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Abstract

To support adolescents’ well-being, mobile health (mHealth) applications aimed at promoting habits that
improve well-being and prevent mental health problems are being increasingly developed. To increase
uptake and sustained usage, advancements in personalization for these applications have been made.
However, personalization is not straightforward, as it should consider the diverse and sometimes con-
flicting needs of stakeholders: adolescents may prioritize enjoyment and desire low time and effort,
while clinical experts emphasize adherence and usefulness. Existing reinforcement learning (RL) ap-
proaches either only optimize for one of such outcomes, or collapse several objectives into a single
scalar number. As a result, these methods may fail to adequately capture and address all stakeholder
needs, especially when objectives conflict. This thesis explores the use of multi-objective reinforce-
ment learning (MORL) for personalization in an mHealth application for adolescents that is aimed at
promoting four different coping categories. Through literature, we identified relevant needs and con-
cerns from adolescents, clinical experts, parents, and society, and translated these into the design of
our personalization algorithm through model components and algorithmic choices. We implemented
a model-based MORL algorithm based on decomposition (MORL/D) with policy iteration, using data
from 317 participants from an existing study. This produces a set of Pareto optimal policies, each
representing a different trade-off between the objectives. We further proposed and evaluated three
metapolicies for selecting from this Pareto set: user choice, expert priority, and a combination of both.
Simulation-based evaluations revealed that conflicting objectives exist and that no single-objective pol-
icy is able to improve all outcomes simultaneously, revealing inherent trade-offs across and within
stakeholders. In contrast, the user choice metapolicy that provides users with three options from the
Pareto set achieved consistent improvements across all outcomes compared to a non-personalized
baseline, while addressing adolescents’ desire for autonomy and control by allowing them to select
from a set of good options. This approach enhances user experience, engagement, and diversity of
the practiced coping strategies and thus may better equip adolescents with a broad set of coping skills.
These results support the use of MORL and demonstrate it can be a promising approach for mHealth
personalization when balancing diverse and potentially conflicting stakeholder needs.
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Introduction

Globally, one in seven adolescents battles with mental health conditions, such as depression, anxiety,
or behavioral disorders [120]. Experiencing mental disorders during this age period can have major
consequences for later stages in life, such as increased health problems [64, 97] and higher risk of
unemployment [25]. Therefore, adolescents should be supported in developing habits that can help
them with their well-being and prevent mental health problems. A valuable strategy to achieve this is
by learning adaptive coping skills [71], which can help adolescents manage negative events. Studies
by Frydenberg et al. [47] and Esmaeilimotlagh et al. [40] demonstrated that learning coping skills can
positively affect adolescents’ mental health in school and university, respectively. This aligns with the
World Health Organization’s recommendation to support adolescents in building resilience and devel-
oping adaptive coping strategies [120]. In recent years, mobile apps have become a popular way ta
popular way to support adolescents’ mental health and well-being [38, 72, 27]. One example is the
Grow It! app [35], a serious gaming application for adolescents that combines emotion monitoring with
daily cognitive behavioral therapy-based challenges to strengthen coping skills. While the app shows
promise in improving adolescents’ well-being, low user engagement remains a challenge. This reflects
a broader issue in mHealth applications, where real-world uptake and sustained usage are low [76,
89, 116]. Personalization has been identified as a promising strategy to improve engagement, as it
allows the application to match the needs and circumstances of individual users [117, 10, 127]. Yet,
personalization is not straightforward, as there may be multiple needs that should be considered. For
example, adolescents may want an application that is enjoyable, useful and not too time-consuming,
whereas clinicians may put greater emphasis on effectiveness and safety. As a result, personalization
must balance these multiple needs and objectives. Building on these insights, this study investigates
how the coping skill-enhancing challenges in the Grow It! app can be personalized while accounting
for diverse needs and concerns.

One method to implement personalization in mental health apps is by the use of reinforcement
learning (RL) [111], which Weimann et al. [118] showed to be effective in various digital healthcare
contexts. In RL, the system observes a user’s current state (e.g., mood, tiredness, or motivation) and
selects an action, such as recommending a coping challenge. After the action is taken, the system
receives feedback in the form of a reward signal that reflects how desirable the outcome was. The goal
of the algorithm is to learn a decision-making strategy (policy) that maximizes the expected cumulative
reward over time. This reward typically measures a proximal outcome, such as an increase in positive
affect, which serves as a measurable proxy for the distal outcome [88], such as long-term improvements
in mental well-being. By optimizing for this reward, the RL algorithm can learn a policy (i.e., a mapping
from states to actions) that makes personalized recommendations tailored to users’ needs.

However, optimizing for a single reward may not adequately capture the full personalization prob-
lem, as there may be multiple, possibly conflicting objectives. For example, adolescents might want
coping challenges that are useful, but do not require too much effort. Or they may want a challenge
to be enjoyable, but not too time consuming. Additionally, different stakeholders in such might have
different interests as well. For example, a study by Terlouw et al. [114] found that children wanted a
game that made them feel connected with peers, while health care professionals were more focused on
developing social skills. Moreover, what is considered important by an expert often does not align with
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what users perceive as useful [3]. These varying interests illustrate that a single-objective approach
may be insufficient, since optimizing only for the clinical outcome may overlook the user-centered fac-
tors that sustain long-term engagement. This motivates the need for methods that can represent and
optimize multiple objectives.

A common approach to deal with multiple objectives in RL, is to combine the several reward sig-
nals into a single objective using a linear scalarization function [59]. This effectively transforms the
multi-objective problem into a single-objective problem and makes it possible to apply standard RL
algorithms. However, defining this scalarization function requires a-priori knowledge about the prefer-
ences of the several objectives. For instance, if we want to address effectiveness and enjoyment, we
would need to know how much weight to give to each of these objectives. In practice, it is often difficult
to define these preferences, and they can change over time [59]. For example, an adolescent might
prioritize enjoyment on a day when they feel demotivated, but prefer shorter, more effective challenges
on a busy or tiring day. Consequently, a "one-size-fits-all” scalarization may produce suboptimal results
as it cannot adapt to these fluctuating preferences.

Multi-Objective Reinforcement Learning (MORL) [59] addresses this problem by accounting for mul-
tiple objectives without a predefined trade-off. Instead of searching for a single optimal policy, it finds
a set of optimal policies that represent the best possible trade-offs, resulting in multiple optimal actions
per state. Relating this to the coping skill-enhancing challenges, we can utilize MORL to find a set of
challenges that are optimal in different ways. For example, it can propose a challenge that is less time-
consuming but perhaps less effective, and another challenge that is more effective but less enjoyable.
The final selection can then be made through a higher-level decision mechanism, such as allowing
adolescents to choose between a set of challenges, or in collaboration with healthcare experts. By re-
moving the trade-off decision from the personalization algorithm, we allow for more flexibility in the final
selection and hope to better align with the fluctuating and diverse needs of the involved stakeholders.

MORL has been applied in various problem domains where multiple aspects need to be considered.
For example, in robotics, where speed and energy efficiency need to be balanced [122], and in opera-
tions of a water resource system, where we want to maximize the energy production of the hydropower
plant, while minizing the risk of flooding [20]. Some applications in healthcare exist as well: for example,
Lizotte et al. [79] developed an MORL algorithm for finding the best treatment plan for schizophrenia
by balancing symptom reduction against the severity of side effects, and Jalalimanesh et al. [62] pro-
posed an MORL algorithm for calculating the radiotherapy dose while minimising treatment time, total
radiation dose and healthy tissue damage simultaneously. These adaptations of MORL in clinical do-
mains demonstrate their ability to address multiple, often conflicting demands in these settings. This
suggests it can be applied in mHealth personalization as well, to account for the diverse needs and
concerns. Therefore, this research aims to investigate the potential of MORL for the personalization of
coping skill-enhancing challenges within a mental health app for adolescents.

1.1. Research Question

Understanding and addressing the diverse needs and concerns of the involved stakeholders is nec-
essary for encouraging sustained usage of mental health apps [31]. Current Reinforcement Learning
solutions often simplify these varying interests into a single scalar reward by defining a trade-off a priori
[118]. However, this may fail to adequately address all needs and concerns, as such a static trade-off
might not be able to capture the complex preferences. To address this limitation, we explore the use
of MORL for personalization within a mental health app, which allows us to explicitly account for the
diverse objectives. This leads us to the following research question:

How can multi-objective reinforcement learning be used fo personalize coping skill-enhancing chal-
lenges for adolescents to address needs and concerns from diverse stakeholders?

Which will be answered with the following subquestions:

» What needs and concerns should be taken into account when developing a model to personalize
coping challenges for adolescents?

» How can a multi-objective reinforcement learning model be designed for personalizing coping
challenges for adolescents?
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* How effective is a multi-objective reinforcement learning model for personalizing coping chal-
lenges for adolescents?

1.2. Approach

To answer the research questions, we first identified the specific needs and concerns of adolescents,
clinical experts, parents and society, and explored how these needs and concerns could be addressed
in a personalization algorithm in chapter 2. Following these insights, we translated the discovered
needs and concerns into design choices for our model formulation and personalization pipeline in chap-
ter 3. We further used previously collected data from a randomized trial to aid in design decisions and to
train our personalization algorithm. Additionally, this data was used to develop our simulation environ-
ment, in which users are simulated to test our personalization approach. This allowed us to evaluate
how well our proposed solution could address the previously discovered needs and concerns. The
results of these evaluations are presented and discussed in chapter 4. Lastly, we reflected and con-
cluded our work by answering the research questions, discussing limitations, presenting directions for
future work, and providing an ethical reflection in chapter 5.



Foundation

This chapter aims to answer the first sub-question, lay a foundation for multi-objective reinforcement
learning, and explain the dataset used.

2.1. Needs and Concerns

In this section, we explore the diverse needs and concerns from several stakeholders and perspec-
tives, and answer the first sub-question:

What needs and concerns should be taken into account when developing a model to personalize
coping challenges?

To identify these needs and concerns, we approached the question from the perspectives of adoles-
cents, clinical experts, and parents. Additionally, we take a societal viewpoint and discuss the ethical
considerations that arise with algorithmic personalization for adolescent mHealth apps. These stake-
holders were chosen because previous studies consider users (adolescents) and health care experts
as stakeholders for their analysis of their perspectives on mental health apps [53, 52, 98]. Additionally,
Radovic et al. [98] also considers parents and policymakers. Therefore, we considered them as well,
but took the policymakers broader as society to include ethical and legal considerations.

2.1.1. Adolescents

The end users of the mental health app are adolescents aged 16-25 years old from the general popula-
tion. d’Halluin et al. [31] argue that sustained engagement of adolescents in mental health applications
depends on the ability of the app to meet their needs and concerns. This suggests we should have an
understanding of these needs and concerns to successfully develop our personalization algorithm.

The reason behind using a mental health app is to support or improve adolescents’ mental well-
being. This suggests that the app should fulfill this goal and have a positive effect on users’ mental
health outcomes [65, 92]. Next to seeing actual improvement in well-being and mental health out-
comes, it is crucial that the challenges are perceived as useful. Liverpool et al. [78] identified perceived
usefulness as a major motivating factor, which suggests that users are more likely to complete a coping
challenge if they think it will be useful. This aligns with the technology acceptance model [82], which
argues that a user’s intention to use a system depends on their belief about its usefulness and ease of
use.

A further consideration is that adolescents value health applications that have engaging elements
[36, 72]. Studies have found that adolescents prefer mental health applications that have fun and in-
teractive components [49, 65], since this helps with keeping them engaged. This is in line with several
technology acceptance and adoption models [112], which suggest that perceived enjoyment is an im-
portant factor that may determine engagement with technology. Such interactivity can be achieved by,
for example, gamification or adding videos to the app. Additionally, young people dislike repetitiveness
[127], so the app should offer a diverse variety of challenges.
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A mental health app should not require too much effort or time, as this can be seen as burdensome
and negatively impact the engagement of users in these apps [33]. For example, Laure [68] found
that the exercises that required the most effort had the lowest completion rates. The time constraint
concerns both the time required for personalization of the app (e.g. tweaking settings, or filling in
questionnaires for personalization) as well as for the exercises of the app [53]. Additionally, Gétzl et al.
[53] and Laure et al. [69] found that young people prefer apps that encourage them to refrain from the
use of mobile phones and reduce screen time. Therefore, the application should not require the users
to constantly be on their phones in order for it to be effective.

Several studies investigating user needs and preferences in mental health apps indicate that users
appreciate a sense of autonomy and control [5, 65, 53]. For example, Alqahtani and Orji [5] analyzed
user reviews and found that users want an app where they can choose the content themselves. When
looking at the specific target group of young people, Kenny, Dooley, and Fitzgerald [65] discovered that
young people do not like being told what to do and that they want to be in control of how they use such
apps. Moreover, Gotzl et al. [53] reported that adolescents want apps to provide a variety of exercises
along with an overview and orientation over possible options, so they can define their own path. These
findings align with the self-determination theory [102], which identified autonomy as one of the three
psychological needs for intrinsic motivation.

Another common desire is to feel connected with others and part of a group. Adolescents like to
have social interaction in an app, which could be directly, by being able to send messages to peers,
or indirectly, by being able to relate to others’ experiences [65, 31, 78]. This social connection helps
adolescents realize they are not alone in their feelings [49] and fosters a sense of belonging, which is
beneficial for well-being and emotional stability [18]. Similarly to autonomy, this social relatedness is
also one of the three psychological needs for intrinsic motivation, according to the self-determination
theory [103].

Accessibility is also a facilitator for the success of mHealth applications. Adolescents prefer ap-
plications that can be used at any time and in any location, allowing them to engage with the app in
a way that fits their routines [127]. For example, suggested exercises should take the user’s current
context into account and avoid requiring actions that may not be feasible, such as going outside when
this is not possible. Additionally, adolescents highlight that apps should be free to use [65, 127]. Lastly,
accessibility should also extend to inclusive design considerations, ensuring that the app can be used
by users with physical constraints, such as color blindness or limited mobility.

When using a mental health app, young people share sensitive personal information with the ap-
plication, which can raise concerns regarding privacy and safety. Kenny, Dooley, and Fitzgerald [65]
reported that apps should be confidential, for example, by being password-protected, and that users
should have control over their privacy, allowing them to choose what personal information is shared.
Moreover, Wies, Landers, and lenca [119] argue that privacy breaches can lead to patient mistrust
and decrease the effectiveness of mHealth applications. Additionally, Liverpool et al. [78] highlighted
that young people were more inclined to use apps if there was transparency. In the context of data-
driven personalization, this could include transparency about how user information is used to generate
recommendations. Another factor that ties closely to privacy and security is the fear of stigmatization
that adolescents have. Ribanszki et al. [99] found that adolescents were cautious with using an app
when there was a high risk of being seen, and Kenny, Dooley, and Fitzgerald [65] previously found
the same, where users did not want others to know they were using a mental health app. This further
demonstrates the need for a private, safe, and secure application.

2.1.2. Clinical experts
In addition to understanding adolescents’ needs, we should also consider the perspective of healthcare
professionals, as they may play a role in evaluating and validating the clinical value of health applica-
tions. While therapists are generally positive about the use of mobile health apps [53, 54], there are
several considerations that should be addressed when designing and implementing such applications.
A common issue in mental health apps is low user engagement, meaning the adherence rate is
low and drop out rates are high [116, 76, 12]. This can be problematic, because such applications
require sufficient engagement in order to be effective [123]. Therefore, ensuring user engagement by
increasing adherence and decreasing dropout rates can be essential for the success of mental health
apps.
In addition to the fundamental requirement of clinical usefulness, which in our case is support-
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ing adolescents in practicing coping skills, healthcare experts emphasize the necessity of knowledge
transfer [53], ensuring that the skills practiced within the app effectively translate to the user’s real-world
environment. This means that adolescents should be able to utilize and understand the learned coping
strategies in their own lives after completing the exercises.

In terms of learning coping strategies, there are several coping strategies that one can use to help
deal with difficult events, such as accepting the situation or finding distraction [71, 28]. Being able to
adapt to the situation and deploy these techniques flexibly can support one’s ability to handle negative
situations [4]. This suggests that it is beneficial to learn a diverse set of coping strategies.

Similar to adolescents, healthcare experts also have concerns about the privacy and safety of
mHealth applications [54, 83]. Since mHealth apps handle personal information, there are worries
about other people accessing this confidential information. Additionally, when incorporating Al into a
mental health app, experts highlight the importance of ensuring transparency of data usage [53].

Moreover, experts also expressed concerns about the possible negative influences of enforcing
excessive digital media use [53]. High levels of app usage should not necessary lead to effectiveness,
as the ultimate goal is for users to apply learned coping strategies in their daily lives rather than remain
dependent on the app. This aligns with the desire of adolescents limit their time on the phone, and
complements the notion of knowledge transfer, where skills practiced within the app are carried over
into real-world situations.

2.1.3. Parents

Since our study focuses on adolescents aged 16-25, the needs and concerns of parents should be taken
into account as well. A scoping review by d’Halluin et al. [31] indicates parents are generally positive
about mental health apps and their capabilities and features. Moreover, Butorac et al. [17] conducted a
qualitative study with culturally diverse young people and parents to explore their views on engagement
with a digital mental health tool and found that parents highlighted the importance of acceptance and
education around mental health, but on the other hand, were worried about possible stigmatization of
their child. Another key concern that they found was data being accessed by unauthorized parties.
This underlines the previously identified need for privacy and safety from adolescents and clinicians.

2.1.4. Society

When developing an algorithm for a mental health app, several ethical and legal concerns arise as
well. In a scoping review, Wies, Landers, and lenca [119] found that the most frequently mentioned
ethical challenges are regarding privacy, confidentiality, and security of user data. This aligns with the
concerns about privacy from adolescents, clinicians, and parents and suggests we should carefully
select the user data that we want to use for the algorithm, and that this data is securely stored and
processed. These ethical concerns are also enforced by legal frameworks, such as the General Data
Protection Regulation (GDPR) [41], which states that only strictly necessary data may be collected and
that personal data must be stored and processed securely.

In addition to privacy concerns, fairness and bias mitigation should also be considered, as the
algorithm should not disadvantage certain demographic groups or populations, for example, by sys-
tematically suggesting less useful challenges to girls. Such biases often originate from training a model
on biased datasets [84], for instance, when certain groups are underrepresented. To mitigate biases
and ensure fair treatment across all users, there are several strategies that can be employed, such as
ensuring diverse and representative training data by minority oversampling [109].

Another factor that arises when integrating Al into health care is the need for interpretability and
explainability [118]. This refers to the ability to interpret and explain the decisions made by the algorithm
to users and stakeholders. Translating this to our goal of personalizing coping challenges, we should be
able to explain why a certain challenge is suggested. This ensures transparency of the system, which
in turn fosters trust among users and stakeholders [11]. The importance of this is also reflected in the
EU Al Act [42], a legal framework for the development and deployment of Al systems, as it introduces
requirements for Al systems regarding transparency depending on their level of risk.

Lastly, the sustainability of Al should be considered, as the development and deployment of such
systems come with environmental costs [121, 24]. Training and tuning models can require large
amounts of energy, which is often not from carbon-neutral sources, thereby contributing to carbon emis-
sions. While increasing model size and complexity can improve performance, it typically also leads to
a higher energy demand and, consequently, a larger environmental footprint [24]. Therefore, model
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design choices should account for this trade-off between performance and environmental impact.

2.1.5. Conflicting needs and concerns

Table 2.1: Overview of needs and concerns from the perspective of adolescents, clinical experts, parents, and society.

Need / Concern

Stakeholder

Description

Usefulness

Engaging elements
Engagement

Autonomy and control
Required time and effort
Social connectedness
Privacy and safety
Accessibility

Knowledge transfer
Transparency

Diversity of coping strategies
inter-

Explainability and

pretability
Fairness and bias mitigation

Sustainability

Adolescents,
parents
Adolescents
Clinicians
Adolescents
Adolescents
Adolescents
Adolescents,
parents, society
Adolescents
Clinicians
Clinicians

Clinicians

Society

Society

Society

clinicians,

clinicians,

The application should lead to noticeable im-
provements and be perceived as useful.

The app should provide fun, interactive, and
varied content.

Users should actively use and adhere to the ap-
plication to ensure its effectiveness.

Users should be able to make choices and feel
in control of how they use the app.

The app should not require too much time or
effort.

The app should foster a sense of belonging and
shared experience.

Personal data must be securely handled and
protected from unauthorized access.

The app should be free of cost, and usable any-
time and anywhere.

Skills practiced in the app should generalize to
real-life situations.

It should be clear how data is used, and how
recommendations are made.

The application should address multiple coping
techniques.

How the algorithm makes decisions should be
understandable and explainable to users and
stakeholders.

The app should not disadvantage specific
groups.

The development and deployment of the sys-

tem should consider environmental impact and
resource efficiency.

The identified needs and concerns from adolescents, clinical experts, parents, and society can be
found in Table 2.1. These aforementioned needs and concerns present several possible trade-offs,
where we must balance conflicts between them. For instance, adolescents do not want to spend too
much time or effort on mental health exercises, but the most effective elements might be more time-
consuming. Doing a diverse set of challenges is both beneficial from a clinical perspective and reduces
repetitiveness, which adolescents prefer; however, a challenge that targets a different coping strategy
could be more effortful for the user than a coping strategy that is already well-practiced. We also see
the engagement dilemma [69]: adolescents want to reduce their screen time, but the effectiveness of
the application may suffer from that. What is considered effective between the different stakeholders
can also differ; a challenge that experts deem important may not be perceived as useful by users. For
example, Albers, Neerincx, and Brinkman [3] found that users’ usefulness beliefs did not match expert
scores in a smoking cessation program. Moreover, adolescents enjoy exercises that are fun, but these
might be more time-consuming. So in this case, itis difficult to determine which of these needs has more
importance. Taken together, these conflicting needs and ambiguous preferences demonstrate that no
single objective is sufficient to capture the complexity of the personalization problem. This makes multi-
objective reinforcement learning a promising approach, as it can balance multiple, potentially conflicting
objectives simultaneously.
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2.2. Implications for our model

Understanding the needs and concerns from different stakeholders is only the first step in the develop-
ment of our algorithm, as we must also explore how we can translate these requirements into concrete
design and implementation choices. The identified needs and concerns can be addressed at differ-
ent design levels of the application. Some can be directly operationalized within the personalization
algorithm (e.g., as state variables or objectives), while others influence how the algorithm should be
designed or constrained. Finally, some requirements concern the broader system in which the algo-
rithm is used and cannot be addressed at the algorithmic level alone. Therefore, we categorize the
needs and concerns into the following three levels: 1) model components, 2) algorithm design, and 3)
system design. This categorization is visualized in Figure 2.1.

Explainability and
interpretability

Usefulness Design levels
lZII'::ilres:yeosf Required time and
& effort

Algorithm

Model components

Fairness and bias _
Engaging elements sustainability

Autonomy and
control

Figure 2.1: Overview of implications of needs and concerns on different design levels.

2.2.1. Model components

When developing an (MO)RL personalization algorithm, there are several components that need to be
defined (see section 2.3). These include state variables, the action space, and the optimization objec-
tive(s). These components define what information the algorithm uses, which decisions it can make,
and which outcomes it aims to optimize. Several of the identified needs and concerns can be directly
incorporated into these components. For example, usefulness is typically used as an optimization ob-
jective and can be measured by an improvement in positive affect [13], perceived usefulness [6] or
changes in depression and/or anxiety symptoms [108]. Interestingly, Albers, Neerincx, and Brinkman
[3] used perceived usefulness as a state variable, and the usefulness according to experts as part of
the reward function. This way, usefulness from multiple stakeholders’ perspectives was incorporated
into the algorithm. User engagement can also be used as an optimization objective [118]. For example,
by measuring how often users use an application [58]. Ensuring the app does not require too much
time and effort can be achieved by incorporating this in the action space, for example by selecting an
activity with an appropriate difficulty [32], or by using it as an optimization objective, where we want to
minimize the required time or effort. To promote the expert requirement of diversity of offered coping
strategies, we can keep track of the completed challenges and use a diversity measure as a reward
signal. This addresses adolescents’ need for varied content as an engaging element as well.
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2.2.2. Algorithm design

Algorithm design guidelines describe principles that constrain how the personalization algorithm should
operate and be implemented, including the selection of inputs and outputs, and additional requirements
imposed on the algorithm. For example, autonomy and control can be realized by letting the algorithm
output a list of recommendations that the user can choose from, rather than a single suggestion [100].
Or the algorithm could allow the user to override its suggestion. To account for safety, we could con-
strain the algorithm to not give recommendations that are unsafe, for example no challenges that require
going outside should be given when it is late at night. Privacy can be addressed on this level by care-
fully selecting the features that we want to use as input data, for example we might prefer tiredness
data over emotion data [55], or by choosing a federated learning approach [125]. Explainability and
interpretability can be achieved by using techniques from explainable Al (XAl) [37], such as choosing
features that can be used to explain decisions or selecting an interpretable model. Mitigating bias and
promoting fairness can also be addressed at this level by using diverse and representative training
data and by carefully selecting input features that do not introduce or amplify existing biases. Lastly,
sustainability can be accounted for by considering the carbon emissions of algorithms when selecting
which one to use [66].

2.2.3. System design

The system design guidelines relate to the broader context in which the algorithm will be used, i.e., the
whole application. For example, to foster a feeling of social connectedness, the application could offer
the possiblity to chat with each other [35]. The need for engaging elements can also be fulfilled on this
level. This can be done by, for example, adding gamification [35, 77], or ensuring content diversity [69].
Privacy and safety can be addressed on this level as well, by ensuring user data is handled securely,
for example by only processing it locally on users’ phones [69], or letting users choose what data is
shared, simultaneously accounting for autonomy and control. Additionally, by giving being transparant
about data collection and giving explanations of how the algorithm works, the system can ensure trans-
parency. To address accessibility, the application should be free of cost, user-friendly, and incorporate
inclusive design. Lastly, knowledge transfer (or ’learning transfer’) can be achieved by including ele-
ments in the application that stimulate this, such as exercises that encourage the user to think about
situations where skills can be applied [69].

This categorization of needs and concerns shows that not all of them can be addressed within the
personalization algorithm. The system level implications regard the broader implementation of the ap-
plication and fall out of the scope of algorithm development. Therefore, we will focus on the needs and
concerns that can be accounted for in the model components and algorithm design level. The needs
and concerns that only occur in the outer ring in Figure 2.1 will thus not be explicitly addressed in our
personalization algorithm. These are transparancy, social connectedness, and knowledge transfer.

2.3. Multi-Objective Reinforcement Learning

In Multi-Objective Reinforcement Learning [59, 9, 101], an agent interacts with an environment and
learns an optimal policy ©* that maps each state to an action. This can be formalized using a Multi-
Objective Markov Decision Process (MOMDP), which is represented by the tuple (S, A, T, v, u, R), where:

+ § is the state space,

* A is the action space,

* T:SXAXS —[0,1] is the probabilistic transition function,
» y is the discount factor,

* u:S - [0,1] is the probability distribution over initial states,

*andR: S XxAXS - R™is a vector-valued reward function, specifying the immediate reward for
each of the m > 2 objectives.

The goal of the MOMDP agent is to find a policy # : § —» A that simultaneously maximizes the
expected sum of discounted rewards J* for each objective i: J* = [JT, ... J5,], where JT is defined as
follows:
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Here, R;(s¢, T(st), Se+1) IS the reward for objective i that is obtained from taking the action induced
by the policy in state s;, after ending up in state s;,, by following the transition function. We can now
also define the state-value function of a policy & as:

V*(s) =E Zytrtﬂ | sg =s,m (2.2)
t=0

where r;,1 = R(sg, ag, S¢41) IS the vector-valued reward received at time t + 1. Thus, the state-
value function assigns to each state s € § a vector of expected discounted returns, i.e., V¥(s) € R™.
In addition to the value for each state, we define the overall value of a policy m as the expectation over
the initial state distribution:

v = Es .y [V (s)] (2.3)

This policy-level value summarizes the expected performance of = across the entire state space
and is also a vector in R™. In case of a single reward, the value function results in a single number, and
it is easy to say that policy  is better than policy 7’ if V™ > V™ . However, in the multi-objective setting
we would need some utility function u : R™ — R, that maps the multiple values to a single scalar to
obtain such an ordering over policies. However, as Hayes et al. [59] thoroughly described, this function
is often unknown or may change over time. Therefore, in an MOMDP, it could occur that for objective i,
policy m is better (i.e. V[ > Vi"') , while for objective j, policy ' is better (i.e. Vj”' > V") Consequently,
there is no single value vector that is the best in all objectives and there are thus multiple possibly
optimal value vectors V. Therefore, we need to consider solution sets instead of a single solution as in
single-objective RL and move from learning a single policy to learning multiple policies. In our problem
setting, this means that for each user state, we can find a set of optimal coping challenges, each with
its own optimal contributions to the objectives, instead of one challenge.

2.3.1. Comparing sets of policies
When learning sets of policies, we must be able to compare them to determine which set is better. To
understand how this can be done, we explain several concepts.

Pareto-dominance and -optimality. A policy = Pareto-dominates (>p) another policy ' when its
value is at least as high in all objectives and strictly higher in at least one objective [101]:

V™ >, V' & Vi, VF = VE AL VE>VE (2.4)
If there exists no solution that dominates policy m, the policy is said to be Pareto optimal.
Pareto set. The Pareto set (PS) is the subset of all possible policies I1 that are not Pareto dominated
by any other policy in II:
PS(IT) = {n ENIAn €M: VT >, V”} (2.5)

The projection of the PS in the objective space, i.e., the values of the policies for each objective, is
called the Pareto front (PF). This is the red line in Figure 2.2. In multi-objective optimization, the goal is
often to obtain an approximation set of the PS, whose projection in the objective space approximates
the PF.
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Hypervolume. To measure the performance of an approximation set, the hypervolume metric [130]
is often used. This metric provides insight into both proximity to the actual PF, as well as diversity
of solutions in the approximation set. Hypervolume is measured as the volume of the region formed
between each point in the approximation front and a reference point Z,..f in the objective space (see
Figure 2.2). The reference point should be chosen carefully to get meaningful insights into the quality of
the approximation set. This indicator is Pareto compliant, meaning if an approximation set A dominates
another set B, the hypervolume measure for set A will be strictly higher than that of B [129].

Hypervolume contribution. Following the hypervolume, the hypervolume contribution [107] is de-
fined as the volume a certain point adds to the hypervolume. Given a solution set 4, a point p, and a
reference point Z..f, the hypervolume contribution (HVC) of p to A is defined as:

ch(p' A' Zref) = HV(A U {p}' Eref) - HV(A \ {p}' Eref) (2-6)
f2 m  Reference point fo
e  Solution points
—— True Pareto front —t P

. 1l . i

Zref Zref
(a) Hypervolume (b) Hypervolume contribution

Figure 2.2: Examples of the hypervolume metric and the hypervolume contribution in a two objective maximization problem. The
shaded area indicates (a) the hypervolume of the solution set, and (b) the hypervolume contribution of point x to that same set.

Expected Utility Metric. The hypervolume measure evaluates solution sets in terms of diversity and
Pareto optimality, but it does not capture how well a set satisfies user preferences. To address this,
Zintgraf et al. [128] introduced the expected utility metric (EUM), which evaluates the expected best
utility obtainable from a solution set under uncertain user preferences.

Given a solution set A, a distribution over preference (weight) vectors A, and a scalarization function
g, the EUM is defined as:

EUM(4,A, g) = Ez_, [r?&;( 9(x, ,1)] . 2.7)

For each sampled preference vector 1, the scalarization function g(~,Z) maps the multi-objective
solutions to scalar utility values, and the best-performing solution for that preference vector in 4 is
selected. The expectation then measures the average utility achievable across all possible user pref-
erences.

2.3.2. Multi-Objective Reinforcement Learning in Healthcare
Multi-Objective Reinforcement Learning provides a framework to address problems in healthcare where
there might be multiple, possibly conflicting objectives. Jalalimanesh et al. [62] used multi-objective dis-
tributed Q-learning to find the optimal radiotherapy dose while minimizing treatment time, total radiation
dose, and healthy tissue damage. They took a multi-agent approach, where they used multiple agents,
each optimizing one of the objectives. At the end of each iteration, the agents combine their solutions
to discover Pareto optimal solutions.

Other work is done by Lizotte, Bowling, and Murphy [79], who presented an algorithm for finite-
horizon fitted-Q iteration with multiple reward functions (objectives). They assumed a linear value
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function approximation, meaning that the different objectives can be combined linearly to capture the
true preferences. This value function takes a trade-off parameter &, which captures the preferences
for the different objectives. Using a piecewise linear representation of the value functions for the dif-
ferent possibilities of §, they obtain the optimal policies under these different settings. The method is
demonstrated by finding the best treatment plan for schizophrenia, which balances symptom reduction
against the severity of several side effects.

2.4. Dataset

To train our model and create a simulation environment for testing, we utilized data from a randomized
controlled trial study by Groot et al. [56]. This study aimed to investigate the effect of a reinforcement
learning personalization algorithm on adolescents’ adherence and experience with a mental health
app. This algorithm was designed to determine which coping strategy category to suggest to the user.
Before accessing the dataset, we preregistered our study in the Open Science Framework (OSF) [73].

2.4.1. Study Design

The study involved Dutch adolescents aged 16-25 from the general population, who interacted with
a mobile app for 25 days. During this period, participants received daily challenges to enhance cop-
ing skills and Experience Sampling Method (ESM) questionnaires to capture momentary measures
through the Avicenna app. The participants were assigned to one of the three between-subject con-
ditions, which determined the level of personalization they received (random, pooled, and clustered).
Additionally, there were four within-conditions which determined how the interaction between the al-
gorithm and participants was designed: providing explanations, offering agency (possbility to select a
different coping style category), a combination of both, or none of those. Before starting to use the
app, participants were asked to fill in a baseline survey to assess demographics, mental health and
well-being measures, and attitudes towards Al and technology. Similarly, participants, received a final
survey at the end of the study to assess their mental health and well-being, and their experience with
the app.

Daily Challenges. Participants received a challenge every day during the 25-day period. Before ac-
cessing their suggested challenge, they were asked a few questions about their capability, opportunity,
and motivation to do a challenge (based on the COM-B behaviour change model [85]), as well as their
tiredness and whether they would continue to open the challenges if they were not paid to do so. After
completing a challenge, participants were asked about their experience with the challenge: how much
they liked it, the difficulty, completion time, and perceived usefulness. Details on these questions can
be found in Table A.1 in the Appendix.

The daily challenges were developed for the Grow It! app by Dietvorst et al. [35] and are aimed at
promoting several coping strategies. They are based on cognitive behavioral therapy (CBT) and were
designed in collaboration with adolescents and clinicians. The coping styles that are incorporated
in the challenges are distraction, problem solving, social support, and acceptance. Furthermore, the
challenges have three categories: photo challenges, quizzes, and assignments. Lastly, each challenge
was also given a difficulty rating: easy, medium, or hard.

ESM questionnaires. In addition to the daily challenges, participants received five daily ESM ques-
tionnaires through the Avicenna app. These questionnaires contained questions about momentary
positive and negative affect, location, and context. The morning survey included additional items about
sleep quality, and the evening survey included additional questions to reflect on the events of that day
and how the participant handled these.

2.4.2. Measures

The dataset consisted of the responses to the questions received before and after the challenges, the
ESM questionnaire data, as well as challenge completion and participant demographics. A detailed
description of the measures can be found in Table A.1 in the Appendix.
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2.4.3. Data description and preprocessing

In total, there were 317 participants in the dataset from which we obtained 3471 samples that we used
in our algorithm. A summary of their demographics can be found in Table 2.2. For (multi-objective)
reinforcement-learning, we need samples in the form (s, a,s’,r), where s is the current state, a is the
action taken, s’ is the next state, and r is the observed reward. To create these, we used data from the
current day for s, and data from the next active day for s'. It could be that participants were inactive for
one or more days in between these two timesteps.

While the dataset contained interactions in which users received challenges based on an RL model,
we chose to still include these samples. This was done to increase the number of samples and because
we assume the next state only depends on the current state (Markov property). However, data from
the within-conditions where participants had the option to deviate from the suggested challenge (i.e.,
received agency) were excluded. The reason for this is that we believe that providing this agency may
increase users’ feelings of autonomy, which in turn could influence their motivation to do the challenges
[102]. On the other hand, data from within-conditions where participants received explanations of the
recommendations were retained. Although explanations may also affect user experience, we assumed
that their influence on user behavior would be less pronounced than that of receiving agency. Therefore,
these data samples were included to increase the number of samples.

Lastly, there were 14 participants who were registered under the same device identifier and exhib-
ited unusual interaction patterns. This raised concerns among the leading researchers of the original
study that these interactions may not represent independent participants. Therefore, data from these
participants were excluded from our study. The numbers in Table 2.2 are exluding these 14 participants.

Data correction for photo challenges. During the data collection study, technical issues occasion-
ally prevented participants from uploading photo challenges successfully. As a result, some photo chal-
lenges were incorrectly recorded as non-completed, and no challenge ratings were available for these
entries. To quantify the extent of this issue, the final questionnaire included a question that asked par-
ticipants how many photo challenges they were unable to complete due to technical difficulties. These
self-reported counts were used to probabilistically correct the data, following these steps:

1. For each participant, we obtained the number of not-completed photo challenges N,,., and the
self-reported number of missed photo challenges due to technical issues Ng,..

2. To ensure that the number of corrected observations did not exceed either the observed or
self-reported count, we defined the maximum number of potentially misclassified challenges as:
Npis = min(Nnc' Nsr)-

3. We estimated the correction probability for each participant: P(correction) = %

nc

4. Per participant, each non-completed challenge was corrected with probability P(correction), sub-
ject to a maximum of N,,,;s corrections. For these corrected entries, the challenge was relabeled
as completed and the challenge ratings (enjoyment, usefulness, difficulty, and time spent) were
imputed using the mean value for the corresponding challenge among completed submissions.
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Table 2.2: Participant demographics (N=317).
Characteristic Value
Age, years
Mean (SD) 21.7 (2.4)
Range 16-25
Gender, n (%)
Woman 243 (76.2%)
Man 71 (22.3%)
Prefer not to say 1(0.3%)
Other 2 (0.6%)
Education, n (%)
Primary school 1(0.3%)
Low 19 (6.0%)
Medium 63 (19.7%)
High 234 (73.4%)

Low = (preparatory school for) technical and vocational training; medium = (preparatory school for)

professional education; high = (preparatory school for) university (preparatory track).



Design

This chapter describes the design of our proposed solution that answers the second sub-question:

How can a multi-objective reinforcement learning model be designed for personalizing coping chal-
lenges?

To answer this question, we designed a personalization pipeline that incorporates the needs and con-
cerns identified in chapter 2, which come from various stakeholders, such as adolescents and experts.
An overview of this pipeline is shown in Figure 3.1 and consists of three main components. First, we
prepared the data from a previously collected dataset that is used for our personalization algorithm
and extracted usable samples for our algorithm. This consisted of the challenges and the user inter-
action with these challenges, as described in section 2.4. Secondly, we designed and implemented
a multi-objective reinforcement learning model that personalizes coping challenges while addressing
the diverse needs and concerns identified in chapter 2. An overview of how these needs were opera-
tionalized in our design can be found in Table 3.1. This model produced a set of optimal policies that
represent different trade-offs between objectives. Finally, we proposed three metapolicies, or final rec-
ommendation strategies, to determine which policy, or combination of policies from this set of optimal
policies, should ultimately be presented to users.

3.1. Model components

As shown in Figure 2.1 and discussed in section 2.2, we considered the following needs and con-
cerns on the model component level: diversity of coping strategies across completed challenges (clin-
ical experts), engagement (clinical experts), usefulness (clinical experts and adolescents), required
time/effort (adolescents), and engaging elements (adolescents). In section 2.3, we formally described
MORL using a Multi-Objective Markov Decision Process (MOMDP). We modelled our problem setting
using such a MOMDP, and we discuss our design choices for incorporating the needs and concerns
in the action space (subsection 3.1.1), the state space (subsection 3.1.2), and the reward functions
(subsection 3.1.4). Table 3.1 presents an overview of how these needs are incorporated in our design.

3.1.1. Actions
The mHealth application contains 103 coping challenges, which we grouped into a smaller number of
action clusters for use in our algorithm. Estimating the effects of these challenges separately and reli-
ably would require large amounts of data, since we want sufficient data for each (s, a)-pair. Therefore,
we clustered the challenges based on average user ratings of their difficulty, fun, and perceived use-
fulness. The intuition behind this is that the challenges with similar user experiences are likely to result
in similar transition and reward dynamics. Our MORL model thus operates over clusters of challenges
rather than individual items.

We constructed these clusters using k-means clustering !, chosen for its simplicity and interpretabil-
ity. The choice of the number of clusters was made jointly with the state space representation and is

1https://scikit—learn.orq/stable/modules/generated/sklearn.cluster.KMeans.html
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Figure 3.1: Overview of our personalization pipeline. The three main components are data collection, the multi-objective rein-
forcement learning model, and the final recommendation strategy.

described in subsection 3.1.2. Specifically, we selected both the state representation and the number
of clusters such that the resulting (s, a)-space yields a reasonable minimum number of samples per
(s, a)-pair, ensuring stable estimation of transition and reward dynamics. As mentioned in our OSF-
preregistration [73], we aimed for a minimum of 5-10 samples per (s, a)-pair. The selection process
explained in subsection 3.1.2 resulted in three challenge clusters. The characteristics of these clusters
can be seen in Figure 3.2. The figure shows three distinguishable clusters, which we further refer to by
their characterizing letter: cluster 0 (D) is difficult, cluster 1 (EU) is enjoyable and useful, and cluster 2
(EUD) is enjoyable, useful, and difficult.

Usefulness

—e— Cluster 0

Cluster 1
—e— Cluster 2

Enjoyment

Figure 3.2: Mean difficulty, enjoyment, and usefulness values for each cluster of challenges.

Within cluster selection.

Difficulty

Cluster
0(D) 1(EU) 2(EUD)
Usefulness 3.19 3.90 4.46
Difficulty 3.78 2.29 3.58
Enjoyment  4.72 6.08 6.25

When using clusters of challenges, we must also select which specific
challenge from that cluster to suggest to the user. To this end, we introduced a second component to
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Table 3.1: Overview of how needs and concerns from different stakeholders were addressed in the design of our

personalization algorithm.

Need / Concern

Translation to design

Adolescents
Usefulness

Engaging elements

Autonomy and control
Required time and effort

Perceived usefulness as one of the rewards and one of the variables to
cluster on.

Perceived enjoyment of challenge as one of the rewards and one of the
variables to cluster on. Challenges that are not completed before are pri-
oritized to prevent suggesting the same challenge.

Providing user choice as one of the metapolicies.

Time availability as one of the state features, and difficulty as one of the
variables to cluster on.

Clinicians

Usefulness Adherence and diversity of coping strategies as reward functions.
Engagement Adherence and return willingness as rewards.

Diversity of coping strategies Resulting diversity of the suggested action as one of the rewards.
Society

Explainability = and inter- We selected interpretable state features, as well as a simple tabular
pretability model-based algorithm.

Fairness and bias mitigation
Sustainability

No sensitive features were used as input to the algorithm.
We chose a simple tabular model-based policy iteration approach over

more complex deep RL methods.

All
Privacy and safety We selected features that feel relatively less personal and sensitive as

input to our algorithm.

our action, namely the selection strategy a,. This is a binary value, which tells the algorithm to select
a challenge from the coping category that is completed the least (1) or from another category (0). This
design encourages diversity in the recommended coping strategies, aligning with the expert need to
equip users with a diverse coping skill set.

During the execution of the personalization algorithm, we keep track of the number of completed
challenges per coping strategy category. An action a gives a cluster a., and within that cluster we
select a challenge based on the selection mechanism a;. To do so, we look at the counts per coping
category and select the category or categories that match a;. That is for 1, the category/categories
that are practiced the least, and for 0, the other categories. From the cluster, we then randomly select
a challenge from the appropriate category that has not been done before. If there are no uncompleted
challenges from the appropriate categories, we randomly select a challenge from the whole cluster.
Figure 3.3 gives an overview of the challenge suggestion logic embedded in our action space.

Thus, the final action is defined as a tuple:

a = (aqas)

where a. € {0, 1,2} selects a challenge cluster and a € {0, 1} determines within-cluster selection.
This results in a total of six possible actions.

3.1.2. States

The state space defines the possible contexts that a user can be in and consists of several features.
Since these features describe a user’s personal state, they may come with ethical and regulatory im-
plications. As described in chapter 2, one of the concerns for algorithmic personalization is privacy
and the input data should thus be carefully selected. Similar to the work by Groot et al. [55], emotional
data can be considered as state features for our algorithm. However, as they stated, using such data
can come with several challenges, as people may not feel comfortable or have privacy concerns with
sharing their emotions. Given these concerns, we chose to use alternative features that may feel less
personal, as well as only features that we deem necessary to minimize the amount of required data
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Figure 3.3: Overview of challenge suggestion given an action a = (a, as).

from users. The measures that we considered were: tiredness, time available, usefulness belief, moti-
vation, and return willingness. Details on the scales and the questions to report the measures can be
found in Table A.1 in Appendix A.

COM-B elements. Since we want to predict the effects of the suggested actions in each state, the
state features should be chosen so that they can accurately predict user behaviour. Albers, Neerincx,
and Brinkman [3] showed that using state features derived from behaviour change theories can be
effective for supporting people in smoking cessation interventions. Therefore, we adopt this notion to
our mental health personalization algorithm by using the COM-B behaviour change wheel [85] as a
foundation for defining our states. This theory proposes capability, opportunity, and motivation as key
indicators for behaviour change. The review by Liverpool et al. [78] supports this, as they identified
these three as person-specific factors that influence the engagement with DMHIs.

In the COM-B model, capability is defined as the individual’s psychological and physical capacity to
perform a certain action [85]. Therefore, we selected tiredness as an indicator for capability, similar to
Groot et al. [55], and Albers, Neerincx, and Brinkman [3], who used energy. This was measured using
a 7-point Likert scale before receiving a challenge. Opportunity is defined by factors that are outside
the individual and may influence behaviour [85]. Thus, we represent it by the amount of time that users
have available for doing a challenge, which is again measured on a 7-point Likert scale. Next to being
one of the three elements in the COM-B model, this measure is also relevant to user needs, as we
found that they do not wish to spend too much time on the mental health app [57]. Logically, this then
also depends on how much time they have available in the first place, since if you do not have much
time, you might prefer a shorter task. Motivation describes all the brain processes that can drive an
individual to perform certain actions [85]. In our dataset, this can be represented by a user’s motivation
to perform a challenge, or by their usefulness belief for doing a challenge. These were both measured
using a 7-point Likert scale. Another possible measure was users’ return willingness (how likely they
would open the app if it was not for a paid study), however, since this is not a question that would be
asked during real deployment of a mental health app, we chose to not consider this measure as a state
feature.

State space reduction. Using all 4 features with their 7-point scale would result in a state space of
7% = 2401, which means we would require a large amount of data to reliably estimate the transition
and reward dynamics in these states. Since we have a limited amount of data and we wish to have
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Table 3.2: Evaluation results for different binning combinations of the feature values when using either motivation or usefulness
belief as the third feature in addition to tiredness and time availability. Shown are the mean p-values for the difference in
Q-values across different values for each feature, together with the minimum number of samples per (s, a). These are
measured for different number of challenge clusters (2, 3, and 4).

Motivation Usefulness belief
Binning combination Measure 2 3 4 2 3 4
2,2, 2] p-value 0.31 025 023 0.37 034 0.28
T Min. samples per (s, a) 15 11 6 14 9 5
2,2, 3] p-value 0.28 0.22 0.16 0.37 041 0.30
T Min. samples per (s, a) 12 7 2 4 2 1
2,3, 2] p-value 0.34 026 026 0.38 0.34 0.26
T Min. samples per (s, a) 5 3 2 14 9 3
2,3, 3] p-value 029 022 0.17 037 0.36 0.30
Y Min. samples per (s, a) 5 3 2 4 2 1
3,2, 2] p-value 032 026 022 039 036 0.33
T Min. samples per (s, a) 15 11 6 14 9 2
3,2, 3] p-value 029 023 019 039 0.39 0.34
T Min. samples per (s, a) 10 3 2 4 2 1
3,3, 2] p-value 028 023 0.19 039 0.37 0.32
T Min. samples per (s, a) 5 3 1 11 7 2
3,3, 3] p-value 028 023 020 039 040 0.34
T Min. samples per (s, a) 5 3 1 4 2 1

as many samples per (s, a)-pair as possible, while still retaining the relevant information in our state
features, we took two measures to reduce the size of the state space: 1) selecting only one of the two
motivation measures, and 2) transforming the 7-point Likert-scale features into a smaller number of
bins. Additionally, we also wished to select a number of challenge clusters for our action space.

We employed a feature selection method inspired by the G-algorithm [21], similar to Albers, Neer-
incx, and Brinkman [3], to select one of the two motivation features, the number of values for each
feature and the number of challenge clusters. For each resulting configuration, we evaluated how
much the Q-values differed across feature values using ANOVA tests. Intuitively, a useful state fea-
ture should be able to differentiate between which actions are optimal, which is reflected in differing
Q-values across feature values. To get an overall indication of how well the state representation is able
to differentiate the values of the actions, we took the mean p-value across features. Lower p-values
indicate stronger evidence that the state features are informative for dinstinguishing between actions.

Because this method requires evaluating Q-values for each configuration and thus solving the
MOMDP, we employed policy iteration (see Algorithm 1) using 1000 randomly initialized weight vec-
tors and averaged the evaluations. This allows a robust comparison of configurations across different
weight vectors.

Table 3.2 shows that the motivation feature generally yields lower p-values than using the usefulness
belief feature. Furthermore, it shows that while having 4 clusters generally results in lower p-values,
the minimum number of samples for an (s, a)-pair is also lower. As stated in our OSF-preregistration
[73], we aimed for a minimum of 5-10 samples per (s, a)-pair. Therefore, we chose to use the [2, 2, 3]
binning configuration with 3 challenge clusters, since this results in the lowest p-value while having the
highest minimum number of samples per (s, a)-pair. The number of samples for each (s, a)-pair can
be found in Table B.1 in Appendix B.

Formally, the state is thus:

S= (Xtirednes_w Xtime_available' Xmotivation)'

with
Xtiredness'Xtime_available € {0' 1}, Xmotivation € {0' 11 2}-
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3.1.3. Transition function

The transition function T(s,a,s') = P(s' | s,a) defines the probability of moving from state s to state s’
after taking action a. These probabilities are estimated from the collected interaction data. For each
(s, a)-pair, we count how often the next state s’ occurs after taking action a in state s. Because some
(s, a)-pairs may have very little data, we applied Bayesian smoothing [81] to get more stable estimates
and prevent zero probabilities. For each count, we added a small amount of prior information based
on the overall distribution of next states Pgopai(s’).

The resulting estimate of the transition function is:

N(S: a'S,) + anlobal(S,)
N(s,a) +«a

Here, a controls how strongly we rely on this prior. We set this to 1, similar to Laplace smoothing

[81]. When a (s, a)-pair only has a few observations, the model leans more on the global distribution. As

the number of observations increases, the influence of the prior diminishes and the estimate becomes
increasingly data-driven.

T(s,a,s") =

(3.1)

3.1.4. Reward functions

In MORL, we can define multiple reward functions that represent the objectives. This is where we
addressed a large part of the discovered needs and concerns. To ensure all reward signals were on
the same scale, we standardized all rewards to be in [0,1]. We further explain the different reward
functions and how they are estimated below. In the mathematical notations, we define n = N(s,a) as
the number of times we took action a in state s.

Perceived usefulness. A need that was identified from all stakeholders is the usefulness of the men-
tal well-being app. From the user perspective, we incorporated this need by using the perceived use-
fulness rating that is measured after completing each challenge. Let pu be the observed 7-point Likert
rating, and ¢ € {0,1} be an indicator for whether the challenge was completed (1) or not (0). The
normalized reward r,,,, and its estimator are then defined as follows:

Bojfe=1 1%
u(pu, ¢) = { 7 _ Tpu(s,a) = — § Tou (Ui, €;)
0, ifc=0 n

Perceived enjoyment. Another need that emerged from adolescents was their desire for fun, engag-
ing elements. Therefore, one of the objectives was to maximize the perceived enjoyment. Let pe be the
observed response to the question "How much did you like the challenge?” (0-10 scale), and c € {0, 1}
be an indicator for whether the challenge was completed (1) or not (0). We defined the normalized
reward r,, and its estimator, similar to the perceived usefulness reward:

pe . _ n
rpe@e,c):{g’ T @ =1 ) e
’ B i=1

Adherence. A recurring concern raised by clinical experts is low user engagement with digital health
applications, reflected in low adherence and high drop-out rates [76]. Therefore, we introduce a reward
signal that directly targets challenge completion. Let ¢ € {0, 1} be an indicator for whether the suggested
challenge was completed (1) or not (0). The reward and its estimator are then defined as follows:

n

Tadherence(€) =€, Tagnerence(S,a) = T_l Z Tadherence(Ci)
i=1

Return willingness. To further address the need to address user engagement, we included a reward
that aims to increase the willingness of users to return to the application. Before receiving a challenge,
adolescents are asked the question “Currently, you are taking part in a paid study. Imagine you were
not being paid for opening your daily challenge. How likely would you then have been to open your
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daily challenge?”, which they can answer on a 7-point Likert scale with "Absolutely not” to "Maybe” to
"Absolutely”. Let rw be the score given to this question at timestep t + 1 after receiving action a in state
s. The scalarized reward for timestep t and its estimator are then defined as follows:
n
rw—1 1
71" frw(s,a) = n z Trw (TW;)

i=1

Trw (W) =

Diversity. Since practicing a diverse set of coping strategies can be beneficial for learning adaptive
coping, we introduce a reward for diversity. This is done by using the selection strategy in our action.
Recall that 1 stands for suggesting a challenge of the least completed category, and O for a challenge
of a different category. Since doing a challenge of the least completed category increases the diversity
amongst these categories, we give a reward for that action:

Tdiversity(a) = Qs

where ag € {0,1} is the selection strategy of action a as explained in subsection 3.1.1. Note that
this reward is deterministic and only depends on the action.

3.1.5. Discount factor

The discount factor y € [0, 1] describes how much the algorithm considers future versus immediate
rewards. A discount factor of y = 0 only optimizes for the immediate reward and does not consider
future rewards at all. On the other hand, a discount factor of y = 1 weights future rewards equally as
important as immediate rewards. We set the discount factor to 0.7 to favor rewards in the near future,
while still accounting for distant future values, similar to Groot et al. [55]. Because instantaneous
rewards are weighted more heavily, the algorithm will prioritize challenges that meet the objectives in
the near future, which may be beneficial for retention rates.

3.2. Algorithm

There are several MORL algorithms [59], and which one is suitable depends on the problem setting.
In our case, we modelled our problem using a discrete state and action space, alongside stochastic
transitions. Since we estimated the transition and reward functions from the gathered data, we can use
model-based RL methods [86]. These have various benefits, such as data efficiency, since a learned
model of the environment can be used to derive optimal policies without further interaction [86, 59].
This improved data efficiency can reduce the amount of computation required during training, and thus
may contribute to a lower environmental footprint [24], which addresses the need for sustainability.
Furthermore, the tabular and explicit transition and reward functions make it possible to inspect how
policies are derived from the environment dynamics, providing more explainability and interpretability
than black-box approaches based on deep neural networks [51].

Although model-based MORL remains relatively underexplored [59], a promising direction is MORL
based on decomposition (MORL/D) [45]. This approach is inspired by evolutionary algorithms (EA) [9,
75], which operate by maintaining a set (or population) of candidate solutions and iteratively improving
them through evolutionary operators such as selection and variation. In MORL/D, each candidate solu-
tion corresponds to a weight vector that defines a single-objective reinforcement learning problem. The
multi-objective problem is thus decomposed into a collection of such subproblems, each of which can be
solved independently using standard RL methods. Because these subproblems are single-objective,
exact model-based methods such as policy iteration can be applied, guaranteeing convergence to the
optimal policy for each weight vector. We therefore adopted the MORL/D framework [45] and modified
it to a model-based setting using policy iteration.

3.2.1. Model-based MORL/D

MORL/D [45] decomposes the original multi-objective problem into a set of single-objective subprob-
lems, each representing a different trade-off between objectives. This is achieved using a scalarization
function g and an associated weight vector X, which maps the m-dimensional reward vector R to a
scalar value. For simplicity, we implemented a linear scalarization function using the weighted sum:
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glx) = Zﬁl Aifi(x). This also has the benefit of being interpretable, since each weight gives an in-
dication of its importance. We further structure our method into three components (see overview in
Figure 3.4): 1) initialization, 2) iterative improvement, and 3) Pareto archive maintenance. The algo-
rithm is initialized with a set of weight vectors, which represent the single-objective RL problems that
are solved independently. The population is then iteratively improved while storing non-dominated so-
lutions in a Pareto archive. The steps are further elaborated below and a detailed description can be
found in Algorithm 2.

Initialize population P
with n initial weight vectors

!

Solve and evaluate each subproblem in P using policy iteration [«

'

Update Pareto archive to store all non-dominated solutions
(the approximated Pareto set)

'

Select parents and generate offspring using weight adaptation
to create new population P

Until stopping criteria

Figure 3.4: Overview of the proposed model-based MORL/D algorithm. Existing weight vectors (parents) are iteratively adapted
to generate new weight vectors (offspring), after which the corresponding subproblems are solved and the Pareto archive is
updated until the stopping criterion is reached.

Initialization. We initialized the population of candidate solutions with n weight vectors. Half of these
are evenly distributed over the weight space 2, while the other half are sampled randomly to increase
diversity. Each weight vector defines a single-objective reinforcement learning problem, which we solve
using policy iteration (see Algorithm 1). This yields an initial set of policies and their value functions.

Iterative improvement. The main loop iteratively improves the population of weight vectors and cor-
responding policies to obtain a good approximation of the Pareto set. Each iteration consists of four
steps: selection, adaptation, re-solving, and diversity maintenance.

1. Selection. We select n/2 parent weight vectors from the population using tournament selection.
This entails randomly selecting k individuals for a tournament, and picking the one with the high-
est hypervolume contribution® until n/2 parents are selected. This encourages the selection of
solutions that improve both quality and diversity of the Pareto approximation.

2. Weight adaptation. The selected parent weight vectors are then adjusted to generate offspring
which potentially improves their performance and pushes them towards the Pareto front. This is
done using Pareto Simulated Annealing (PSA) [30, 45], which compares each solution to nearby
non-dominated solutions in the archive. Let V™ be the evaluation for policy = and V™' be the
evaluation for the nearest non-dominated neighbor ’. For each objective j € {1,...,m}, the
weight 4; is updated based on whether the current policy outperforms the neighbor in that specific

objective:
sA ifver>vT
A] = J ]T[ ]T[’ (32)

2|mplemented using the Riesz s-Energy method from Blank et al. [15]
SWe used the moocore Python implementation: https://multi-objective.github.io/moocore/python/
reference/generated/moocore.hv contributions.html


https://multi-objective.github.io/moocore/python/reference/generated/moocore.hv_contributions.html
https://multi-objective.github.io/moocore/python/reference/generated/moocore.hv_contributions.html
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Algorithm 1 Policy Iteration

1: function PolicyEvaluation(r, V, 8, max_iters)
2 repeat
3 A0
4 for each state s € § do
5: v« V(s)
6: V(s) « R(s,m(s)) +y 2o P(s' | 5,m(s))V(s')
7 A « max(4, |[v —V(s)])
8 end for
9 until A < 6 or max_iters reached
10: return V
11: end function

12: function Policylteration(, g, V)
13: 7 « arbitrary

14: V<V,

15: repeat

16: V « PolicyEvaluation(r, V, 8)

17: foreachstatesesdo

18: (s) « argmaxge g g(/l, R(s,a) +y Xy P(s' | s, a)V(s’)) # Policy improvement
19: end for

20: until policy converges

21: return 7,V

22: end function

where § > 1 is an adaptation constant, typically around 1.05. Following the update, the weight
vector 1 is normalized to ensure Z;.":l A; = 1. This mechanism increases the weights of objectives
where the current solution already excels, effectively pushing the solution towards the Pareto front
and moving away from its neighboring solutions, which enhances diversity of the approximated
front [45].

3. Re-solving and warm-starting. Each adapted weight vector defines a new subproblem, which is
solved again using policy iteration. To improve efficiency, we warm-start policy iteration using
the value function of the most similar previously solved subproblem, measured by the distance
between weight vectors. This is also referred to as transfer learning and can significantly reduce
the number of iterations required for convergence [113, 70].

4. Diversity maintenance. To prevent getting stuck in local optima, we monitor the improvement in
hypervolume 6, over time. If no ’significant’ improvement (65, < €) is observed for several
iterations, a fraction of the population is replaced with newly generated random weight vectors.
These are solved using policy iteration with the same warm-start principle and integrated into the
population, ensuring continued exploration of the solution space.

Pareto archive. An external archive stores all non-dominated solutions encountered during the search.
After each policy evaluation step, dominated solutions are removed, and newly discovered non-dominated
solutions are added. This archive provides the final approximation of the Pareto set, and thus the set
of optimal policies IT*.

3.3. Metapolicies: selecting from the Pareto optimal set

The MORL algorithm produces a Pareto archive containing a set of optimal policies I1*, each represent-
ing a different trade-off between objectives. Recall that a policy defines an optimal challenge cluster
and within-cluster selection strategy for each state. Based on the cluster and selection strategy, a spe-
cific challenge is then chosen according to the logic depicted in Figure 3.3. Our algorithm results in
multiple optimal actions, and thus multiple challenges per state. This then raises the question of how
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Algorithm 2 Model-based MORL/D

Input: MOMDP M, scalarization g, population size n, iterations T, HV threshold ¢, patience p, max
resets r,qx
Output: Pareto archive PA
Initialization . .
1: Sample weight vectors A = {1, ..., 1,,}
2: for each /Ti e Ado
3 Compute policy m; via policy iteration; evaluate V™
4: Add r; to PA if non-dominated
5
6

: end for
: Py« (A, VR
Main Loop
7. fort=1,..,T do
8: if HV improvement < € for p consecutive iterations then
o: if reset_count < 7,4, then
10: R « n/2 random new individuals; retrain using policy iteration and update PA
1: P41 « (random half of P;) UR
12: Update reset_count
13: else break
14: end if
15: else
16: Py, < TournamentSelection(P;, n/2)
17: 0; < AdaptWeightsPSA(P;.,); retrain 0; using policy iteration and update PA
18: Pryq < Pryqg U O,
19: end if
20: end for

21: return PA

to make the final decision of which challenge or set of challenges to suggest to the user. We therefore
defined three such metapolicies, which we evaluated using simulations to analyze their effects.

3.3.1. User choice

Adolescents value a sense of autonomy and control, as discussed in chapter 2. One potential way to
foster this sense of autonomy and control is by allowing users to choose which exercise to complete
from a set of optimal challenges rather than offering a single option. This approach is consistent with
the original Grow It! [35] app, where users were also presented with three challenges, suggesting
that providing multiple options aligns with the developers’ initial design intentions. Providing more than
one suggestion may also enhance adherence, as Fink, Newman, and Haran [46] found that increasing
choice autonomy, by showing users multiple options instead of a single one, results in higher recom-
mendation acceptance rates. This aligns with the self-determination theory by Ryan et al. [104], who
argue that supporting individuals’ need for autonomy can increase engagement in health behaviour
change interventions and improve both mental and physical health outcomes. The meta-analysis by
Carlisle et al. [19] confirms the former, as they found that providing choice can increase retention and
adherence in health interventions.

While choice can enhance users’ sense of autonomy and control, it must be noted that too many
options can lead to choice overload [106]. The choice overload hypothesis states that an abundance of
choice may negatively impact users’ motivation and satisfaction with their choice [106]. Therefore, it is
important to provide sufficient options to address users’ need for autonomy, while not overloading them
with too many suggestions. Since the original design of the Grow It! application included three options,
and Fink, Newman, and Haran [46] saw positive effects of providing three suggestions compared to
one, we chose to present users with three challenge suggestions. The number of discovered optimal
policies in the Pareto archive may be very large and we thus should only select a subset of them to
present to the user to prevent choice overload.

Another possible disadvantage of this strategy is that users are more likely to do the ’easy’ and fun’
challenges, which may not be the ones that most useful from a clinical perspective. However, since
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adolescents prefer applications that do not take too much effort or time and enjoy elements that are
engaging, we expect that providing them with these options, may keep them engaged longer. This in
turn allows them to profit from the app’s benefits for a longer period of time and thus results in more
practise with the coping strategies.

Expected utility metric-based subset selection. To obtain a subset from the discovered Pareto
optimal policies, we selected policies such that the expected utility metric (EUM) [128], given in Equa-
tion 2.7, is maximized. This is done by greedily selecting the policy from the archive that increases the
EUM the most until the maximum of unique actions in any state is three. We chose the EUM because
it evaluates a set of policies from the perspective of (unknown) user preferences (represented by the
weight vectors) and thus results in a subset that provides high utility for a wide range of preferences.

3.3.2. Expert priority

Another method of making the final decision is selecting the policy that performs the best on the expert-
driven objectives: adherence, diversity, and return willingness. This can be done by comparing the
values of the policies in IT* for the different objectives and selecting the one that yields the highest
combined value for the expert-driven objectives.

3.3.3. Combination of user choice and expert priority

In addition to the two strategies described above, we could also adopt a combination of the two. For
instance, we may first want to provide users with multiple options, giving them autonomy and increasing
their motivation for doing the challenges, and after completing a certain number of challenges, prioritize
challenges from an expert’s perspective. The rationale behind this is that users may first need to gain
motivation for doing the challenges before being willing to do the challenges that are more useful from
an expert’s point of view.



Evaluation

In this chapter, we will evaluate the design of our multi-objective reinforcement learning personalization
algorithm and answer the last subquestion:

How effective is a multi-objective reinforcement learning model for personalizing coping challenges?

In the previous chapter, we described the design of our MORL algorithm for personalizing cop-
ing challenges within a mHealth app for adolescents. To evaluate our design, we compared several
(meta)policies (section 4.1) on how they perform in user simulations across several outcomes. To
this end, we set up a simulation environment (section 4.2) using the previously collected data and ran
simulations to test our personalization approach. The subquestion is further split up into two analysis
questions, where one assesses how well our MORL algorithm can address the discovered needs and
concerns (section 4.3), and the other provides insights into the learned transition and reward functions
(section 4.4).

4.1. Metapolicies and comparison policies

This section describes the different (meta)policies that we compared for suggesting coping challenges
to see how they performed. As mentioned in section 3.3, we evaluated three different metapolicies,
i.e., strategies to select from the set of Pareto optimal policies. We compared these against several
comparison policies, as well as policies that are obtained when optimizing only one of the objectives.
Table 4.1 provides an overview of the learned state-action mappings for each metapolicy and the com-
parison policies. The obtained single-objective policies can be found in Table D.1 in Appendix D.

4.1.1. MORL metapolicies

As mentioned in section 3.3, the output of our MORL algorithm is a set of optimal policies, and we thus
aimed to evaluate multiple metapolicies, i.e., strategies of choosing from this set. We suggested and
evaluated three methods: user choice, expert priority, and a combination. The evaluated (meta)policies
are described below.

1. User choice. We selected a subset of policies such that the maximum number of different actions
for any state is three, based on the expected utility metric as explained in subsection 3.3.1.

2. Expert priority. We selected the policy that resulted in the highest total value for the expert-driven
objectives: adherence, diversity, and return willingness.

3. Combined user choice and expert priority. We first followed the user choice metapolicy, and after
completing 12 challenges, we followed the expert priority metapolicy.

4.1.2. Comparison policies
We compared the outcomes of our metapolicies against several comparison policies: 1) random base-
line, 2) equal weights, and 3) correlation-based. Each of these policies is explained below.

26
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1. Random baseline. This policy simply picks a random action in each state, which represents
having no personalization at all.

2. Equal weights. The policy that is obtained when using equal weights for each objective. This is
solved using policy iteration.

3. Correlation-based. The policy that is found when setting the weights proportional to their correla-
tion coefficient with challenge completion. These correlation coefficients and the corresponding
weights can be found in Table C.1 in Appendix C.

The rationale behind the correlation-based policy is that we set completing challenges as a final
‘goal’, and each of the objectives contributes some amount to achieving that goal. We used challenge
completion as the target here, with the idea that completing the challenges contributes to building
adaptive coping skills.

Table 4.1: Learned policies for each (meta)policy, mapping user states to actions. States are
denoted as (tiredness, time available, motivation), where tiredness and time are binary (0 =
low, 1 = high) and motivation is tertiary (O = low, 1 = medium, 2 = high). Actions are denoted
as (ac, as) with challenge cluster a. € {D, EU, EUD} and within-cluster selection strategy
as € {0,1}. MORL-UC maps each state to a set of optimal actions rather than a single action.

State C-Corr C-Eq MORL-EP MORL-UC

(0,0,0) (EU,0) (EU,11) (EU,1) {(EU,0), (EU,1)}

0,0,1) (EU,0) (EU,11) (EU,1) {(EU,0), (EU,1), (EUD,1)}
(0,0,2) (EUD,0) (EUD,1) (EUD,1)  {(EU,0), (EUD,0), (EUD,1)}
(0,1,0) (EU,0)0 (EU,1) (EUD,1)  {(EU,0), (EU,1), (EUD,1)}
©,1,1) (EU,0) (EU,11) (EU,1) {(EU,0), (EU,1), (EUD,1)}
(0,1,2) (EUD,1) (EUD,1) (EU,1) {(EUD,0), (EU,1), (EUD,1)}
(1,0,0) (EU,0) (EU,11)  (EU,1) {(EU,0), (EU,1), (EUD,1)}
(1,0,1) (EU,11)  (EU11)  (EU,1) {(EU,0), (EU,1)}

(1,0,2) (EU,0) (EU,11)  (EU,1) {(EU,0), (EU,1), (EUD,1)}
(1,1,0) (EU,1) (EU,11)  (EU,1) {(EU,0), (EU,1), (EUD,1)}
(1,1,1) (EUD,0) (EU,1)  (D,1) {(EU,0), (EU,1), (EUD,1)}
(1,1,2) (EU,0) (D,1) (D,1) {(EU,0), (D,1), (EU,1)}

Policy abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice
Metapolicy; C-Corr = Correlation-based policy; C-Eq = Equal weights policy.

Challenge cluster abbreviations: D = Difficult, EU = Enjoyable and useful, EUD = Enjoyable,
useful, and difficult.

Table 4.1 shows that the correlation-based weights (C-Corr) result in a policy that mainly suggests
challenges that are characterized as enjoyable and useful. This suggests that if the goal is challenge
completion, these are the types of challenges that keep users engaged. The equal weights policy and
the expert priority metapolicy (MORL-EP) result in policies that only suggest challenges from a category
thatis the least completed. This suggests these policies account more for the diversity objective. Lastly,
the user choice metapolicy (MORL-UC) recommends a diverse set of actions; however, it can be seen
that the action (D,0) (difficult, not least completed category) is never suggested. This may indicate that
difficult challenges are more often optimal when they are from the least completed category, perhaps
giving users more incentive or motivation to complete these.

Single-objective policies. In addition to the above-mentioned (meta)policies, we also obtained the
policies when only using one of the five objectives to get insights into the effects of optimizing for only
one objective, for example, whether conflicts exist between objectives. Additionally, we were interested
in what may be the best possible improvement achievable for each objective. These single-objective
policies were derived using the same policy iteration algorithm given in 1. The obtained policies can
be found in Table D.1 in Appendix D.
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4.2. Simulation environment

To evaluate our personalization algorithm, we implemented a simulation environmentin MO-Gymnasium
[44] using the previously collected data. We used the MOMDP components that we derived for our al-
gorithm as a basis and added some more realistic stochasticity by using distributions over outcomes
instead of empirical means to mimic the real world. Figure 4.1 gives an overview of how user interaction
looks in the simulation environment.

Policy
Select action(s) based on
User state user state

(tiredness, time available,
usefulness belief)

Transition @

according to Action
learned transition (challenge cluster,
function T(s, a,s") within-cluster selection strategy)
|/t)' Select challenge
Outcome measures based on action

Challenge completion

Perceived enjoyment

Perceived usefulness

Diversity of completed categories
Return willingness

Figure 4.1: Overview of user interaction within the simulation environment. At each timestep, one or more coping challenges
are recommended, and the resulting outcomes and state transitions are generated according to the learned models.

4.2.1. Outcome distributions

To examine our algorithm across various metrics, such as perceived enjoyment, perceived usefulness,
and return willingness, we modeled these outcomes as stochastic variables instead of the determin-
istic means for each state-action pair. This is done to capture the noise and stochasticity of human
behaviour. Thus, we modeled the reward functions as a probability distribution over all possible out-
comes.

For an outcome o (e.g., 7-point Likert score o € [1..7]), we calculated the probability of observing
that outcome P(0 = o | s,a), for every state s and action a. To account for zero probabilities and data
sparsity, we employed Bayesian smoothing, similar to the transition probabilities. However, instead of
using the global distribution over outcomes, we used the outcome distribution per action P(0 = o | a)
to fall back to. This is chosen such that when there is little data available on a certain (s, a)-pair,
we assume the reward likely follows the outcome distribution induced by the action. The smoothed
probability for a reward is then defined as follows:

N(s,a,0)+a-P(o|a)
N(s,a) +«a

where N(s, a, 0) is the count of observed outcomes o for the pair (s, a), N(s, a) is the total observa-
tions for that pair, and « is the smoothing parameter which represents the strength of our prior belief.
We again set a = 1, similar to Laplace smoothing [81]. This estimation was done for the perceived en-
joyment, perceived usefulness, and return willingness measures. These were on their original scales
(see Table A.1 in Appendix A), but shifted to start at 1 if needed, thus: 1-11 for perceived enjoyment,
and 1-7 for perceived usefulness and return willingness. An outcome was always 0 when the challenge
was not completed.

P(O=o01ls,a)=
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4.2.2. Completion probability

The completion probability P(comp | s,a) defines the chance that a user in state s completes a chal-
lenge in action a. This was learned from the data similar to the outcome measures described above.
In our simulations, we then simulated completion based on this probability.

4.2.3. User choice

As explained in section 3.3, one of the metapolicies that we considered is user choice, as this may
increase adherence to the application. To simulate this, we increased the completion probability for
this metapolicy. We performed a Bayesian paired f-test on the adherence of users in our dataset
for conditions where they had agency (i.e., the possibility to choose another challenge) versus no
agency to determine the increment in completion probability. This resulted in a mean increase of 0.031
(o = 0.013,95%-HDI = [0.006,0.055]) in adherence, see Table E.1 in Appendix E for further details.
Therefore, we increased the completion probability for this metapolicy with a random value drawn from
a normal distribution with u = 0.031 and ¢ = 0.013.

We further simulated which option users would choose by following a multinomial logit model, which
is an often-used choice model in the literature to evaluate user choice [7, 60, 61]. In such a model, each
option is assigned a utility, which represents the desirability or attractiveness of that option to the user.
The probability of selecting an option is then proportional to this utility relative to the other options. We
used the completion probability in the agency condition for each (s, a)-pair, denoted as p.(s, a), as the
utility. This was done as the agency condition most closely reflects a setting in which users have the
ability to choose from a set of challenges, and p.(s, a) thus provides an estimate of whether a challenge
from action a would be chosen by the user in state s. Formally, given the completion probability p.(s, a)
for each action a € n(s), the selection probability p, is defined as follows:

exp[pc (s, a)]
aemn(s) exp [pc (S' a)]

ps(s,a) = 5

The action was then chosen with respect to these probabilities, and the specific challenge was selected
based on the selection mechanism (see Figure 3.3).

4.3. Addressing needs and concerns

The goal of our personalization algorithm is to address the diverse needs and concerns from different
stakeholders identified in chapter 2. To assess the extent to which our multi-objective reinforcement
learning (MORL) approach fulfills these needs, we answer the following analysis question:

AQ1: How well does the MORL personalization algorithm address and balance the diverse needs
and concerns from different stakeholders?

For the evaluation, we focused on the needs and concerns at the ‘'model components’ level in Fig-
ure 2.1, as these can be quantitatively assessed through our simulation environment. These were
usefulness, engaging elements, required time, engagement, and diversity of coping strategies. We
evaluated the (meta)policies described in section 4.1 and the evaluation proceeds in two main parts:
we first show that addressing all stakeholder needs simultaneously requires navigating inherent trade-
offs in subsection 4.3.1. Then we provide three more in depth exploratory analysis of adolescents’ ex-
perience with completed challenges (subsection 4.3.2), the expected user retention (subsection 4.3.3),
and what the diversity of coping categories looks like in practice (subsection 4.3.4).

Evaluation set-up. Using the simulation environment described in section 4.2, we ran 1000 simula-
tions (users) for each (meta)policy over 28 timesteps (days), following the set-up by Groot et al. [55],
with one or more challenges suggested at each timestep, depending on the (meta)policy. We reported
on mean outcome measures across simulations, as well as the improvements over the random base-
line. All policies were evaluated using the same 1000 random seeds to ensure that each policy was
tested under identical simulation conditions. Further evaluation details are specified in the subsections
below and an overview of the primary evaluation measures can be found in Table 4.2. Additional analy-
ses investigating the experience of completed challenges, user retention and the practical implications
of diversity are described in subsection 4.3.2, subsection 4.3.3, and subsection 4.3.4.
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Table 4.2: Overview of how needs and concerns from different stakeholders in the model component level were evaluated.

Need / Concern Evaluation measure

Adolescents

Usefulness Perceived usefulness outcome on a scale from 0-7. ?

Engaging elements Perceived enjoyment outcome on a scale from 0-11. 2

Required time and effort Time appropriateness measured as the ratio of mean time spent rating for
challenges suggested in the high vs. low time availability state.

Clinicians

Usefulness Seen as a combination of doing the challenges (adherence) from a broad
set of coping categories (diversity).

Engagement Adherence as the fraction of completed challenges and return willingness

outcome on a scale from 0-7. 2
Diversity of coping strategies Shannon entropy over the coping categories of completed challenges
(number in [0, 1]). 2

" A ratio > 1 indicates the policy adapts expected challenge duration to time availability (shorter challenges when time
availability is low); a value of (close to) 1 indicates little or no adaptation.
2 Additional exploratory analyses are reported in subsection 4.3.2, subsection 4.3.3 and subsection 4.3.4.

4.3.1. Trade-offs across stakeholder needs

Since we modeled our personalization goal as a multi-objective problem, we were interested in how
our approach balances these diverse objectives. We evaluated each (meta)policy across six outcome
measures described in Table 4.2, reflecting the needs of both adolescents (perceived enjoyment, per-
ceived usefulness, time appropriateness) and clinical experts (adherence, diversity, return willingness),
where a higher value always indicates a better outcome. For each outcome, we reported on the relative
improvement over the random baseline compared to the maximum observed improvement across all
(meta)policies (including the single-objective policies) for that outcome. This is to get an idea of how
well the policies perform compared to the maximum possible improvement for the objectives. These
relative improvements can be seen in Figure 4.2 for the policies that only optimize a single objective
and in Figure 4.3 for the other (meta)policies. The outcomes over time are shown in Figure D.3 in
Appendix D.
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Figure 4.2: Improvements in outcomes over the random baseline policy for policies that only optimize a single objective, relative
to the maximum possible improvements across all these single-objective policies and the (meta)policies.
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Single-objective policies. Figure 4.2 demonstrates that no policy that only optimizes one of the re-
wards is able to improve over the random baseline on all outcomes. Optimizing for the adolescent-
driven outcomes (perceived enjoyment and perceived usefulness) leads to decreases in diversity,
whereas optimizing for diversity decreases all other outcomes. These results reveal an inherent trade-
off between diversity and user engagement and satisfaction. This trade-off is not only visible across
stakeholders, but also within them: optimizing for the expert-driven rewards return willingness and
adherence yields a decrease in diversity as well. Overall, these findings indicate that optimizing for
a single objective is insufficient for balancing all stakeholder needs. This supports the use of multi-
objective reinforcement learning to address all needs and concerns and navigate the trade-offs.
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Figure 4.3: Improvements in outcomes over the random baseline policy for each (meta)policy, relative to the maximum possible
improvements across all these (meta)policies and single-objective policies. Policy abbreviations: MORL-EP = Expert Priority
Metapolicy; MORL-UC = User Choice Metapolicy; MORL-UC+EP = UC followed by EP after 12 challenge completions; C-Corr
= Correlation-based policy; C-Eq = Equal weights policy.

(Meta)Policies. Contrary to the single-objective policies, Figure 4.3 and Table 4.3 show that the user
choice metapolicy (MORL-UC) and the combined metapolicy (MORL-UC+EP) improve all outcomes
compared to the random baseline. It can be seen that MORL-UC outperforms MORL-UC+EP on all
adolescent-driven outcomes, return willingness, and adherence. However, MORL-UC+EP achieves
slightly higher diversity, as this is one of the expert-driven outcomes that it prioritizes when it switches
to the expert priority metapolicy (MORL-EP). Notably, Figure D.3 in Appendix D shows this increase in
diversity and a decrease in the other outcomes after switching to MORL-EP. This expert priority metapol-
icy prioritizes expert-driven objectives at the expense of the adolescent-driven outcomes, achieving
high diversity, but failing to adapt to users’ time availability and achieving lower improvements than the
other (meta)policies.

The correlation-based (C-Corr) and equal weights (C-Eq) comparison policies further demonstrate
the tension between diversity and other outcomes. C-Corr achieves larger improvements for all adolescent-
driven outcomes, return willingness, and adherence, but decreases diversity compared to the random
baseline. On the other hand, C-Eq achieves the largest increase in diversity, but performs worse on
the other outcomes compared to C-Corr and even decreases return willingness.

Interestingly, C-Eq and MORL-EP achieve higher diversity than SO-Diversity, while the latter solely
optimizes for diversity. This seemingly counterintuitive result may be explained by how diversity is mea-
sured: as Shannon entropy over coping categories among completed challenges. Therefore, higher
adherence produces a more balanced distribution across categories. Since C-Eq and MORL-EP main-
tain better engagement and satisfaction, they achieve greater measured diversity as a byproduct. This
suggests that in order to achieve meaningful diversity, user engagement must also be considered.

Taken together, these findings demonstrate that MORL-UC yields consistent improvements across
all outcomes compared to the random baseline. Furthermore, the results suggest that users may be
less likely to engage with challenges from a category that is completed the least. This could potentially
be due to lower familiarity or comfort, or because they enjoy these challenges less. These results
further emphasize that improving one objective often comes at the expense of another, highlighting
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Table 4.3: Means of adolescent-driven and expert-driven outcomes for each (meta)policy across simulations, alongside
the absolute improvement compared to the random baseline policy inside the parentheses. The numbers in bold are the
maximum improvements.

Adolescent-driven Expert-driven

Perceived Perceived Time Return

(Meta)Policy Enjoyment Usefulness Appropriateness  Willingness

Diversity =~ Adherence

Random 4.36 253 103 3.93 0.74 0.66
CCorr 5.67 3.25 1.26 4.02 0.63 0.79
(+29.85%) (+28.39%)  (+22.61%) (+2.22%)  (-14.94%)  (+20.25%)
ce 5.23 2.89 119 3.91 0.90 0.75
q (+19.81%)  (+14.37%)  (+14.89%) (-0.64%)  (+22.55%) (+13.46%)
MORL.EP 5.16 279 0.98 3.98 0.90 0.75
(+18.37%)  (+10.45%) (-5.05%) (+1.08%)  (+22.49%) (+13.03%)
MORLUG 5.62 3.17 1.30 4.06 0.82 0.80
(+28.80%) (+25.45%)  (+26.10%) (+3.12%)  (+11.98%)  (+21.32%)
5.38 3.04 115 3.98 0.83 0.76
MORL-UC+EP  (103299%) (+20.10%)  (+11.17%) (+1.26%)  (+13.42%) (+15.61%)
Single-objective policies
o Adheronce 562 3.20 121 4.02 0.72 0.80
(+28.80%) (+26.37%)  (+17.62%) (+2.20%)  (2.32%)  (+21.37%)
SO-Diversity 3.79 2.05 1.20 3.81 0.88 0.62
(-13.15%)  (-19.06%) (+16.29%) (-3.02%)  (+19.30%)  (-6.32%)
SO-Perceived 5.66 3.23 1.22 3.97 0.72 0.79
Enjoyment (+29.72%)  (+27.56%)  (+18.47%) (+0.99%)  (-2.73%)  (+20.10%)
SO-Perceived 5.60 3.29 112 3.97 0.58 0.78
Usefulness (+28.45%)  (+30.20%) (+8.18%) (+0.96%)  (-20.57%) (+18.45%)
SO-Return 4.90 2.83 1.89 434 0.51 0.71
Willingness (+12.30%)  (+11.84%)  (+83.01%)  (+10.25%) (-31.25%)  (+7.43%)

Policy abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy; MORL-UC+EP =
UC followed by EP after 12 challenge completions; C-Corr = Correlation-based policy; C-Eq = Equal weights policy.

the importance of considering all stakeholder needs and concerns when developing personalization
algorithms.

4.3.2. Experience of completed challenges

In addition to the overall perceived enjoyment and perceived usefulness in Table 4.3, we also inves-
tigated these outcomes across the completed challenges, as only completed challenges provide in-
formation about how enjoyable and useful adolescents perceived the recommended challenge to be
when experienced.

Table 4.4: Means of perceived enjoyment and perceived usefulness of the completed challenges for each
(meta)policy across simulations, alongside the improvement compared to the random baseline policy
inside the parentheses. The numbers in bold are the maximum improvements across these
(meta)policies.

(Meta)Policy Perceived Enjoyment (Completed) Perceived Usefulness (Completed)
C-Corr 7.13 (+7.99%) 4.09 (+6.77%)

C-Eq 6.97 (+5.59%) 3.86 (+0.81%)

MORL-EP 6.92 (+4.73%) 3.74 (—2.28%)

MORL-UC 7.01 (+6.17%) 3.96 (+3.40%)

MORL-UC+EP  7.04 (4+6.64%) 3.98 (+3.88%)

Random 6.60 3.83

Policy abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy;
MORL-UC+EP = UC followed by EP after 12 challenge completions; C-Corr = Correlation-based policy;
C-Eq = Equal weights policy.
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Results. The results in Table 4.4 show that all (meta)policies improve perceived enjoyment and
perceived usefulness of completed challenges compared to the random baseline, except the expert
priority metapolicy (MORL-EP). This policy decreases perceived usefulness by 2.28%, which suggests
that prioritizing the expert-driven objectives comes at the cost of suggesting challenges that feel useful
to adolescents. The improvement seen in Figure 4.3 may thus be attributed to the increase in adher-
ence, and not to suggesting more useful challenges. All other (meta)policies yield improvements and
are thus successful in enhancing adolescents’ experience of the application by recommending more
enjoyable and useful challenges.

4.3.3. Expected user retention

In subsection 4.3.1, we reported on adherence and return willingness as measures of user engage-
ment. To further analyze engagement and explore what these numbers may mean in practice, we
reported on the fraction of users remaining active over time to get an idea of user retention following
the (meta)policies. For this, we assumed a user had dropped out after three consecutive days of non-
completion. As this concerns the entire population of users, we performed additional simulations to get
more stable estimates. We ran 20 simulations of 500 users, again with the same set of seeds for each
(meta)policy. Results are shown in Figure 4.4.
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Figure 4.4: Mean fraction of active users over time for each (meta)policy, with 95% confidence intervals. Results are based on
20 simulation runs of 500 users each. Users are considered inactive after three consecutive days of non-completion. Policy
abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy; MORL-UC+EP = UC followed by
EP after 12 challenge completions; C-Corr = Correlation-based policy; C-Eq = Equal weights policy.

Results. Figure 4.4 shows that all (meta)policies are more successful in keeping users active com-
pared to the random baseline. When looking at the percentage of active users at the end of the sim-
ulation (i.e., after 28 timesteps), MORL-UC performs best (M=84.57%), followed closely by C-Corr
(M=82.72%). C-Eq and MORL-EP achieve similar results (M=72.10% and M=71.00%, respectively),
and MORL-UC+EP yields a slight drop in performance when switching from user choice to expert pri-
ority, ending with a mean of 74.98%. These results reflect the adherence numbers in subsection 4.3.1,
which show that MORL-UC and C-Corr outperform C-Eq, MORL-EP, and MORL-UC+EP. Taken to-
gether, these findings indicate that personalization of coping challenges tends to increase users’ will-
ingness to continue using the system and adherence to the challenges, suggesting improved user
retention.

4.3.4. Diversity of coping categories in practice
To assess whether the observed diversity in subsection 4.3.1, measured using the Shannon entropy
over the coping categories of completed challenges, is meaningful in practice, we investigated how
well the policies performed at reaching a target number of challenges per coping category, similar to
Groot et al. [55]. We set a goal of completing at least 5 challenges per category and reported the mean
fraction of achieving this goal over time. The results can be found in Figure 4.5.

Results. Interestingly, Figure 4.5 demonstrates that MORL-UC+EP achieves the highest mean
fraction at the end of the simulation (0.98), followed closely by C-Eq and MORL-EP (both 0.97). This
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Figure 4.5: Mean fractions (with their 95% confidence interval) of completing at least 5 challenges per coping category over
28 timesteps. The lines for MORL-UC and MORL-UC+EP are completely overlapping at the beginning. Policy abbreviations:
MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy; MORL-UC+EP = UC followed by EP after 12
challenge completions; C-Corr = Correlation-based policy; C-Eq = Equal weights policy.

suggests that while C-Eq and MORL-EP achieve slightly higher entropy (see Table 4.3), this does not
necessarily translate into greater success at reaching the target number of completed challenges per
category, since adherence may also play a role in this. MORL-UC improves over random as well,
with an average fraction of 0.94, reflecting the slightly lower Shannon entropy compared to C-Eq
and MORL-EP. Lastly, C-Corr slightly decreases compared to the random baseline (0.78 compared
to 0.81), which reflects the decrease in entropy shown in Table 4.3. Overall, these results indicate that
all (meta)policies except C-Corr successfully engage users to complete challenges from diverse coping
categories, equipping them with a broad set of coping skills.

4.4. Transition and reward functions

In our personalization approach, we estimated transition and reward functions to construct a model of
user behaviour. These functions are used both by our model-based MORL algorithm for policy learning
and by the simulation environment in which policies are evaluated. Consequently, the quality of the
entire personalization framework depends on how accurately these functions represent the underly-
ing user dynamics. It is therefore important to assess how accurately they capture and predict how
users experience and react to the suggested actions. This evaluation provides insight into how well
the learned functions capture the true environment dynamics and the extent to which they may gen-
eralize beyond the simulated setting. Thus, our second analysis question covers the evaluation of the
estimated functions:

AQ2: How well can our learned transition and reward functions predict user behaviour compared
to methods that do not consider state and/or action?

Evaluation method. To assess the estimated functions, we performed leave-one-user-out cross-
validation (LOOCYV), where the transition and reward functions are trained on all but one user and
evaluated on the held-out user. We reported on the L;-error for deterministic functions and likelihoods
for stochastic functions. We further analyzed the effects of different prediction methods using Bayesian
paired t-tests based on the Bayesian Estimation Supersedes the t-test by Kruschke [67]". For each
LOOCV fold, we first computed the differences between methods per sample and then averaged these
within each user to obtain a single score per user. These user-level scores were used as observations
in the Bayesian analysis. We reported on the mean effect, the 95% Highest Density Interval (HDI), the
posterior probability, and the probability of a "small”, "medium”, and “large” effect size (set at |0.10],
[0.20], and |0.30], respectively [48]). The posterior probabilities are interpreted following the guidelines
by Chechile [23] and Andraszewicz et al. [8], and for effect size, Cohen’s d [26] was used.

"We implemented the test in PyMC [1], inspired by the example in their library [110].
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4.4.1. Transition dynamics

The first part of the evaluation focuses on the learned transition function, which models how users
evolve over time by predicting the next state given the current state and action. To assess the pre-
dictive performance of our model, we reported on the likelihood of the observed next state under the
learned transition function P(s;,; | st a;) for each state s;. The intuition behind this is that a good
transition model should assign high probability to the observed next states, reflecting that it accurately
captures user dynamics. We compared our state-action transition model against two other prediction
methods: 1) a uniform model that assigns equal probability to all possible next states, and 2) a model
that assumes the next state is identical to the current state. The latter stay-in-state model is included
because previous studies using RL for mHealth personalization have found that it is common for users
to remain in their current state [2, 34], and this could thus serve as a meaningful baseline. The mean
likelihoods per LOOCYV fold are shown in Figure 4.6. We further performed Bayesian paired t-tests
to compare the methods, and the posterior probabilities of our state-action model improving predic-
tions over other methods can be found in Figure 4.7. Full summaries of the analyses can be found in
Table E.2 and Table E.3 in Appendix E.
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Figure 4.6: Mean likelihoods of the next state across each LOOCYV fold using 1) our state-action transition model, 2) a uniform
transition probability, and 3) assuming the same next state to predict the next state. The central line indicates the median, the
boxes represent the interquartile range, and the whiskers show the full range. States are denoted as (tiredness, time available,
motivation), where tiredness and time are binary (0 = low, 1 = high) and motivation is tertiary (0 = low, 1 = medium, 2 = high).
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Figure 4.7: Posterior probabilities of improving the likelihoods of the next state using our state-action transition model versus 1)
a uniform transition probability, 2) assuming the same next state, and 3) using an action-only model to predict the next state.
The red and green regions indicate at least a casual bet against or for improvement, respectively, following the guidelines by
Chechile [23] and Andraszewicz et al. [8]. States are denoted as (tiredness, time available, motivation), where tiredness and
time are binary (0 = low, 1 = high) and motivation is tertiary (0 = low, 1 = medium, 2 = high).

Results. Figure 4.6 shows that the median mean likelihood assigned to the observed next state
is consistently higher for the state-action model than for the uniform baseline across all states. In
addition, the mean likelihood distributions of the state-action model are generally concentrated at higher



4.4. Transition and reward functions 36

values, suggesting our transition model may improve next state predictions. The posterior probabilities
in Figure 4.7 and Table E.2 confirm this, as there is at least a promising but risky bet that the state-action
model improves predictions compared to the uniform baseline for all states, with posterior probabilities
from 0.934 to > .99995. This suggests users do not transition at random, and our state-action model
may be able to capture this underlying dynamic.

When comparing the state-action model with the stay-in-state model, Figure 4.6 shows that the stay-
in-state model produces much more variable likelihoods, spanning the full range from 0 to 1, whereas
the state-action model yields more consistent likelihoods across the LOOCYV folds. This suggests that
assuming users remain in the same state results in inconsistent predictive performance: while it can
assign high likelihoods to some transitions, it performs poorly for others, making it a less reliable method
for next state prediction. Figure 4.7 and the posterior probabilities in Table E.3 further show support for
improving predictions compared to the stay-in-state baseline for almost all states (posterior probabilities
varying from 0.999 to > .99995, all with at least a 94% large effect size). The exceptions to this are
states (0,0,0), (1,0,0), and (0,0,1). In states (0,0,0) and (1,0,0), the posterior probabilities (< .00005
and 0.0002) even indicate near certainty against improvement. These are states where users have little
time, and low motivation. This suggests that users in these states tend to stay there, and transitions to
another state may be less likely. In state (0,0,1), there is no clear dominance between either prediction
method (posterior probability: 0.475). In the other states, our learned transition function seems to be
more likely to predict the next state, suggesting there is a more complex dynamic than staying in the
current state that our state-action model aims to capture.

4.4.2. Reward prediction

The next part of our evaluation examines the performance of the learned reward functions used in
our MORL algorithm. These rewards represent several needs that we identified in chapter 2, such
as enjoyment, diversity, and usefulness. For the MORL algorithm, we estimate these rewards using
the empirical mean for each (s, a)-pair. To evaluate the learned reward functions, we reported on the
L,-errors when 1) using our state-action model P(r | s, a), 2) using an action-only model P(r | a), and
3) using the global model P(r) to predict the rewards.
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Figure 4.8: Mean L, -errors for predicting rewards using state-action vs. action-only across LOOCYV folds, alongside their 95%
confidence intervals.

Results. Figure 4.8 shows that incorporating the action in reward prediction already (slightly) re-
duces the L;-errors for most objectives, suggesting the action provides meaningful information for pre-
dicting these rewards. The return willingness reward is an exception to this, as the L,-error with the
global model is already quite low. This may be explained by the possibility that this is a feeling from
users about the system in general, and less a result of an action as opposed to the other reward signals.
For the diversity reward, both the state-action and action-only models reduce the error to 0, which is to
be expected since the diversity reward is deterministic given the action.

When comparing the state-action model to the action-only model, we can see a slight decrease
in errors as well in Figure 4.8. The posterior probabilities in Table 4.5 confirm this and show at least
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Table 4.5: Mean reduction of L,-errors (A) when using the state-action model versus the action-only model for predicting
rewards, alongside their 95% HDI, posterior probability, and interpretation following the guidelines by Chechile [23] and
Andraszewicz et al. [8].

P (Effect size >)

v Mean A post. . .
Objective [95% HDI] prob(A > 0) Interpretation Small Medium Large
. . 0.005 . .
Perceived Enjoyment [0.003, 0.008] >.99995 Virtually certain 0.99 0.75 0.18
. 0.004
Perceived Usefulness [0.001, 0.006] 0.996 Very strong bet 0.82 0.25 0.01
. 0.004 Good bet
Return Willingness [~0.001, 0.010] 0.951 too good to disregard 0.43 0.02 <.01
Adherence 0.006 0.9998 Nearing certainty 0.96 0.56 0.08

[0.003, 0.010]

a good bet for a reduction in L,-errors for all objectives. For perceived enjoyment, the improvement
is virtually certain (posterior probability: > .99995), with a 99% small- and 75% medium effect size
probability. For the perceived usefulness reward, there is a very strong bet (posterior probability: 0.996)
for improvement, with a 82% small effect size probability. The return willingness predictions show a
good bet for improvement (posterior probability: 0.951), with a 43% small effect size probability. Lastly,
the improvement for adherence is nearing certainty (posterior probability: 0.9998), with a 96% small
effect size probability. Overall, these results suggest that adding state information in addition to the
action improves reward prediction across all objectives.

4.4.3. Stochastic outcomes for simulations

The last part of our evaluation regards the learned outcome distributions for perceived enjoyment,
perceived usefulness, return willingness, and challenge completion, which are used in the simulation
environment. As explained in section 4.2, we modeled these outcome measures in our simulation en-
vironment as stochastic variables and used estimated completion probabilities to simulate challenge
completions. To evaluate the predictive capabilities of our estimated outcome distributions, we per-
formed LOOCYV on the likelihoods of the outcomes. We compared the predictions of these outcomes
using three different methods for obtaining the probability distributions: 1) using the state-action model
P(o | s,a), 2) using action-only P(o | a), and 3) using the global distribution P(0). For these compar-
isons, we performed Bayesian analysis to see whether the state-action and action-only model improve
predictions over the global model, as well as whether the state-action improves predictions over the
action-only model.

Table 4.6: Mean improvement A of outcome likelihoods when using the state-action model versus the action-only model to
estimate the outcome probability distributions, alongside their 95% HDI, posterior probability, and interpretation following the
guidelines by Chechile [23] and Andraszewicz et al. [8].

P (Effect size >)

Mean A post. . .
Outcome [95% HDI] prob(A > 0) Interpretation Small Medium Large
. . —0.000 Not worth
Perceived Enjoyment [0.003, 0.002] 0.395 betting against 0.09 <.01 <.01
. 0.003 Good bet
Perceived Usefulness [~0.000, 0.006] 0.957 to0 good to disregard 0.52 0.06 <.01
- 0.024 . .
Return Willingness [0.019, 0.028] >.99995 Virtually certain > .99 > .99 >.99
Completion 0.006 > 99995 Virtually certain 0.97 0.57 0.08

[0.003, 0.010]

Results. Figure 4.9 shows that both the state-action and action-only models achieve slightly higher
likelihoods than using the global distributions. The posterior probabilities in Figure 4.10 confirm this
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Figure 4.9: Mean likelihoods of perceived enjoyment, perceived usefulness, and return willingness across each LOOCYV fold
when using 1) state-action, 2) action-only, and 3) global probabilities to predict the values. The central line indicates the median,
the boxes represent the interquartile range, and the whiskers show the full range.
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Figure 4.10: Posterior probabilities of improving the likelihoods of the outcome using our state-action probabilities versus 1) the
action-only, and 2) the global probabilities to predict the values. The red and green regions indicate at least a casual bet against
or for improvement, respectively, following the guidelines by Chechile [23] and Andraszewicz et al. [8].

with at least a casual bet that both action-only and state-action improve predictions for all outcomes
compared to using the global distribution, with posterior probabilities ranging from 0.981 to > .99995.
This suggests that the action already provides meaningful information for predicting these outcomes.
Notably, the likelihoods also depend on the number of possible outcome values. Completion is binary,
leading to higher likelihoods, whereas perceived enjoyment is on a 0-10 scale, yielding lower overall
likelihoods.

It can also be seen that the state-action model improves outcome predictions compared to the
action-only model. Figure 4.10 and the posterior probabilities in Table 4.6 indicate at least a good
bet for improving the outcome likelihoods when adding state information for the perceived usefulness,
return willingness, and completion predictions. For perceived usefulness, there is a posterior probability
of 0.957, with a 59% small effect size probability, and for return willingness, the improvement is even
virtually certain (posterior probability: > .99995) with a > 99% large effect size probability. Similarly, the
posterior probability for challenge completion is > .99995, with a 97% small- and 57% medium effect
size probability. However, for perceived enjoyment, the posterior probability is 0.395, which indicates no
support against improvement ('not worth betting against’). These results indicate that the state-action
model improves the prediction of perceived usefulness, return willingness and challenge completion
over the action-only model, while for the perceived enjoyment this is inconclusive.

4.5. Discussion of results

This chapter presented the results of the evaluations of our multi-objective reinforcement learning per-
sonalization approach and our environment model. The results indicate that personalizing challenges
using MORL can increase user engagement and enhance their experience with the challenges. Specif-
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ically, our user choice policy (MORL-UC) achieves a balanced trade-off, improving all objectives com-
pared to the random baseline (no personalization). Moreover, the estimated transition and reward
functions seem to be able to improve the prediction of user behavior compared to using global esti-
mations, suggesting our user model is able to capture these dynamics. We further discuss the two
analysis questions in more detail below.

AQ1: How well does the MORL personalization algorithm address and balance the diverse needs
and concerns from different stakeholders?

Table 4.7: Needs and concerns grouped by stakeholder, with changes over random baseline (++/— indicates >75% difference,
+/- indicates 0-75% difference, relative to maximum possible improvement) for each evaluated (meta)policy, and an indicator of
whether the (meta)policy addresses the need for autonomy (v') or not (X).

Need / Concern C-Corr C-Eq MORL-EP MORL-UC MORL-UC+EP
Adolescents

Usefulness ++ + + -+ .
Engaging elements ++ + + ++ ++
Autonomy and control X X X v vIX
Required time + + - + +
Clinicians

Adherence ++ + + ++ +
Return willingness + - + + +
Diversity of coping strategies - ++ ++ + +

Policy abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy; MORL-
UC+EP = UC followed by EP after 12 challenge completions; C-Corr = Correlation-based policy; C-Eq = Equal
weights policy.

The simulation results indicate that multi-objective personalization can successfully address and
balance different stakeholder needs, whereas single-objective personalization fails to do so. As sum-
marized in Table 4.7, the approach that fulfills all needs simultaneously is the user choice metapolicy
(MORL-UC), which improves all outcomes compared to the random baseline and preserves user au-
tonomy by providing choice.

The results further reveal trade-offs across stakeholder objectives: prioritizing the expert-driven
outcomes comes at the cost of adapting to users’ time availability. Moreover, improving diversity leads
to decreased user engagement and satisfaction. The evaluation results of the single-objective policies
demonstrated this tension as well and revealed that even within the set of expert-driven objectives,
competition exists: optimizing for return willingness alone yields the highest return willingness outcome,
but comes at the expense of diversity. This demonstrates that competing objectives exist not only
across stakeholders, but also within them. Therefore, sustaining meaningful engagement requires
carefully balancing objectives that may seem aligned on the surface, but conflict in practice.

The results also demonstrate the impact of the different metapolicies, i.e., how a subset is se-
lected from the set of Pareto optimal policies that result from the MORL algorithm. As discussed in
subsection 4.3.1, selecting the policy that yields the best evaluation for the expert-driven objectives
(MORL-EP) does not sufficiently account for adolescent-driven outcomes, and fails to adjust to users’
time availability and suggest challenges that feel useful to adolescents when completed. On the other
hand, the metapolicy (MORL-UC) that uses the expected utility metric (EUM) to select a subset is more
successful in achieving a balance across objectives. By selecting policies that perform well across a
range of possible preference weightings, it achieves a more robust balance when these preferences
are unknown. This is consistent with the theoretical motivation behind the EUM and suggests it is a
promising selection strategy for MORL. These findings demonstrate that the choice of metapolicy is
just as important as obtaining the Pareto optimal policies in the first place, as Pareto optimality alone
does not guarantee desirable or well-balanced outcomes across stakeholder needs.

Taken together, these findings demonstrate that no single policy can be achieve the maximum
improvements across all outcomes without decreasing another. Each approach achieves different
trade-offs between engagement, user experience, and diversity of coping strategies. However, among
the evaluated approaches, MORL-UC is the only policy that yields improvements across all outcomes
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compared to the random baseline, while meeting the adolescent need for autonomy and control by
providing user choice. Therefore, we believe this approach is most suitable for balancing stakeholder
needs in mHealth personalization for adolescents.

AQ2: How well can our learned transition and reward functions predict user behaviour compared
to methods that do not consider state and/or action?

Overall, the evaluation results suggest that incorporating state and action information leads to im-
proved or at least comparable predictions of user behaviour compared to methods that do not consider
these factors. For the transition function, the state-action model consistently outperforms the uniform
baseline and provides more stable predictions than the stay-in-state model. These findings suggest
that users do not transition at random, and that the state-action model is able to capture meaningful
structure in user behaviour beyond what can be explained by simple assumptions about staying in the
current state.

For reward and outcome prediction, adding action information already improves performance over
using global estimates, and incorporating state information yields further improvements for most reward
and outcome objectives. This effect is visible for all rewards, with the exception being return willing-
ness, where the global estimate already yields relatively low prediction errors. A possible explanation is
that this is a feeling about the whole system and depends less on contextual factors than other reward
signals. For the stochastic outcomes, providing action information yields consistent improvements for
all objectives. Extending this with the state information results in prediction improvements for perceived
usefulness, return willingness and challenge completion, but for perceived enjoyment, the results were
inconclusive. Although the most probable effect size for these improvements was a small effect (ex-
cept return willingness, which showed 99% large effect size probability), these small improvements
add up over time due to the sequential nature of our problem. Therefore, even a small effect can be
consequential.

Ultimately, the results indicate that user behavior is not random but somewhat structured, and that
the learned MOMDP model is able to capture this structure by jointly conditioning on both state and
action. Thus, this model allows us to perform model-based RL methods and simulate user trajectories
to develop and evaluate our personalization algorithm with better predictions than simpler models.

4.6. Limitations

Despite promising results for our multi-objective personalization approach being able to balance diverse
needs and concerns, there are several limitations to our evaluation approach. These mainly concern
the use of a simulation environment, the dataset used, and the evaluation measures.

First, the evaluation was entirely conducted in a simulated environment, which may not fully capture
true human behavior and limits the extend to which the results can be generalized to real-world use.
While simulation-based evaluation has several benefits, such as scalability, reproducibility and safety,
and is often used in health research [16], it still relies on simplifying assumptions about user behavior
and the environment. Consequently, the observed performance reflects how well the policies operate
under the modeled dynamics, rather than in real-world deployment with more complex human behavior.

Another limitation is that our simulation environment was constructed from observational data that
was partially collected under a different policy. The data collection study included both a random condi-
tion and a test condition in which challenges were suggested based on a reinforcement learning model.
In our work, we used data from both conditions to increase the amount of data available and thus the
coverage of state-action pairs, under the assumption that the Markov property holds (i.e., the next state
only depends on the current state and action). However, the RL policy may have caused certain states
or state-action pairs to be under- or overrepresented due to user trajectories being influenced by the
policy. This may have affected the learned transition and reward functions and thus the accuracy of
the evaluations.

Another data-related limitation is the fact that the data was collected in a study where users were
paid to open the challenges. Although they were informed that the compensation did not depend on
completion of the challenges, the monetary incentive may have increased motivation to engage with the
application. Consequently, the estimated completion probabilities may be overly optimistic compared
to real-world scenarios. Moreover, as explained in subsection 2.4.3, there were technical issues with
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photo challenges during the data collection, which caused some data entries to be incomplete. While
we aimed to correct for this as accurately as possible, the resulting estimates may still be affected by
measurement errors. Consequently, some of the estimated transition and reward dynamics may be
overestimated or underestimated, potentially influencing the learned policies and their evaluations.

Lastly, when evaluating the usefulness of the algorithm, we relied on proxy measures such as per-
ceived usefulness and adherence under the assumption that completing the challenges leads to ac-
quiring coping skills. Such proxy measures are more straightforward to obtain than long-term mental
health outcomes and are therefore suitable to use in algorithms. However, these measures do not
directly assess whether this observed engagement is meaningful and whether users actually improved
their coping abilities.



Discussion and Conclusion

In this final chapter, we conclude our work by answering the research questions. We further discuss the
limitations of our research and provide directions for future work. Lastly, we highlight our contributions
and implications, and end with an ethical reflection on the outcomes and our research process.

5.1. Conclusions
The research question that we aimed to answer with this research was:

How can multi-objective reinforcement learning be used to personalize coping skill-enhancing chal-
lenges for adolescents to satisfy diverse needs and concerns?

Our research demonstrated that multi-objective reinforcement learning can be used to personal-
ize coping skill-enhancing challenges for adolescents by modeling challenge recommendation as a
MOMDP with multiple, potentially competing objectives that reflect the needs and concerns of different
stakeholders. By incorporating adolescent context, challenge characteristics, and objectives derived
from these needs, MORL can learn personalized recommendation policies that balance these out-
comes. Furthermore, using a user choice metapolicy allows adolescents to select from multiple optimal
recommendations, thereby addressing adolescents’ desire for autonomy while maintaining personal-
ization quality. Our simulation-based results demonstrate that this approach achieves better overall
trade-offs than non-personalized or single-objective approaches and provides a practical framework
for navigating tensions between stakeholder needs. Therefore, MORL offers a promising method for
personalization in adolescent mHealth applications while explicitly addressing the diverse needs and
concerns of adolescents, clinicians, parents, and society.

In the process of answering this main research question, we divided it into three subquestions that
guided us towards answering the main question. These subquestions are discussed below to provide
further insights.

RQ1: What needs and concerns should be taken into account when developing a model to person-
alize coping challenges?

We discovered several needs and concerns from adolescents, clinical experts, parents, and society,
which have implications for different design levels of the personalization algorithm (see Figure 2.1). An
overarching consideration is the usefulness of the application: it should be beneficial for developing
coping skills, and adolescents should perceive it as useful. Adolescents further expressed the desire
for an engaging app that offers varied and fun content. Moreover, the required time and effort should
be appropriate to avoid burden, and adolescents should retain a sense of autonomy and control. From
a clinical perspective, sustained engagement is important to ensure the effectiveness of the applica-
tion. Additionally, diversity of coping categories supports developing a broad set of coping skills. At
the societal level, several ethical and legal concerns should be considered. Privacy and safety are
important to address, given the sensitivity of mental health data. This is in line with concerns from ado-
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lescents, parents, and experts. Furthermore, fairness and bias mitigation are needed to ensure that
the system does not disadvantage certain groups, and explainability and interpretability are important
to ensure the decisions of the model can be understood. Lastly, the sustainability of the model (i.e.,
complexity and size) should be taken into account to limit unnecessary environmental costs. These di-
verse stakeholder needs and the competing nature of some of these motivate the use of multi-objective
reinforcement learning, which allows us to explicitly consider trade-offs between the objectives.

RQ2: How can a multi-objective reinforcement learning model be designed for personalizing coping
challenges?

Multi-objective reinforcement learning can be used to personalize coping challenges by representing
challenge recommendation as a Multi-Objective Markov Decision Process (MOMDP) in which person-
alization is achieved by considering user context, challenge characteristics, and multiple stakeholder-
driven objectives. The needs identified in RQ1 are translated into different components of the model
and the algorithm choice for solving the MOMDP. Adolescents’ and clinicians’ desire for usefulness
and engagement is operationalizaed through reward functions that capture perceived usefulness, per-
ceived enjoyment, adherence, and return willingness. Clinical usefulness is further reflected by the
requirement of developing a broad set of coping skills, which is incorporated through an objective that
promotes diversity across coping categories. The need to match challenge demands with adoles-
cents’ momentary capabilities is reflected through the state representation based on COM-B elements:
tiredness, time availability, and motivation. Ethical and societal concerns, including privacy, fairness,
explainability, and sustainability, motivated the use of less sensitive and interpretable input features,
and a simple model-based algorithm. Lastly, adolescents’ desire for autonomy and control is incorpo-
rated through a metapolicy that allows users to choose from a set of optimal challenges rather than
suggesting a single recommendation. Together, these design choices enable personalized challenge
recommendations that align with the diverse needs of adolescents, clinicians, parents, and society.

RQ3: How effective is a multi-objective reinforcement learning model for personalizing coping chal-
lenges?

Overall, the evaluation results indicate that a multi-objective reinforcement learning model is an effec-
tive approach for personalizing coping challenges for adolescents. Unlike single-objective methods,
the proposed MORL approach successfully balances competing stakeholder objectives by simultane-
ously improving user engagement, perceived enjoyment, perceived usefulness, adherence, diversity
of coping strategies, and return willingness compared to a non-personalized baseline. In particular, the
user choice metapolicy (MORL-UC) was the only (meta)policy that was able to consistently improve
all outcomes compared to the non-personalized policy, while also supporting adolescents’ autonomy
through choice provision. The results further revealed trade-offs between adolescent-driven outcomes,
such as perceived enjoyment, and expert-driven outcomes, such as diversity of coping strategies. Fur-
thermore, we found that competing objectives exist within stakeholder outcomes as well: high return
willingness comes at the cost of diversity of coping strategies. These tensions indicate that optimizing
for a single outcome is insufficient for meeting all stakeholder needs. The findings also highlight the
importance of the metapolicy used to select among the Pareto-optimal policies. Using the expected
utility metric-based subset selection leads to a balance across outcomes, whereas using expert priority
selection does not. In addition, the learned transition and reward functions demonstrated improved pre-
dictions of user behaviour compared to models that ignored state and/or action information, suggesting
that the learned MOMDP captures meaningful user dynamics. Taken together, the results indicate that
MORL is a promising approach for mHealth personalization as it enables explicit modeling and naviga-
tion of competing stakeholder objectives and can better accommodate the diverse needs and concerns
than simpler personalization strategies.

5.2. Limitations

Our work comes with several limitations that should be considered when interpreting the results and
conclusions. At the same time, these limitations provide several directions for future research on multi-
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objective reinforcement learning and personalization in mHealth applications.

5.2.1. Uncaptured heterogeneity

A first limitation concerns the limited heterogeneity of the dataset used in this study, which consisted
solely of Dutch adolescents and was largely composed of highly educated people and women (see
Table 2.2). This raises questions about the generalizability of our findings to broader adolescent pop-
ulations. Cross-cultural studies have found substantial differences in adolescents’ coping preferences
across regions, including Europe, Asia, India, and the Middle East [90, 95]. Moreover, adolescents tend
to differ in their coping styles based on gender [96, 39]. As a result, the learned policies and estimated
transition and reward functions may primarily reflect behavioural patterns specific to this demographic
composition and may not directly transfer to more diverse populations.

Closely related to this is the fact that demographic characteristics such as gender, ethnicity, and
educational background were intentionally excluded from the model for fairness considerations. While
this avoids the use of sensitive features, it may also reduce the model’s ability to capture meaningful
heterogeneity in coping behaviour. Adolescents were found to differ in their coping tendencies based
on gender [96, 39, 29], ethnicity [29], and race [22], which suggests that adolescents from different
groups may benefit from different coping challenges. This is in line with Berardi et al. [14], who sug-
gested that the design of mHealth applications should consider the gender and cultural diversity of
users. Consequently, excluding these characteristics may have limited the model’s ability to account
for relevant individual differences in coping behaviour, potentially reducing the personalization quality
across diverse adolescent populations.

5.2.2. Modeling and implementation choices
Several limitations arise from our modeling assumptions and implementation choices in our approach.
First, we modeled our problem using stationary, static transition and reward functions, thereby assum-
ing these dynamics do not change over time. However, in reality, user behavior may evolve over time
due to factors such as app usage or external circumstances, which causes them to respond differently
to the application [115]. Because the learned policies do not adapt to such evolving behavior, they may
become suboptimal over time. This is also described by Ontanon and Zhu [91] as the "Personalization
Paradox”, where the personalization may influence user behavior and lose its accuracy. Additionally,
the simulations may not fully capture realistic user dynamics. For example, the metapolicy that com-
bines user choice with expert priority may perform better in practice than in our simulations, as users
could become more receptive to expert-prioritized challenges after repeated exposure and practice.
Furthermore, one of our findings is that selecting from the set of Pareto optimal policies is just
as important as learning these policies. However, in our work, we only tested a limited amount of
such metapolicies: subset selection using the expected utility metric, and expert-priority selection.
Therefore, using different methods to select the subset for users to choose from may not yield the
same balance across outcomes.

5.2.3. Application in real-world settings

A further limitation that was already mentioned in section 4.6 is that the evaluation was conducted in a
simulated environment rather than through tests with real users. While this provides an important first
step for assessing our personalization approach in an accessible and safe manner, it remains unclear
whether the identified trade-offs and results will generalize to real-world use. Future longitudinal studies
with real users are therefore needed to validate these findings and determine whether balancing diverse
needs and concerns translates into sustained engagement and meaningful improvements in coping
skills and well-being.

Finally, this work focused specifically on the application of multi-objective reinforcement learning
to the personalization of coping skill-enhancing challenges, which may limit the generalizability of the
findings to other (mHealth) domains. Although some of the identified stakeholder needs and concerns,
such as engagement and autonomy, are also likely to be relevant for other applications, other objec-
tives may be domain-dependent. For example, in this work, the diversity of coping strategies was
an important objective because it promotes practicing a broad set of coping skills. However, in other
domains such as weight loss or physical activity promotion, such an objective may not be relevant.
As a result, the observed trade-off between engagement and diversity, which is a key argument for
the use of multi-objective reinforcement learning in our setting, may not be present in other mHealth
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settings. In settings where such competing objectives are limited or absent, the advantages of multi-
objective reinforcement learning may be less pronounced, and simpler single-objective approaches
may be sufficient. Nevertheless, multi-objective reinforcement learning remains valuable for identifying
and representing trade-offs and for balancing conflicting objectives when they exist.

5.3. Future research

The limitations and findings of this thesis provide several directions for future research on multi-objective
reinforcement learning and personalization in mHealth applications, which are discussed below.

Conduct longitudinal user studies. A logical direction for future work is to conduct longitudinal
user studies to validate whether our observed trade-offs and personalization effects also hold outside
simulation environment. It would also be good to actively recruit participants from demographic groups
that were less well represented in the dataset to assess whether our results can generalize to a more
diverse population. Furthermore, such user studies can reveal whether the observed improvements
in the proxy variables also translate to actually improving coping skills and supporting adolescents’
well-being, which is the ultimate goal of the application.

Incorporate explanations. As identified in chapter 2, explainability and interpretability are some of
the concerns regarding mHealth applications. While we considered this in the design process by se-
lecting interpretable model components and by using a simple model-based algorithm instead of more
complex deep learning methods, the system does not explicitly provide explanations of its recommen-
dations to users. Future work could therefore investigate how these personalized challenge sugges-
tions can be explained to adolescents to increase trust in the system [37, 11], an important factor for
adolescents [78], and to help adolescents make more informed decisions. For example, this could be
done by providing information on why the challenges are optimal compared to other challenges (based
on the values for the different objectives), by learning a causal model to derive explanations [80], or by
using other explainable RL methods [50].

Challenge usefulness from experts’ perspective. In our model, we assumed all challenges to be
equally useful in terms of learning coping skills (from an expert's perspective), while in reality, the
challenges may not all equally contribute to learning these skills, as some may be more beneficial than
others, and one challenge may contribute to multiple coping categories instead of only one. Therefore,
additional information on the contribution of individual challenges to coping skill development could be
meaningful in differentiating between the challenges and evaluating how much of each coping category
a user has practiced. Therefore, future work could aim to gather such information and incorporate this in
the personalization algorithm to get a better indication of the usefulness of the challenges from a clinical
perspective. For example, Albers, Neerincx, and Brinkman [3] considered usefulness from an expert
perspective in terms of how much each action contributed to building expert-identified competencies
for preparing smoking.

Non-stationarity and partial observability. An interesting direction would be to account for the
non-stationarity in adolescent behavior, where users’ dynamics evolve over time, which our current
approach does not capture. Future research could model the problem using a non-stationary environ-
ment and investigate whether RL methods for such environments [93] can be used to learn policies
that can adjust to this dynamic user behavior. Moreover, future work could extend our MOMDP formu-
lation to a Partially Observable Markov Decision Process (POMDP) [63], which enables the modeling
of latent (unobserved) user states. While our model relies on observable indicators such as tiredness,
time availability, and motivation, other factors that may influence user interaction with the app, such
as stress levels, or coping abilities are difficult to observe directly. A POMDP framework could infer
such latent factors from observed user behavior over time, potentially leading to more accurate user
representations and more effective personalization.

Metapolicies for (subset) selection from Pareto set. Lastly, it would be interesting to test differ-
ent policy selection strategies, as this has been previously identified as a challenge in multi-objective
optimization [124, 126]. For example, Parisi et al. [94] propose the Local-utopia Selection Algorithm
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(LUSA) to select a single policy from the Pareto set. Other possibilities would be to select on the level
of actions instead of policies, which could be done by evaluating the actions in a similar manner to
policies with the EUM.

5.4. Contributions and Implications
This thesis makes several contributions and has potential implications on a scientific and societal level,
which are outlined below.

5.4.1. Scientific

This thesis contributes an understanding of how multi-objective reinforcement learning can be used for
mHealth personalization, insights into strategies to select from Pareto optimal policies, and an overview
of stakeholder needs and concerns.

Multi-objective personalization. The first scientific contribution of this thesis is the application of
MORL to the personalization of mHealth applications for adolescents. This extends previous work of
MORL in healthcare that addresses clinical objectives [79, 62] by explicitly accounting for user-driven
outcomes. More specifically, we contribute a model-based MORL/D algorithm adapted to a discrete and
stochastic setting, which is relatively underexplored compared to deep MORL methods [59]. Alongside
this, we provide a simulation-based evaluation that demonstrates the practical strengths of the MORL
approach over single-objective methods. Our MORL approach to generate personalized suggestions
could also be applied in other settings, such as recommender systems, where multiple competing
objectives must be considered as well [43, 126, 124].

Metapolicy selection. Secondly, this thesis offers insights into the consequences of different metapoli-
cies to select from the Pareto optimal policies. Specifically, we found that subset selection based on
the expected utility metric (EUM) [128] achieves a balance across outcomes, whereas expert-priority
selection fails to satisfy all user needs. This demonstrates that the choice of metapolicy is as con-
sequential as the optimization itself, and that Pareto optimality does not guarantee a good outcome
in practice. These findings offer guidance for future MORL deployments on how to navigate policy
selection under uncertain user preferences.

Stakeholder needs and concerns. Finally, we provide an overview of stakeholder needs and con-
cerns that are relevant for adolescent mHealth personalization and put forward a procedure for trans-
lating these diverse needs into concrete model components. This offers additional insights into user
needs, which should be understood in order to facilitate engagement in health applications [31]. Al-
though our design is specific to this use case, the underlying design considerations may inform future
studies by providing guidance on how personalization problems can be modeled in ways that align with
stakeholder needs, ethical considerations, and application-specific objectives. This provides a method-
ology for other researchers developing MORL systems in sociotechnical contexts to better align with
stakeholder needs.

5.4.2. Societal

On a societal level, this thesis has several contributions and implications for supporting adolescents’
well-being, clinical decision-making, and the design and development of mHealth personalization al-
gorithms.

Adolescents. This thesis contributes a personalization approach that better aligns with adolescents’
needs and concerns, which can improve user engagement and satisfaction with the application, as our
results have shown. Consequently, adolescents complete more challenges in our simulations, which
in turn helps with practicing a diverse set of coping strategies. This supports adolescents by equipping
them with a broad set of coping skills and may strengthen their mental resilience, aligning with the call
from the World Health Organization for more support for adolescents’ well-being [120].
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Clinical experts. Our insights about the competing nature of stakeholder needs and concerns and
the influence of the optimization objective can support experts in selecting personalization strategies
that align with clinical values. More broadly, the findings in this thesis could inform clinical decision-
making beyond mHealth: the modeling of competing objectives mirrors the kinds of trade-offs clinicians
may face when tailoring support strategies to individual clients, and making these trade-offs transparent
and quantifiable may support more informed decision-making in practice.

Designers and developers. Lastly, the findings in this thesis can aid the design and development
of mHealth personalization algorithms to better address diverse stakeholder needs. Our findings sug-
gest that explicitly modeling and optimizing for these needs using MORL can achieve a balance across
the different objectives. Therefore, we provide a two-fold recommendation for future developers: 1)
identify and understand relevant needs and concerns from different stakeholders, and 2) adopt a multi-
objective approach to model personalization rather than collapsing competing needs into a single re-
ward signal, as this may overlook important stakeholder values. Finally, this thesis provides a practical
implementation of a personalization algorithm for the Grow It! application that can be incorporated by
the developers of the app.

5.5. Ethical reflection

The increasing use of Al brings responsibility to researchers and developers to ensure alignment with
human values and ethical standards to mitigate possible risks. Therefore, we discuss some ethical
implications that should be considered following our research, and end with a reflection on our research
process. The discussed concerns are not exhaustive, but aim to provide an idea of the possible risks.

5.5.1. Ethical implications

Privacy and security. Personalization relies on collecting and processing user data, which intro-
duces privacy and security risks. Although we deliberately used relatively non-sensitive features, such
as self-reported tiredness, time availability, and motivation, adolescents and their parents or caregivers
may still have concerns regarding how personal information is collected, stored, and translated into rec-
ommendations. Moreover, data related to mental health can be perceived as highly personal regardless
of its relative sensitivity. Therefore, during further developments and deployments, the design choices
and their impacts should be continuously monitored, as suggested by Groot et al. [55], to ensure align-
ment with privacy concerns. Furthermore, users could be given the option to choose whether they want
a personalized experience, and thus whether their data is used, as suggested by Goétzl et al. [53] as
'personalized personalization’. Lastly, to increase transparency and facilitate trust in the application,
users should be well-informed about how their data is used, for example, through a privacy policy [5].

Inequal access. While increased accessibility is one of the benefits of mental health applications,
there are potential issues related to inequal access to such applications [119]. These mHealth applica-
tions may not be accessible to all adolescents, as it depends on factors such as smartphone ownership,
digital literacy, and internet access, which may vary across socioeconomic contexts [105]. As a result,
certain groups of adolescents may not be able to receive personalized well-being support, even if they
are among those who could benefit most. Our work could unintentionally reinforce such existing dis-
parities, as personalization enhances the quality of support for users who are already able to engage
with the technology, while providing no benefit to those without access.

5.5.2. Responsible research

Reproducibility and replicability. In the interest of open science, defined as “the process of mak-
ing the content and process of producing evidence and claims transparent and accessible to others”
by Munafo et al. [87], we followed several principles to ensure transparency and reliability of our re-
search. Firstly, we pre-registered our study in the Open Science Framework (OSF) prior to accessing
the dataset [73]. This was done to provide a transparent record of the planned analyses and to prevent
reporting bias. Furthermore, all implementation and analysis code is made publicly available on the 4TU
Data Research Repository [74], and the dataset used in this study will be released upon publication.
Taken together, these measures enable reproducibility and support replicability, allowing researchers
to verify and build upon our findings.
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Use of generative Al. During this thesis, generative Al tools (ChatGPT and Gemini) were used for
three main purposes: generating illustration ideas, assisting with coding, and supporting the writing
process. For all purposes, the content of the Al's suggestions were critically evaluated and validated
before incorporating them.

For coding-related tasks, Al tools were primarily used to help with plotting figures and debugging
code. No research data was shared with these tools during this process. Generative Al was also
used to help with generating ideas to illustrate concepts in this thesis. Specifically, we prompted Al to
brainstorm ideas for the illustrations of the design pipeline (Figure 3.1) and the overview of stakeholder
needs and concerns (Figure 2.1). The generated suggestions only served as inspiration, and the final
figures were created on our own. In addition to this, ChatGPT was used to generate the initial cover
illustration of this thesis, which we further refined ourselves. Lastly, Al tools were used to support the
writing and formatting process of this thesis. This included assistance with improving sentence clarity,
refining the structure of paragraphs, creating tables, and formatting. Furthermore, we consulted Al to
help with creating initial drafts for the LaTeX figures in Figure 3.4 and Figure 2.2, after which we refined
and edited them ourselves.
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Challenge measures

Table A.1: Challenge measures with the question posed to the participants and the measurement scale.

Measure

Question

Scale

Before receiving a challenge

Tiredness
Motivation
Usefulness belief
Time

Return willingness

How tired are you right now?

How excited are you to do a
challenge?

How good do you think it is to do a
challenge?

How much time do you have right
now?

Currently, you are taking part in a
paid study. Imagine you were not
being paid for opening your daily
challenge. How likely would you
then have been to open your daily
challenge?

7-point Likert scale from “Not at all”
to “Very much”

7-point Likert scale from “Not at all”
to “Very much”

7-point Likert scale from “Not at all
to “Very much”

7-point Likert scale from “None at
all” to “A lot”

7-point Likert scale from “Absolutely
not” to “Absolutely”

Challenge evaluation

Perceived enjoyment
Difficulty
Time spent

Perceived usefulness

How much did you like the
challenge?

How difficult did you find the
challenge?

How long did you take to complete
the challenge?

How useful was this challenge for
you?

Scale from 0 to 10
Scale from 0 to 10
Minutes

7-point Likert scale from “Not at all
to “Very much”
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Number of samples

Table B.1: Number of samples per state-action pair and per state. States are denoted as (tiredness, time available, motivation),
where tiredness and time are binary (0 = low, 1 = high) and motivation is tertiary (0 = low, 1 = medium, 2 = high). Actions are
denoted as (a, as) with challenge cluster a. € {D, EU, EUD} and within-cluster selection strategy as € {0, 1}.

Action
State (D,0) (EU,0) (EUD,0) (D,1) (EU,1) (EUD,1) Total
(0,0, 0) 57 90 99 70 147 146 609
(0,0, 1) 39 70 78 73 114 121 495
(0,0, 2) 24 31 41 47 59 85 287
(0,1,0) 17 19 19 9 30 40 134
(0,1, 1) 26 26 29 22 47 49 199
0,1, 2) 43 42 53 54 107 98 397
(1,0,0) 67 76 86 66 131 113 539
(1,0, 1) 38 38 33 46 86 65 306
(1,0, 2) 12 17 11 25 25 40 130
(1,1,0) 11 11 15 9 26 27 99
(1,1, 1) 7 12 17 15 28 35 114
(1,1, 2) 15 17 20 23 42 45 162
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Reward correlations

Table C.1: Reward correlations with challenge completion, alongside the resulting weight for the correlation-based baseline

policy.
Reward Correlation Weight
Perceived enjoyment 0.833 0.305
Perceived usefulness 0.801 0.294
Return willingness 0.098 0.036
Adherence 1.000 0.367
Diversity -0.005 -0.002
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Additional results

This appendix provides additional results for the policies that only optimize a single objective (sec-
tion D.1) and the outcome trajectories over time (section D.2).

D.1. Single-objective policies
D.1.1. Obtained policies

Table D.1 shows the state-action mappings of the policies that are learned when optimizing for only
one of the objectives.

Table D.1: Policies obtained when optimizing for only one of the objectives, mapping user states to actions. States are denoted
as (tiredness, time available, motivation), where tiredness and time are binary (0 = low, 1 = high) and motivation is tertiary (0 =
low, 1 = medium, 2 = high). Actions are denoted as (a., a;) with challenge cluster a. € {D, EU, EUD} and within-cluster
selection strategy ag € {0, 1}.

Optimized objective

Perceived Perceived . . Return
State Enjoyment Usefulness Diversity ~ Adherence Willingness
(0,0,0) (EU,0) (EU,0) (EU,1) (EU,0) (D,1)
(0,0,1) (EU,1) (EUD,0) (EU,0) (EU,0) (D,1)
(0,0,2) (EUD,0) (EUD,0) (EU,0) (EUD,1) (D,1)
(0,1,0) (EU,0) (EU,0) (EUD,1) (EU,0) (EUD,1)
(0,1,1) (EU,0) (EU,0) (EU,0) (EU,0) (EU,1)
(0,1,2) (EUD,) (EUD,1) (EUD,0) (EUD,1) (EU,1)
(1,0,0) (EU,0) (EU,0) (EU,0) (EU,0) (D,1)
(1,0,1) (EU,1) (EU,1) (D,0) (EU,1) (EU,1)
(1,0,2) (EU,0) (EU,0) (D,0) (EU,1) (EUD,1)
(1,1,0) (EU,T) (EUD,1) (EUD,1) (EU,1) (EU,1)
(1,1,1) (EUD,0) (EUD,0) (D,0) (EU,0) (D,1)
(1,1,2) (EU,0) (EU,0) (EU,1) (EU,0) (D,1)
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D.1.2. Diversity of coping categories in practice
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Figure D.1: Mean fraction (with their 95% CI) of completing at least 5 challenges per coping category over 28 timesteps for each
(meta)policy and the single-objective (SO) policies. The lines for MORL-UC and MORL-UC+EP are completely overlapping.
Policy abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy; MORL-UC+EP = UC followed
by EP after 12 challenge completions; C-Corr = Correlation-based policy; C-Eq = Equal weights policy.

D.1.3. User retention
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Figure D.2: Mean fraction of active users in the simulations for each (meta)policy and the single-objective policies, alongside the
95% confidence interval. Simulations were run with 500 users for 20 runs. Users are assumed to be inactive after 3 consecutive
days of non-completion. Policy abbreviations: MORL-EP = Expert Priority Metapolicy; MORL-UC = User Choice Metapolicy;
MORL-UC+EP = UC followed by EP after 12 challenge completions; C-Corr = Correlation-based policy; C-Eq = Equal weights

policy..
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D.2. Outcomes over time
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Figure D.3: Outcome trajectories over 28 timesteps across 1000 simulations. The MORL-UC+EP metapolicy switches from user
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Additional Bayesian analyses

This appendix provides additional results of Bayesian analyses of the improvement in adherence for
agency versus non-agency conditions in our dataset, and improvements of our state-action model over
other models for transition and reward dynamics.

E.1. Adherence in agency vs. non-agency conditions

Table E.1: Improvement in adherence (A) of agency versus non-agency conditions, alongside their 95% HDI, posterior
probability, and interpretation following the guidelines by Chechile [23] and Andraszewicz et al. [8].

P(Effect size >)

Mean A post. . )
[95% HDI] prob(A > 0) Interpretation Small Medium Large
0.031 Strong bet
[0.006, 0.055] 0990 irresponsible to avoid 0.80 0.26 0.02
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E.2. Transition function

E.2.1. State-action vs. uniform baseline

The following table provides results of the Bayesian analysis when inspecting the improvements in
likelihoods of the next state when using the state-action model over the uniform baseline to predict the
next state.

Table E.2: Mean improvements of likelihoods (A) when using the state-action transition model versus the uniform baseline for
predicting the next state, alongside their 95% HDI, posterior probability, and interpretation following the guidelines by Chechile
[23] and Andraszewicz et al. [8].

P (Effect size >)

State [QRQE/T:ISI] progc(JASt; 0) Interpretation Small Medium Large
(0,0,0) [0.1&%%%148] >.99995 Virtually certain >.99 > .99 > .99
0,0, 1) [0.025;(,)%?065] >.99995 Virtually certain > .99 > .99 > .99
0, 0,2) [0_020:;8%?0 4] >99%95  Vitualycetan >.99  >.99  >.99
0,1,0) [0.02‘.3(,)?099] >.99995 Virtually certain > .99 > .99 > .99
0,1,1) [0_036?20?035] >.99995 Virtually certain > .99 0.95 0.70
0,1,2) [0_0206(‘)2()?040] > .99995 Virtually certain >.99 > .99 0.97
(1,0,0) [0.0606(,)2(;)(.)092] > .99995 Virtually certain > .99 > .99 > .99
(1,0, 1) [0.04?;,)50?064] >.99995 Virtually certain > .99 > .99 > .99
(1,0,2) [0_0&(‘)10?032] 0.998 Very strong bet 0.97 0.83 0.53
(1,1,0) [0'036(’)%(_)051] 0.998 Very strong bet 0.98 0.89 0.66
(1,1,1) [_0.0%2?3_020] 0.934 A p:?snlz;si;egt but 75 0.41 0.15
(1,1,2) 0.028 >.99995 Nearing certainty  0.99 0.96 0.80

[0.012, 0.044]
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E.2.2. State-action vs. stay-in-state

The following table provides results of the Bayesian analysis when inspecting the improvements in
likelihoods of the next state when using the state-action model over assuming users stay in their current
state to predict the next state.

Table E.3: Mean improvements of likelihoods (A) when using the state-action model versus the stay-in-state model for
predicting the next state, alongside their 95% HDI, posterior probability, and interpretation following the guidelines by Chechile
[23] and Andraszewicz et al. [8].

P (Effect size >)

Mean A post. . .

State [95% HDI] prob(A > 0) Interpretation Small Medium Large
(0,0, 0) —0.069 <.00005 Virtually certain against > .99 0.95 0.59
e [~0.099, —0.039] . ually ¢ gains : : :

0.007 Not worth

0.0,1) [-0.052, 0.077] 0.475 betting against 0.70 0.42 0.28
0.091 . .

0,0,2) [0.075, 0.106] >.99995 Virtually certain > .99 > .99 > .99
0.116 . .

(0,1,0) [0.079, 0.153] >.99995 Virtually certain > .99 > .99 >.99
0.087 ) .

0,1, 1) [0.072, 0.101] > .99995 Virtually certain > .99 > .99 >.99
0.070 ) .

0,1,2) [0.059, 0.081] > .99995 Virtually certain > .99 > .99 > .99
—0.057 . . .

(1,0,0) [—0.091, —0.025] 0.0003 Nearing certainty against  0.98 0.77 0.27
0.090 ) .

(1,0, 1) [0.062, 0.117] > .99995 Virtually certain > .99 > .99 0.99
0.098 . .

(1,0,2) [0.079, 0.118] > .99995 Virtually certain > .99 > .99 > .99
0.096 ) .

(1,1,0) [0.066, 0.126] > .99995 Virtually certain > .99 > .99 > .99
0.091 ) .

(1,1, 1) [0.078, 0.103] > .99995 Virtually certain > .99 > .99 > .99
0.063

(1,1,2) 0.999 Very strong bet 0.99 0.98 0.94

[0.034, 0.094]
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E.2.3. State-action vs. action-only

The following table provides results of the Bayesian analysis when inspecting the improvements in
likelihoods of the next state when using the state-action model over the action-only model to predict
the next state.

Table E.4: Mean improvements of likelihoods (A) when using the state-action transition model versus the action-only model for
predicting the next state, alongside their 95% HDI, posterior probability, and interpretation following the guidelines by Chechile
[23] and Andraszewicz et al. [8].

P (Effect size >)

State [gngs/frljlél] prog?ASt; 0) Interpretation Small Medium Large
(0,0,0) [o.oé)é(,)?oss] > .99995 Virtually certain > .99 > .99 > .99
(0,0,1) [0_085?10?021] >.99995 Nearing certainty  0.97 0.70 0.20
0,02 o.ood(z),og.o 15 0.921 A p:?sr:;sg‘e% but 59 0.18 0.02
(0,1,0) [0.0&(,)2(5046] 0.995 Very strong bet 0.95 0.80 0.49
©, 1, 1) [_0.001'2,0(1)_013] 0.542 Elecltti:gz: 0.29 003  <.01
0.1.2) _ 0.0%2,18.022] 0.946 A p:?sr:;sre% but 59 0.14 0.01
(1,0,0) [0'0204(’)?041] >.99995 Virtually certain >.99 > .99 > .99
(1,0, 1) [0_0&?1(5025] 0.999 Very strong bet 0.97 0.73 0.28
(1,0,2) [—0.001'2,()3.017] 0.588 E‘;ttl‘r’]"gr;: 036 006  <.01
(11,00 0.0%2,03.023] 0.834 Only zectasual 0.59 0.25 0.07
(1,1,1) [_0.520(')?%‘_}012] 0.329 be{\'ﬁﬁgvg(;r;?nst 044 012 0.02
(1,1,2) 0.031 0.999 Very strong bet 0.98 0.90 0.66

[0.010, 0.049]




E.3. Deterministic rewards

68

E.3. Deterministic rewards

Table E.5 shows the results of the Bayesian analysis when comparing the state-action and action-only
model to the global model for estimating the deterministic rewards. This means we use the mean per
state-action pair versus the global mean for each objective.

Table E.5: Mean reduction of L;-errors (A) when using 1) the action-only and 2) the state-action model compared to the global
model for predicting rewards, alongside their 95% HDI, posterior probability, and interpretation following the guidelines by
Chechile [23] and Andraszewicz et al. [8].

P (Effect size >)

L. Mean A post. . .
Objective [95% HDI] prob(a > 0) Interpretation Small Medium Large
Action-only > global
Perceived Enjoyment 0.010 > .99995 Virtually certain > .99 > .99 > .99
1oy [0.008, 0.013] : y : : :
. 0.010 . .
Perceived Usefulness [0.008, 0.012] >.99995 Virtually certain > .99 > .99 > .99
- —0.002 ) . .
Return Willingness [~0.002, —0.001] <.00005 Virtually certain against > .99 > .99 > .99
0.009 ) .
Adherence [0.006, 0.011] > .99995 Virtually certain > .99 > .99 0.97
State-action > global
Perceived Enjoyment 0.015 >.99995 Virtually certain > .99 >.99 >.99
10y [0.012, 0.019] : vaty : . :
. 0.013 . .
Perceived Usefulness [0.010, 0.016] >.99995 Virtually certain > .99 > .99 > .99
- 0.003 Only a casual
Return Willingness [0.002, 0.009] 0.828 bet 0.22 0.01 0.00
Adherence 0.015 >.99995 Virtually certain > .99 > .99 0.93

[0.011, 0.019]
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E.4. Stochastic outcomes

Table E.6 shows the results of the Bayesian analysis when comparing the state-action and action-only
model to the global model for estimating the stochastic outcome distributions used for our simulation
environment.

Table E.6: Mean improvement A of outcome likelihoods when using the state-action model versus the global model to estimate
the outcome probability distributions, alongside their 95% HDI, posterior probability, and interpretation following the guidelines
by Chechile [23] and Andraszewicz et al. [8].

P (Effect size >)

Outcome [gl\g?/f:é” proﬁc(,ASt; 0) Interpretation Small Medium Large
Action-only > global

Perceived Enjoyment [0_0(?;’)%?005] >.99995 Virtually certain > .99 > .99 0.87

Perceived Usefulness [0_03&?%?011] >.99995 Virtually certain > .99 > .99 > .99
Return Willingness [0.036?%?002] 0.997 Very strong bet 0.85 0.25 0.01

Completion [0_0&(’)%?011] >.99995 Virtually certain > .99 > .99 0.97

State-action > global

Perceived Enjoyment [< _002'82’30_005] 0.981 t00 gogc(i)(t)g gii:egard 0.64 0.10 <.01
Perceived Usefulness [0.08&5%)?015] >.99995 Virtually certain > .99 > .99 0.97

Return Willingness [01020(')(’)20%029] > .99995 Virtually certain > .99 > .99 > .99
Completion 0.015 >.99995 Virtually certain > .99 > .99 0.94

[0.011, 0.019]
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