in both the first (i.e., p = 0.070) and
second (i.e., p = 0.148) week.

2) Evaluation of active engagement levels: Figures 6b and
6c suggest no significant differences in active engagement
levels between both treatment groups, which is confirmed with
paired samples t-tests. Figure 7b and 7c display active engage-
ment levels, per week, per study arm. Again, no statistical
differences were found between both study arms. Also active
engagement seems to decrease over time in general. The same
decreasing effect over time as with passive engagement was
observed for the number of points obtained, per study arm,
although again not significant. Regarding the number of tasks
performed it was observed that this decreased faster over time
when a participant changed from non-personalized tasks to
personalized tasks (i.e., NP-P). This might be explained by
the fact that the number of personalized tasks were different
for each participant, and therefore this result may be biased.
Nevertheless, also this result was not significant. Lastly, figure
8b and 8c display active engagement levels, per week, per
age group. Only for the first week, a statistical significant
difference was found for the number of tasks performed (i.e.,
participants in age group 45-54 performed 10.5 tasks more at
p = 0.038), while no significant difference was found for the
number of points obtained (p = 0.207). Again, this result may
be biased due to an inconsistent number of personalized tasks
per participant. Based on this evaluation of active engagement
levels, we conclude that only age in the first week leaded to
significant differences in terms of number of tasks performed.

C. Analysis of subjective measures of engagement

1) Evaluation of survey data: Figure 9 displays mean plots
of the 4 dimensions of intrinsic motivation per treatment
group. Before the intervention, responses of a pre-test survey
were collected and served as a control group. Visual inspection
suggests that participants enjoyed the application less and
experienced more tension, after they received personalized
treatment. One-way repeated measures ANOVA tests revealed
that treatment groups were significantly different from each
other in terms of tension (p = 0.022). A Tukey multiple
pairwise-comparison revealed that personalized treatment was
found to have a significant higher level of tension compared
to non-personalized treatment (i.e., 0.70 higher at p = 0.023)
and the control group (i.e., 0.65 higher at p = 0.032).

Fig. 9. Mean plots of the impact scores of the dimensions of motivation: 1)
enjoyment, 2) perceived competence, 3) perceived choice and, 4) tension.

2) Evaluation of interview data: Of all enrolled partici-
pants, three (i.e., 1, 2 & 4) participants completed the post-
interview, including one (i.e., participant 4) via a questionnaire
due to personal circumstances. On average, they awarded the
current version of the GameBus web application an 8 out of
10. The interview has not been conducted with participant 4,
who did not respond to the invitation. The fifth participant,
who did not give explicit consent to participate, did provide
some feedback which we were allowed to use for the study.

Participants agreed that they “did enjoy the GameBus ap-
plication”. Their main reason to use the application was “to
achieve their personal goals”. Participants 1 & 4 mentioned:
“GameBus helps you with that little bit of extra motivation
to get started with your goals”. Additionally, participant 2
mentioned: “I was supported by a visual overview of my
personal goals”. In general, the addition of points was expe-
rienced as fun: “I really liked the points, it stimulated me to
use GameBus every day”. However, “I would like to level up
after collecting several points, then the goals may also become
more challenging as I progress”. Participant 4 mentioned that
“the point rating was just the same for each goal” (i.e., non-
personalized). Participant 5 added: “all you get is a few points
against a non-player character in a game that is theoreti-
cally possible to cheat”. As for the current version of the
application, “the basics were just right” and “the application
was immediately ready for use”. Participant 1 mentioned that
he “would like to have social contact with both healthcare
experts and other patients”. He added: “In the form of a
public and closed news feed, so you can decide for yourself
what you do or do not want to share”. Both participant 1
& 2 mentioned that the application could be improved by
“implementing avatars with a clear storyline”. For example:
“First you see an avatar with a really big belly, and after
you achieve a goal, he gets a six pack”. Unfortunately, not
all participants were able to use the application on a daily
basis. For example, due to health related circumstances or
“not having the consistency or focus to do this every day”.
Nevertheless, participant 1 concluded with: “More challenge
and more features, then it becomes interesting and it remains
more interesting”.
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All participants that joined the intervention campaign had
a clear preference for the personalized tasks. Participant 1
mentioned that he “liked the personalized tasks more, these
are my own things after all”. He added that “it’s all about
finding ways that suit me and what works best for me. These
tasks worked quite well, it could probably work out well in
other areas of life”. However, he was “unable to complete
all personalized tasks. I usually want to do everything right,
which makes it difficult then”. Participant 2 was generally very
satisfied: “Although both sets of tasks were well put together,
I prefer the personalized tasks, because these were more
applicable to me. In addition, these tasks come naturally”.
Also participant 4 had a preference for the personalized tasks
“because that is were my interests lie”. Nevertheless she
did not perform those tasks due to personal circumstances.
Participant 5 added: “It only works for me if I can really
do something with it on my own. It must mean something
personal”.

The non-personalized tasks were generally not challenging
enough: “I did not find these tasks challenging enough. For
example, you already brush your teeth, eat healthy meals and
fruit every day”. Participant 1 mentioned that “these tasks
were already quite present in my daily structure”. Participant 4
added: “This week everything was more or less the same. More
variety will be more fun”. Nevertheless, participants enjoyed
some of these tasks as well. For example, participant 2 men-
tioned that “more general lifestyle tasks are also important.
Simple things that need to be emphasized again”.

Overall, participants were satisfied with the use of the
application and indicated that they “had done well”. “It has
helped me a lot, also with regard to the progress of my
treatment. With GameBus, it is easier to start with a goal and
stick to it on a regular basis”. “It encourages you to complete
some challenging tasks”. Participant 1 mentioned that “per-
sonalized, challenging tasks and points, in combination with
levels and avatars, are likely to be motivating. Besides, I think
you can really make something beautiful out of it and help a
lot of people”. Two participants explicitly mentioned that they
would like to continue using the GameBus web application.

V. DISCUSSION

A. Principal findings

In this pilot study we evaluated the impact of personalized
treatment goals on engagement levels of SMI patients with
an mHealth tool. From our exploratory statistical analyses, we
found that personalized tasks did not have a significant impact
on both passive and active engagement levels, as compared to
non-personalized tasks. Additionally, engagement levels with
the mHealth tool tended to decrease over time for both study
arms, although these results were also not significant. It was
observed that both passive (i.e., number of days online) and
active (i.e., only the number of points obtained) engagement
decreased faster over time when a participant changed from
personalized tasks to non-personalized tasks, as compared to a
change from non-personalized tasks to personalized tasks. This
implies that, an individual tends to be more engaged with the
mHealth tool when receiving personalized tasks. This reflects

with the findings of the post-interviews, in which participants
unanimously expressed a clear preference for the personalized
tasks. Hence, our hypothesis that the impact of receiving
personalized treatment goals in an mHealth tool would be
larger than the impact of receiving non-personalized treatment
goals was partially accepted.

One interesting finding is that the level of difficulty (i.e.,
challenge) might be key when personalizing treatment goals
within an mHealth tool. Surprisingly, we found that partic-
ipants rated interest or enjoyment lowest and pressure or
tension highest after they received personalized treatment.
This implies that patients were least intrinsically motivated to
engage with the mHealth tool since both dimensions are a self-
report measure and negative predictor for intrinsic motivation,
respectively [60]. Only significant differences in levels of
tension were observed after a patient received personalized
tasks, as compared to receiving non-personalized tasks or the
control condition. A potential explanation for this might be that
a personalized task may be too challenging to complete, which
one participant also mentioned during the post-interview. As
a result, someone might get tense because he is not able
to complete all tasks despite the desire to do so. When
having a closer look at the personalized tasks, someone might
argue that these tasks are indeed too specific (e.g, “Eat 4
sandwiches tonight instead of 6 sandwiches”. This indicates
that the behavioral goals that were set by a case manager
were probably too difficult to complete, which potentially
harms engagement. Moreover, participants indicated that the
non-personalized tasks were generally not challenging enough.
Since all tasks were static and not dynamic, the difficulty of
a task did not increase or decrease. This implies that tasks
were either too difficult (i.e., personalized tasks) or too easy
(i.e., non-personalized tasks) to complete. According to Flow
Theory [63], the trade-off between challenge and skills must
be in balance for a person to be in flow. It was even mentioned
that tasks should become more challenging as a person pro-
gresses, possibly in the form of a level system. However, in
this static version of the GameBus web application, the tasks
were not continuously adapted based on this trade-off, and
therefore, participants were not continuously in flow. Hence,
for an individual to be more engaged with an mHealth tool,
tasks should be updated continuously according to skills of
that individual. According to the Self-Determination Theory
(SDT) [46], an individual is more likely to achieve their goals
if the skills (i.e., competence) are perceived as appropriate. By
satisfying the need to master tasks and learn different skills,
it yields improved self-motivation and mental health [46].

Furthermore, some other aspects may have influenced the
engagement levels of participants. From our exploratory statis-
tical analysis, we found that the engagement levels of different
age groups were slightly different. It was observed that the
oldest age groups were more passive and active engaged,
although this was generally not significant and there were only
two different age groups. Nevertheless, a significant difference
was found in the number of tasks performed, per age group,
in the first week. It should be noted that the participants
received an inconsistent number of personalized tasks, which
may bias these results. This finding was also reported by
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different mHealth studies for SMI patients, which showed
that the age of a person may predict engagement with the
application [27, 64]. However, the current finding is contrary
to previous studies which have suggested that an mHealth tool
is particularly effective in addressing the problem of lack of
motivation for youth and young adults [65, 66]. Additionally,
some participants mentioned that they were not able to perform
certain tasks or stay engaged with the mHealth tool due to their
mental illness or other personal circumstances. This implies
that the current version of the application does not seem to
work for everyone in this target group.

Lastly, results from preliminary desk research suggest that
the current goals in a treatment plan are often not behavioral
oriented. Treatment plans contain long-term outcome goals,
often combined with unstructured description data. This indi-
cates that, case managers have no clear protocol of defining
specific and challenging behavioral goals. In other words, each
case manager is allowed to define and document behavioral
and/or outcome goals in the treatment plan based on their
own routine or experience. This is in line with the results of
this study, which confirm that the length of these descriptions
varies by FACT team and descriptions are relatively simple
instead of specific. This means that, (personalized) tasks for
an mHealth tool cannot be extracted directly from a treatment
plan. Goals which are not behavioral oriented are difficult to
measure, and therefore do not fit within an mHealth tool.
Nevertheless, several FACT teams used specific words or
sequences (i.e., assumed to be important content) in the de-
scriptions of the treatment plans. These teams clearly indicated
an action or goal, often followed by the first person narrative.
This came closest to setting behavioral goals, and therefore
these case managers were approached for participation. This
current strategy, including case manager recruitment, may not
be the most optimal protocol to select behavioral goals for an
mHealth tool. Hence, a more structured way of defining and
documenting goals in the treatment plan is desired.

B. Study limitations

This study was subjected to several limitations. First, this
study has low power due to a very small sample size (i.e., N
= 4), as compared to the entire population which comprised
roughly 3,000 SMI patients who receive FACT. Therefore,
this study was designed as a crossover design, in which
participants served as their own control group. Nevertheless,
based on this sample size it was very difficult to find significant
results. Additionally, not all participants completed the post-
test-survey and post-interview, further reducing the sample size
for various analyses. Although participation was voluntary,
measures were taken to direct patients to participate in all
study phases (e.g., reminders for the surveys).

Second, case managers had to be recruited before patients
could eventually be approached. Not all case managers were
willing to participate in this study, which automatically re-
sulted in a significant number of patients being excluded. Ad-
ditionally, the case managers who did participate in this study
only approached patients they believed would be interested in
using a digital health tool. Hence, our sample also included

bias, which may potentially affect the validity of the results.
Based on these first two limitations, the sample size could not
be increased by the researchers, despite the crossover study
design.

Lastly, this pilot study focused on a specific target group in
a specific context (i.e., Dutch SMI patients who receive FACT
in a healthcare setting). Therefore, the findings in this study
could not be generalized to other groups of people or contexts.
Especially because of the very small sample size.

C. Future work
Future work should focus on how personalization could

be designed over a longer period of time. While our results
were generally not significant, they were in line with our
expectations for personalizing treatment goals in an mHealth
tool. A follow-up study should consider a more dynamic
goal setting strategy, in which tasks are continuously updated
according to the skills and needs of a patient. A combination
of points with level systems could be used to amplify this
strategy. Then, the accumulated points are not only more
meaningful [25, 39, 40], but it enhances the trade-off between
challenge and skill (i.e., Flow theory [63]). Additionally, the
application itself could become more dynamic by putting
more emphasis on the overall background story (e.g., updated
versions of Joe as a person progresses). It was mentioned
that with challenge and features, such as avatars with a clear
storyline, the application may become more interesting. It
would even be possible to personalize such a background story,
which in turn is closely related to personalizing a persuasive
strategy [19].

Unfortunately, case managers were not perfectly able to
define personalized tasks with a balanced amount of difficulty.
Therefore, future work should focus on automated decision
support, in which the difficulty of tasks is continuously up-
dated by an automated system. It may be that a combination
of personalized tasks with non-personalized tasks is more
appropriate. This could be realized through an opt-in or opt-out
mechanism, where patients can choose the tasks themselves
(i.e., customization). This study found that participants were
generally positive about the application in which they received
personalized and non-personalized tasks.

Furthermore, goals in treatment plans are generally set for a
longer period of time (e.g., one year). Therefore, the interven-
tion period should be increased in order to evaluate the impact
of an mHealth tool on long term engagement levels. To effec-
tively execute and evaluate this, future studies should focus
on collecting more data, and therefore an effective strategy to
recruit more patients. A study with more enrolled participants
may potentially find a significant difference between both
treatments in terms of active and passive engagement levels.

Finally, future research should focus on creating a frame-
work or protocol that allows case managers to set treatment
behavioral goals in a more structured way, which eventually
can be used as a task in an mHealth tool.

VI. CONCLUSIONS

This pilot study aimed evaluate the impact of personalized
treatment goals on engagement levels of SMI patients with an
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mHealth tool. It was found that personalized behavioral goals
did not have a significant impact on engagement levels, as
compared to non-personalized behavioral goals. However, this
study also found that tension was rated higher after a partic-
ipant received personalized treatment, while non-personalized
treatment was generally not challenging enough. This implies
that the difficulty of a task might be key when a task is
personalized within an mHealth tool. Therefore, personalizing
treatment goals still seems to have great potential. Future
research should focus on dynamically challenging goals for
an individual over an extended period of time, balancing the
right combination of goals to get a patient into flow.
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APPENDIX A
OVERVIEW OF PERSONALIZED TASKS

TABLE III: LIST OF PERSONALIZED TASKS FOR EACH PARTICIPANT.

Participant Description of personalized tasks Importance
factor

Frequency Max. number of
points per week

Points

1 Poets vandaag 2 keer je tanden 3 2 × per day +17.5 +1
Maak zondag de woonkamer en keuken schoon 3 1 × per week +17.5 +18
Nuttig deze week 5 keer een gezonde maaltijd 3 5 × per week +17.5 +4
Maak vrijdag het toilet schoon en stofzuig de kamer 3 1 × per week +17.5 +18
Eet vanavond 4 boterhammen in plaats van 6 boterhammen 3 1 × per day +17.5 +3
Maak zelfstandig een wandeling van 25 minuten 3 1 × per week +17.5 +18

2 Doe vandaag de was: wassen, ophangen en opvouwen 3 1 × per 2 days +24.2 +7
Haal op woensdagochtend en donderdagochtend de boodschappen 3 2 × per week +24.2 +12
Ga deze week 2 keer in de ochtend naar de dagbesteding 1 2 × per week +8.1 +4
Ga deze week 2 keer een wandeling maken van een uur 3 2 × per week +24.2 +12
Ga samen met [X] een half uur fietsen 1 3 1 × per week +24.2 +24

3 Maak een wandeling van 30 minuten 1 1 × per day +17.5 +3
Ga om 22:30 uur naar bed en doe om 23:00 uur het licht uit 3 1 × per day +52.5 +8
Doe in de ochtend een leuke activiteit van 60 minuten 2 1 × per day +35.0 +5

4 Blaas op de kornet voor 15 minuten 3 1 × per day +21.0 +3
Ga samen met [X] een wandeling maken 1 3 1 × per day +21.0 +3
Eet een stuk fruit 3 1 × per day +21.0 +3
Speel vandaag een spelletje 3 1 × per day +21.0 +3
Lees deze middag in een boek voor 30 minuten 3 1 × per day +21.0 +3

1 [X]: Name has been removed for privacy reasons.

APPENDIX B
OVERVIEW OF NON-PERSONALIZED TASKS

TABLE IV: LIST OF NON-PERSONALIZED TASKS FOR EACH PARTICIPANT.

Participant Description of non-personalized tasks Importance
factor

Frequency Max. number of
points per week

Points

All Ga voor een korte wandeling, fietstocht of boodschap 3 1 × per day +17.5 +3
Eet op tijd een gezonde maaltijd 3 1 × per day +17.5 +3
Eet een stuk fruit vandaag 3 1 × per day +17.5 +3
Poets vandaag je tanden 3 1 × per day +17.5 +3
Geef jezelf een compliment 3 1 × per day +17.5 +3

APPENDIX C
PRE-TEST SURVEY

TABLE V: DETAILS OF PRE-TEST SURVEY.

# Question or statement Type

Sample Demographics

1. What is your e-mail address? Open
2. What is your age? One of: 18 to 24, 25 to 34, 35 to 44,

45 to 54, 55 to 64, or 65 or older
3. What is your gender? One of: Female, Male, or Other

Intrinsic Motivation Inventory: Interest/Enjoyment 1



17

TABLE V: DETAILS OF PRE-TEST SURVEY (CONTINUED).

# Question or statement Type

4. I think I will really enjoy using the GameBus web application. 5-point Likert
5. The GameBus web application seems fun to use. 5-point Likert
6. I think the GameBus web application will be boring. (R) 5-point Likert
7. The GameBus web application won’t hold my attention at all. (R) 5-point Likert
8. I would describe the GameBus web application as very interesting. 5-point Likert
9. I think the GameBus web application could be quite enjoyable. 5-point Likert

Intrinsic Motivation Inventory: Perceived Competence 2

10. I think I will be pretty good at using the GameBus web application. 5-point Likert
11. I think I will be pretty good at using the GameBus web application, compared to other participants. 5-point Likert
12. I think I will be satisfied with my performance in the GameBus web application. 5-point Likert
13. I will be pretty skilled at using a web application. 5-point Likert
14. Using the GameBus web application is something I will not do very well, I guess. (R) 5-point Likert

Intrinsic Motivation Inventory: Perceived Choice 3

15. I believe I have some choice in using the GameBus web application. 5-point Likert
16. I feel like it is not my own choice to use the GameBus web application. (R) 5-point Likert
17. I don’t really have a choice to use the GameBus web application. (R) 5-point Likert
18. I feel like I have to participate. (R) 5-point Likert
19. I’m going to use the GameBus web application because I don’t have a choice. (R) 5-point Likert
20. I’m going to use the GameBus web application because I want to. 5-point Likert
21. I’m going to use the GameBus web application because I have to. (R) 5-point Likert

Intrinsic Motivation Inventory: Pressure/Tension 4

22. I don’t feel nervous. (R) 5-point Likert
23. I feel very tense, because I am going to work with the GameBus web application. 5-point Likert
24. I’m very relaxed about using the GameBus web application. (R) 5-point Likert
25. I am anxious about using the GameBus web application. 5-point Likert
26. I feel pressure while using the GameBus web application. 5-point Likert

mini-IPIP: Extraversion 6

27. In general, I am the life of the party. 5-point Likert
28. In general, I do not talk a lot. 5-point Likert
29. In general, I talk to a lot of different people at parties. 5-point Likert
30. In general, I keep in the background. 5-point Likert

mini-IPIP: Agreeableness 6

31. In general, I sympathize with others’ feelings. 5-point Likert
32. In general, I am not interested in other people’s problems. 5-point Likert
33. In general, I feel others’ emotions. 5-point Likert
34. In general, I am not really interested in others. 5-point Likert

mini-IPIP: Conscientiousness 5

35. In general, I get chores done right away 5-point Likert
36. In general, I often forget to put things back in their proper place. 5-point Likert
37. In general, I like order. 5-point Likert
38. In general, I make a mess of things. 5-point Likert

mini-IPIP: Neuroticism 6

39. In general, I have frequent mood swings. 5-point Likert
40. In general, I am relaxed most of the time. 5-point Likert
41. In general, I get upset easily 5-point Likert
42. In general, I seldom feel blue. 5-point Likert

mini-IPIP: Openness to experience 6

43. In general, I have a vivid imagination. 5-point Likert
44. In general, I Am not interested in abstract ideas. 5-point Likert
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TABLE V: DETAILS OF PRE-TEST SURVEY (CONTINUED).

# Question or statement Type

45. In general, I have difficulty understanding abstract ideas. 5-point Likert
46. In general, I do not have a good imagination. 5-point Likert
1 Questions 4 to 9 were displayed in random order. 2 Questions 10 to 14 were displayed in random order. 3 Questions 15 to 21 were displayed
in random order. 4 Questions 22 to 26 were displayed in random order. 5 Questions 27 to 46 were displayed in random order.

APPENDIX D
INTERMEDIATE-TEST AND POST-TEST SURVEYS

TABLE VI: DETAILS OF INTERMEDIATE-TEST AND POST-TEST SURVEYS.

# Question or statement Type

Sample Demographics

1. What is your e-mail address? Open

Intrinsic Motivation Inventory: Interest/Enjoyment 1

2. I enjoyed using the GameBus web application very much. 5-point Likert
3. The GameBus web application was fun to use. 5-point Likert
4. I thought using the GameBus web application was boring. (R) 5-point Likert
5. The GameBus web application did not hold my attention at all. (R) 5-point Likert
6. I would describe the GameBus web application as very interesting. 5-point Likert
7. I thought the GameBus web application was quite enjoyable. 5-point Likert
8. While I was using the GameBus web application, I was thinking about how much I enjoyed it. 5-point Likert

Intrinsic Motivation Inventory: Perceived Competence 2

9. I think I am pretty good at using the GameBus web application. 5-point Likert
10. I think I am quite good at using the GameBus web application, compared to other participants. 5-point Likert
11. I am satisfied with my performance in the GameBus web application. 5-point Likert
12. I was pretty skilled in using the GameBus web application. 5-point Likert
13. Using the GameBus web application is something I couldn’t do very well. (R) 5-point Likert
14. After using the GameBus web application for awhile, I felt pretty competent. 5-point Likert

Intrinsic Motivation Inventory: Perceived Choice 3

15. I believe I had some choice in using the GameBus web application. 5-point Likert
16. I felt like it was not my own choice to use the GameBus web application. (R) 5-point Likert
17. I didn’t really have a choice to use the GameBus web application. (R) 5-point Likert
18. I felt like I had to participate. (R) 5-point Likert
19. I used the GameBus web application because I had no choice. (R) 5-point Likert
20. I used the GameBus web application because I wanted to. 5-point Likert
21. I used the GameBus web application because I had to. (R) 5-point Likert

Intrinsic Motivation Inventory: Pressure/Tension 4

22. I did not feel nervous at all while I was using the GameBus web application. (R) 5-point Likert
23. I felt very tense while I using the GameBus web application. 5-point Likert
24. I was very relaxed in using the GameBus web application. (R) 5-point Likert
25. I am anxious while using the GameBus web application. 5-point Likert
26. I felt pressure while using the GameBus web application. 5-point Likert
1 Questions 2 to 8 were displayed in random order. 2 Questions 9 to 14 were displayed in random order. 3 Questions 15 to 21 were displayed
in random order. 4 Questions 22 to 26 were displayed in random order.
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APPENDIX E
POST INTERVIEW QUESTIONS

TABLE VII: DETAILS OF POST-INTERVIEW.

# Question

GameBus web application

1. What did you think of the GameBus web application?
- What did you like and dislike about the web application?
- Did you enjoy using the web application?

2. What did you think of the functionalities within the web application? (e.g. points, leaderboard, Joe)
3. What kind of functionalities would you like to see more in the web application?
4. What still needs to change in the web application in order to implement it within GGZ Centraal?
5. How easy was it to use the GameBus web application? (e.g. logging in, completing challenges)
6. What grade (1-10) would you give the GameBus web application?

Personalized tasks (A) vs. Non-personalized tasks (B)

7. What did you think of tasks A?
- What did you like and dislike about these tasks?
- Did you enjoy these tasks?

8. What did you think of tasks B?
- What did you like and dislike about these tasks?
- Did you enjoy these tasks?

9. Which tasks do you prefer (A or B)? Why?

Motivation

10. Did the web application motivate you to accomplish tasks? If so, how?
11. Did the web application motivate you to be more actively complied with your treatment program? If

so, how?
12. Do you think GameBus is a motivational web application to use in your treatment program?
13. What is your main reason for using the GameBus web application?
14. What helps you to motivate?

Other

15. Any further questions or comments?

APPENDIX F
BIGRAMS AND TRIGRAMS

TABLE VIII: BIGRAMS AND TRIGRAMS OF TREATMENT PLANS.

Index Bigram Occurence Index Trigram Occurence

1 ik wil 4720 1 ik wil graag 685
2 ik heb 2531 2 ik heb een 640
7 ik ga 1076 3 ik wil mijn 437
9 ik ben 893 6 ik wil een 311

14 ik kan 674 11 ik neem mijn 203
24 ik bespreek 515 15 ik wil leren 193
31 ik gebruik 436 17 ik wil meer 185
33 ik krijg 411 20 ik wil minder 158
34 ik neem 405 21 ik bespreek met 152
36 wil ik 396 25 ik ga naar 142
42 acties ik 369 40 ik wil weer 112
43 actie ik 361 41 ik gebruik mijn 111
44 heb ik 360 45 ik maak gebruik 103

46 ik bespreek mijn 103
47 ik wil mij 102
48 ik heb mijn 101
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