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CHAPTER 1

10

Prologue

While booting her computer, Orphea takes a sip of her freshly brewed
herbal tea and looks out the window upon the driveway in front
of the house. It is late April and small buds of purple and white
announce the beginning of the imminent colorful metamorphosis
of her front yard. “Look at that, dear, has it been a year already?",
she muses while taking another sip. “Soon the rhododendrons will
bloom. This will be the first time in...ever, | guess. The first time that
we won't see them come into bloom together" Orphea puts her cup
on the desk and starts typing the address of LEAVES, the e-learning
environment about re-defining one’s life after loss that Dr. Epione
recommended. “Good morning, Orphea.’, the virtual assistant on
the web page welcomes her, “What do you want to work on today?".



GENERAL INTRODUCTION

1.1 eMental health to prevent the exacerbation of mental health
problems

The loss of a spouse is an impactful and common occurrence in later life. Most
bereaved people eventually come to terms with their loss and, after a period of
adjustment, continue to lead a normal and fulfilling life. However, some people
(about 9% of the bereaved population according to a recent prevalence study
(Wilson et al., 2022)) have difficulties overcoming bereavement, resulting in an
exacerbation of their grief symptoms over time. Starting from the 5th edition
of the Diagnostic and Statistical Manual of Psychological Disorders (DSM-5)
(American Psychiatric Association, 2013), this condition has been recognized
as persistent complex bereavement disorder. Its equivalent prolonged grief
disorder became a diagnostic code (6B42) in the 11th version of the World
Health Organization’s International Classification of Diseases (ICD-11) (World
Health Organization, 2019). The fact that persistent grief has only recently been
recognized as a mental health disorder exemplifies how challenging it can be
to draw the line between individual coping and mental iliness. Persistent grief
is also a good example for how underlying and unresolved personal issues can
gradually exacerbate into mental health problems if left unattended.

Despite being a life event that sooner or later affects most during their lifetime,
we appear to live in a “grief-denying" society (Macdonald, 2019) in which so-
cially awkward and maladapted grief responses are the norm. Bereaved people
frequently experience that friends and colleagues lack compassion and the
knowledge how to be supportive in the face of bereavement, often resulting in
the mourner becoming socially and emotionally isolated after their loss (Breen
etal, 2022). In a call to action to educate communities to become more grief
literate, Breen et al. (2022) argue that the institutionalization and professional-
ization of bereavement care as something that is almost exclusively offered
to those who have lost someone contributes to the inability of communities,
colleagues and friends to be supportive and shifts responsibility away from
support networks to the bereaved individual. As a consequence, on top of deal-
ing with their loss, mourners often become responsible for managing social
interactions with friends and colleagues to minimize the awkwardness that
arises in their interactions due to their loss.

Taking some responsibility off the shoulders of the bereaved entails increasing
grief literacy in the general population. According to Breen et al. (2022), grief
literacy entails the capacity to gather and use knowledge regarding loss ex-
periences, including the knowledge to facilitate understanding and reflection,
the skills to take action, and values that inspire compassion and care. Regard-
ing the knowledge component of grief literacy, earlier research suggests that
all mourners benefit from information about grief and loss, regardless of the
severity of their grief symptoms (Aoun et al,, 2018; Breen et al., 2022). However,
for those in need of professional mental health support, knowing that they are,
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CHAPTER 1

in fact, dealing with a mental health issue becomes a pre-requisite for help-
seeking. A person's mental health literacy strongly influences whether a person
receives the help that they need (Clement et al., 2015; Elshaikh et al., 2023;
Gulliver et al., 2070). The term mental health literacy complements the more
specific term of grief literacy and it is commonly used to summarize a person's
knowledge of positive mental health as well as mental illness, their attitudes
towards mental illness and their capacity to seek mental health support if ever
they find themselves in need of it (Gulliver et al., 2010).

In recent years, eMental health applications have received increasing attention
for improving the accessibility of mental healthcare (Borghouts et al., 2021;
Leung et al., 2022), and have been shown to be effective for treating various
mental illnesses, including depression, anxiety and prolonged grief disorder
(Brodbeck et al.,, 2019; Carlbring et al,, 2011, Schroder et al., 2016). eMental
health application is an umbrella term that encompasses a range of mental
health smartphone apps, internet websites, wearable devices, virtual reality,
or video games (Mohr et al., 2013) and self-guided online services as well as
those blended with human support or traditional psychotherapy (Borghouts
et al,, 2021). Alternative terms that are often used interchangeably include
digital mental health interventions (DMHIs) and internet interventions. Design,
content, target groups and the extent to which the mental health benefits of
the service have been tested empirically differ tremendously between online
mental health services. Many eMental health applications combine information
about a specific mental health issue, mental iliness or general information
about maintaining positive mental health with reflective exercises to apply the
acquired knowledge to the user’s situation.

The digital format of eMental health applications is promising for increasing the
accessibility and convenience of mental healthcare, but online mental health
services introduce challenges of their own, including low adherence (Borghouts
etal, 20217, Jagayat et al., 2024; Leung et al., 2022). While adherence, or drop out,
is not only a problem in eMental health, but a challenge for mental healthcare in
general, attrition rates for some internet interventions have been alarming with
up to 74% of study participants being lost to attrition (Richards & Richardson,
2012). Drop out undermines the potential usefulness of any kind of healthcare
service. There is some evidence that the risk of discontinuing an online mental
health service increases with mental iliness severity (Christensen et al., 2009).
Indeed, self-guided eMental health applications have repeatedly been shown to
be most effective for treating mild to moderate mental health problems (Zuelke
et al,, 2021), indicating that professional intervention is warranted when people
suffer from more severe and complex mental health problems.

A specific form of mental healthcare that tailors care based on symptom sever-
ity is stepped care. In stepped care, every user receives some form of symptom
treatment, starting with the least intensive intervention in terms of care re-
sources and costs, such as self-help materials and psychoeducation. More
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GENERAL INTRODUCTION

intensive levels of care can entail a form of (para-)professional intervention,
such as a telephone call with a non-clinical eCoach, or an appointment with
a psychiatrist (Jagayat et al.,, 2024). In eMental health, more intensive levels
of stepped care are examples of blending online self-guided mental health
services with professional support. Support on-demand (Dahlin et al., 2020;
Oromendia et al., 2016) is another way of stepping up care based on symptom
severity. It relies on recommendations given by the eMental health application
and the user’s initiative to seek support outside the online service.

A pre-requisite for delivering high quality stepped care in eMental health are well-
developed risk detection systems that are tailored to the signs and symptoms
of the user population and the specific mental health issue that the intervention
is targeted at. Risk detection systems inform decision-making about advancing
users of online mental health services to more intensive forms of care.

1.1.1 Monitoring mental health in online self-help services

Risk detection systems in eMental health usually combine a form of information
gathering and a decision-making component, either performed by a human
(e.g., Jagayat et al. (2024)) or automatically by the mental health application
(Meurling et al., 2023; Tielman et al., 2019). Adjustments to digitally delivered
care can be made at different moments, including screening procedures that
determine the best treatment option before the user engages with an online ser-
vice, and dynamic adjustments to the individual's care program based on their
momentary needs. Dynamic risk detection systems monitor user behaviors and
mental states continuously or in regular intervals using a variety of data sources,
including self-report questionnaires, data about the user’s interaction with the
online service, and physiological measures such as monitoring sleep patterns
and tracking the user’s heart rate. The development of mental health monitoring
systems is complex and, based on the research and experience accumulated in
this dissertation, involves (1) the selection of reliable indicators for people’s men-
tal health and changes thereof, (2) a measurement protocol including decisions
about the frequency of measurements and a choice of assessment tools, (3)
the processing of collected monitoring data for a pre-defined purpose (e.g.,
presenting a trend summary to the user, informing decision-making regarding
stepped care), (4) a decision-making component, human or computer-based,
that is capable of taking action based on users’ processed data, and (5) a
strategy for communicating the results of the monitoring to users and/or care
professionals.

This dissertation exemplifies and discusses each of the above five steps in the
context of the development of a new online grief service that supports older
mourners after the loss of their spouse.

13




CHAPTER 1

1.2 The LEAVES service

The research conducted in the context of this dissertation contributed to the
development of LEAVES, an online grief service to support older mourners
to adjust their life after spousal bereavement, as part of the LEAVES project
(optimizing the mental health and resiliencE of older Adults that have lost thEir
spouSe via blended, online therapy) within the Active Assisted Living (AAL)
programme (project number AAL-2019-6-168-CP) (van Velsen et al.,, 2020). As
such, a brief overview of the LEAVES online grief service will help readers of this
dissertation contextualize the described research in the development process
of a real eMental health application.

The LEAVES online grief service consists of three main components: (1) an
onboarding procedure that introduces the service to its users, (2) an evidence-
based grief intervention called LIVIA (Brodbeck et al., 2019), and (3) a monitoring
module that recommends help-seeking in case the mental health of its users
deteriorates. An initial risk assessment during the onboarding and a bi-weekly
self-report mental health check form the basis for decision-making about re-
commending users to proactively seek support outside the grief service (Brandl
etal, 2023). The LIVIA program is a text-based online grief intervention targeted
at older adults who have lost their spouse due to bereavement or divorce. It is
based on two influential theoretical models of grief, the task model by Worden
(Worden, 2018) and the Dual Process Model (DPM) of coping with bereavement
by Schut and Stroebe (Schut, 1999; Stroebe & Schut, 2010). Its original target
group were older adults who suffer from prolonged grief symptoms, or seek
help for the emotional adaptation after the loss. LIVIA proved its effectiveness
for reducing grief and depressive symptoms, loneliness, and embitterment for
mourning older adults that were recruited from a general population sample
(Brodbeck et al., 2019). LEAVES is a redesign of the LIVIA program that extends
the original content with a virtual companion called “Sun" and the monitoring
functionality.

LEAVES consists of ten content modules through which users work in their
own pace. Each content module treats a grief-related topic (e.g., myths and
truths about grieving, reflecting on the days leading up to the death of the
deceased spouse) and provides scientifically supported information about
grieving, rewritten in non-academic language. Each module offers exercises
that encourage the mourner to apply what is learned to their own grief process
and to reflect on their coping strategies. Table 1.1 summarizes the topic of each
content module briefly. The first two modules are mandatory to work through
first. Afterwards, the user can choose the order of the remaining modules
freely. The scientific grief content is complemented with activity suggestions
that encourage the user to reflect on and actively shape their daily routine in
ways that promote their mental health and physical well-being. The LEAVES
companion “Sun" guides the user through the service and introduces and wraps
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up the work the user does within the content modules. Figure 1.1 provides an
impression of the visual design of the LEAVES grief service.

At the time of writing this dissertation, the LEAVES project that lead to the
development of the LEAVES grief service was concluded and received a positive
review from the AAL programme. The evaluation of the LEAVES service (Brod-
beck et al,, 2022) has been completed at two out of three evaluation sites (the
Netherlands, Portugal, and Switzerland). The obtained results have been shared
within the project consortium and are in the process of being disseminated
via scientific publications. So far, older mourners have been positive about the
LEAVES service. On the level of the individual, the service improved grief and
depressive symptoms and reduced mourners’ feelings of loneliness (Hurmuz et
al., 2023). In Switzerland, the evaluation is ongoing until the necessary sample
size has been reached to empirically test two delivery formats of the service: (1)
a self-tailored program where mourners choose the order in which they work
through the ten content modules, and (2) a pre-determined program structure
where mourners work through the program starting from the first to the last
module.

In the context of the LEAVES project, the research described in this dissertation
led to the development and evaluation of the LEAVES monitoring module (Brand|
et al,, 2023) with the aim of guiding users to offline support whenever their
mental health warrants more intensive care than the self-guided online service
can provide.
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Table 1.1: Overview of the 10 grief topic modules in the LEAVES online service.

LEAVES module

Topic summary

1. Grief
2. Where am | today

3. Fostering positive thoughts
and emotions

4. Finding comfort

5. Self-care

6. Accepting memories and
pain
7. Unfinished business

8. Shaping the new life situ-
ation

9. Social relationships

10. Farewell

Information about grief reactions, common misconceptions about grief, com-
plicated grief and its treatment.

Information and reflection about emotions in the context of the interpersonal
loss, changes in life and obstacles for adjustment after the loss.

Information and reflection about regulating one’'s thoughts and emotions.
Cognitive-behavioural strategies to promote positive thoughts and emotions,
including directing one’s attention and cognitive reappraisal.

Suggestions for and reflection about self-soothing strategies and exercises to
promote positive feelings amidst the negative feelings caused by the loss (e.g.,
going out for a walk and taking in the experience with all senses).
Suggestions for taking care of one’s physical (e.g., regular nutritious meals,
keeping clothing clean), emotional and intellectual well-being (e.g., spending
time in nature) and one’s living and work spaces (e.g., car or bike maintenance)
to create an environment for healing after loss.

Guided writing tasks to integrate painful memories about the loss into the auto-
biographical memory by practicing telling the story of the loss.

Reflection about unfinished business and regrets, guided writing exercises to
identify regrets and to make them explicit.

Identifying changes in daily life since the loss and sources of support and
strength by comparing daily activities before and after the loss. Reflecting
on one's personal growth since the loss.

Clarifying current relationships using a sociogram, reflecting on how satisfying
each relationship is and how the loss has impacted the relationship. Defining
goals and strategies, e.g. for intensifying specific relationships, or building new
relationships.

Guided formulation of a farewell letter to the lost partner to facilitate redefining
the the shared bond.

16
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1.3 This dissertation

The structure of this dissertation follows the five steps to developing an eMental
health monitoring system that we outlined above. In the next chapter, chapter
2, we describe how we arrived at an initial set of mental health indicators as
decision basis for determining whether people should seek more intensive
support to prevent the exacerbation of grief symptoms. The development of
any mental health monitoring system is a multi-disciplinary endeavor (Pagliari,
2007) which is why we draw on the knowledge of an expert-panel with varying
(non-)academic backgrounds including grief professionals, psychotherapists,
and experts in eHealth.

In chapter 3, we will introduce fuzzy cognitive maps (FCMs), a method that
produces models that can be used as automatic decision-making components
for eMental health monitoring systems. FCMs combine aspects of cognitive
maps for decision-making (Axelrod, 2015) and fuzzy logic (Zadeh et al., 1996),
a form of logic that allows different levels of truth rather than endorsing a
dichotomous perspective of truth as something that is either true or false.
Next, we apply the FCM methodology to the development of an expert-based
decision model for the LEAVES monitoring module. Chapter 4 summarizes
the research that led to the construction of the measurement protocol, self-
report measurement tools, the FCM decision model, and the embedding of
the monitoring module in the LEAVES grief service, including how help-seeking
recommendations are communicated to the user.

Chapters 5 and 6 go beyond the initial technical development of the LEAVES
monitoring system and are concerned with evaluating monitoring systems in
eMental health, including the LEAVES monitoring module, in meaningful ways.
In both chapters, stakeholder perceptions and actual use of the monitoring are
evaluated and provide valuable insights into people’s rationale for (not) using
the monitoring system and how it can support mourners in transitioning from
self-help to more intensive forms of care. In chapter 6, we investigate how well
the LEAVES monitoring identifies whether it is advisable to seek more intensive
care. We unravel and discuss challenges for evaluating monitoring systems
in meaningful ways that relate to the state-of-the art of model evaluation in
clinical practice and the priority with which monitoring systems are developed
in eMental health. Ultimately, this dissertation a) exemplifies the development
of an eMental health monitoring system with the aim of guiding people from
low-intensity online self-help to more intensive forms of care and b) critically
appraises opportunities and challenges at each step of the development pro-
cess, particularly regarding methodologies that are available and commonly
used to develop eMental health monitoring systems. As such, this dissertation
contributes to the rapidly emerging field of monitoring mental health in the con-
text of online self-help services in conjunction with decision-making regarding
stepping up care intensity.
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Figure 1.1: Screenshots of the LEAVES online grief service.
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Prologue

“After the ‘grief work’ has been completed, there is a complete recov-
ery of the psychological condition”, Orphea reads from the screen.
She is familiar with the idea that mourning requires some kind of
‘work’ on the part of the mourner. To her surprise, the e-learning
rejects the idea of ‘grief work’ and other common ‘myths’ about
grieving. It explains that the term ‘healing’ suggests that there is
some definitive end to the grief process (there is not). Instead, the
grief program advocates that it is completely normal and healthy
that even after years, loss can be painful. Orphea sits back and
crosses her arms as she mulls the idea over. “Then what exactly is
‘good’ grieving? When am | doing it right?", she asks exasperatedly
as she continues reading about how the grief process develops over
time, according to science.



DETERMINING MENTAL HEALTH MONITORING PARAMETERS

Abstract

While much effort has been devoted to the development of mental eHealth
interventions, the tailoring of these applications to user characteristics and
needs is a comparatively novel field of research. The premise of personalizing
mental eHealth interventions is that personalization increases user motivation
and (thereby) mitigates intervention dropout and enhances clinical effective-
ness. In this study, we selected user profile parameters for personalizing a
mental eHealth intervention for older adults who lost their spouse. We conduc-
ted a three-round Delphi study involving an international and interdisciplinary
expert panel (N=16) with two objectives. The first aim was to elicit adapta-
tion strategies that can be used to dynamically readjust the intervention to the
user's needs. The second aim was to identify a set of meaningful indicators
for monitoring the user from within the grief intervention to escalate from self-
help to blended care, whenever advisable. This Delphi study used as starting
point an evaluated, text-based grief intervention composed of ten modules,
including psychoeducation about grief and cognitive-behavioral exercises to
support the user in adjusting their lives after bereavement. Every user follows
this grief intervention in a linear fashion from beginning to end. The resulting
conceptual adaptation model encompasses dynamic adjustments, as well as
one-time adjustments performed at the initialization of the service. On the level
of the application structure, the adaptations affect when which topic module is
presented to the user. The adaptations further provide strategies for adjusting
the text-based content of individual intervention modules dependent on user
characteristics and for selecting appropriate reactions to user input. Eighteen
monitoring parameters were elicited and grouped into four categories: clinical,
behavioral/emotional, interactive, and external. Parameters that were perceived
as most urgent to attend to for escalation were Suicidality, Self-destructive
behavior, Client-initiated escalation, Unresponsiveness and (Complicated) Grief
symptoms.
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2.1 Introduction

The loss of a spouse is a frequent occurrence in later life. While most bereaved
adults successfully process the loss and continue to lead a normal life, some
(about 9% of the bereaved population according to a recent prevalence study
(Wilson et al., 2020)) have difficulties overcoming bereavement and develop
complicated grief. Complicated grief in adults is a condition where severe grief
symptoms occur longer than six months after bereavement and frequently
results in a multitude of mental and physical problems, such as depression,
loneliness, cardiovascular problems and, in extreme cases, suicidal tendencies
(Molina et al,, 2019). Internet-based (mental eHealth) interventions have been
shown to be effective in treating mental illnesses, including complicated grief
(Brodbeck et al.,, 2017; Carlbring et al., 2018; Eisma et al., 2015; Wagner et al.,
2006). Benefits of eHealth interventions compared to face-to-face therapy are
low threshold accessibility, flexible usage at a self-determined pace, and lower
costs (Schroder et al,, 2016). Internet-based interventions often combine a
web-based self-help program and minimal, but regular therapist contact. The in-
clusion of regular professional guidance has been shown to improve adherence
and clinical outcomes compared to standalone self-help programs (Baumeister
et al,, 2014), but less is known about how this support needs to be delivered.
Support on-demand, where contact is initiated by the client and focused on
the specific needs they have at that moment, has been suggested to optimize
the incorporation of therapists in blended internet interventions (Dahlin et al.,
2020; Oromendia et al,, 2016). Here, we consider a complementary strategy
for support on-demand: automated monitoring of the user's symptoms and
situation while they use the intervention with the purpose of timely escalation if
they end up needing more intensive professional support. This escalation could
suggest to schedule a telephone or face-to-face meeting with a professional, if
advisable. For this, a user profile is needed consisting of relevant indicators of
the user’s ability to continue working on the intervention by themselves, without
professional intervention. These indicators should be optimized for the specific
type of mental eHealth intervention. Finally, a decision algorithm that combines
these indicators into actionable advice needs to be developed.

A second consideration about mental eHealth interventions is that a client's
journey through mental illness is inherently personal. Indeed, therapists person-
alize face-to-face therapy readily by skipping or modifying therapeutic protocols
to adapt to the client’s needs and preferences and to increase the client’s adher-
ence to therapy (van Dooren et al., 2020). Lack of adherence, i.e., intervention
dropout, has been recognized as a core challenge for eHealth interventions
and personalization is a primary strategy for mitigating dropout (Burley et al.,
2020; Eysenbach, 2005). Co-design of personalization strategies together
with (clinical) professionals and end-users is essential, inherently multidiscip-
linary and challenging (Pagliari, 2007; van Dooren et al.,, 2020). Different ex-
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pertises (e.g., therapists, designers, software developers) and disciplines (e.g.,
cognitive-behavioral, psychoanalytical therapists) come together, sometimes in
multicultural settings accompanied with language barriers. In this paper, we
demonstrate the administration of the Delphi method (Okoli & Pawlowski, 2004;
Schmidt, 1997) to early-stage personalization research for mental eHealth inter-
ventions, involving an multidisciplinary expert panel working in four European
countries.

This chapter has two objectives. First, we aim to find a personalization strategy
for an internet-based grief intervention for older adults who lost their spouse.
Second, we strive to determine a set of indicators that can be used to monitor
the user for the purpose of delivering professional support on-demand. In
particular, we will answer the following research questions:

RQ1: What is a suitable personalization strategy for tailoring an
online grief intervention for older adults who lost their spouse to
the characteristics and needs of the individual user?

RQ2: Which user parameters should be included in a user profile
of an online grief intervention for older adults with the purpose of
delivering professional support on-demand if they end up needing
more intensive support?

We use the Delphi method (Okoli & Pawlowski, 2004; Schmidt, 1997) to consult
an expert panel of clinical professionals regarding how they personalize their
therapy and combine their knowledge with the knowledge of eHealth experts
to yield actionable ideas for adaptations and indicators for monitoring. The
Delphi method is commonly employed to reach agreement when literature is
inconclusive or incomplete (Schmidt, 1997; Straat et al., 2020) and it is suit-
able for administration in multidisciplinary, multilanguage expert panels as the
researcher can facilitate the group communication process.

2.2 Background

2.2.1 Personalized (mental) eHealth

In recent years, the personalization of mental eHealth has received much in-
terest. A variety of personalized mental eHealth interventions have been de-
veloped and evaluated, including web-based interventions for treating anxiety
(Carlbring et al.,, 2011) and depression (Johansson et al., 2012) and mobile
interventions, such as Woebot, targeted at young adults with symptoms of
depression and anxiety (Fitzpatrick et al., 2017). Nevertheless, there is no uni-
fled definition of personalized eHealth and the term personalization is often
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used interchangeably (e.g., Lustria et al. (2013) and Ryan et al. (2019)). Noar
(Noar et al., 2017) explains the tailoring process as follows: characteristics of
the person are gathered, either by another person or self-administered, and
represent the input for the tailoring process. The input is processed either by a
human or a computer that uses an algorithm to select content from an expert-
developed database, such as texts, images, recommendations, and intervention
messages. This is called the tailoring process. Finally, the tailored material (out-
put) is optimized for the delivery mode at hand and presented to the individual.
According to Noar, the premise behind personalization is that it increases the
relevance of the intervention for the individual, who is subsequently more likely
to cognitively process and to adhere to health advice.

Personalization strategies that have been employed to increase the relevance
of mental eHealth interventions vary greatly in complexity, ranging from in-
serting the individual's name in the intervention, to adapting content based on
user characteristics (Morrison, 2015), including clinical characteristics. Berger,
Boettcher and Casper (Berger et al., 2014) use cut-off scores from disorder-
specific self-report questionnaires to tailor the selection of treatment content
in an intervention targeted at several anxiety disorders. Carlbring et al. (2018)
compose individually-tailored anxiety intervention programs targeted at co-
morbidities on the basis of structured clinical interviews for DSM disorders
(SCID) prior to the start of the intervention. Other personalization strategies
include user preferences and demographics (e.g., relationship status, status
of employment) to optimize the relevance of scenarios with which the user
practices healthy thinking patterns (Burley et al., 2020).

In conclusion, personalized mental eHealth is a vast research discipline, with
no clear guidelines regarding the development of personalization strategies.
Nevertheless, it appears that effective personalized interventions combine a)
an evidence-based therapeutic foundation, b) careful selection of user charac-
teristics to base the tailoring process on, and c) an expert-informed choice of
therapeutic content that is suitable for personalization (van Dooren et al., 2020).

2.2.2 Case study of an online grief intervention

Our efforts to unravel parameters for automated monitoring and a personaliza-
tion strategy are evidence-based. They draw on a text-based online intervention
for older adults who have lost their spouse due to bereavement or divorce, called
LIVIA (Brodbeck et al., 2019). The therapeutic content of the intervention was de-
signed by professionals based on theoretical models of grief and components
of cognitive-behavioral therapy for treating complicated grief (Brodbeck et al.,
2017). The intervention is divided in ten modules that the user works through in
their own pace. Modules consist of psychoeducation about the grief traject-
ory and cognitive-behavioral writing exercises to support the user in adjusting
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their lives after bereavement. For instance, the first module -Psychoeducation -
consists of information about grief reactions, emotional reactions after bereave-
ment and the (clinical) treatment of grief. The second module -Assessment
of the current situation - reflects on the user’'s emotional reactions after the
loss, changes in life since the loss and obstacles for positive adaptation. The
intervention further encompasses topics related to self-care, the identification
of changes in the daily routine since the loss and unresolved issues in the
relationship to the lost spouse. It concludes with writing a farewell letter. The
results of this research will inform a re-design of the intervention as part of
the AAL LEAVES project (van Velsen et al., 2020). The re-design will enable
the resulting intervention, called LEAVES in the remainder of this paper, to a)
monitor a users’ situation, with the goal to deliver support on-demand in the
form of telephone calls or face-to-face meetings, whenever advisable and b)
to tailor the therapeutic content based on user characteristics and needs to
enhance user adherence and thereby clinical effectiveness. Finally, as part of
the re-design and to make the intervention more interactive, the text-based
content will be re-written into a dialogue format and delivered by an embodied
conversational agent (ECA).

2.3 Method

2.3.1 Study design

A Delphi study is a systematic polling of the opinions of an expert panel, know-
ledgeable on a specialist topic through an iterative survey, usually in an attempt
to reach group consensus on a given topic (Schmidt, 1997). A three-phase
Delphi study involving 16 experts was conducted between June and December
2020. Figure 2.1 shows the process of the Delphi study. The design followed the
three-phase design of Okoli and Pawlowski (Okoli & Pawlowski, 2004) with two
notable deviations. First, we distributed three instead of four questionnaires
in total. Okoli and Pawlowski administered two questionnaires in the first, the
brainstorming phase and used the second phase of their study to narrow down
the number of items they extracted from the first phase. We devoted the first
questionnaire to brainstorming and the second to validating the items we eli-
cited in the first questionnaire, thereby leaving out the step of narrowing down
the number of items, for two reasons. First, the multidisciplinary nature of the
conceptual adaptation model required our experts to transfer their discipline
knowledge. We considered a validation of the model essential for establishing
common ground for the final phase of the Delphi study, the ranking. Second, a
common reason for narrowing down the amount of items is that it tremend-
ously decreases the cognitive load of ranking tasks (Alwin & Krosnick, 1985). In
our case, there was no need to narrow down the number of items for ranking
because we designed the ranking in such a way that its cognitive load was
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minimized.

In the third round - the ranking - we did not strive for consensus, which con-
stitutes a second deviation from Okoli and Pawlowski. Reaching consensus
is often regarded as a necessary criterion for finalizing data collection in a
Delphi study and this has been criticized before for its inappropriateness and
artificiality of results (Dajani et al., 1979; von der Gracht, 2012). We asked our
expert panel to rank the extracted adaptation strategies and user parameters
for the monitoring in terms of maximal effect for the intervention (adaptation
strategies) or clinical relevance (user parameters).
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2.3.2 Participants

Experts were recruited via professional networks and by searching on the web.
Search criteria were a) the expertise of the experts (grief, eHealth or both) and
b) the country where they work. Since the results of this research will inform the
design of the LEAVES grief intervention that is targeted at Dutch, Portuguese
and Swiss older mourners, we recruited experts originating from these three
countries. The recruited experts worked as researchers in the field of grief or
eHealth or they practiced grief therapy, or both. Prior to the start of the study,
all participants provided written informed consent to partake in the study and
to reveal their identity to the rest of the expert panel after data collection had
been finalized. Following (Miaskiewicz & Kozar, 2011; Okoli & Pawlowski, 2004;
West, 2011), we collected data electronically, via e-mail, so as to ensure timely
data collection and analysis. This was of importance to allow for conducting
the different rounds in the study within a timeframe that was acceptable to the
participants. Indeed, panel fatigue has been recognized as a challenge in Delphi
studies (Hasson et al., 2000; Schmidt, 1997), as has the generation of large
amounts of data that the research team has to process between questionnaire
rounds (Green et al,, 1999; West, 2011). Implementing a questionnaire with
open-ended questions and recommending that each panel member provides
a specific number of items, as suggested by Schmidt (1997) and West (2011),
allowed our panel members to generate ideas while allowing the research team
to process their input within a reasonable timeframe. Table 2.1 provides an
overview of the recruited expert panel. Between phase one and three of the
study, we experienced five dropouts. As a result, the second questionnaire was
administered among twelve experts and the final questionnaire among eleven
experts. Reasons for discontinuing their participation in the study were a) lack
of time (n = 1) b) personal circumstances (n = 2) and c) lack of confidence in
their responses (n = 2).
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Table 2.1: Descriptives of the recruited expert panel.

Participant Gender Country Experience Expertise
number (Female =10, (GER=2,NL =7,
Male = 6) CH=5PT=4)
1 Female Germany Research Grief
2 Female Germany Research/Clinical ~ Grief
3 Female The Netherlands  Research Grief
4 Male The Netherlands Research eHealth
5 Male The Netherlands Research eHealth
6 Female The Netherlands  Research/Clinical  Grief
7 Male The Netherlands Research Grief
8 Female The Netherlands Research/Clinical  Grief
9 Female The Netherlands Research eHealth
10 Male Switzerland Research Grief
1 Female Switzerland Research/Clinical  Grief/eHealth
12 Male Switzerland Research Grief/eHealth
13 Female Portugal Clinical Grief
14 Male Portugal Clinical Grief
15 Female Portugal Research/Clinical ~ Grief
16 Female Portugal Clinical Grief

2.4 Delphi Round 1

2.41 Method

The first questionnaire served the purpose of brainstorming user parameters
that are important for making well-founded decisions regarding monitoring
users from within the grief intervention and about adaptations that can be
performed to make the LEAVES intervention more personal. Experts were
asked to list five characteristics of (older adult) mourners that they consider
important to attend to for monitoring based on their clinical and/or research
expertise. A second question asked the experts to consider how they adapt
grief therapy to their own clients or how they would adapt therapy in practice
based on their discipline knowledge to meet the individual needs of clients.
Since the second question was quite abstract, an illustrative example was given
for a plausible adaptation of the LEAVES service. The example was based on
the influential Dual Process Model of Bereavement (DPM) (Schut, 1999; Stroebe
& Schut, 2010), which considers oscillating between focusing on the loss and
on restoration essential for the recovery of the bereaved person. We suggested
that one way to adapt the service to the needs of the user was to monitor their
orientation and to nudge the user to either orientation if they appear to focus too
much on the other, that is, to facilitate the oscillation process that is central to
the DPM. In the same spirit, participants were asked to list five suggestions for
adaptations that could be used to tailor the intervention. The first questionnaire
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included a description of the LIVIA grief intervention, including an overview of
the topics that the intervention treats in ten modules.

A thematic analysis (Braun & Clarke, 2006) was conducted on the qualitative
brainstorming responses of the first questionnaire. A coding scheme was
constructed in a bottom-up fashion and employed to the data. Two researchers
independently coded the data using this coding scheme and a third researcher
was involved to resolve conflicts.

For the adaptations, the initial coding scheme included codes for strategies
that can be employed to tailor an online intervention. Additional codes covered
suggestions regarding user parameters for personalization and theoretical
and therapeutic frameworks to consider. For the monitoring parameters, each
suggested parameter was coded. During the construction of the coding scheme,
codes for overarching monitoring categories emerged and were included in
the coding. Based on the coding, the adaptation model was constructed and
user parameters were extracted and grouped into the overarching parameter
categories.

2.4.2 Results

The two main outcomes of the first round of the Delphi study are the concep-
tual adaptation model depicted in Figure 2.2 and a set of user parameters for
monitoring purposes.

Adaptations

The adaptation model consists of four types of adaptation strategies that can
be employed to tailor LEAVES to the needs and characteristics of the user
during the initialization of the service and dynamically while the user engages
with the platform. The four types of adaptations are Topic Selection, Program
Structure, Content Version, and Coaching Style. In the following, each adaptation
type is presented in more detail, alongside some exemplary suggestions of the
panelists that contributed to their conceptualization.

Topic Selection

On the level of intervention modules, Topic Selection concerns what content is
presented to the client. In contrast to the linear structure of the grief interven-
tion LIVIA, a LEAVES user is presented with an individualized program based
on an initial assessment. Subsequently, their individualized program is adjus-
ted based on regular assessments as they progress through the intervention.
Within Topic Selection, two adaptation strategies were proposed. First, the
removal of intervention modules from the default configuration. Second, the
dynamic adjustment of the selection of intervention modules based on regular
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re-assessment of the user’s situation and progress. The latter strategy does
include adding earlier removed intervention content to the user’s personalized
intervention program.

“Many online interventions are ‘hybrid’ meaning, that some modules
are mandatory but others are optional dependent on the needs of
the participant. For the LIVIA intervention, | expect that psycho-
education and assessment of the current situation are mandatory
modules that every participant should follow, but this may not be the
case for all modules (e.g., not every participant may have problems
with self-care or personal relationships)." (Participant 9)

Program Structure

On the level of intervention modules, Program Structure affects the structure of
the client’s personalized selection of therapeutic content. It determines when
content is presented to the client, given a selection of intervention modules
determined by the Topic Selection adaptation. Structural adaptations occur
in the beginning of the LEAVES program as well as dynamically when the
client is already using the program. Specific strategies that were proposed
were adjusting the order of modules, adjusting the length of the intervention
by manipulating the time spent on a topic and finally, adjusting the length by
manipulating the number of modules or exercises on a topic.

“A possibility would be to suggest a priority list, and make parti-
cipants begin the program by the factor that has been identified as
the most salient or serious for each participant.” (Participant 11)

Content Version

On the level of individual intervention modules, the Content Version adaptation
impacts how the content is presented to the user. In particular, two strategies
for adjusting the content to the characteristics emerged from the suggestions.
First, when the client appears to get stuck with the content of a module or an
exercise, or they indicate that they want to try a different approach, the same
content is presented from a different angle. An alternative approach to regular
psycho-education regarding a coping strategy could, for example, be a reflective
exercise or a more playful “thought experiment” where the client tries out the
benefits and consequences of the strategy first-hand in a type of adventure
game. Another approach would be to identify concrete tasks and obstacles
since the loss and to consider which resources in their daily life can be activated
to address them:

“With regard to ‘unfinished business’ and ‘creating a new life’, the
client may be guided to explicitly identify tasks that the deceased
partner had performed and that now remain undone (e.g., managing

32



DETERMINING MENTAL HEALTH MONITORING PARAMETERS

the family finances, providing emotional support). In the next step,
the client should specify how and by whom these tasks can be done
now or the needs can be met now." (Participant 2)

The second Content Version strategy is about re-writing the content of an
intervention module depending on characteristics of the client. For example,
the module about personal relationships could be better tailored by preparing a
version for introvert versus more extrovert users.

Coaching Style

On the level of the conversations between the client and the embodied con-
versational agent (ECA) of LEAVES, Coaching Style concerns how the LEAVES
program reacts to the input that the client provides. The adaptation encom-
passes strategies such as acknowledging hardship and reacting with appro-
priate empathy, including personalized feedback messages regarding regular
monitoring assessments. Another strategy is keeping track of the story the
client discloses to the system and to point out changes or incoherencies in
the client’s perceptions. A final strategy focuses on interweaving the input the
user provides regarding different topics. For example, the ECA could build a
conversation around what the user discloses regarding their hobbies and sug-
gestions about how they can widen their social network. Regarding reflecting
on changes in the discourse of the client, participant 12 suggested:

“Memories are also changing over the course of time and grief. It
might be important to ‘store’ such memories and ask from time to
time whether these memories still have the same quality. | could
imagine a program that 'reflects’ on personal memories in exchange
with adaptations from the client." (Participant 12)
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Goal: Brainstorming ideas regarding adaptation strategies and user profiling for delivering professional support on-demand
A Method: Two open questions distributed via e-mail
ﬂ.—._m_wm 1 . Q1: How do you (or would you advise to) adapt grief therapy to the needs and characteristics of your clients?
Brainstorming et o . ; i - . :
(N=16) Q2: Which characteristics would you advise to monitor and base decision making on regading escalation for support
on-demand?
Analysis: Thematic analysis, bottorm-up coding
Goal:  Unifying terminology and consclidating identified monitoring parameters within the expert panel, i.e., establishing common ground
Method: Questionnaire presenting the conceptual adaptation model and identified parameters and requesting feedback. Distributed via
e-mail.
Ph 2 Q1: To what extent does the conceptual adaptation model reflect your proposed adaptations?
<m_w%mmﬂ_:.© To which extent do you consider the proposed adaptations suitable for personalising an online grief intervention?
(N=12) Q2: To what extent do the identified monitoring parameters reflect the parameters you proposed for decision making regarding
escalation?
To which extent do you consider the proposed monitoring parameters suitable for decision making regarding escalation?
Analysis: Reviewing panelists' feedback and adapting formulations the description of the conceptual model and the monitoring parameters
accordingly.
Goal: A rated set of the components of the adaptation model and a ranked set of monitoring parameters for the mental health user
profile
Phase 3- Method: An online survey distributed via Qualtrics.
_Nm:_m_:@._,,_ﬂm::m Q1 mmzj.m mnmuﬂm.:om._ components ona weighted 6-point Likert mom_m.. - )
(N=11) Q2: Ranking monitoring parameters in three ways: parameter categories, parameters within their category, top five parameters
regardless of category
Analysis: Descriptive statistics: median rank/rating, interquartile range, rank score. Reviewing qualitative remarks explaining the panelists’'

choices.

Figure 2.1: Overview of the three-phase Delphi design.
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Monitoring parameters

On the basis of the brainstorming phase, we extracted 18 monitoring paramet-
ers for the construction of a user profile that informs decision making about
professional support on-demand in LEAVES. The parameters were subdivided
into four categories: clinical, behavioral/emotional, interaction, and external. Clin-
ical parameters included symptoms that frequently occur in mourners, such as
depressive and complicated grief symptoms. The behavioral/emotional cat-
egory summarizes relevant user behaviors, such as the extent to which they are
functionally autonomous, and relevant user characteristics such as the extent
to which they are able to look ahead in the future positively. Both represent
frequent risk factors for deterioration in (older) adult mourners. The interaction
category includes parameters that describe the interaction of the user with the
LEAVES service. Finally, the external parameter category encompasses two
parameters that involve either events or people in the physical world outside the
LEAVES intervention. Table 2.4 shows the 18 parameters that were extracted
from the brainstorming phase. Variations in how the experts formulated their
suggested monitoring parameters were treated in questionnaire two when the
experts were able to give feedback on the completeness and appropriateness of
the extracted parameters. For instance, the following three expert suggestions
contributed to the definition of the social isolation monitoring parameter:

“If a client shows an increase in social avoidance or a reduction
or complete lack of social contacts, blended treatment should be
favoured." (Participant 10)

“Ability to focus and derive comfort from other relationships (e.g.,
grandchildren)." (Participant 15)

‘It could also be good to assess isolation or withdrawal behaviors,
that is if the participant does not follow the program anymore be-
cause they are withdrawing from any activity or contact." (Participant
1)

Concluding remarks

In the first round of the Delphi study, we elicited ideas for adapting the LEAVES
intervention to the needs and characteristics of the user and parameters that
can form the user profile for providing support on-demand. The first round
yielded a conceptual adaptation model for LEAVES and an initial set of 18
monitoring parameters.
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2.5 Delphi Round 2

2.5.1 Method

The aim of the second questionnaire was to validate the conceptual adapta-
tion model and to confirm that we correctly understood the suggested user
parameters for monitoring. For this, we presented the adaptation model to our
expert panel and asked them to comment on the extent to which it represented
their suggested adaptations. We also encouraged them to pose any questions
or make any remarks they may have about the proposed model. Specifically,
we provided a list of the adaptation types and strategies with their respect-
ive definitions. For each adaptation strategy, we included an example. We
also provided a holistic visualization of the adaptation model that summarized
the adaptations and how they interact with each other to tailor the LEAVES
intervention.

Regarding the monitoring parameters, we presented the 18 parameters that
we extracted from the first questionnaire alongside their definitions. The para-
meters were subdivided into their four overarching categories: clinical, behavi-
oral/emotional, interactive and external. As for the adaptations, we asked our
experts to review the parameters and to state how the list represented their
input. We also encouraged them to add any parameters that we may have
overseen. In terms of analysis, the research team reviewed the questions and
remarks the panelists submitted as response to the second questionnaire.

2.5.2 Results

Overall, the conceptual adaptation model was received positively and the presen-
ted list of monitoring parameters turned out to be quite exhaustive. There were
some confusions regarding components of the adaptation model. For instance,
one participant believed that the Content Version adaptation type impacted the
modality of the module and not the therapeutic content itself. They thought that
Content Version was about whether audio or video were included in the user
interface design. Minor changes to the description of the conceptual adaptation
model and the monitoring parameters were performed as a result of the input
we received in the second round. In addition, personalized clarifications and an-
swers to questions posed by panlists were provided to achieve a solid common
understanding of the adaptation model and the monitoring parameters.

Concluding remarks

In the second round of the Delphi, we established common ground regarding
terminology and a common understanding of the components of the adaptation
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model and the monitoring parameters. This round represented a necessary
intermediate step towards a well-informed and reliable weighting of the com-
ponents of the adaptation model and the monitoring parameters.

2.6 Delphi Round 3

2.6.1 Method

The third questionnaire aimed to yield a weighting of the adaptations and
parameters for monitoring. Given the abstract nature of the adaptation model
defined in terms of personalization concepts, we chose to ask our mostly clinical
expert panel for a rating of the adaptation strategies according to their perceived
contribution to clinical outcome and to rank the overarching adaptation types.
All adaptation strategies were rated on a 6-point Likert scale ranging from 1
(Not beneficial, even risky) to 6 (Extremely beneficial).

For the monitoring parameters, we asked the expert panel to rank the 18 para-
meters in three ways: By ranking the four parameter categories, by ranking
all parameters within each parameter category, and finally, by selecting a top
five most important parameters for decision making regarding escalation, re-
gardless of their category. For all rankings, the order in which the monitoring
parameters were presented was randomized for each panelist. We asked the
panelist to briefly explain their rationale for the rating of the adaptations and
the ranking of the parameters for monitoring.

The results of the third Delphi round were analyzed as follows. For both, the
adaptations and the monitoring parameters, the median rating/rank was de-
termined and the interquartile range (IQR) was calculated as a measure of
dispersion. The IQR consists of the middle 50% of the observations and there-
fore, an IQR of less than T means that more than 50% of all rankings or ratings
fall within 1 point on the scale. The IQR is frequently used in Delphi studies
and it is generally accepted as an objective and rigorous method for assessing
consensus (von der Gracht, 2012). For the top five selection, we calculated a
ranking score. The score was a combination of the number of times a parameter
was assigned a specific rank in the top five and a weight that was assigned to
the rank, normalized by the size of the sample:

Z?:l LiWi

N b

Where z; is the count of how many times a parameter was ranked as rank i, w;
is the assigned weight to rank ¢ and N is the sample size of the expert panel in
the third round of the Delphi, N = 11. Adjusting the rank weights boiled down
to balancing two values, the importance one assigns to being included in the
top five selection versus the importance one assigns to a specific rank. We

w € {20,16,12,8,4}
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experimented with a number of weights and settled with w € {20, 16, 12,8,4}
because a) we considered being chosen as one of the top five parameters
out of 18 too important to let individual ranks dominate the ranking and b) the
order of the parameters ranked by score stayed stable. For the ranking of the
parameter categories and the ranking of the behavioral/emotional parameters,
two participants refrained from participating in the ranking, one participant for
each ranking. In both cases, the participant felt that they lacked the required
expertise for this ranking task.

2.6.2 Results
Adaptations

Table 2.2 summarizes the ranking of the four adaptation types and the ratings
for the eleven adaptation strategies. The following ranking order ranked highest
to lowest can be extracted: Topic Selection, Program Structure, Content Ver-
sion, and Coaching Style. Using the rule of thumb advocated by von der Gracht
(2012) when using the inter-quartile range as a measure of consensus, the
rankings for Topic Selection and Program Structure achieved reasonable con-
sensus (IQR < 1), and there was less agreement on the other two adaptations
(IQR > 1), Content Version and Coaching Style. For the adaptation strategies,
scores were generally positive as all suggested strategies had a median rating
of at least 3, Somewhat beneficial, five strategies had a median rating of 4,
Beneficial and four a median rating of 5, Very beneficial. Regarding panelist
agreement, three strategies were rated with good agreement (IQR < 1) (Adjust-
ing the order, Different versions, and Acknowledging) and six adaptations with
reasonable agreement (IQR < 1.5). The greatest divergence in expert opinion
was obtained for Adjusting the length (time) of the intervention by manipulating
the amount of time the user spends on a topic. Participant 12 is in favor of
manipulating the time a user is advised to spend on a topic; Participant 8 is
doubtful:

“It is an excellent idea to play with time and shape the interven-
tion accordingly. Especially, I like the idea to give the client more
exercises when needed." (Participant 12)

“The suggested interpretation of ‘clicking through the program’ here
might be too small: it might be the client’'s normal learning need
to behave like this to answer a need to get an overview of what is
available (understand the modules before determining a sequence).
In such cases, a suggestion to slow down is not helpful to this client.
(Participant 8)

Figure 2.3 shows how often the five highest rated adaptation strategies received
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which rating, regardless of their overarching adaptation category. The selection
of the five most promising strategies was based on their median rating and
IQR. Ratings were closely tied, but based on the counts, strategies Dynamic ad-
justments to the selected topics for a user's personalized program, dynamically
manipulating the Order of intervention modules, and offering Different versions
of the intervention content were rated highest.

Table 2.2: Median rank and inter-quartile range (IQR) for the four adaptation types.
Median rating and IQR for the eleven adaptation strategies.

Adaptation Median
Type Strategy Rank Rating IQR
Topic Selection 2.0 1.0
Dynamically changing topics 50 15
Removing from default 40 1.5
Program Structure 3.0 1.0
Adjusting the order 50 1.0
Overall length (n modules) 50 15
Overall length (time) 30 20
Content Version 3.0 1.5
Different versions 50 10
Repertoire of approaches 40 15
Coaching Style 3.0 2.5
Acknowledging 40 10
Personalized feedback messages 40 15
Reacting to incoherencies 40 15
Interweaving input 30 10
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Figure 2.3: Bar chart of adaptation strategy ratings with comparable median and IQR
ratings.

Monitoring Parameters

Table 2.3 summarizes the ranking for the four user parameter categories (clin-
ical, behavioral/ emotional, interaction, and external). The intra-category ranking
of individual user parameters and their calculated rank scores are depicted in
Table 2.4. The ranking of the four monitoring parameter categories yielded a
clear propensity towards the clinical parameters. Overall, consensus regarding
parameter category ranks was good (IQR < 1). Regarding intra-category rank-
ings, for the clinical parameter category, Suicidality was ranked unanimously as
the most important parameter for escalation, followed by (Complicated) Grief,
Depressive and PTSD symptoms. With the exception of the latter parameter,
there was good agreement regarding the ranking of each clinical parameter
(IQR < 1). The behavioral/emotional parameter category exhibited a less con-
clusive ranking. While having obtained the highest median rank, Self-destructive
behavior exhibited the largest dispersion of assigned ranks. Based on the me-
dianrank and IQR, Hopelessness was ranked highest of all behavioral/emotional
parameters for escalation, albeit with considerable disagreement (IQR > 2).
Figure 2.4 shows how often each behavioral/emotional parameter was assigned
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which rank in the intra-category ranking. It appears that ranking Self-destructive
behavior and Functional Autonomy had a polarizing effect. A subset of panel-
ists ranked these two parameters high, while another subset ranked them low.
Hopelessness was the only parameter with a trend towards higher ranks.

The ranking of the five interaction parameters was more conclusive, albeit with
considerable disagreement regarding the rank of three out of five parameters
(IQR = 2). There was good agreement regarding Client-initiated escalation and
Defence mechanisms (IQR = 1). Regarding the final parameter category, ex-
ternal parameters, there was no clear preference for either external parameter.
In sum, based on the three-fold ranking, the five highest ranked monitoring
parameters are Suicidality, Self-destructive behavior, Client-initiated escalation,
Unresponsiveness, and (Complicated) Grief symptoms, closely followed by the
behavioral/emotional parameter Hopelessness. However, there is considerable
disagreement regarding the importance of Self-destructive behavior, Unrespons-
iveness and Hopelessness when these parameters are ranked against other
parameters within the same category.
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Table 2.3: Median rank and inter-quartile range (IQR) for the four parameter categories.
*Median and IQR values based on the depicted number of experts.

Parameter category (N=10*) Median IQR

Clinical 1.0 05
Behavioral/Emotional 20 1.0
Interaction 30 05
External 40 10

Table 2.4: Median rank and inter-quartile range (IQR) for the intra-category ranking and
calculated ranking scores for each parameter. *Median and IQR values based on the
depicted number of experts.

Parameter Median IQR Score
Clinical parameters

Suicidality 10 00 1564
(Complicated) Grief symptoms 20 10 545
Depressive sypmtoms 3.0 1.0 2.91
PTSD symptoms 3.0 175 3.27
Behavioral/Emotional parameters

(N=10%)

Hopelessness 20 2725 473
Self-destructive behavior 1.5 45 6.55
Social isolation 3.5 1.0 0.73
Affective state 35 175 0.36
Functional autonomy 50 20 1.45
Physiological 6.5 175 0
Relation to the deceased 55 375 0
Interaction parameters

Client-initiated escalation 2.0 1.0 6.18
Unresponsiveness 20 20 5.82
Coherence of discourse 30 20 1.09
Defence mechanisms 4.0 1.0 0
Too many questions 40 20 0
External parameters

Events inducing vulnerability 1.0 1.0 2.91
Peer assessment 2.0 1.0 2.91
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Figure 2.4: Bar chart of behavioral/emotional user parameter ranks. Counts are based
on the responses of ten experts.

Concluding remarks

The third round of the Delphi, yielded a rating of the components of the proposed
adaptation model according to their expected capacity to increase clinical
effectiveness and a ranking of the monitoring parameters according to their
importance for decision making regarding professional support on-demand.
There was considerable disagreement among panelists which emphasizes
the importance of qualitative accounts of the panelists’ rationale in addition to
ratings and rankings in the Delphi process.

2.7 Discussion

This chapter describes the process and the results of a three-round Delphi study
involving 16 grief and eHealth experts to determine strategies for adapting an
online grief intervention for older adults who lost their spouse and to identify
parameters for a user profile for decision making regarding support on-demand.
The Delphi study yielded a conceptual adaptation model whose components
were rated by the expert panel according to their potential for increasing the
clinical effectiveness of a text-based intervention. A preference emerged for
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dynamic Topic Selection and Program Structure adjustments as well as the
possibility to offer tailored versions of the therapeutic text-based content. In
contrast, adaptations that impact the Coaching Style of an embodied virtual
agent (ECA) that guides the user through the intervention were received with
scepticism regarding technical feasibility and health risks if not employed with
utmost caution. A set of 18 monitoring parameters was elicited out of which Sui-
cidality, Self-destructive behavior, Client-initiated escalation, Unresponsiveness,
(Complicated) Grief symptoms and Hopelessness were ranked as most import-
ant to attend to for decision making regarding the intensity of professional
support outside the online self-help service.

Two types of adaptations emerged from the suggestions of our expert panel:
adaptations that impact the configuration of the service at initialization based
on an initial assessment and dynamic adaptations that continue to re-adjust
the intervention to the changing needs and preferences of the user. In a meta-
analysis of tailored interventions for health behavior change, Krebs et al. (2010)
found dynamic tailoring (assessing intervention parameters prior to each feed-
back provided to the user) to outperform static tailoring (basing all intervention
feedback on one baseline assessment) regarding long-term intervention effect.
While the effects for both, static and dynamic tailoring decrease over time, the
authors found dynamic tailoring to still be statistically effective at twelve months
after the intervention and attributed this to the enhanced relevance of feedback
that reflects a person’s change. This strengthens our panel's advice to focus
on dynamic adjustments to enhance clinical effectiveness of the intervention.
Regarding the user profile for delivering professional support on-demand, the
panel’s strong preference for clinical parameters can be attributed to the pre-
dominantly (clinical) grief expertise in the panel and the unanimous high ranking
of Suicidality by it being life-threatening to the user and requiring immediate
professional intervention, if present.

We were able to brainstorm ideas for adaptation and elicit monitoring para-
meters in a sample of 16 experts working in academia and clinical practice
across four countries and to give a weighting to the elicited ideas to guide our
future research efforts. The Delphi approach has been used at later stages
of the development of personalized systems, for example, in rehabilitation to
match recommendations regarding physical activity to the user's capabilities
(Straat et al., 2020). However, the Delphi approach is rarely used in eHealth
research according to a recent review of human-centred methods for eHealth
development (Kip et al., 2022). The authors highlight two challenges for con-
ducting Delphis in eHealth. First, the recruitment of experts can be challenging
because experts may be scarce in a new or specific field and regarding topics
that involve novel applications of eHealth technology. Second, reaching con-
sensus can be time-consuming and complex. This paper shows how practical
design choices can address these challenges when using the Delphi approach
in early-stage personalization research for (mental) eHealth. Regarding the first
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challenge, we chose to recruit an interdisciplinary expert panel including experts
in grief and eHealth instead of focusing on finding participants that possess
expertise in both fields. Since we did not require a specific level of consensus
as a stopping criterion and employed a fixed number of Delphi rounds instead,
we limited the impact of consensus-seeking on the time effort required of the
participants and the research team. The trade off between time and monetary
investments and the extent to which consensus can be achieved in Delphis has
been acknowledged (Hasson et al.,, 2000; von der Gracht, 2012).

Regarding the first strategy, recruiting an interdisciplinary expert panel, our
subsequent choice to treat the experts as a single panel had implications for
the level of detail of our results. We exposed grief experts to concepts from
personalization and user profiling and subsequently asked them to rate these
concepts. We also asked eHealth experts to consider specific characteristics of
mourners. In both cases, the experts in this research had to transfer their own
domain knowledge. To maintain the accessibility of the adaptation model to
all panelists, it was formulated in generic personalization terms and requires a
considerable specification for the development of the LEAVES grief intervention.
This constitutes a limitation of the chosen strategy. However, it does increase
the transferablility of the resulting adaptation model to other mental eHealth
interventions for which a personalization strategy needs to be determined.

The latter strategy, refraining from using consensus in the rating and ranking
tasks as stopping criterion and pre-determining the number of Delphi iterations
instead, constitutes a deviation from Schmidt (1997) and Okoli and Pawlowski
(2004) whose Delphi approach otherwise guided our study design. The common
focus on reaching consensus in ranking-type Delphis has been criticized before
for producing artificial consensus results and being an inadequate stopping
criterion by itself (Dajani et al., 1979; von der Gracht, 2012). The current research
endorses Gracht's statement about the primary goal of the Delphi approach:
“the efficient structuring of a group communication process" (von der Gracht
(2012), page 1527). Pre-determining the number of Delphi iterations implied
that consensus would be difficult to achieve in the rating and ranking tasks.
There was indeed considerable disagreement regarding the rating of some
adaptations and user parameters for monitoring.

Consequently, a limitation of the obtained rating and ranking results is that they
should not be treated as an objective order of importance based on expert
consensus, but rather as a starting point for subsequent efforts to specify a
personlization strategy and for constructing a user profile to deliver support
on-demand. Any follow-up efforts should scrutinize the suitability of highly
rated adaptations and highly ranked user parameters for their specific purpose.
Decision criteria that are relevant to their specific eHealth application should be
established. One criterion for determining the suitability of any monitoring para-
meter for any specific eHealth application should be its sensitivity to changes
in the user’s situation (Gokalp & Clarke, 2013). The parameter’s sensitivity must
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be compatible with the application's monitoring measurement interval to timely
detect a deterioration of the user's situation.

Researchers who consider taking a Delphi approach for early-stage person-
alization research should consider the implications of the practical choices
presented in this paper to address common challenges of Delphi studies in
eHealth. Specifically, if establishing consensus is desired in a Delphi approach
with pre-determined iterations, the research team may consider replacing the
brainstorming phase with pre-determined statements (e.g., Yap et al. (2017)).
When the number of iterations is not pre-determined, a hierarchical stopping
criterion combining measures of group response stability over the course of sev-
eral rounds and a consensus measure such as the interquartile range should be
considered, as advocated by Schmidt (1997) and Okoli and Pawlowski (2004).

In conclusion, this chapter set out to determine a personalization strategy for
an online grief intervention targeted at older adults who lost their spouse and to
identify parameters for a user profile for delivering blended professional support
on-demand. A conceptual adaptation model was constructed. Based on the
ratings of eleven grief and eHealth experts, dynamic adjustments, informed
by regular assessment of user characteristics, to the selection of intervention
topics and the order in which topics are presented emerged to be a promising
personalization strategy. Indicators that capture perceived danger for the client
and their ability to continue the intervention by themselves should be included in
the user profile, including measures of Suicidality, Self-destructive behavior and
Client-initiated escalation, Unresponsiveness and (Complicated) Grief symptoms.
Based on our experiences from this research, the Delphi approach can be a
useful early-stage research tool for exploring a personalization strategy for
mental eHealth interventions and for unraveling user parameters for decision-
making about providing professional support on-demand.
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Prologue

Orphea feels restless. She planned to sit down and go through
another module in the e-learning, box some of Justus’ clothing
and bring them up to the attic before visiting the bank to close her
husband’s account. Instead, she did not feel like breakfast, vacuum-
cleaned the house, solved at least four crosswords, drank three
instead of her usual only cup of morning coffee (which did not help
with the restlessness), did some laundry and just as Orphea was
considering cleaning the windows as well, the clock starts to chime
12PM in the living room. As the chiming fades, Orphea slowly sits
down on the couch. It is the third time that she had planned to go
to the bank. “This is not working", Orphea sighs. She picks up her
phone and dials her daughter's number. Her daughter picks up after
the second ring. “Honey, do you remember that computer program
that Dr. Epione recommended?" Her daughter remembers. “I found
it a little silly at the time, but it asked me to write down the names
of people that | can reach out to. No, dont worry, I'm fine. Honey, |
know that your busy, but can you meet me later at the bank? | have
to close dad's account and | don't think | can."



FUZZY COGNITIVE MAPS FOR EMENTAL HEALTH

Abstract

Background: eMental health is on the rise to meet growing global mental
healthcare needs and so is the need for applications with automatic decision-
making capabilities to support clinical practitioners and to personalize eMental
health interventions to their users. However, due to unresolved challenges
and clinicians’ reluctance to adopt artificial intelligence in mental healthcare,
the technology’s current state in mental health is still in the phase of proof-
of-concepts rather than providing decision making algorithms that are ready
to create clinical impact. Fuzzy cognitive maps (FCMs), a soft computing
technique that leverages expert knowledge by combining cognitive maps with
fuzzy logic, can be an alternative approach to equipping eMental health with
automatic decision-making capabilities.

Method: This chapter provides an introduction to FCMs for developing de-
cision algorithms for eMental health. It demonstrates step by step how FCMs
can be developed, based on an example from mental health, while discussing
challenges when applying the methodology in eMental health. By situating
the demonstrated FCM approach in the current research landscape of the
methodology, we identify a research agenda for FCMs in the mental health
domain.

Results: FCMs are a viable option at the disposal of developers and researchers
in the field of eMental health that come with their own set of advantages and
challenges: (1) they allow the construction of initial mental health decision mod-
els without depending on the availability of large amounts of historical client
data, (2) they are explainable, and (3) they involve clinicians in the construction
process, inherently promoting professionals’ acceptance of the resulting al-
gorithm. Regarding challenges, (4) there is a pronounced trade-off between the
simplicity of FCMs and the accurate representation of mental health constructs
since their approach offers limited ways for modelling beyond direct causality
and for including temporal aspects of mental health problems, (5) FCM decision
models are not usually on par with data-driven black-box Al models in terms of
classification accuracy.

Conclusion: FCMs are an interesting and promising alternative modelling ap-
proach for developing decision-making algorithms in eMental health. Their
inherent expert-basis, explainability and independence of large clinical data
sets to arrive at initial usable decision models makes them especially attract-
ive for the mental health domain. However, a recent surge in technical and
methodological contributions to the FCM discipline can make it challenging for
novel applied researchers to enter the field because FCM research is dispersed,
progressing fast, and sometimes, contradictory.
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3.1 Introduction

The realization that in-person professional mental healthcare is no longer and
will never again in the future be able to meet the global need for mental health
support has become known as the mental health treatment gap (Teachman et
al., 2022). Digital mental (eMental) health services (DMHS) in general and those
leveraging recent advances in artificial intelligence (Al) in particular (Graham
et al,, 2019; Higgins et al., 2023), hold much promise for increasing the access-
ibility and scalability of mental healthcare (Bafios et al., 2022; Leichsenring
etal, 2019; Teachman et al,, 2022). However, Al-based DMHS introduce new
challenges of their own, including the availability of high quality clinical data sets
to train models, model transparency, and the smooth integration of Al tools into
clinicians” workflows, which in turn affect clinicians’ trust in Al technology and
their willingness to use it in practice (Higgins et al., 2023). The most prominent
purposes of Al tools in mental health are quality assessments of mental health
treatments (Tornero-Costa et al., 2023) and the detection of symptoms and
risks of mental illness, and subsequent mental disorder diagnosis (Thieme
et al., 2023; Tornero-Costa et al.,, 2023). All in all, the current state of Al in
mental health is still considered to be in the phase of proof-of-concepts and
showcasing technical feasibility rather than providing systems that are ready
to create clinical impact (Thieme et al., 2023).

One type of model that addresses some of the common challenges that prevent
Al tools from moving from experimental proof-of-concepts to systems that are
used in mental healthcare practice are fuzzy cognitive maps (FCMs). FCMs
combine aspects of cognitive maps for decision making (Axelrod, 2015) and
fuzzy logic (Zadeh et al., 1996) and are in healthcare most prominent in the Al
branch of clinical decision support (Bennett & Doub, 2016; Luxton, 2016). The
incorporation of fuzzy logic into clinical decision support has been motivated
by its capacity to reason with ambiguous terms and imprecision (Kumar et al.,
2022; Masri & Jani, 2012). FCMs are a form of expert-based system that uses
fuzzy logic for computation based on vague, experience-based linguistic terms
provided by domain experts. While FCMs commonly do not outperform other
Al-based decision-making algorithms in terms of prediction accuracy, their
advantage over other decision-making architectures is their independence of
large (mental) health client data sets to arrive at an initial, usable version of
the algorithm and their comparable simplicity and interpretability for domain
experts (Farahani et al., 2021) such as healthcare professionals. Consequently,
FCMs have been used in many different decision-making systems for mental
health (Billis et al., 2014; Kumar et al., 2022; Masri & Jani, 2012), sometimes
in conjunction with other Al techniques to leverage the strengths of multiple
methods (e.g., Chattopadhyay (2017) and Kumar et al. (2022)).

This chapter should be read as an introduction to FCMs and represents a
starting point for developing decision algorithms for DMHS using FCMs. It
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demonstrates the development of FCMs based on a mental health example
while highlighting some considerations for using the method and identifying
future directions for research based on unresolved challenges and recent de-
velopments in the field of FCMs. We aspire to stir ongoing discussions and
research approaches to making technologies and applications in mental health
more intelligent, as needed to reduce today’s and the future global burden of
mental illness, on individuals and the healthcare system as a whole, and to
move the mental health discipline forward (Thieme et al., 2023). To this end,
this chapter can be read as a) a hands-on tutorial for those who want to use
FCMs for modelling mental health problems and b) as a nuanced discussion of
the method’s strengths, challenges, and some recent developments in the field
for those looking for a decision modelling approach in the absence of available
training data, or those who wish to leverage the knowledge of domain experts
during the construction process of such a decision model.

3.2 Background: Fuzzy Cognitive Maps

3.2.1 The basics: What are fuzzy cognitive maps?

Fuzzy cognitive mapping (FCM) is a soft computing technique that combines
aspects of cognitive maps for decision making (Axelrod, 2015) and fuzzy logic
(Zadeh et al,, 1996). Kosko (1986) was the first to propose FCMs in response
to limitations encountered when using cognitive maps for causal reasoning.
He developed an algebra for fuzzy causal reasoning. Fuzzy reasoning is differ-
ent from other forms of logic in that it allows varying degrees of truth rather
than conceptualizations of something being either true or false (Zadeh et al,
1996). FCMs represent knowledge as directed graphs where elements of this
knowledge are represented as graph nodes and their causal relationships as
weighted edges (Papageorgiou, 2011, 2013). Each graph node has a numeric
state which represents the magnitude of its presence in the specific knowledge
system. A high numerical value means that the concept is strongly present,
whereas a small numerical value means that it is weakly present. The strength
of relationships between concepts in the knowledge domain represents the
change in one concept caused by a change (an increase or a decrease) in an-
other concept. The strength of relationships between concepts can be denoted
with linguistic terms, such as strong, sometimes, or a bit. The capability of
FCMs to deal with vague, linguistic descriptions of numerical values is one of
the technique's major advantages over other modeling techniques in a discipline
that is dominated by latent, inherently subjective and qualitative concepts such
as mental health.

Figure 3.1 shows a simple FCM in its graph representation. In this FCM, the
causal influence of concept C; on concept C is indicated with weight wys. Dur-
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Figure 3.1: A simple Fuzzy Cognitive Map.

ing the construction of a FCM, linguistic weights are transformed into numerical
weights using fuzzy inference. There are three types of numerical weights.
Weights can equal zero, meaning that that there is no causality between two
concepts. Weights larger than zero indicate causal increase (i.e. if wys is larger
than zero Cs increases as C; increases and C, decreases as C decreases).
Weights smaller than zero indicate causal decrease (i.e. if w2 is smaller than
zero Cs increases as Cy decreases and C,, decreases as C; increases). Weights
are usually expressed as numeric values in the interval [-1, 1] (Népoles et al,,
2024). —1 corresponds to the strongest causal decrease and 1 to the strongest
causal increase. The other values express different levels of influence. FCM
weights are commonly summarized in a weight matrix W of size M x M for M
concepts in the knowledge domain. Each weight w;; in W represents the causal
influence of concept ¢ on concept j with w;; € [—1,1]. Once the concepts of an
FCM and the weight matrix W are established, simulations can be initiated in
which FCM concepts interact with each other according to their weights. For
this, an update equation, or reasoning rule, is applied to the concept values
at an initial state ¢ to derive their respective values at a next time step ¢ + 1.
Commonly, concept values are summarized in a state vector A® of size M x 1

with each value A§t) representing the value of concept i at time step t.

3.2.2 Classic fuzzy cognitive maps

Kosko (Felix et al., 2019; Kosko, 1986) developed an equation to update state
vector At. This inference equation has been extended throughout the years to
accommodate the idiosyncrasies of different FCM architectures and has been
adopted widely in FCM applications (e.g. Amirkhani et al. (2017), Rahimi (2018)
and Szwed (2027)). Kosko's modified inference equation is depicted in equation
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3.1
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where A" is the value of concept i at the current time step ¢, A" is the
value of concept i at the next time step ¢ + 1, and f is a transfer function. The
transfer function f ensures that the activation value of each FCM concept
stays in a desired interval I, where I = [0,1] or I = [—1,1] depending on
the knowledge system (Bueno & Salmeron, 2009). Some authors prefer to
work with fixed sets instead of intervals to represent activation vs. inactivity
of a concept, for example by allowing concepts to take values from the set
{0,1}. Common transfer functions include the sigmoid function, hyperbolic
tangent function and bivalent function (Napoles et al., 2020). At this point, it
should be noted that traditionally, inference time steps in FCMs are abstract
and distinct from time in the real world. They do not correspond to measurable
amounts of time such as minutes, hours, or years in the real world. This has
implications for the interpretation of FCM predictions and has been discussed
extensively in the recent FCM literature as we will see later in this tutorial.
FCM simulations continue either until their concept values converge, meaning
that the FCM produces the same state vector after a ¢-th iteration, or for a
fixed T number of iterations. To determine whether the FCM converges, a
residual e is defined. The FCM converges if the difference between the updated
concept values is smaller than e in two consecutive iterations. The resulting
concept values represent the final prediction of the FCM. It is possible that the
FCM does not converge on a fixed state vector after ¢ iterations. Alternatively,
the FCM may produce a limit cycle, meaning that it periodically produces the
same state vector after ¢ iterations. A final possible outcome is that the FCM’s
configuration yields chaotic state vectors, meaning that after each inference
iteration, it produces a novel state vector. For decision making and classification
problems, convergence is desirable because predictions become consistent
and thereby, easier for the domain expert to understand. For other use cases
such as time series forecasting, convergence is less desirable (Felix et al., 2019).

3.2.3 Recent developments and implications for applying FCMs

Recently, a new perspective about the importance of interpreting the dynamic
behavior of FCMs as part of the initial model development process has emerged
(Napoles et al., 2024). Napoles et al. (2024) explain that the same FCM can
produce very different simulation results, depending on the choice of the transfer
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function and that counterintuitively, a non-converging model can be a more
truthful representation of the modelled dynamic system. More importantly,
simulating the model's dynamic behavior can show whether it converges to
a unique fixed state vector, no matter the input. In that case, the model is
unsuitable for decision-making since it will eventually give the same output
regardless of the provided input and no decision-making takes place. In such
cases, applying another transfer function, or even another reasoning rule is
recommended. Unique fixed-points have recently been addressed extensively
by the FCM research community. They have been tied to the use of the sigmoid
and hyperbolic tangent activation functions (Napoles et al., 2018, 2020; Vergini &
Groumpos, 2017). Another common issue with sigmoid and hyperbolic tangent
activation is the saturation of activated concept values (Napoles et al., 2024). As
mentioned earlier, the purpose of activation functions is to keep concept values
in a desired interval, such as [0, 1], especially after incoming influences have
been taken into account while iteratively updating the state vector A®) using a
reasoning rule. However, in practice, most activation functions, and in particular
the widely adopted sigmoid and hyperbolic tangent functions, quickly saturate
towards the extremes of their respective activation intervals, even for relatively
small absolute input values. This behavior is problematic because it limits the
extent to which different input values produce meaningful outputs, limiting the
range of meaningful model inputs. Since activation functions have been tied
to many detrimental issues with FCMs that limit the method'’s practical utility,
especially for decision-making models, new methodological approaches have
been developed that no longer make use of traditional activation functions, or
Kosko's inference equation (Napoles et al., 2024; Vergini & Groumpos, 2017).

In sum, FCMs iteratively calculate a future state of the knowledge system
that they represent given an initial set of numeric concept values, a weight
matrix that describes how their concepts interact with each other, and a chosen
inference equation. In recent years, much effort has been devoted to addressing
common issues with the traditional way FCMs have been used, pertaining to
the interpretation of causal weights, side effects of using activation functions
and interpreting dynamic behaviors of FCMs, among other topics (Napoles
et al., 2024; Vergini & Groumpos, 2017). The FCM research community is
gradually moving towards new standards for employing FCMs for decision-
making, as recently summarized by Giabbanelli and Napoles (2024). Those
wishing to apply the method in practice are strongly advised to consider recent
developments in the field next to familiarizing themselves with the basics of the
FCM methodology (section 3.2.2). Some issues that can arise when applying
the method in practice may have been addressed by recent advances in the
fleld.

56



FUZZY COGNITIVE MAPS FOR EMENTAL HEALTH

3.2.4 What kind of problems do fuzzy cognitive maps solve?

FCMs are commonly used to represent knowledge about a specific dynamic
system, including knowledge systems in the area of decision support, time
series forecasting and pattern classification (Felix et al., 2019), and to model
the development of the system over time using either experts’ experiences,
historical data, or both. In recent years, FCMs have been applied in clinical
decision-making (Amirkhani et al., 2017), including the mental health domain
(Billis et al., 2014; Brand| et al., 2023; Farahani et al., 2021; Papageorgiou et al,,
2013). For example, Farahani et al. (2027) have developed a FCM to investigate
the causal relationships between factors that influence psychological well-being
in university students, including social support, resilience, and personal values
such as hedonism and benevolence. The authors regard FCMs as a useful tool
to predict psychological well-being based on a limited number of measurable
factors. In addition, psychological counsellors at the university could easily inter-
pret the constructed FCM. Recently, Billis et al. (2014) combined several FCMs
in a modular architecture to detect pathological depressive tendencies in older
adults living at home, with the goal of early and minimally obtrusive estimation
of older adults’ risk to develop clinical depression. The modular decision al-
gorithm takes information about the senior’s sleeping patters, based on sensor
data extracted from wearable technology, as well as cognitive-emotional data
as input and provides a depression diagnosis classification, severity level and
an indication of the risk to develop pathological depression. The authors tested
their decision algorithm preliminary using synthetic data and could detect geri-
atric depression based on early pathological signs with 78.66% accuracy. While
FCMs do not commonly outperform other models in terms of classification
accuracy, a major advantage of FCMs in mental health decision settings is
their comparable simplicity, interpretability by domain experts, and explainable
causal simulation of future states of the knowledge system that they represent
(Apostolopoulos & Groumpos, 2023; Farahani et al., 2021).

3.2.5 Expert-based and data-driven FCM development

To construct a FCM, the most important concepts that represent the knowledge
domain of interest have to be identified and the relationships between these
concepts have to be determined so that the weight matrix W can be construc-
ted. There are many ways to accomplish this task and they can be subdivided
into two main approaches, expert-based and data-driven approaches. In expert-
based FCMs, people who are knowledgeable about the components that make
up the knowledge system provide the concepts of the FCM and their respective
relationships to each other. Knowledge extraction methods commonly used
in expert-based FCM development include focus groups and interview stud-
ies (Farahani et al., 2021; Olazabal & Reckien, 2015). Data-driven approaches
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usually assume that the set of relevant FCM concepts is provided a priori by
an expert and focus on extracting the weight matrix W from other sources of
information, most notably from historical clinical data. Data-driven approaches
use a variety of learning techniques (Felix et al., 2019), including those based
on Hebbian learning rule and error-driven approaches (e.g., regression, support
vector machines, neural networks, and random forests), which are popular in
other Al approaches for mental health. While error-driven approaches typic-
ally produce more accurate classification results, they exchange accuracy for
causality and interpretability, usually resulting in black-box algorithms whose
reasoning is difficult to grasp for mental health domain experts, fostering clini-
cians’ skepticism and hesitation to use Al-based decision tools (Higgins et al.,
2023). In addition, any data-driven approach to constructing FCMs still depends
on expert involvement at some point (Felix et al., 2019). This in combination
with the absence of available historical data in many mental health settings
(Thieme et al., 2023), makes the expert-based approach most applicable for
constructing an initial version of FCMs for mental health decision problems.
Therefore, in this tutorial, we will focus on the construction of FCMs for eMental
health by taking an expert-based approach.

3.3 Tutorial: Developing an eMental health FCM using the clas-
sic approach

In this section, the development of an expert-based FCM for an eMental health
case study is demonstrated step by step, starting with considerations about
how to model the mental health problem at hand and finishing with the trans-
formation of linguistic weights such as very high to numerical weights using
fuzzy inference. The section concludes with a demonstration of how a FCM
arrives at a decision given an initial numeric state of its concepts.

3.3.1 Case study: Severity of loneliness

We will model the severity of experienced loneliness as an example to show-
case the construction of an expert-based mental health FCM. The FCM was
constructed during a single online focus group with two mental health experts.
The focus group was held via Microsoft Teams and facilitated using Mural’,
an online whiteboard tool. We used FCMpy (Mkhitaryan et al., 2022), an open-
source Python module for developing FCMs, to construct the weight matrix
and to run scenarios with the constructed FCM. The research that led to the
construction of this example was approved by the ethical board of the University
of Twente, Enschede, The Netherlands (application nr. 230278).

Thttps://mural.co/
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3.3.2 Preface: Model architectures for decision-making in mental health

Prior to constructing the FCM, we need to define the decision problem at hand.
Traditionally, FCMs have been used to model the development of dynamic
systems over time, i.e. to predict a future state of the knowledge system that
they represent. Therefore, the decision how to act on the predicted future state
of the knowledge system traditionally lies outside the FCM and is typically made
by another actor, an algorithm or a human expert. In practice, however, many
mental health decision problems boil down to some form of classification. For
example, classifying someone’'s depressive symptoms as pathological and
assessing their severity (Billis et al., 2014), or screening for a mental disorder
(Masri & Jani, 2012). According to Felix et al. (2019), there are two basic types
of FCM architectures that model a classification problem: class-per-outcome
architectures and single-outcome architectures. In the former, each decision
outcomeis included in the FCM as a concept and these concepts are designated
as output nodes, meaning that we can predict a decision class from their final
inferred value. Output nodes are influenced via their connected weights by
the remaining concepts in the FCM, the input concepts. In class-per-outcome
architectures, the predicted decision class corresponds with the label of the
output node with the highest value (e.g., Georgopoulos et al. (2003)).

Alternatively, in single-output architectures, there is one output node in the FCM.
Consequently, we need to interpret the final state of the output node and trans-
late it into an actionable decision based on some additional logic outside the
FCM (Papakostas & Koulouriotis, 2010). Felix et al. (2019) distinguish between
thresholding approaches and clustering approaches to derive a decision from
a single-output architecture. For example, in a binary decision setting that uses
a thresholding approach, output values exceeding 0.6 could be assigned one
decision class while all predicted values below are assigned the alternative
decision class. Determining a suitable threshold requires a good understand-
ing of the decision problem that the FCM represents. In this tutorial, we will
demonstrate the construction of a single-output FCM architecture. However,
the steps involved in developing a single-output architecture FCM also apply to
class-per-outcome FCMs.

3.3.3 Step 1: Determining FCM concepts

The first step after chosing the FCM architecture for the mental health decision
problem is to gather the most important input concepts that influence the
outcome in the FCM. At this step, experts are commonly involved in the con-
struction of the FCM. Several knowledge extraction methods can be used to
arrive at an initial set of input concepts together with experts, including in-depth
interviews, focus groups, and surveys. Regardless of the chosen methodology,
experts are asked to name and describe the most important symptoms, factors,
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or concepts that, according to their experience, matter when modelling the
mental health problem at hand. The main output of this data collection are
individual FCMs, commonly in their graph form, each representing the concepts
and linguistic weights provided by one expert (steps 1to 3). These individual
FCMs are then aggregated to construct the weight matrix W (step 4).

For the loneliness case study, we asked two mental health experts to name
psychological constructs and factors that influence the extent to which people
feel lonely. In this simplified mental health example, we look at loneliness in
general, without a specific target group (e.g., university students, the elderly) in
mind. Since both experts were present in the focus group, they brainstormed
concepts together and discussed their relevance before arriving at the final set
of concepts, consisting of nine input concepts. All concepts included in the
resulting loneliness FCM are summarized in Table 3.1.

Table 3.1: Summary of concepts in the loneliness FCM.

Concept Abbreviation | Definition

Severity of Loneli- | SoL The extent to which someone experi-

ness ences loneliness. Output concept in the
loneliness FCM.

Secure Attachment | SAS The extent to which someone has an

Style secure attachment style.

Independence I The extent to which one feels independ-
ent from other people and social norms.

Depressive and | DAM The extent to which one feels depressed

Anxious Mood and anxious.

Satisfaction  with | SWA The extent to which one feels good

one's Appearance about their looks.

Self-efficacy SE The extent to which one feels in control
of managing meaningful relations.

Social Skills SS One's ability to build and maintain social
relations.

Quantity of Social | QNS The number of social relations one has.

Contacts

Quality of Social | QLS The quality of the social relations one

Contacts has.

Identification witha | IwC The extent to which one feels that they

Community belong, e.g., to acommunity, either in the
physical world or in spirit.

3.3.4 Step 2: Determining relations between FCM concepts

In the next step, for each pair of concepts, the experts indicate whether there
is a causal relation between the two concepts. If the concepts are causally
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related, the experts clarify whether the relation is one-sided or whether the
concepts influence each other mutually. During this step, drawing a schematic
graph representation of the FCM, either digitally using a tool such as Mural,
or physically on a sheet of paper, is strongly recommended to facilitate the
thinking process and to keep an overview of the connections between FCM
concepts. Once causal relations have been identified, for each relation between
two FCM concepts, the experts indicate whether the relation is excitatory (e.q.,
an increase in Secure Attachment Style (SAS) increases one’s Independence
(1)) or inhibitory (e.g., an increase in SAS decreases one’s Severity of Loneliness
(SoL)). In the graph representation of an FCM, excitatory relations are indicated
with a + sign and inhibitory relations with a — sign. Excitatory relations are
also called causal increase and inhibitory relations are called causal decrease.
Typically, experts use IF-THEN rules to describe the relation between concepts,
such as

IF the value of concept C; is A THEN the value of concept C; is B.
One such an IF-THEN rule for our exemplary FCM is

IF the value of concept SAS is increased THEN the value of concept
Sol is decreased.

Filling in the relations in our exemplary FCM results in the graph shown in Figure
3.2.
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Figure 3.2: Identified causal relations in the exemplary loneliness FCM.

3.3.5 Step 3: Determining the strength of relations

Once the causal influences between concepts have been identified, experts are
asked to indicate how strong each influence is. In practice, this step is often
executed in conjunction with the previous step. Mental healthcare practitioners
often deal with an imprecise and vague decision basis. In contrast to many other
modelling approaches, FCMs embrace imprecision by allowing the strength of
causal influences in the FCM to be described in fuzzy terms. For this, a linguistic
variable I'n fluence is declared that is represented by a set of linguistic terms
T that experts may use to describe the extent to which concepts impact each
other causally:

T(Influence) = {Very very low, Very low, Low,
Medium, High, Very High, Very very high}

The linguistic terms can be adapted to the terminology of the knowledge system
that the FCM represents. However, different gradations of high and low are
most commonly used to describe the degree of causal influences between
concepts. The resulting graphical representation of this step is shown in Figure
3.3.
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Figure 3.3: Identified strength of causal relations in the exemplary loneliness FCM using
linguistic terms to express influence. This is the resulting graphical representation of
step 3 in the FCM construction process.
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3.3.6 Step 4: Weight aggregation

The final step involves aggregating the linguistic weights obtained from all
experts and transforming them into numerical weights, essentially yielding the
weight matrix . Since the causal influence between FCM concepts commonly
takes valuesin the interval [—1, 1], the linguistic terms used to describe influence
take values in between these interval limits. Where linguistic terms fall in the
interval is expressed through membership functions uyur, o, i1, i, fih, ok,
Iwon. Figure 3.4 depicts the triangular membership functions commonly applied
for the seven-item set of linguistic terms ranging from Very very low to Very
very high.

Once the membership functions of the linguistic terms are defined, the lin-
guistic weights are commonly aggregated in three steps: 1) applying a fuzzy
implication rule, 2) combining the membership functions of individual experts,
and 3) defuzzifying the aggregated membership functions to derive numer-
ical weights for each causal relation in the FCM (Mkhitaryan et al., 2022). We
refer the interested reader to Papageorgiou (2013) and Felix et al. (2019) for
the more in-depth theoretical and mathematical foundations for each of these
steps. For this tutorial, we used commonly applied methods for each step:
we applied Mamdani's fuzzy implication rule to determine the extent to which
each membership function was activated for each causal relation (Giabbanelli,
2014; Nandi, 2012), the algebraic SUM aggregation operation (Giabbanelli, 2014;

63




CHAPTER 3

Howt Hu Hy Ho Hy

0 0.1 0.2 0.35 0.5 0.65 0.8 0.9 1 Influence

Figure 3.4: The seven membership functions corresponding to linguistic weights commonly used to describe the grade of causal influence
in FCMs.
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Figure 3.5: Identified strength of causal relations in the exemplary loneliness FCM using
numeric weights to express influence. This is the resulting graphical representation of
step 4 in the FCM construction process.

Papageorgiou, 2011) for combining the linguistic weights provided by individual
experts, and center of gravity (COG) defuzzification (Papageorgiou, 2013; Stylios
& Groumpos, 2004) to derive numeric weights. The resulting weight matrix
W is shown below and the respective graphical representation of this step is
shown in Figure 3.5

SAS [ DAM SwA SE SS QNS QLS wC SoL
sas [ 0.858 —0.668 —0.75 ]
[ —0.832
DAM 0.668
SwA 0.332 —0.415

W= SE —0.585
SS 0.5 0.5 0.832 —0.332
QNS —0.585
QLs —0.668
IwC —0.415
SoL L ]

65



CHAPTER 3

3.3.7 Simulating mental health scenarios using FCMs

After constructing the FCM weight matrix W with the help of experts, the
FCM can be used to simulate scenarios based on varying input values for its
concepts. This is done by iteratively applying Kosko's inference equation, or
a variation of the updating equation that better fits the idiosyncrasies of the
represented knowledge system. Following the classic FCM approach, we use
Kosko's modified equation. To update the initial state of the FCM, the extent to
which the input concepts are present has to be determined and transformed
into a numeric input. For the loneliness FCM, we decided to let numeric input
values as well as the values of the output concept Sol take values in the interval
[0, 1] with 0 indicating that the concept is minimally present and 1 indicating that
it is profoundly present. While FCMs are flexible when it comes to the interval in
which their inputs vary, to preserve the interpretability of the FCM, one should
consider input values that make sense intuitively. For the loneliness FCM, for
instance, a value of 0.9 for the concept DAM can be interpreted intuitively as
that the person feels very depressed and anxious. In contrast, a value of 0.1 can
be interpreted as that the person does neither feel depressed nor anxious. A
negative value of —0.9, however, would be difficult to make sense of intuitively
and therefore, does not serve the interpretability of the FCM.

For illustrative purposes, we calculate a first iteration for a fictitious scenario
of a person who feels moderately lonely (SoL = 0.5), but who has a stable
support network, good social skills and feels confident. We apply the sigmoid
transfer function to keep activated values in the [0, 1] interval.

1
S l-e®

f(x)

to the matrix multiplication between the initial state vector A® and the weight
matrix W, which is what applying an updating equation essentially boils down
to (Zhong et al., 2008).
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The first iteration step yields the updated state vector A¢+1).

[0.800]
0.797
0.442
0.500
1) 0.762
Al = 0.800
0.786
0.827
0.800
0.069 |

This calculation is repeated using the updated state vector until the FCM
concept values converge with e = 0.001. For the fictitious initial state A(t),
our example FCM predicts a decrease in loneliness from 0.5 to 0.048 and con-
verges after 8 iterations.

At this point it should be noted that based on recent insights about the import-
ance of making a thorough investigation of the dynamic behavior of the FCM
part of the initial model development process, it is recommmended to continue
simulation experiments, as illustrated by Napoles et al. (2024), to ensure that
the obtained simulation results do not represent a unique fixed point before
applying the FCM in practice. This step is omitted in this tutorial since we do
not apply the loneliness FCM in practice. In addition, any actionable conclusion
based on simulation results would depend on the specific use context of the
loneliness FCM. Taking an eMental health service as an example aimed at
detecting a need for professional intervention, this preliminary result could be
interpreted as requiring no further intervention from a professional.

3.3.8 Software Tools for Developing FCMs

In recent years, a number of software tools have been developed and made avail-
able by researchers working with FCMs. We recommend that any researcher
who wishes to use FCMs familiarizes themselves with the available tools as
they can facilitate the FCM development process tremendously. Felix et al.
(2019) and Mkhitaryan et al. (2022) provide a detailed overview of the different
tools available. Here, we will highlight a few. The existing software solutions
for FCMs can be distinguished based on some desired characteristics, such
as supporting scenario analyses, enabling data-driven learning, or having a
graphical interface for less programming-savvy users. Table 3.2 shows an
overview of the software solutions highlighted in this tutorial.
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Table 3.2: Overview of selected software solutions for developing fuzzy cognitive maps.

Graphical Data-driven  Open
Software Reference Scenarios ul Learning  Source
Mental Modeler Gray et al. (2013) N v’ X X
JFCM De Franciscis (2014) v’ X v’ X
FCMExpert Népoles et al. (2018) v’ v’ v’ X
FCMpy Mkhitaryan et al. (2022) v’ X v’ v’

Mental Modeler (Gray et al., 2013) is a web-based FCM modeling tool designed
to support the decision-making of a group of experts. Using Mental Modeler,
they can collaboratively design and test a FCM with simple scenarios. Men-
tal Modeler is targeted at domain experts with little programming experience.
However, its source code is not open-source and it only has limited options for
scenario analysis, making it unsuitable for integration in other software applica-
tions. On the other end of the spectrum, Java Fuzzy Cognitive Maps (JFCM)
(De Franciscis, 2014), is an open-source library for the Java programming lan-
guage that offers standard FCM components that can be used for a variety of
FCM problems and can be extended programmatically to accommmodate more
complex projects. At the same time, it lacks a graphical user interface, making
it unsuitable for non-programmers.

FCMExpert (Ndpoles et al,, 2018) has been introduced as a downloadable?
software tool for designing, training and executing FCMs, including an easy-
to-use graphical interface and a variety of learning and experimental options.
Recently, Mkhitaryan et al. (2022) have contributed FCMpy, an open-source Py-
thon module that facilitates aggregating the input received from experts, allows
the simulation of scenarios given an existing FCM structure, and constructing a
weight matrix based on historical data. Since it is open-source researchers can
extend the code base with their own code to accommodate the idiosyncrasies
of their research and conveniently integrate the module into their own machine
learning pipelines.

3.4 Considerations when developing FCMs for eMental Health

In addition to common considerations for the FCM development process, such
as making a sound decision about the classification architecture for the FCM,
choosing an interval in which concept values can take values, and making an
informed choice about the reasoning rule that is used to simulate the FCM'’s
dynamic behavior, applying FCMs for the mental health domain comes with
specific considerations and challenges that we will highlight and discuss in
this section. We will first discuss some considerations about extracting the
FCM architecture and linguistic weights from domain experts. Afterwards, we

2Accessed 2023-05-25: https:/sites.google.com/view/fcm-expert
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will highlight some of the advantages and limitations of FCMs for constructing
decision algorithms for eMental health and put them into the context of some
recent developments in the field.

3.4.1 Expert involvement

When choosing a study setup to extract experts’ knowledge, the researcher
should consider the implications of collecting data simultaneously from several
experts (e.g., during a focus group), compared to collecting data in separate
sessions (e.g., one-on-one interviews). When extracting knowledge from several
experts simultaneously, group dynamics and professional hierarchies can affect
data collection. For example, without active moderation by the researcher,
experts may refrain from providing input until the most senior expert in the
group has explained their point of view, or they may adjust their responses to
accommodate the viewpoints of a more senior expert. This can ultimately lead
to results produced by group think. In contrast, an advantage of interviewing
several experts simultaneously is that they can discuss their experiences with
each other and thereby, arrive at a more coherent representation of their joint
knowledge, essentially moving part of the aggregation of their individual inputs
into the data collection session.

There are different gradations of conducting asynchronous data collection for
FCM development and usually, they compromise flexibility during data collection
and ease of managing the aggregation process. The researcher can decide
to keep components of the FCM constant between asynchronous sessions
which generally facilitates aggregation. FCM components that the researcher
may wish to keep constant are a) FCM concepts, and b) which causal relations
experts should evaluate. FCM concepts that are pre-determined and thus, not
part of the knowledge extraction process, may originate from earlier research,
including literature reviews on the mental health problem under investigation.
Keeping the specific causal relations that experts evaluate constant counteracts
situations in which some relations are evaluated by most experts while others
may only be evaluated by a single expert which can raise questions regarding the
reliability of the specific weight. Olazabal and Reckien (2015) propose to exclude
experts’ weights that differ too much from the mean to reduce uncertainty in
the aggregation process, or alternatively, to only incorporate weights that are
suggested by a minimum number of experts, which they refer to as “2p+" or
"3p+" networks. Alternatively, Stylios and Groumpos (2004) have proposed
adjusting an individual expert’s weights if they divert too much from the input of
the remaining experts by applying a credibility factor during weight aggregation.

Since aggregating the weights of multiple experts is essentially a quantitative
process, the question arises how many experts are needed to construct a valid
and reliable FCM. FCM studies that extract the concepts of the FCM alongside
the weights can use the extent to which additional sessions add new concepts
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as criterion to determine the usefulness of including more experts (Ozesmi &
Ozesmi, 2004). However, there is no standard way to deduce the sample size
of a cognitive mapping study prior to data collection and consequently, sample
sizes differ dramatically between studies (e.g., Papageorgiou et al. (2013) and
Reckien (2014)). However, rather than sample size, the careful selection of
experts and the quality of their input tends to determine the usefulness of the
resulting FCM (Reckien, 2014).

3.4.2 History of user measurements and FCMs

In mental health decision-making, much like in medical decision-making (Bour-
gani et al,, 2013), the progression of symptoms forms a crucial decision criterion
for determining the severity of the mental health problem alongside the intens-
ity with which the client experiences the symptoms. Decisions are thereby
dependent on the client's current as well as past symptoms. For modelling
the client’s mental state using FCMs, this means that the FCM should include
information about the past values of its concepts in the decision-making. How-
ever, including temporal information in FCMs is not straightforward (Olazabal
& Reckien, 2015) and quickly exhausts the modelling possibilities of classic
FCMs. For example, to model the influence of a person’s past measurement of
some mental health variable on a current outcome, such as the influence of
one’s past depressive and anxious mood on their current experience of severity
of loneliness, one will likely conclude that the influence depends on the person’s
current mental state. Therefore, modelling past influences on current states
goes beyond direct causal influences. The temporal limitations of FCMs have
been widely acknowledged (Acampora & Loia, 2011; Carvalho, 2013; Nair et al.,
2020; Zhong et al., 2008). Over the years, several efforts have been made to
enhance the capabilities of FCMs to include a temporal dimension, as sum-
marized by Acampora and Loia (2011) and later, by Nair et al. (2020). However,
these efforts have been made with different definitions of time and different
purposes in mind. As a consequence, the available literature about temporal
FCMs can be confusing, and at times, misleading for the novel reader.

For example, Kosko's modified inference equation (Stylios & Groumpos, 2004)
that we introduced as part of this tutorial can be misinterpreted regarding its
relation to time since it considers concept values from a previous time step.
However, this has nothing to do with the definition of time as a mental health
researcher would intuitively understand it. This modified rule was developed to
force the updating of concepts that are not influenced by other concepts in the
FCM, to counteract their unintentional decay throughout the iterative inference
process. The internal time steps of an FCM are abstract and distinct from time
as we experience it. Therefore, we cannot simply assume that FCM inference
iterations correspond to specific (hypothetical) measurement moments in the
physical world. Carvalho and Tome (2000) coined the term base time (b-time) to
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describe the time dimension in which FCM inference iterations occur. Their rule-
based extension to FCMs (RB-FCM) addresses a fair amount of the temporal
issues in FCMs, but exchanges the simplicity of traditional FCMs for semantic
and temporal soundness, making RB-FCMs theoretically more complex and
difficult to use in practice (Carvalho, 2013; Carvalho & Tomg, 1999).

Other efforts have been directed towards modelling long-term developments
of the knowledge system that the FCM represents by introducing the idea of
multiple developmental stages that the FCM undergoes (called cognitive eras)
(Acampora & Loia, 2011). Between different cognitive stages, the structure of the
FCM can change, including the removal and addition of concepts and changes
in FCM weights. The conditions for shifting from one cognitive era to another
are pre-defined. This approach, called timed automata FCMs (TAFCMS), is
methaphorically comparable to the developmental stages that humans undergo
as they develop from childhood to adolescence, to adulthood and finally, late
adulthood, for which age intervals serve as triggers that initiate the transition
from one stage to the next.

Finally, a recent re-interpretation of how concepts influence each other using
causal weights may offer new ways to incorporate a person’s mental health
history in FCMs. Vergini and Groumpos (2017) point out that rather than the
absolute values of concepts, their observable change A between measurement
moments triggers change in other concepts and therefore, A should be the
basis for simulating the dynamic behavior of FCMs, not absolute measurement
values:

ACY =c® _olt=D

where ACi(t) is the change in concept C; at time step ¢, based on the observable
and absolute values of C; at time steps ¢ and (¢ — 1). The authors introduce
a new reasoning rule that reflects this change and illustrate its use. Future
work should investigate whether this subtle change in interpretation that has
implications for the choice of a reasoning rule and the interpretation of time in
FCMs can satisfy the temporal needs of FCMs in mental health. For example,
by extending the use of A beyond consecutive measurement moments, FCMs
may be able to reflect changes in concepts that lie further in the past than one
time step and may thereby potentially represent a history of measurements.

At the time of writing this tutorial, the efforts described above (Acampora & Loia,
2011; Carvalho & Tome, 2000; Vergini & Groumpos, 2017; Zhong et al.,, 2008) do
not offer a straightforward and pragmatic way to incorporate a client’s history
of mental health symptoms in a decision model using fuzzy cognitive mapping.
Instead, the mental health researcher must make pragmatic design choices to
accommodate temporal information in their FCM-based decision algorithm. For
example, they may add handcrafted rules to the FCM algorithm that can take
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consecutive measurements into account. More research is needed to establish
ways in which FCMs can accommodate the history of a client's mental health
symptoms effectively.

3.4.3 Modelling beyond direct causal influences

Related to the temporal limitations of FCMs is their limited capacity to model
relations between concepts beyond simple symmetric and monotonic causal
influences (Apostolopoulos & Groumpos, 2023; Carvalho, 2013; Ozesmi & Oze-
smi, 2004). Taking the loneliness FCM as an example, we identified a positive
causal influence between a person’s social skills and the quality of their social
relationships. It is questionable, however, whether an improvement in one's so-
cial skills influences the quality of one’s relationships in the exact same way as
a decrease in one’s social skills would impact the quality of one’s relationships
(i.e., it is questionable whether the influence is symmetric). The terminology
and types of influences that FCMs offer limit how experts can express their
knowledge. One particular limitation that we encountered in the context of
mental health is the lack of options to model interactions that arise from two or
more concepts, i.e., the co-occurrence of multiple causes. There is no option to
model individual incoming causal influences on a concept, or the interaction
between specific influences from multiple concepts. In FCMs, all incoming
influences are aggregated and subjected to the same transfer function, or an-
other function that is used to normalize incoming influences. Again, taking the
loneliness FCM as an example, while Quantity of social relationships (QNS) and
Quality of social relationships (QLS) indeed both influence one’s experienced
Severity of loneliness (SoL) directly, our experts explained that part of their
influence arises from their combination, which is difficult to represent using
FCMs. One can have many acquaintances, but still feel lonely. Likewise, having
a few physically distant good acquaintances can make people feel lonely. This
implies that direct influences only partially capture the influence these concepts
have on Sol, and this issue is likely relevant for other mental health FCMs,
too. Another modelling limitation that we encountered in the context of mental
health is the lack of conditionality in FCMs, for example by encoding IF-THEN
rules in the influences between concepts. In the loneliness FCM, our experts
explained that it would be more accurate to model the influence of Identification
with a Community (IwC) on SoL as increasing in importance in the absence of
other concepts, such as Independence (1) and the number and quality of social
relationships (QNS, QLS). Put differently, for small values of other concepts
in the FCM, the weight between IwC and SoL should be larger. This, however,
cannot be modelled with traditional FCMs. It is therefore challenging to model
complex mental health problems accurately with only direct causal influences
at one’s disposal (Carvalho & Tome, 1999). The current state of the FCM meth-
odology quickly puts the mental health researcher in a situation where they
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have to compromise the simplicity and ease of use of traditional FCMs and
the more adequate representation of mental health problems. However, the
impact of these modelling limitations on the accuracy and usefulness of FCMs
in eMental health is largely unknown and needs further investigation. Despite
their modelling limitations, however, FCMs tend to perform reasonably well in
other domains (Carvalho, 2013; Napoles et al., 2020) and it remains to be seen
whether this holds for the mental health domain.

3.4.4 Embedding FCMs in Digital Mental Health Services

FCMs are not stand-alone decision support systems. Depending on their ar-
chitecture and embedding in any specific eMental health service, FCMs rely on
other actors, algorithmic or human, to interpret their final states that result from
iterative simulation and to arrive at actionable advice. Taking the loneliness FCM
developed as part of this tutorial as an example; it does not provide actionable
advice in its current state of development. It predicts a decrease in loneliness
based on its architecture and an initial state, but whatever real-world actions
follow the model's prediction must be considered separately and depend on
the context in which the FCM model is used. In addition, data input streams
that provide the FCM with initial states for simulation must be defined for the
digital mental health service and developed alongside measurement protocols
including decisions about the frequency with which input data is collected and
which data collection tools are to be used. Exemplary data collection tools are
guestionnaires, interaction data logs, or sensory data extracted from wearables.
In this context, it is important to realize that existing validated measurement
tools for mental health may not be suitable for detecting small changes over
time and may therefore be less suitable for automatic monitoring of mental
states using eMental health solutions, including those based on FCMs. In the
absence of validated measurement tools that fit the application's measure-
ment interval, it may be necessary to develop customized questionnaires, or to
consider other, less obtrusive data collection tools. Depending on the chosen
data collection tools, situations may occur where not every FCM concept is
measured in the same measurement interval (e.g., the concept is not expected
to change in the short term and therefore, the same concept value is used for
multiple consecutive inference moments), or for some other reason, a new
measurement is missing. In such a situation, a reasonable and pragmatic de-
cision must be made based on the specific use context of the FCM, such as
re-using a previously measured value for the concept in question. Developing
a FCM-based decision algorithm therefore goes beyond the construction of
the FCM itself. To exploit their usefulness to the fullest, its integration in the
data streams of the digital health service, the service model and remaining
functionalities need to be given as much concern as the construction of the
model itself.
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3.4.5 Fuzzy mental health concepts

Another interesting considerations is the underuse of fuzzy properties in current
FCM approaches (Carvalho, 2013; Napoles et al., 2024). The assumption that
FCM concepts (e.g., depressive and anxious mood in the loneliness FCM) in-
crease linearly underlies most existing FCM modelling approaches (Napoles et
al,, 2020). To perform algebraic calculations with the FCM, defuzzified numeric
state values are needed that represent the magnitude with which a concept is
present in the knowledge system at any given state. These concept values are
for example obtained via psychometric questionnaires. Current psychometric
approaches to measuring psychological constructs tend to model constructs
as existing on a spectrum and by incorporating them as data collection tools
into FCMs, current FCM approaches miss out on the capacities of true fuzzy
systems that do not only allow fuzzy weights, but also fuzzy input and output
concepts (Carvalho & Tomé, 2000). The impact of introducing true fuzzy psy-
chological concepts instead of psychometric numeric approximations on the
accuracy of FCM predictions is another interesting consideration to be explored,
as is the impact of such fuzzy concepts on the resulting ease of interpretation
for domain experts.

3.4.6 Evaluating fuzzy cognitive maps in eMental health

Finally, evaluating FCM-based decision models for eMental health deserves
some consideration. FCMs are evaluated in many different ways, including
scenario analyses (Papageorgiou et al., 2013), classic machine learning evalu-
ation methods based on prediction errors (e.g., Felix et al. (2019)), and more
recently, through extensive exploration of the model's dynamic behavior us-
ing simulations (Ndpoles et al., 2024). While developing a FCM to support
decision-making in an eMental health setting, one will likely be confronted with
questions such as “How accurate is the algorithm?", “How reliable is it?", and
“How accurate is good enough?". A well-informed choice should be made about
the evaluation metric, taking into account the limitations and opportunities of
evaluating a FCM in standard evaluation approaches in mental health, including
randomized controlled trials, and other experimental settings involving real cli-
ent mental health data. However, regardless of the specific chosen evaluation
metric, there is no golden performance standard to decide when an algorithm
is “good enough' to move from the proof-of-concept stage into eMental health
practice. Consequently, the mental health researcher will need to decide on a
case-by-case basis if the FCM algorithm fulfills its requirements adequately in
the specific use context at hand, often involving an interdisciplinary view on the
model's predictions and the extent to which it enhances rather than obstructs
existing clinical practices (Thieme et al., 2023).
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3.5 General Discussion

In this chapter, we introduce fuzzy cognitive mapping, a soft computing tech-
nique that can be used to develop decision-making models for eMental health.
We discuss a hands-on example for applying the methodology to a mental
health problem and identify advantages and unresolved challenges when ap-
plying FCMs to eMental health. Regarding the advantages of FCMs, (1) they
allow the construction of a first usable version of a mental health (decision)
model without depending on the availability of large amounts of historical client
data. This makes FCMs a viable modelling approach for situations in which
no training data is available, which is a common challenge in mental health
research. Indeed, as recently investigated in a review of the methodological and
quality flaws in Al research for mental health (Tornero-Costa et al., 2023), cur-
rent research efforts mostly use private data, aiming to develop new Al models
rather than validating existing models using public data sets. The availability
of public mental health data sets is likely cause and effect in maintaining a
preference for private data in Al research for mental health. In addition, the
distribution of Al research in mental health is unbalanced across mental health
problems. Using the International Classification of Diseases 11th Revision (ICD-
11), 77 out of 153 included studies were related to mood disorders, including
depressive disorders and bipolar or related disorders. This suggests that finding
training data for mental health categories that are less frequently researched
may prove even more challenging. A second advantage (2) of FCMs, in their
traditional form, is their explainability (Apostolopoulos & Groumpos, 2023). The
black-box nature of conventional and especially, deep Al models has been linked
to clinicians’ reluctance to trust the predictions of Al models and consequently,
their reluctance to adopt them in clinical practice (Apostolopoulos & Groumpos,
2023; Sendak et al.,, 2020; Tornero-Costa et al., 2023). Likewise, (3) the reliance
of FCMs mental health experts such as psychological therapists and psychi-
atrists during their construction process inherently promotes professionals’
understanding and acceptance of the resulting decision model (Higgins et al,,
2023; Thieme et al., 2023).

Regarding the disadvantages of FCMs, as discussed in more detail earlier in
this tutorial, (4) there is a pronounced trade-off between the model's simpli-
city and the accurate representation of mental health constructs since FCMs
offer limited ways for modelling influences beyond direct causality and the
temporal dimensions of the represented mental health construct. Finally, (5)
though promising progress has been made over the years (Billis et al., 2014) and
recently, in terms of addressing well-known methodological issues, including
practical limitations tied to the use of certain activation functions (Napoles et al.,
2024) and the interpretation of causal influences (Vergini & Groumpos, 2017),
classification algorithms based on fuzzy cognitive mapping are usually not
on par with their black-box Al counterparts in terms of classification accuracy
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(Farahani et al., 2027; Felix et al., 2019). Finally, a recent surge in technical and
methodological contributions to the FCM discipline can make it challenging for
novel applied FCM researchers in mental health to enter the field because the
current FCM research landscape is dispersed, progressing fast, and sometimes,
producing contradictory results. Giabbanelli and Ndpoles (2024) portrayed the
current FCM research landscape and the interested reader is recommended to
consult their work as a starting point for delving into recent developments in
the field.

3.6 Conclusion

The current state of Al in mental health is still considered to be in the phase of
proof-of-concepts and showcasing technical feasibility rather than providing
systems that are ready to create clinical impact. Existing Al tools are not
commonly optimized for integration in clinical workflows in mental healthcare.
Additionally, the black-box nature of data-driven algorithms and the exclusion of
clinicians in the development of Al tools foster clinicians’ reluctance to integrate
Al-based eMental health into their practice. Fuzzy cognitive maps (FCMs) are
an alternative modelling approach for developing decision-making algorithms
in eMental health. Their inherent expert-basis, explainability and independence
of large clinical data sets to arrive at initial usable decision models makes them
especially attractive for the mental health domain. With eMental health being
on the rise to meet growing mental health care needs, the need for applications
with decision-making capabilities will also rise. This article demonstrates the
development of FCMs for eMental health and highlights what the technique can
offer for the discipline, but also discusses unresolved challenges and topics for
future research, in particular, given recent developments in the field.
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Prologue

“In the past two weeks, how often have you avoided getting in touch
with friends and/or family?", Orphea mouths silently while reading
the question from her computer screen. She leans back in the
chair and crosses her arms,” ‘Avoided'...did | avoid anybody?". A
light breeze enters the room through the patio door and Orphea
reaches for Justus’ sweater hanging over the back of the chair. As
she reaches for it, she pauses. The sweater was a birthday gift from
their daughter years ago and it was one of her husband’s favorites.
“It is not that | avoid them. Some days, it is just easier not to see
anybody.". Orphea clicks the checkbox next to the “A few days"
response as she pulls the sweater over her head"



DEVELOPING A MONITORING MODULE TO GUIDE OLDER MOURNERS

Abstract

Objective: Effective internet interventions often combine online self-help with
regular professional guidance. In the absence of regularly scheduled contact
with a professional, the internet intervention should refer users to professional
human care if their condition deteriorates. The current chapter presents a
monitoring module to recommend proactively seeking offline support in an
eMental health service to aid older mourners.

Method: The module consists of two components, a user profile that collects
relevant information about the user from the application. The user profile
enables the second component, a fuzzy cognitive map (FCM) decision-making
algorithm to detect risk situations and to recommend the user to seek offline
support, whenever advisable. In this chapter, we show how we configured the
FCM with the help of eight clinical psychologists and we investigate the utility
of the resulting decision tool using four fictitious scenarios.

Results: The current FCM algorithm succeeds in detecting unambiguous risk
situations, as well as unambiguously safe situations, but it has more difficulty
classifying borderline cases correctly. Based on recommendations from the
participants and an analysis of the algorithm’s erroneous classifications, we
propose how the current FCM algorithm can be further improved.

Conclusion: The configuration of FCMs does not necessarily demand large
amounts of privacy-sensitive data and their decisions are scrutable. Thus,
they hold great potential for automatic decision-making algorithms in mental
eHealth. Nevertheless, we conclude that there is a need for clear guidelines
and best practices for developing FCMs, specifically for eMental health.
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4.1 Introduction

The loss of a partner is a common occurrence in later life. While most older
mourners cope with the loss of their spouse, some (about 10% according to
Lundorff et al. (2017)) struggle with bereavement and develop prolonged grief
(Aoun et al., 2015; Spahni et al,, 2015). Severe grief symptoms that persist
longer than six months after bereavement are characteristic of prolonged grief
and can result in other mental and physical problems, including depression and
cardiovascular problems, and in extreme cases, suicidal tendencies (Molina
etal, 2019). Internet-based interventions have been shown to be effective for
treating (prolonged) grief (Brodbeck et al., 2019; Eisma et al., 2015; Wagner et al,
20006).

Some eMental health services combine a web-based self-help program and
minimal, but regular therapist contact (Baumeister et al., 2074). One form of
eMental health that blends self-help with professional contact is support on-
demand. In support on-demand, where no regular contact with a healthcare
professional is planned, the client initiates contact with a professional. These
client-initiated contacts are focused on the client’s specific needs at that mo-
ment, while otherwise following the eMental health service on their own (Dahlin
et al,, 2020; Oromendia et al,, 2016). In settings where no regular contact with a
professional is scheduled, eMental health services have the responsibility to
refer users to professional human care if the condition of the user deteriorates
(Tielman et al,, 2019). Based on existing mental health safety protocols (Knight
et al,, 2015), an analysis of professionals’ core competencies in mental health
telephone triage (Sands et al.,, 2013) and in-depth discussions with experts,
Tielman et al. (2017) have developed safety protocols for referring users of
eMental health services to human care in case of a risk situation. This referral
can take the form of an automatic system action. Altrnatively, the system can
aim at convincing clients to take the initiative in contacting a professional, pro-
moting a self-referral process. Tielman et al. (2017) distinguish two stages in
this (self-)referral process: information gathering and decision-making.

The goal of the information gathering stage is to identify whether a risk situation
exists. In most current eMental health services (Robinson et al., 2015; Spence
et al,, 2014), a healthcare professional is involved at this stage. For example,
in the Reframe IT intervention to reduce suicide risk in secondary students,
human caregivers regularly screened the students’ scores on a distress check-
up and immediately alarmed the school staff and other appropriate healthcare
authorities if necessary (Robinson et al., 2015). However, human assessment,
such as 24/7 messaging services and screening of distress, are unfeasible for
self-help eMental health services that do not have people at their disposal to
make such assessments. Alternatively, monitoring whether the user mentions
the specific risk (e.g., monitoring suicide ideation) while interacting with the
service, combined with routine screening via rating scales have been proposed
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(Belnap et al., 2015) and have shown good results. In self-help eMental health
services, the user data collected to identify whether a risk situation exists ,
such as the user mentioning the specific risk, can be stored and updated in
regular measurement intervals while the user interacts with the service. By
doing so, the eMental health service collects a profile of the user's mental health,
specific to the risk that is relevant in the eMental health service. By updating the
variables stored in this profile regularly, continuous monitoring of risk situations
is enabled (e.g., Wolters et al. (2013)).

In the second stage, the decision-making, it is assessed whether any detec-
ted risk situation is severe enough to warrant professional intervention. Most
routine mental health safety protocols rely on a human professional that com-
bines client-data with protocol guidelines (Tielman et al., 2019). When involving
a human professional to assess risks is not feasible, an eMental health service
needs a decision-making algorithm that combines the gathered user inform-
ation and arrives at actionable advice for the client. Applying Tielman et al’s
distinction of the information gathering and decision-making stages to eMental
health services, a mental health user profile and an algorithm that detects
and assesses the severity of risk situations emerge as two prerequisites of a
monitoring module that aims to deliver the technical infrastructure for support
on-demand.

As such, eMental health monitoring modules have much in common with De-
cision Support Systems (DSS). In the past two decades, DSSs have become
ubiquitous in medical research and in medical care (Papageorgiou et al., 2013).
The mainrole of a DSSis to support practitioners in decision-making. According
to Papageorgiou et al. (2013), common inference engines used in medical DSSs
are rules, Bayesian theory, Bayesian Belief networks, heuristics, semantic net-
works, neural networks, genetic algorithms and other case-specific algorithms,
and combinations of these inference mechanisms. The authors identify fuzzy
logic to be especially promising for medical diagnosis tasks and reasoning.
By allowing differing degrees of truth instead of representing something as
either true or false, fuzzy logic is a mathematical representation of vagueness
and imprecise, uncertain information (Zadeh et al., 1996). Fuzzy logic can be
implemented in medical decision-making using fuzzy cognitive maps (FCMs),
a soft computing tool that synergizes fuzzy logic and neural networks.

This chapter presents a technical infrastructure for support on-demand in an
eMental health service for mourning older adults and the construction process
of one of the infrastructure’s components. This component constitutes a de-
cision algorithm to detect risk situations using FCMs. Section 4.2.1 gives an
overview of a monitoring module developed for the eMental health service, con-
sisting of two components. It describes the first component, a (mental health)
user profile that serves the purpose of information gathering. The remainder of
Section 4.2 outlines the design and execution of a research study to develop
the second component, the risk detection algorithm based on the FCM method-
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ology. The resulting fuzzy cognitive map and the corresponding algorithm are
presented in Section 4.3 and implications from initial scenario experiments and
further results from the research study are discussed in Section 4.4, alongside
recommendations for future work.

4.2 Method

The monitoring module described in this chapter has been developed in the con-
text of LEAVES, a self-help online intervention designed to soothe the mourning
process of older adults who lost their spouse (van Velsen et al., 2020). The
service, based on cognitive behavioral therapy, combines psychoeducation
about grief, cognitive behavioral exercises for coping with grief and creating a
new life without the spouse with activity suggestions to foster self-care and
promote resilience. The monitoring module is intended to help the user reflect
about their mood and recommends proactively seeking either professional
offline support, or reaching out to their support network in times of need when
suffering becomes highly disruptive. At the time of writing this chapter, the
effectiveness and technology acceptance of the LEAVES intervention are in-
vestigated in separate research efforts, as described in detail in Brodbeck et al.
(2079).

4.2.1 Background: Overview of the monitoring module

The construction of the first component of the monitoring module, the monitor-
ing user profile, has two phases; 1) an initial risk assessment aimed at identifying
whether the service is adequate to meet users’ needs at the moment and estab-
lishing a baseline for their emotional state; and 2) the continuous assessment
of users’ emotional state and behaviors to identify risk situations while using
the program. Both phases correspond to a questionnaire that measure relevant
user parameters for deciding whether recommending the user to seek offline
support is appropriate.

The first questionnaire, the initial risk assessment (IRA), is completed during
the introduction of the service to the user. Based on the users’ responses, the
service may display recommendations for using the program that, under cer-
tain circumstances, suggest seeking further human care to receive adequate
support while using the self-help service. These IRA recommendations were
categorized into three urgency levels of human help seeking, which translate
into more or less pressingly formulated recommendations. Rules formulated by
a team of clinical experts determine the urgency level based on the user’s risk
assessment responses. For instance, the highest level of urgency is triggered
when users’ Suicidality responses exceed a specific threshold. This recom-
mendation requests users to get into contact with a regional suicide hotline
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immediately and strongly advises them to confide in a professional or another
person they trust. The medium urgency level is triggered when the loss has
occurred in the past twelve months, the loss has been violent (accident, sui-
cide, homicide) and the user has had an inpatient psychological or psychiatric
treatment within the last year. The medium urgency level is also tiggered if the
loss has occurred longer than twelve months ago, but only if users’ Suicidality
responses exceed a threshold. This Suicidality threshold is lower than for the
first urgency level. The lowest level of urgency is triggered when the loss has
occurred more than twelve months before starting to use the service and the
user has either experienced a violent loss or the user has had an inpatient
psychological or psychiatric treatment within the last year, or both. Additionally,
if the loss has occurred less than one month ago, users are given the advice to
wait a bit longer before starting the program as the need to deal with practical
aspects of the loss and emotional turmoil are common in this period (M. Stroebe
& Schut, 1999; M. Stroebe & Schut, 2010). Except in this case, regardless of the
urgency level for the recommendations, the user can start using the program.
If no IRA recommendation is triggered, the user is encouraged to start using
the service instead.

During the second phase, the continuous risk assessment (CRA) is repeatedly
administered and a fuzzy cognitive map (FCM) decision algorithm determines
each time whether a recommendation to seek offline support is needed. If a risk
situation is detected and a recommendation is triggered, the system displays
support options, such as a regional telephone hotline and the explicit suggestion
to seek human care. Otherwise, the user is encouraged to continue using the
service without further recommendations. The CRA is administered for the first
time at the end of the user’s introduction to the service. Afterwards, it is admin-
istered every second week. The first CRA measurement serves as a baseline.
Consequently, the FCM decision algorithm is run starting from the second
measurement, once the user has used the service for at least two weeks. The
IRA and CRA represent entries to the user profile for the information-gathering
stage, according to Tielman et al. (2019)'s model. 4.1 shows an overview of the
different components of the monitoring module. The recommendation to seek
offline support is depicted as Escalate and the recommendation to keep using
the service without taking any further action is depicted as Do not escalate.

Monitoring user profile

As introduced in 4.2.1, the first component of the monitoring module is the user
profile, consisting of the initial and the continuous risk assessment question-
naires. The questionnaires are based on a ranked set of 18 user parameters for
monitoring identified by a Delphi study (Brandl et al., 2022) involving 16 experts
in grief and eHealth.

The set included clinical parameters such as Suicidality and (Complicated) Grief
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Figure 4.1: Overview of the monitoring module of an online service for older mourners to recommend seeking offline support whenever
advisable.
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symptoms, behavioral and emotional parameters such as Social isolation and
Hopelessness, parameters describing the interaction between the user and
the service, such as Unresponsiveness and finally, parameters external to the
service, such as the estimation of the user’s situation from the perspective of a
close one. The ten highest-ranking parameters from the study were scrutinized
for a) their suitability to detect changes in users’ situation in a bi-weekly meas-
urement interval and b) for reliable assessment that uses a minimal number of
questions to reduce cognitive demands on the user. A selection of five paramet-
ers from the Delphi research was extended with five parameters for the initial
risk assessment and one parameter for the continuous risk assessment. 4.1
lists the monitoring parameters assessed in the initial risk assessment (IRA)
and in the continuous risk assessment (CRA).

For each CRA parameter, except for Suicidality, two questions were designed.
The parameters Crisis Detection, Hopelessness, Grief Symptoms, and Social
Isolation are completed on a 4-point Likert scale (Not at all, Several days, More
than half of the days, and (Nearly) every day) measuring how frequent they
disrupted users’ daily activities in the last two weeks. The design of the re-
sponse options was based on the PHQ-9 that can be used for diagnosing Major
Depression Disorder according to the DSM-5 (Kroenke et al., 2001). Therapeutic
progress is measured on a 4-point Likert scale ranging from Strongly disagree
to Strongly agree. Suicidality follows a two-step approach. The first item In
the past two weeks, | have considered committing suicide serves as a filter.
The user can either endorse the statement with Yes, or respond No. Only if the
user replied Yes, the remainder of the Suicidality items is presented to the user.
The four conditional Suicidality items were adapted from the Scale for Suicide
Ideation (SSI) (Beck et al.,, 1979) and assess the extent to which the user has
explicit suicide plans. The complete initial risk assessment and continuous risk
assessment questionnaires are included in the Appendix.

4.2.2 Background: Fuzzy cognitive maps

The second component of the LEAVES monitoring module is a risk detection
algorithm based on fuzzy cognitive maps (FCMs). FCMs were first proposed by
Kosko (1986) as an extension of cognitive maps to model dynamical systems.
FCMs are directed graphs that use fuzzy logic to represent causal relations
between graph nodes using weighted edges. 4.2 shows a simple FCM.

In this simple FCM, the causal influence of, for example, concept C1 on concept
C2 is indicated with weight W12. There are three types of weights. Weights can
either be equal to zero, meaning that that there is no causality between two
concepts. Weights larger than zero indicate causal increase (i.e. C2 increases
as CTincreases and C2 decreases as C1 decreases if W12 is larger than zero).
Weights smaller than zero indicate causal decrease (i.e. C2 increases as CT
decreases and C2 decreases as C1 increases if W12 is smaller than zero).
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Table 4.1: Summary of the monitoring parameters in the questionnaires for the initial risk assessment (IRA) and the continuous risk
assessment (CRA).

Monitoring parameter

Definition

Time since loss (IRA)

Violent loss (IRA)

Recent inpatient treatment
(IRA)

Technical skills (IRA)

Crisis detection (IRA &
CRA)

Hopelessness (IRA & CRA)

Grief symptoms (IRA &
CRA)

Suicidality (IRA & CRA)
Social isolation (IRA &
CRA)

Therapeutic progress
(CRA)

The number of months since the loss. Measured in four intervals: Less than a
month, 1-6 months, 7-12 months and more than 12 months ago.

Violent losses considered in the monitoring are accidents, suicide, and homicide.
Whether or not the user has undergone, in the previous year, a psychiatric
inpatient treatment.

Lack of digital literacy can impact the users’ motivation to use the service. Basic
computer skills are sufficient to use the service.

The extent to which users have experienced a crisis in the past two weeks,
meaning that they were impaired in their daily activities due to emotional distress
or felt that they cannot cope alone.

The extent to which users feel negatively about their future and feel that they
cannot do anything about it.

Intense feelings of grief, such as being stunned or sad due to emotional distress
specifically related to the loss, to the extent that users have been impaired in
their daily functioning.

The extent to which users have specific plans for a suicide attempt.

The extent to which users feel burdensome towards their social contact and
their actual withdrawal behavior.

The users’ perception of the extent to which they are making progress in pro-
cessing their loss.
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Figure 4.2: A simple fuzzy cognitive map.

Commonly, the relation between two concepts takes a value in the interval
[-1,1]. -1 corresponds to the strongest causal decrease and 1 to the strongest
causal increase. The other values express different levels of influence. The
main objective of building a FCM is to predict an outcome state of the FCM
concepts by letting them interact with each other according to their weights
until their values converge. The concept values at convergence represent the
final prediction of the FCM concepts. FCMs have been developed in the context
of mental health before. For example, Papageorgiou et al. (2013) developed
a FCM-based decision support system (DSS) to diagnose depression in older
adults and conclude that one of the strongest points of the FCM-based DSS is
that it provides insight into feedback loops between symptoms by making them
explicit. For example, one of the symptom concepts identified in the authors’
FCM-based DSS for geriatric depression was Fatigue. After constructing the
FCM, all connections towards Fatigue as well as all ways in which Fatigue
influences other symptoms in the FCM were known, according to the experts
who had helped construct the FCM. That way, the FCM was able to make
explicit how an increase in Fatigue can bring about an increase or decrease
in other symptoms in the model, such as Depressive mood or Indecisiveness.
The configuration of causal relations in FCMs draws on expert knowledge and
thereby reflects their reasoning, making them, ultimately, understandable by
other human observers, such as healthcare professionals.

4.2.3 Procedure for developing the FCM decision algorithm
To configure the second component of the monitoring module for the LEAVES

intervention, an automatic FCM decision algorithm, interviews with experts in
grief were conducted. The interview protocol followed a standard procedure for
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configuring FCMs with the help of domain experts, described by, for example,
Papageorgiou (2011b). The procedure has three main steps. During step 1, key
concepts to be included in the FCM are identified. In step 2, the causal relations
between the identified concepts are determined. And in step 3, the strength of
the relations between concepts is estimated.

Since user parameters for monitoring risk situations in an online grief inter-
vention were available based on existing research (Brandl et al., 2022), we
used them as the FCM's symptom concepts, corresponding to step 1in the
procedure for constructing FCMs. The monitoring parameters in the initial risk
assessment and continuous risk assessment make up the symptom concepts
in the current FCM. In addition to the symptom concepts, there are two out-
comes modelled in the FCM, Escalate and Do not escalate. They correspond to
the two recommendations that the system can give based on the algorithm's
calculations. Escalate corresponds to the system's recommendation to seek
offline support and Do not escalate corresponds to recommendation to keep
using the service as is. This FCM structure is referred to as a competitive fuzzy
cognitive map (CFCM) because the two outcomes compete with each other,
only one of the two is chosen in the end (Stylios et al., 2008). Figure 4.5 shows
the structure of the FCM monitoring decision algorithm developed in this study.

In step 2, experts determine the causal relation between any two concepts in
the FCM as either positive, negative or neutral. The latter case is equivalent to
declaring that there is no influence between the two concepts in question. For
step 3, commonly, a linguistic variable called Influence is declared to represent
the strength of relations between concepts (i.e., weights) in fuzzy terms, such
as low, medium and high. The set T' of qualitative terms that experts in this
study used to describe the influence among FCM concepts is: T'(In fluence) =
Veryverylow, Verylow, Low, M edium, High, Veryhigh, Veryveryhigh. All qual-
itative terms occurred either in combination with a positive sign to represent a
positive causal relation, or in combination with a negative sign to represent a
negative causal relation (e.g., -Very high or +Medium). After these initial three
steps to obtain qualitative weights based on expert knowledge, the weights
provided by individual experts are aggregated. The process of weight aggrega-
tion is described in more detail in section 4.3.2.

Experts recruitment

For the interviews, eight experts were recruited via the researchers’ professional
networks and via snowball sampling. As inclusion criteria, experts were required
to have experience with treating or coaching bereaved adults, preferably older
adults. Consequently, psychotherapists as well as grief coaches were the
primary focus of the recruitment. If a candidate expert expressed interest
in the study, the researchers provided them with more detailed information
about the research, including the informed consent and a digital copy of the
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two monitoring questionnaires (IRA and CRA). All participants provided written
informed consent. As a token of gratitude, everyone who participated in the
study received a gift card amounting to 25¢€.

Data collection

The interview protocol was supported by an online, interactive one-on-one ses-
sion conducted and recorded via Microsoft Teams. Specifically, the interview
was designed to ask experts to, based on their professional experience, de-
termine the predictive value of each FCM concept, such as Social isolation,
in the assessment of the users' risk situation. In other words, the goal was
determining the weights of the FCM concepts in the decision algorithm that
identifies risk and triggers recommendation messages to users when further
support is needed. Considering the demanding nature of the interview’s core
task, before the interview, experts were asked to read a brief description of the
monitoring module and to read through the monitoring questionnaire items.
During the interview, experts were first asked to describe their professional
experience with older mourners and to explain to what extent they observe
differences between mourners that generally cope well with their loss and those
who do not.

Then, experts were asked to attribute qualitative values (i.e., weights) from
the pre-determined Influence set T ranging from Very, very low to Very, very
high to each relation between symptom and outcome concepts and among
symptom concepts (see Figure 4.3). Higher weights were indicative of higher
risk to develop severe mental health symptoms (i.e., the parameter had a higher
predictive value) and lower values were indicative of lower risk (lower predictive
value). This part of the one-on-one interviews was conducted with the support
of the online collaboration tool Mural (Mural.co., 2022). Mural is comparable to
a whiteboard where different content such as text and pictures can be pinned
and moved around freely. Via two exercises, experts attributed weights to the
relations between the FCM concepts. The first exercise focused on the weights
from the eight symptom concepts to the two algorithm outcomes Escalate
and Do not escalate. The second exercise solely focused on relations between
symptom concepts. Experts were invited to use coloured sticky notes to in-
dicate the relation type between two concepts (e.g., Hopelessness and Social
isolation), which could be positive, negative, or neutral. Our experts attributed
weights to all relations between concepts in the first exercise (symptoms to
FCM outcomes). Due to time restrictions, in the second exercise, they were
asked to assign weights to only the most important relations (symptom to other
symptom concepts), according to their professional experience. A snapshot
of the Mural board, depicting the visualization of the first exercise, is shown in
Figure 4.3. After experts finished both weighing exercises, the final interview
question was to describe how difficult the exercises had been for them. A
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pilot session was conducted with one psychotherapist. As a result of the pilot,
Suicidality was excluded from the FCM weighting exercises. The pilot parti-
cipant explained that considering the serious consequences of active suicidal
ideation, Suicidality already has relatively clear thresholds for advising a user to
seek immediate offline support. Indeed, cut-off scores have readily been used
for suicide risk assessment scales to identify people at (immediate) risk for
attempting suicide (McCall et al., 2021; Sokero et al., 2003). As a consequence,
in the final monitoring module, Suicidality is evaluated using decision rules
prior to running the FCM. To evaluate Suicidality during the continuous risk
assessment, the same escalation threshold is applied as for determining a
recommendation of the highest urgency in the initial risk assessment.

Data analyses

Interviews were transcribed and analysed via an inductive coding scheme, de-
veloped and applied by one researcher and then verified by a second researcher.
Any discrepancies were discussed until agreement was reached. Two examples
from the coding scheme are:

- Q2.1CDToOutcome: Any explanations and remarks participants make
about the relation between the symptom concept Crisis Detection to
either of the two outcome concepts (Do not) Escalate.

+ FCMModel: Any explanations or remarks participants make about using
fuzzy cognitive mapping and the proposed FCM in particular, including
comments about the choice of (symptom) concepts, model limitations
and suggestions for improving the FCM.

FCMpy (Mkhitaryan et al,, 2022), a library for the Python programming language,
was used to combine the qualitative weights (ranging from Very, very low to
Very, very high) provided by the experts in this study and to transform them into
numeric FCM weights. As a preliminary evaluation of the resulting FCM decision
algorithm, the obtained weights were tested using four fictitious user scenarios.
Scenario testing has a long tradition in FCM research and is regarded as one
of the most valuable applications of FCMs (Olazabal & Reckien, 2015). JFCM
(Franciscis, 2014), a library for the Java programming language, was used to
simulate the behavior of the FCM based on the four fictitious scenarios. The
scenario experiments and their results are described in more detail in section
4.33.

92



DEVELOPING A MONITORING MODULE TO GUIDE OLDER MOURNERS

Figure 4.3: Screenshot of the study materials in Mural.
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4.3 Results

4.3.1 Expert demographics

In total, eight clinical psychologists participated in the interview study, excluding
the pilot session. Three experts were male. Their mean age was 46.5 years, with
a standard deviation of 12.76 years. Table 4.2 summarizes experts’ demograph-
ics. All experts had experience as grief coaches and most of them worked with
older adults, with 12.5 years of experience on average and a standard deviation
of 8.37 years.

4.3.2 Aggregated FCM weights

Each interview yielded an individual expert's account of the causal relations
between symptom (e.g., Hopelessness) and outcome concepts (Escalate and
Do not escalate) in the FCM in qualitative terms (e.g., Low, Medium, High).
To develop a FCM, the process of aggregating the input of multiple experts
involves four steps: 1) defining membership functions for the qualitative values,
2) applying a fuzzy implication rule, 3) combining the membership functions of
individual experts and 4) defuzzifying the aggregated membership functions to
derive a numerical weight for each relation between symptoms and outcomes in
the FCM (Mkhitaryan et al., 2022). The theoretical and mathematical foundation
of these steps are explained in more detail elsewhere (Papageorgiou, 2013).

In the first step, triangular membership functions were defined for the qualitative
terms used by the clinicians in this study. Triangular membership functions are
used in most applications (Frias et al., 2017; Papageorgiou, 2011b). Figure 4.4
shows the membership functions for the fourteen employed qualitative terms
in this study: +/ —very, verylow; +/ —verylow; +/ — low; +/ — medium; +/ —
high; 4/ —veryhigh; +/ —very, veryhigh. The na membership depicts missing
values in individual expert’s accounts for a specific relationship. Not all experts
attributed a qualitative value to every relation because we asked them to only
rate those relation between symptom concepts (e.g., Hopelessness and Social
isolation) that they regarded as most important.

Likewise, we chose commonly applied methods for steps two to four; we ap-
plied Mamdani's fuzzy implication rule to determine the extent to which each
membership function for a specific causal relation was activated (step 2) (Giab-
banelli, 2014; Nandi, 2012), the algebraic SUM aggregation operation (step 3)
(Giabbanelli, 2014; Papageorgiou, 2011a) for combining the qualitative weights
provided by individual experts, and center of gravity (COG) defuzzification to
derive a numeric weight for each causal relationship (step 4) (Papageorgiou
et al, 2013; Stylios & Groumpos, 2004). In the resulting weight matrix, due to
the competitive nature of this type of FCM which favours one outcome over the
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Figure 4.4: Triangular membership functions of the qualitative terms used by experts to describe the causal relationships in the fuzzy
cognitive map between symptoms and outcomes.
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other, the relations between the two outcomes Escalate and Do not Escalate
were set to —1. At the same time, the outcomes do not exert any influence on
the symptom concepts in the FCM. Hence, all outgoing weights from Escalate
and Do not Escalate were set to 0. Incoming weights from other concepts to
Violent loss, Recent inpatient treatment, and Time since loss were also set to 0.
There is no logical influence from any of the other symptom concepts on these
concepts. The aggregated numeric FCM weights are summarized in the matrix
W on the next page and displayed in Figure 4.5. From the combined weights, a
mutually strengthening symptom cluster arises between Crisis detection, Grief
symptoms, Hopelessness, and Social isolation as indicated by their high and
positive relations to each other. They also have strong positive weights towards
the outcome Escalate. Therapeutic progress has a counterbalancing effect on
them, indicated by its strong negative weights towards Crisis detection, Grief
symptoms, Hopelessness, and Social isolation. The three concepts that are
included from the initial risk assessment questionnaire, Violent loss, Recent
inpatient treatment, and Time since loss all have positive relationships to the
Escalate outcome. It is notable that experts did not always agree on the type of
the relation, i.e. whether the sign of a weight between two symptom concepts
or a symptom and an outcome concept was positive or negative. Some experts
conceptualized the relation between the two outcome concepts Escalate and
Do not escalate as mutually exclusive, while others did not. While these concep-
tualization differences did not affect the applied weight aggregation procedures
in a mathematical sense (i.e., their principles still applied), this observation
shows that FCMs can be used in multiple ways to model the decision-making
for detecting risk situations in a grief eMental health service.
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4.3.3 Scenario experiments with aggregated weights

As a preliminary evaluation of the resulting FCM algorithm, the obtained weights
were tested using four fictitious scenarios. As an initial assessment of the utility
of the obtained FCM weights, a clinical expert generated four scenarios, each
representing the responses of a fictitious user case. Scenario 1 focused on a
user that clearly needs support; scenario 2 on a user that can clearly continue
using the service; scenario 3 on a user who should seek support, but it does
not show obviously from the mourner’s questionnaire responses; in scenario 4,
the fictitious user should get the advice to continue using the service, but less
obviously than in scenario 2.

Before the FCM could be simulated based on the fictitious cases, the monitoring
questionnaire responses had to be transformed into numeric values so that
they could be used as inputs for the FCM. For each monitoring parameter, a
total score was calculated and mapped on the interval [—1, 1]. The continuous
risk assessment questionnaire inquires about the frequency of symptoms in
the past two weeks. Due to the high prevalence of positive weights towards
the outcome Escalate, we decided to model the absence of symptoms or very
infrequent symptoms as supportive for the outcome Do not escalate, hence
we mapped the lowest response options to a negative input value. Violent loss
and Recent inpatient treatment were mapped on either —1 or 1, depending on
whether the user endorsed the question. The questionnaire total scores per
dimension, corresponding to the four fictitious scenarios, are summarized in
Table 4.3. Since Suicidality was removed from the FCM based on the feedback
that we received during the pilot, no Suicidality scores were included in the
scenarios. Instead, the final monitoring algorithm has a rule-based extension
that checks users’ suicidality responses for risk situations outside the FCM.

Table 4.3: Summary of fictitious user response scenarios using the aggregated expert-
based FCM weights.

Monitoring item Scenario1 Scenario2 Scenario3 Scenario 4
Grief Symptoms 5
Social Isolation

Crisis Detection
Hopelessness

Therapeutic Progress
Violent Loss

Recent Inpatient Treatment
Time Since Loss

2 2 O 0Oy W L,
WOOUI =N o
WOONNOIN

LA O NN WAENDM

Scenarios were evaluated using equation 4.1, Kosko's modified inference equa-
tion for FCMs (Papageorgiou, 2011b), which iteratively calculates the values of
the concepts in the FCM based on an initial baseline until the model converges.
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In competitive FCMs (CFCMs), the outcome concept with the highest value is
regarded as the model's outcome. The outcome concepts in this case were
Escalate and Do not Escalate.

N
AR = faM w3 AWy (4.1)

J#4; j=1)

A represents the initial state vector of the FCM. A is a Nx1 matrix where each
of the N rows contains the initial value of a concept C' in the FCM. In this study,
the initial concept values are the transformed, fictitious user responses we use
to construct the scenarios. Agk“) is the value of concept C; at timestep k + 1;

Agk) is the value of concept C; at timestep k; A§k) is the value of concept C; at
time step k; and wj; is the influence of concept C; on concept C;, expressed as
a weight. f is a threshold function that transforms the content of the function.
For all but the three risk assessment parameters, we used one of the most
common threshold functions used in FCMs (Stylios & Groumpos, 2004), the
hyperbolic tangent function that transforms the content into the interval [—1, 1]:

F(z) = tanh(z) = & — ¢ (4.2)

et e %

To prevent the values of the three risk assessment parameters, Violent loss,
Recent inpatient treatment, and Time since loss to change between simulation
iterations, we chose the linear activation function for Time since loss instead
and a bivalent activation function for the two boolean parameters Violent loss
and Recent inpatient treatment.

Linear f(z) =z (4.3)

-1, ifzx <0,

) (4.4)
1, ifr >0,

Bivalent f(xz) = {

For the first scenario which represented a user that clearly needs support
outside the service, the algorithm’s outcome was Escalate. The algorithm’s
outcome for the second scenario which represented a user that could clearly
continue using the service by themselves was Do not Escalate. For the third
scenario, a fictitious user who should seek support, but it shows less obviously
than in scenario 1in their questionnaire responses, the algorithm’s decision was
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Do not Escalate. And for the final scenario, a fictitious user who can continue
using the service, but it shows less obviously than in scenario 2, the algorithm
advised Escalate.

4.3.4 FCM model limitations and suggestions for improvement

Next to configuring the weights of the FCM using the input of clinical experts,
the interview data was analyzed with regard to the participants’ appraisal of
the FCM as a decision-making algorithm for detecting risk situations in a grief
eMental health service. While filling in the FCM weights, the experts participating
in this study identified limitations when using the FCM to determine whether or
not someone using the online grief self-help service should seek offline support.
They also provided suggestions to improve the FCM decision-making algorithm
in the future. Most experts struggled with modelling the relation between Time
since loss and the two outcomes of the FCM, as well as with modelling its
influence on other symptom concepts linearly. They explained that the general
expectation regarding Time since loss is that “time heals wounds”. The more
time has passed, the better one usually copes with a loss. However, if that
is not the case, if the loss has occurred long ago and the person still suffers
intensely from the loss, then this is an important indicator that someone is
stuck in their grief process. In addition, it is not uncommon to see a rise in grief
symptoms between the first and the second year after the loss, while generally,
grief symptoms decrease as time passes by.

“Especially if the loss is already quite a long time ago and they still
have quite strong grieving symptoms, then | think “Yes, now it is time
to seek professional help’. To me, this would be one of the most
important predictors or indicators for professional help." (Expert 7)

Another limitation of the current FCM is that its decisions are based on one
measurement point instead of the history of a user's measurements. The
experts in this study explained that to decide whether or not someone should
seek offline support, how long symptoms have been elevated is an important
decision criterion.

‘Regarding grief symptoms, if it gets worse several times, then |
would look at that as an alarm bell. But if, for example, from the first
[measurement] to the second they get worse | would perhaps not
yet say ‘Please seek professional help’. The self-help modules are
very demanding and activate grief. From that point of view, it is also
clear to me that they can temporarily deteriorate [the symptoms]."
(Expert 1)

102



DEVELOPING A MONITORING MODULE TO GUIDE OLDER MOURNERS

A discussion with expert 3 revealed that the influence of the three risk concepts
Violent loss, Recent inpatient treatment and Time since loss is challenging
to model using the FCM. In the FCM, relations between symptom concepts
can strengthen or weaken the influence of any single concept on the outcome.
However, there is no logical influence from the other symptom concepts in
the FCM on these three risk concepts. For example, however high someone’s
grief symptoms are, there is no logical influence on how long ago the loss has
occurred. Therefore, the risk concepts do have outgoing influences, but no
incoming influences, increasing their overall influence on the model’s outcome
since the risk concepts cannot be relativized within the FCM. Several experts
suggested how the FCM could be extended to better reflect how they make
clinical decisions in practice. First, the current selection of FCM concepts
overemphasizes a mourner's negative emotions and symptoms, while positive
experiences such as reminiscing fond memories are also part of the grieving
process.

“You're actually only checking the negative sides of the person’s
experience; which is ok, of course, because we are worried and we
want to know [about them], but it's not only negative. You remember
the positive sides and, you know, there is laughter. Maybe the model
indicates that it should be bad all the time, but that is not the case”"
(Expert 6)

In addition, individual factors such as the mourner’s resilience and the signific-
ance of the lost relationship for their personal identity play a large role in how
well one copes with the loss of a partner. When loss experiences accumulate,
which is not uncommon in later life, a person’s resilience is compromised. The
cumulation of loss experiences is worthwhile to take into account, especially
for older mourners:

“There are unprocessed previous losses and that's what | often en-
counter with older people. [...] They are from a different generation.
Regarding loss experiences, things have often remained unmen-
tioned and those things are revived by the most recent loss, in this
case, the loss of a partner. This resonates quite a bit." (Expert 5)

Other suggestions for additional symptom concepts include assessing how
traumatic the loss experience has been for the mourner, in contrast to focusing
on whether or not the loss has been violent and to complement Hopelessness
with assessing the mourner’s feeling of entrapment. A final suggestion was
to incorporate different urgency levels when advising someone to seek offline
support. Depending on the user’s situation, it may be more or less urgent that
they seek immediate support and this can be reflected in the recommendation
the program gives.
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4.4 Discussion

In this chapter, we present a monitoring module for an online self-help service
for older mourners that recommends seeking offline (professional) support
when the user's suffering becomes highly disruptive for their everyday life.
We present a user profile specific to grief and we configure a fuzzy cognitive
map (FCM) decision algorithm. The user profile consists of user parameters
relevant for a mental eHealth service targeted at mourning older adults and a
measurement protocol to monitor their situation regularly, reflecting Tielman
etal. (2019)'s information gathering stage in their two-stage model for detecting
risk situations in eMental health. The FCM decision algorithm recommends
seeking offline support once a risk has been detected in the user’s situation.
The FCM represents Tielman et al's second phase, the decision-making. The
current study demonstrates the configuration of the FCM decision algorithm
based on expert-knowledge and investigates their performance in four fictitious
user scenarios. The developed FCM consists of eight monitoring concepts,
including Grief symptoms, Hopelessness, Social isolation, Therapeutic progress,
Crisis detection, Violent loss, Recent inpatient treatment and Time since loss.
The two outcomes of the FCM are either to Escalate, meaning that the service
recommends the user to seek offline support, or Do not escalate, in which case
the system encourages the user to continue using the service as is.

4.4.1 Preliminary FCM algorithm evaluation using scenarios

The four scenarios explored in this paper represent fictitious users and their
responses to the monitoring questionnaires, formulated by a clinical expert
in grief. The results of the tests show that while the current FCM algorithm
distinguishes well between unambiguous cases, it can confuse borderline cases.
A notable difference between the unambiguous and the borderline cases in
this chapter are users' fictitious Time since loss responses, as well as whether
or not the fictitious user has suffered a violent loss or not, meaning that they
lost their spouse due to an accident, suicide, or another form of violent death.
The borderline scenarios exemplify the difficulties of modelling the influence
of Time since loss linearly as the current FCM does. As the experts explained
in the interviews, Time since loss is an important indicator, but its influence
on the model's outcome depends not only on its own value, but also on the
value of other concepts in the model. According to the experts in this study,
“time is generally expected to heal wounds”, however, when this is not the
case, it becomes an important decision criterion to decide whether a mourner
should consider seeking offline (professional) support. It has a strong positive
relation to the outcome Escalate and a strong negative relation to the outcome
Do not escalate if and only if the rest of the symptom concepts indicate that
the user is suffering emotionally. Otherwise, the signs of its weights are vice
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versa and the strength of the relation is lower. Unfortunately, the current FCM
does not capture this information because it does not allow for conditional
weight setting. It is likely that this led to the incorrect classification of the third
scenario as no need to recommend the user to seek support, even though the
scenario depicts a user who feels severely impaired in their daily life despite the
loss having occurred more than 12 months ago. The second borderline case
involves a fictitious user who has suffered a Violent loss. In the current weight
matrix, Violent loss has a very high positive relation, not only to the outcome
Escalate, but also to other parameters (e.g., Hopelessness and Grief symptoms)
that have in turn strong and positive relationships to Escalate. In essence, it
acts as a magpnifier in the model for other symptoms of suffering, such as Grief
symptoms. This in combination with the difficulties of modelling the conditional
influence of Time since loss in the current FCM caused the algorithm to be led
astray. The FCM decision algorithm is currently further evaluated as part of
ongoing evaluation studies (Brodbeck et al., 2022) of the online grief service
in which it is integrated and it will be interesting to see how it performs in a
non-fictitious setting involving older users of the grief service.

4.4.2 Future FCM algorithm improvements

The above analysis of how the FCM algorithm performed in the scenario ex-
periments exemplifies a strength of using FCMs for detecting risk situations in
mental eHealth: its outcomes can be traced back and are thereby explainable.
Transparency of decision making, also referred to as scrutability, is of utmost
importance for decision support in healthcare where stakes are potentially high
and expert users of decision support systems need to accept and rely on the sys-
tem’s advice. Scrutability is a key advantage of fuzzy systems (Balog et al., 2019;
Nauck & Kruse, 1999; Papageorgiou et al., 2013) and it facilitates identifying ap-
proaches to improve the current FCM. For instance, to improve the accuracy of
the current FCM in detecting risk situations in borderline cases, the conditional
influence of Time since loss should be represented in the decision-making.
This could be realized by introducing a rule-based extension that adjusts the
weight from being positive towards the outcome Escalate to negative if the
user's suffering, as measured by other symptom concepts in the model such as
Hopelessness and Grief symptoms, stays below a to-be-determined threshold.
This approach is similar to the approach taken by Papageorgiou et al. (2013) to
account for the differing influences of the concepts psychomotor status and
sleep disturbance in detecting depression in an elderly population, depending
on the values that these concepts have. For example, in their FCM, psycho-
motor status has one of two values: psychomotor agitation or psychomotor
retardation. Depending on which of the two values is activated, the outgoing
weights from the concept psychomotor status to other concepts in the FCM
change.
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A second approach to improving the current FCM is to scrutinize the weight
aggregation process. In the current study, not all relations between symptoms
were rated by all experts because their task was to rate the relations that they
considered most important. Consequently, some relations between symptoms
were rated by the majority of the experts, while others were rated by one or two
experts. As a result, individual expert ratings influenced the combined weight
matrix to differing degrees. While there is no golden standard for managing
expert disagreement during the weight aggregation process, some (Olazabal &
Reckien, 2015; Stylios & Groumpos, 2004) argue that the effects of unequal num-
bers of ratings for each relation between symptoms as well as disagreement
between experts can be mitigated by any rule-based or mathematical approach
that is reasoned properly. For instance, Reckien et al. (2013) suggest a rule-
based approach for aggregating highly divergent weights by excluding weights
that diverge too much from the arithmetic mean. Another approach could be to
eliminate weights from the aggregation that less than a pre-determined number
of experts have rated. Stylios and Groumpos (2004) apply a credibility factor
for regulating how much influence the weights provided by individual experts
have in the combined weight matrix. Each expert starts with a credibility factor
of 1T with which the suggested weights of the expert are multiplied. The expert
is iteratively “penalized" if their suggested weights divert too much from the
weights suggested by the rest of the sample.

A final approach to improving the current FCM heeds the recommendation
of the experts that participated in this study and involves reconsidering the
FCM architecture and introducing more symptom concepts to model the user’s
resilience to outweigh the current focus on suffering in the FCM. Another way
of emphasizing positivity instead of focusing on suffering is to enhance the
impact of Therapeutic progress, for example by adding a rule that counteracts
an escalation under the condition that the user feels that they are making pro-
gress, despite their suffering. In such a situation, the suffering measured in
the continuous risk assessment may be less reason for concern and part of a
healthy mourning process. Bourgani et al. (2013) furthermore stress the import-
ance of including temporal information in medical decision making. The current
monitoring module has no means to take the history of the user's monitoring
responses into account, while the experts in this study pointed out that this in-
formation is important to consider when deciding whether or not a user should
seek offline (professional) support. Since including temporal information in
FCMs is not straightforward (Olazabal & Reckien, 2015) information about the
duration of the user’s suffering could be added via a rule-based extension that
takes the user's measurement history into account and formulates rules about
when it indicates a risk situation.

The above approaches consider limitations of the current FCM and recommend-
ations for future work to improve its capacity to reliably detect risk situations in
an eMental health service to aid older mourners. Tielman et al. (2019) consider
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another factor that determines the effectiveness of monitoring modules in
mental eHealth. Systems that ultimately rely on the user’s initiative to seek
professional support depend on their motivation to follow-up on the system’s
recommendation to seek offline support. The authors argue that depending on
a) the user’s initial stance on involving professional support (negative, doubtful,
positive) and b) the severity of the risk situation (severe, negative, doubtful), the
system should adopt different strategies to persuade the user. For example, a
user that is doubtful about involving professional support and whose situation
is severe needs to be persuaded. On the contrary, a user that is generally pos-
itive towards involving a professional and whose situation is severe requires
facilitation of the self-referral process. This approach to modelling the user’s
motivation to accept and act on the system’'s recommendations is in line with
a suggestion from an expert that participated in this study to design different
urgency levels for recommendations, depending on the severity of the situation
among other factors.

4.4.3 Limitations

The current study has limitations. First, we gather semi-quantitative data via
individual interactive sessions with eight clinical experts. Since our approach
to aggregating weights is quantitative in nature, the size of the expert sample
becomes a point of discussion. There is, however, no standard to determine
a sample size for fuzzy cognitive mapping studies. Studies that determine
the very concepts of the FCM alongside their weights can use the extent to
which the FCM concepts are saturated as indicator that the usefulness of in-
cluding more experts has been exhausted. We chose the concepts of the FCM
based on a previous study and hence, our concepts were fixed. Olazabal and
Reckien (2015) acknowledge that sample sizes differ tremendously between
individual studies, ranging from only a few participants (three in Papageorgiou
et al. (2013)) to studies aggregating up to 376 individual maps (Reckien, 2014).
The authors stress that developing meaningful and usable FCMs is a matter of
careful selection of experts rather than sample size. The current study design,
individual one-on-one interviews can be regarded as a second limitation. While
fuzzy cognitive mapping studies use a wide variety of individual as well as group
elicitation methods (Olazabal & Reckien, 2015), the experts participating in this
study may have profited from a group setting to discuss the weights between
FCM concepts and to exchange professional experiences. Experts indicated
that determining exact weights for the relations between concepts was chal-
lenging. Discussing with peers could have reduced the perceived challenge
of the task and limited the extent to which experts disagreed about weights,
paving the way to a more coherent distribution of weights. Another argument
in favour of a group design is that individual FCMs are inherently subjective
with regard to the expert’s professional experiences. They are also affected by
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recency biases, meaning that recent professional experiences may be more
salient and therefore, appear more strongly related to FCM outcomes. Future
group discussions could mitigate some of these limitations, while introducing
challenges of their own, such as logistical challenges and fostering groupthink.

4.5 Conclusion

This chapter presents a monitoring module to detect risk situations in an
eMental health self-help service to aid mourning older adults and to encourage
users to seek offline support in times of need. The monitoring module uses an
automatic fuzzy cognitive map (FCM) decision-making algorithm, configured
with the help of eight clinical psychologists. FCMs are a powerful tool for mod-
elling human reasoning due to their capacity to deal with vague definitions of
symptoms provided by multiple discipline experts as well as the causal relations
between them. Based on four fictitious scenario experiments, the resulting FCM
appears to detect clear cases of risk and no-risk, but its accuracy in detecting
less clear cases can be increased. To improve the current FCM algorithm, its
assumption that symptoms are linearly related to the decision whether or not
the user should seek offline support can be improved by introducing rules that
regulate the influence of symptoms for which the linearity assumption does
not hold, such as Time since loss. Another promising approach is to scrutinize
the weight aggregation process and to actively deal with experts’ disagreement
regarding individual model weights. Due to their scrutability and independence
of large amounts of privacy-sensitive patient mental health data for model con-
figuration, FCMs hold much potential for automatic decision-making in eMental
Health. However, lack of clear guidelines and golden standards for constructing
FCMs require future work. The contribution of this research is showcasing the
construction of a FCM decision algorithm for an eMental health service and
in doing so, unravelling challenges when using FCMs for decision-making in
eMental health applications.
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CHAPTER 5

12

Prologue

Orphea stares at the screen of her computer. “We invite you to pause
here for a moment. Were there situations in the past 2 weeks that
were especially difficult? If so, looking back, what would you have
needed? What would have made the situation easier, if just a little
bit? We encourage you to confide in someone you trust about these
thoughts.", Orphea reads from the screen. She had never given the
mood check-up that the program prompts her to fill in every other
week too much thought. Until now, the program had suggested that
she was doing fine. What was different this time? Well, she had
cancelled the vacation that she had looked forward to because she
did not feel like going. And yes, she had made up an excuse not to
go to Erika's birthday last week. And there was the matter of the
dancing classes. She had finally stopped attending. Even shortly
after Justus’ death, she had continued dancing, but she hated being
at the class without him. Still, she had continued going because she
knew how much she had loved dancing and how much joy it had
brought her in the past. “Difficult situations"? Were those “difficult
situations"? Things came up, Orphea responded, best she could.
End of story. If anything, she was trying to listen to what she wanted
and needed, as the e-learning often suggested. Or was there more
to this recommendation to...what? Talk to somebody about how
she had been doing lately?
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Abstract

Objective: Despite being at elevated risk to develop mental health problems,
older adults hesitate to seek professional mental health support. Online self-
help services can be a first, low-threshold step towards receiving mental health
support. However, it remains unclear how older adults can effectively be guided
from online self-help to offline support if their mental health deteriorates.

Method: The design of help-seeking recommendations based on regular mental
health monitoring is explored via two focus groups with mourners who used an
online grief service during a 10-week intervention, complemented with insights
from data logs about how they used the monitoring, and the perspective of
grief professionals on the design of stepping up online bereavement support.

Results and Conclusion: Effectively transitioning from online bereavement
self-help to offline support affects the design of the entire service rather than
singular monitoring features, should target older adults’ perceived barriers, and
should keep older adults in control about involving professional support.
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5.1 Introduction

Despite having less stigma towards mental health conditions and help-seeking
than younger adults, older adults are still less likely to seek professional mental
health support (Kessler et al., 2015; Mackenzie et al., 2019). At the same time,
the ageing process itself is associated with a growing risk of mental health de-
cline due to common life stressors in later life (Hui Gan et al., 2020; Lyons et al,,
2018), including the loss of loved ones. Older adults face barriers to seeking
mental health support, including lack of perceived need for help (Meadows et al,
2002), poor mental health literacy (Farrer et al., 2008), and a lack of healthcare
professionals specialized in treating older adults (Moye et al,, 2019). In addition,
older adults often wish not to burden those around them. This can motivate
them to use digital technologies for mental health (Andrews et al., 2019; Peek
et al,, 2016). eMental health services have shown promising results for treating
various mental health conditions in older adults, including depression, panic
disorder (Carlbring et al.,, 2018), and prolonged grief (Brodbeck et al., 2017; Wag-
ner et al., 2006). Some applications combine a web-based self-help program
and minimal, but regular contact with healthcare professionals (Baumeister
et al, 2014). Despite having reservations towards seeking professional support,
it has been shown that older adults consider mental health support provided by
professionals as superior compared to standalone online services (Andrews
et al,, 2019). Older adults also tend to adhere better to eMental health services
when they are combined with professional support (Baumeister et al., 2014,
van Zelst et al., 2021). To ensure that older adults receive the support they need,
especially when digital services do not incorporate professional support by
design, there is a need to detect when their mental health warrants professional
intervention. eMental health services should thus be able to detect a deteri-
oration in the user's mental health and communicate the implications of the
detected mental health deterioration to the user (Tielman et al., 2019).

This implies a two-step approach to professional mental health support where
the user first interacts with the self-help service that, among other things,
provides information about the specific mental health condition the user is deal-
ing with. The second step is a potential referral to offline professional support,
either recommended by the system and initiated by the user, or automatically en-
forced by the system. This chapter discusses older adults’ experiences with and
use of an online grief service that implemented a two-step procedure that relies
on the user’s initiative. To complement users’ perspectives, transitioning from
online self-help to offline professional support in the Dutch healthcare system
is further discussed with grief professionals, also exploiting their knowledge
about older mourners’ needs and perceived barriers to help-seeking. Ultimately,
this chapter summarizes implications for designing a transition that is aligned
with older adults’ and professionals’ viewpoints, thereby maximizing the chance
that older adults will receive the mental health support they need.
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5.1.1 Monitoring mental health in an online grief service for older adults

The online grief service used in this research has been developed for older
mourners who have lost their spouse. It consists of ten content modules that
contain psychoeducation about topics that are relevant for the grieving process
(e.g., What are normal grief reactions?), cognitive-behavioral and reflective
exercises that support the user in processing their loss (e.g., What are my
current thoughts and feelings about the loss?) and self-care and activation
strategies to support the user’s restoration process (Brodbeck et al., 2022). The
grief service is complemented by a monitoring system that determines in bi-
weekly intervals whether it is advisable for the user to seek offline (professional)
support. The monitoring system has two main components: a mental health
user profile and a decision engine. The mental health user profile consists of
two self-report monitoring questionnaires, an initial risk assessment (IRA) and
a continuous risk assessment (CRA). The IRA identifies some characteristics of
the loss, such as how long ago it occurred and whether it was violent (e.g., an
accident), and represents an initial assessment of the user’s grief symptoms and
mood. The CRA updates the user's mental health profile every other week. Both
questionnaires are included in the Appendix and their development is described
in detail in Brandl et al. (2023). The decision engine consists of a set of rules that
determines whether the user exceeds a suicidal threshold and a fuzzy cognitive
map (FCM) decision algorithm. The suicidal threshold was determined by a
team of clinical grief experts and by taking into account the assessment manual
of the scale of suicide ideation (SSI) (Beck et al,, 1979), a clinical research
instrument designed to quantify and assess suicidal intention on which the IRA
and CRA suicidality items are based. FCMs are a soft computing technique that
model human reasoning as directed graphs and use fuzzy logic to represent
causal influences between conceptual graph elements, such as the extent to
which elevated grief symptoms influence the decision to recommend help-
seeking, or how they influence a person’s social withdrawal behavior (Stylios
et al,, 2008). The FCM algorithm runs on the mental health parameters in the
user's profile whenever they are updated. It arrives at the decision to either
display a recommendation to the user to seek offline support, shown in Figure
5.1, or an encouragement to continue using the grief service as is. For this,
a competitive fuzzy cognitive map (CFCM) architecture (Stylios et al., 2008)
was employed with two competing outputs: recommend help-seeking and
recommend using the grief service as before. The development of both, the
monitoring questionnaires (IRA and CRA) and the FCM decision algorithm are
described extensively in Brandl et al. (2023). Filling in the CRA is not obligatory
in the grief service, i.e. users can choose to ignore the service’s reminders to fill
in the monitoring questionnaire.
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5.2 Method

The design implications for mental health monitoring and transitioning from
online self-help to offline professional mental health support are based on a)
an evaluation study that has been conducted between February and November
2022 in the Netherlands (Brodbeck et al., 2022) that included b) four focus
groups, two with older adults who had previously participated in the evaluation
study and two with grief professionals. The aim of the evaluation study was
to investigate the technology acceptance of the above described online grief
service and secondarily, the service's potential health effects. Its study protocol
received an exemption from medical ethical approval from the medical ethical
committee Oost-Nederland (file number 2021-13268). The study involved older
adults (55+ years old) as end-users, recruited from the general population via the
networks of two Dutch organizations, the National Foundation for the Elderly’
and DELA?, a funeral insurance company.

5.2.1 Participants

In total, 51 older mourners registered with the grief service. To be eligible for
inclusion in the current research, participants had to

1. Fillin the initial risk assessment (IRA) (n = 51).

2. Complete the introduction to the online grief service. This included filling
in an initial shorter version of the continuous risk assessment (CRA)
(n = 41).

3. For comparisons between self-report and logged use of the monitoring
questionnaires, participants had to fill in a self-report questionnaire five
weeks after registration with the grief service (n = 31).

After applying the above inclusion criteria, the log data of 41 participants was
included. Their mean age was 66.4 years (SD = 8.2 years) and 26 participants
were female and 15 participants were male. Nine older adults participated in the
focus groups with end-users, six in an online group and three in a face-to-face
setting. They were invited via a telephone call or via e-mail to join the focus
groups. In total, ten professionals participated in the focus groups, four in
one group and six in the other. All professionals had experience working with
(older) mourners and included grief coaches, psychotherapists, geriatric nurses,
ministers, and volunteers at organizations that offer support for mourners. All
participants signed an informed consent form.

Thttps://ouderenfonds.nl/
Zhttps://www.dela.nl/

116



DESIGN IMPLICATIONS FOR GUIDING OLDER ADULTS

5.2.2 Data collection

Older adults’ use of the monitoring questionnaires was assessed in two ways:
via an online self-report questionnaire, administered halfway through the evalu-
ation study via Qualtrics, and continuously via data logs. In the questionnaire,
participants were asked whether they had filled in the CRA, how often they had
filled it in (Never, Once, 1-3 times, 3-10 times), and if they had received a recom-
mendation to seek offline support. If they had, they were asked about their
adherence to the recommendation, about how they felt about the monitoring
questions, and whether they had any privacy concerns. Participants could add
an explanation to their response. The online grief service logged when users
received an invitation to fill in a CRA, when they filled in the CRA (or if they did
not fill it in), and whether the system had displayed a recommendation to seek
offline support. It was not possible to reconstruct whether users had contacted
a healthcare professional based on the log data.

During the focus groups, participants who reported to have filled in the CRA were
asked whether they had received a recommendation to seek offline support.
The follow-up questions focused on what participants’ thoughts were about
the monitoring questions and the system estimating whether they might need
offline support. Participants who did not fill in the monitoring questionnaires
were asked about their motivation not to use the functionality. Prior to the
focus groups, the grief service was introduced via a demo video to the grief
professionals. The video demonstrated the functionalities, structure, and look
of the service. During the focus groups, the professionals were asked about
their perspective on how older mourners can transition from online self-help
to offline professional support and which role professionals could and should
play in mental health support provided by an online grief service.

5.2.3 Data analyses

The use data was analyzed regarding the number of continuous risk assess-
ments (CRASs) older adults filled in, depending on the progress of the grief
intervention (measured in weeks). We compared users’ perceived use of the
monitoring system with their actual use by comparing how often they reported
to have filled in the CRA with system logs. An inductive coding scheme was
developed and applied to users' free text explanations in the self-report question-
naire and to what was discussed about the monitoring system during the focus
groups. The coding scheme was developed and applied by one researcher
and verified by a second researcher. Any discrepancies were discussed until
agreement was reached. An example from the coding scheme is Usability (and
expectation management) which summarized potential usability issues and
unclarities surrounding the capacities of the monitoring system. The focus
groups with grief professionals were analyzed following the same procedure.

117




CHAPTER 5

An example from the coding scheme is Purpose of monitoring, summarizing
professionals’ perspective on which goals a monitoring system should serve in
an online grief service.

5.3 Results

5.3.1 Use of the monitoring questionnaires

Figure 5.2 shows for each participant in which intervention week they filled in
a CRA questionnaire, based on log data. All participants completed the initial
shortened version of the CRA during the program'’s introduction. After two
weeks, 16 out of the remaining 27 participants who logged into the service filled
in the CRA. From week six on, the number of participants that did not fill in the
CRA exceeded those who completed the CRA. By week ten, only 14 of the initial
41 participants (34.15%) still logged into the grief service. Figure 5.2 shows that
some participants responded to the CRA, but stopped at some point. For some,
not filling in the CRA preceded non-use of the grief service (e.g., p 6 and p 32).
Others did not respond to some CRAs but did respond to later instances again
(e.g.,p7andp39).

Comparing how often participants filled in the CRA based on data logs com-
pared to self-reports, seven participants reported not to have used the monitor-
ing questionnaires at all. Out of those seven, however, log data shows that four
did fill in the IRA. Three participants filled in one, or multiple instances of the
CRA in addition to the IRA. Participants further tended to underestimate (18 out
of 31) how often they used the monitoring, or to report correctly (11 out of 31).
Only two participants overestimated how often they had filled in the monitoring
questions.
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5.3.2 Monitoring appreciation by older adults
Self-report questionnaire

Six participants reported to have received a recommendation to seek offline sup-
port. As per design of the questionnaire, these six participants received follow-
up questions about their experience with the monitoring system. Regarding
adherence to the recommendation to seek support, all six participants reported
to have followed-up on the recommendation, to varying degrees. One parti-
cipant explained they adhered to the recommendation because other people
in their social circle had advised the same. Another participant explained that
they adhered to the recommendation only sometimes because they preferred
coping with their grief by themselves. One participant reported not to feel
comfortable with the monitoring questions, the other five were comfortable
with the questions, to varying degrees. The former explained that they had no
interest in talking to a professional. Another participant explained they trusted
that the people behind the grief service knew what they were doing by asking
these questions. None of the participants voiced privacy concerns regarding
the monitoring, though most found the questions to be privacy-sensitive and
explained answering them can make you feel vulnerable.

Focus groups with older adults

Regarding usability and expectation management, the service lacks clarity in
communicating to the user what the monitoring system offers and what not:

‘| could endorse or reject these [monitoring] questions accordingly,
but then you are not being called by a psychologist. (..) So |
wondered, what happens then? You should not get the idea that
these questions are a real cry for help and that you can expect
someone will approach you.” (Primary end-user focus group 2)

Regarding the involvement of professional support, older adults had diverging
opinions about designing an it in such a way that it requires the user to take
initiative.

“It [the user taking initiative] is worrisome because when you say
that you are not feeling well, the obstacle to actively call someone,
the general practitioner or a hotline, is huge.” (Primary end-user
focus group 2)

Another participant explained that they had taken initiative and found support
in a churchman. Participants’ attitudes towards being actively called by a
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professional were comparably divided. One participant said that they would
appreciate any help, another rejected the option because they wanted to stay
in control, while a third participant could agree with both options as long as
they could choose either option at the beginning of the service. Something else
to consider for monitoring the mental health of mourners is that sometimes,
mourners simply do not know how to answer direct questions about how they
are feeling. Being at a loss for answers can weigh emotionally on them and
that can impact their motivation to respond to questions:

‘It is very personal and easy to interpret as self-pity by a third party |
guess.” (Primary end-user in the evaluation study)

Older adults’ opinion about the monitoring system and its recommendations
was influenced by how they thought about grief in general:

“Emotionally, | came to the same conclusion [about why they felt
comfortable with the recommmendation to seek offline support]”
(Primary end-user in the evaluation study)

“You face it alone. No digital program can help and no therapist
who tells you what to do. There is just one person who will get me
through it and that is me.” (Primary end-user focus group 1)

5.3.3 Monitoring appreciation by grief professionals

Regarding the purpose of a monitoring system in an online grief service, profes-
sionals explained that any system feedback should ultimately encourage the
user in their grief process.

“I like the idea of people receiving a reminder '"How are you doing
now?’, but | am not sure whether the outcome ‘Please contact..” has
to be linked to it. You should get something positive out of it.” (Grief
professional focus group 1)

When recommending users to seek offline support, it is crucial how the purpose
of the monitoring and the recommendation itself are communicated in the
service.

“From the start, the goal should be clear: "You are in a process, you
are not a lost cause if you receive the recommendation to seek
offline support’” (Grief professional focus group 1)

The service, including the monitoring, must avoid coming across as patronizing
and controlling.
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“As a user, (...) | want to face my grief, but now there is this 'Big
Brother’ that is assessing whether | am doing it well.” (Grief profes-
sional focus group 2)

The professionals appreciated the reflective nature of the monitoring questions
and suggested that the feature could be customizable for the user, so that they
can choose to receive a reminder about the monitoring questions, or choose
not to receive recommendations to seek support. Regarding transitioning
from online self-help to offline support, professionals in both focus groups
unanimously advocated relying on users’ initiative for reaching out to offline
support despite any barriers the user may perceive:

“You could give care professionals rights to the grief service, that way
they would get the user’s contact details so that they can take action.
But | am convinced that everyone is responsible for themselves. In
practice, this [professionals taking initiative] would be very difficult,
too.” (Grief professional focus group 1)

However, the professionals did emphasize that an online service should facilitate
the help seeking process as much as possible to reduce the perceived barriers
surrounding seeking offline mental health support.

‘| [as a user] do not know the healthcare domain, | have no idea
where to go and to whom | can turn. It would be very supportive to
also lend a hand in this step.” (Grief professional focus group 1)

The grief professionals pointed out that an online service should not reinvent
the wheel, but connect to already existing support options, such as profes-
sionals in the vicinity of the user. Exploring local support offers via content
offered in the grief service would help minimizing perceived barriers, as would
normalizing feeling depressed and hopeless after a loss. Another way to re-
duce perceived barriers is to include low-threshold support options including
volunteer organizations and peer groups, rather than focusing on professional
support.

5.4 Discussion

This chapter explores design implications for eMental health services with the
aim of guiding older users to offline (professional) support if their mental health
deteriorates. The implications are based on older adults’ use and appreciation
of a monitoring system in an online grief service during a 10-week intervention,
complemented with insights from grief professionals’ appreciation of the same
monitoring system. In particular, we explored their viewpoint on offering online
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self-help initially and encouraging self-referrals to offline (professional) support.
In the focus groups, we discussed the transition from self-help to offline support
and the impact of self-reported monitoring questions on elderly users.

5.4.1 Design Implications

Our main findings can be summarized in four design implications for transition-
ing from online self-help to offline support:

Implication 1

A monitoring system that recommends offline help-seeking should be concep-
tually ingrained in the entire eMental health service. The online service should
target perceived barriers older adults experience towards seeking mental health
support (Bui, 2018; Shear, 2015), such as increasing their mental health literacy
(Kessler et al., 2015) about grief by normalizing emotional suffering after a loss
and distinguishing it from pathological grief reactions. The service should make
clear that help-seeking recommendations do not signify “failure” on the part
of the mourner. This approach is in line with earlier research (Kessler et al.,
2015) about older adults’ attitude towards seeking mental health services and
fosters their psychological openness, the extent to which people acknowledge
psychological problems. Incorporating lower-threshold offline support options
in the application may contribute to increasing older adults’ perceived social
support, another important determinant of their attitude towards seeking sup-
port. A monitoring system aimed at recommending offline professional support
thereby goes beyond singular monitoring features and the formulation of re-
commendation messages. The eMental health service as a whole is faced with
the task of conveying that “it is 0.K." to ask for support when older adults face
emotional pain that goes beyond what they can manage by themselves, and
consequently, the pragmatics of seeking support.

Implication 2

Some users may be more inclined than others to fill in self-reported monitoring
guestionnaires and to receive recommendations about offline help-seeking. Our
use data results show that some participants stopped filling in the monitoring
guestionnaires altogether, while others appear to have filled them in according to
their needs. A distinction between features that are included in the online service
by design, such as unobtrusively targeting older adults’ perceived barriers to
help-seeking, and those that should be subjected to the user’s preferences will
help designing a monitoring system that is acceptable and useful for a variety
of users. For example, a user could choose to fill in the self-reported monitoring
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questions for reflective purposes, but prefer that the online service does not give
advice about contacting a professional. Ideally, a monitoring system should be
able to accommodate a pre-defined set of user preferences regarding how the
systems manages stepping up mental health support options.

Implication 3

A monitoring system aimed at detecting a need for professional intervention
should not (solely) rely on self-reported user data due to irregular and declining
use patterns. Participants in this research tended to underestimate how often
they had filled in the monitoring questionnaires, suggesting that filling in the
continuous risk assessment was an acceptable burden. However, participants
perceived the monitoring questions as confronting. Asking users directly how
they are feeling can cause emotional distress, especially if they find it diffi-
cult to answer. There is no evidence indicating that asking people about their
emotional states, including suicidal ideation, increases the risk of developing
pathological mental states (Blades et al,, 2018). Nevertheless, less obtrusive
ways of monitoring users’ mental health, such as automatic analysis of texts
(possibly in response to more indirect monitoring questions) (Zhang et al., 2022)
and log data should be considered as inputs for future mental health monitoring
systems. In addition, awareness about the emotional impact of direct monitor-
ing questions can guide service designers to combine monitoring assessment
moments with content that promotes self-care.

Implication 4

While grief professionals advocate that users should stay in control while trans-
itioning from self-help to offline support, the viewpoints of older adults are
divided. The latter worry about reaching out to support in times of emaotional
distress which could be alleviated the earlier described design strategies. Grief
professionals see a parallel between transitioning from online self-help to off-
line support and existing paths to mental healthcare where the client takes
the first step. However, they stress that non-clinical, low-threshold support
options for grief, such as mourning groups, may be a more feasible first step,
thereby perpetuating the idea that transitioning is a step-wise process, involving
familiarizing older adults with facilitators that can help them seek professional
mental health support.

5.4.2 Future work

The monitoring system described in this chapter distinguishes between generic
help-seeking recommendations and recommendations involving a suicidal
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threshold. Tielman et al. (2019) developed a complementary motivation model
for self-referral in online mental health services based on theories of behavior
change. The model determines one of three persuasion strategies (facilitating,
persuading, accepting rejection) based on the severity of the risk situation and
the user’s initial stance towards involving professional support. The model
also recommends accepting that users may reject professional support when
their stance towards help seeking is negative and the situation is not severe.
To ensure that users receive the mental healthcare they need, the persuasive
capacities of monitoring systems should be considered in conjunction with the
implications found in this chapter.

5.4.3 Limitations

The current research has limitations. First, we recruited older mourners from
the general population and therefore, the proposed design implications may not
hold for services targeted at clinical populations. Second, the design choice to
only inquire qualitatively after users’ monitoring appreciation in the self-report
questionnaire if they indicated to have received a recommendation to seek
offline support severly limited the number of qualitative responses collected. A
final limitation of this research is the number of dropouts during the evaluation
study. Dropout is a well-known issue in online health services (Eysenbach,
2005; Richards & Richardson, 2012). Unfortunately, participants’ reasons for
dropout were beyond the scope of this chapter and it is unclear to what extent
the monitoring system may have contributed to their choice to discontinue with
the grief service.

5.5 Conclusion

To ensure that older adults receive the mental health support they need, eMental
health services should be equipped with strategies to guide users from online
self-help to offline professional support whenever advisable. This chapter pro-
poses four design implications for eMental health services that initially offer
online self-help and rely on self-referrals to professional offline support encour-
aged by system recommendations. First, the transition from online self-help
to offline support should be deeply ingrained in the entire service and target
older adults’ perceived barriers to seeking mental health support. Second, self-
reported monitoring of users’ mental health should be subjected to the user’s
preferences and take into account that some users do not wish any involve-
ment of healthcare professionals. Third, alternatives to self-reported mental
health monitoring should be considered to limit missing data and unintended
emotional burden for users. Finally, regarding the allocation of help-seeking
responsibility, any specific eMental health service designed for the general pop-
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ulation should identify the barriers its users face to help-seeking and empower
them to take initiative by targeting these barriers.
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Prologue

Orphea switches on the light as she pulls off her boots in the hallway,
returning from an appointment with Dr. Epione, her general practi-
tioner. She had doubted whether the appointment had been the right
call and surely, she had not expected the appointment to end with
her crying her eyes out over how she had stopped doing things. Not
since Justus was gone, but even before his death. She had stopped
making vacation plans because Justus had been very good at plan-
ning trips and doing the research on sights and accommodations.
Not only had he been good at it, he had loved doing it. So naturally,
over the years, Orphea’s contribution to making vacation plans had
boiled down to finding a pet-sitter for their cat and to packing bags.
A few years ago, Orphea quit the walking club because it became
too difficult to schedule with dancing classes twice a week, looking
after their granddaughter once a week, the garden...Orphea did not
realize that she stopped seeing the acquaintances she had made
at the club soon after. She did not notice that the “friends" Justus
and she had often invited for dinner were almost exclusively friends
Justus had made in college. Her own college friends had been liv-
ing far away, too far to keep in touch regularly. She did not realize
that somewhere between the kids moving out, moving from one
side of the country to the other, and making a new home together
with her husband, she had somehow stopped being “Orphea" and
had become a half of something whole that no longer exists. And
tonight, in Dr. Epione’s office, the realization sank in. And the tears
followed.



TOWARDS MEANINGFUL EVALUATIONS OF MONITORING IN EMENTAL HEALTH

Abstract

Background: Artificial intelligence (Al) tools hold much promise for mental
healthcare by increasing the scalability and accessibility of care. However, cur-
rent development and evaluation practices of Al tools limit their meaningfulness
for healthcare contexts and thereby, the practical usefulness of such tools for
professionals and clients alike.

Objective: To move towards meaningful evaluation of Al tools in eMental health,
this chapter demonstrates the evaluation of an Al monitoring tool that detects
the need for more intensive care in an online grief intervention for older mourners
who have lost their spouse.

Method: We leverage the insights from three evaluation approaches: (1) the
F1-metric evaluates the tool's capacity to classify user monitoring parameters
as (a) in need of more intensive support, or (b) recommendable to continue
using the online grief intervention as is; (2) we use linear regression to assess
the predictive value of users’ monitoring parameters for clinical changes in grief,
depression, and loneliness over the course of a 10-week intervention. Finally, (3)
we collect qualitative experience data from eCoaches (N=4) who incorporated
the monitoring in their weekly e-mail guidance during the 10-week intervention.

Results: (1) Based on N=174 binary recommendation decisions, the F1-score
of the monitoring tool was 0.91. (2) Due to minimal change in depression and
loneliness scores after the 10-week intervention, only one linear regression
was conducted. The difference score in grief before and after the intervention
was included as dependent variable. Participants’ (N=21) mean score on the
self-report monitoring, the estimated slope of individually fitted growth curves,
and its standard error (i.e. participants’ response pattern to the monitoring
questions) were used as predictors. Only the mean monitoring score exhibited
predictive value for the observed change in grief (R? = 1.19, SE = 0.33, t(df) =
3.58(16), P = .002). (3) The eCoaches appreciated the monitoring tool as an
opportunity a) to confirm their initial impression about intervention participants,
b) for personalizing their e-mail guidance and c) to detect when participants’
mental health deteriorated during the intervention.

Conclusion: The monitoring tool evaluated in this chapter identifies a need
for more intensive support reasonably well in a non-clinical sample of older
mourners, has some predictive value for the change in grief symptoms during a
10-week intervention, and is appreciated as an additional source of mental health
information by eCoaches who supported mourners during the intervention.
Each evaluation approach in this chapter comes with its own set of limitations,
including (a) skewed class distributions in prediction tasks based on real-life
health data and (b) choosing meaningful statistical analyses based on clinical
trial designs that are not targeted at evaluating Al tools. However, combining
multiple evaluation methods facilitates drawing meaningful conclusions about
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the clinical value of Al monitoring tools for their intended mental health context.
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6.1 Introduction

Artificial intelligence (Al) tools hold much promise for mental healthcare by
increasing the scalability and accessibility of care (Teachman et al., 2022).
They have the potential to identify warning signs of serious mental health prob-
lems earlier than current mental healthcare systems allow and to timely deliver
(digital) mental care, potentially preventing the full onset of mental health dis-
orders, or limiting the severity with which they impair people’s lives (Mufioz,
2022; Teachman et al., 2022). For example, Sakal et al. (2022) describe the
development and evaluation of an Al-based screening tool for geriatric depres-
sion in elderly Chinese people. Taking into account cultural response biases
to traditional depression screening tools, the tool focused on less emotion-
ally sensitive demographic and quality of life predictors such as health status
compared to 3 years ago, hearing status, income, and average hours of sleep
per night in the previous month. The tool was found to perform well during
validation and the authors explain the importance of the non-sensitive nature
of the questions employed by the screening tool for early detection of geriatric
depression in the Chinese aging population. The tool represents a means for
Chinese public health officials to fight the growing mental health treatment
gap in the country. Likewise, Zhang et al. (2024) leveraged Al to extensively
analyze behavior-related and physiological risk factors for suicide in middle- and
older-aged individuals who participated in the UK Biobank population-based
cohort that was recruited between 2006 and 2010. The use of Al and advanced
statistical tools enabled the authors to systematically identify and rank 246
behavior-related and 200 physiological factors and identified 58 robust predict-
ors for suicide risk. The authors explain that the gained insights unravel new
potential avenues for targeted suicide prevention.

Despite such promising examples of how Al tools can contribute to increasing
the scalability, accessibility, and effectiveness of mental healthcare, Al tools are
currently still considered to be in a proof-of-concept stage rather than creating
clinical impact for mental healthcare (Thieme et al., 2023). Tornero-Costa et al.
(2023) describe a mismatch between clinical trial designs that are common in
mental healthcare and desired data qualities for Al development which are often
difficult to reconcile in terms of time, money, and human resources. Al tools
and clinical trials have fundamentally diverged data sampling considerations,
specifically concerning exclusion criteria that are common in clinical trials to
limit the influence of confounders on tested clinical outcomes, or due to safety
considerations. However, given large enough sample sizes, confounders im-
prove the generalizability of Al models which makes them a necessary element
in any representative data set. In mental healthcare, Al tools are currently often
developed in retrospection as secondary outcomes of clinical trials and are
based on clinical data collected for other purposes than model development
(Tornero-Costa et al., 2023).
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In addition, current Al model engineering approaches for mental health are criti-
cized for their focus on perfecting model performance without practical clinical
value (Cabitza & Campagner, 20271; Whiting & Fazel, 2019). Whiting and Fazel
(2019) explain in their recent clinical meta review on the accuracy of prediction
models for detecting suicide risk that only a few models are developed with
independent clinical validation or piloting in mind. Model developers tend to
neglect the clinical meaning of the association between predictors and model
outcomes and are not transparent in their decision-making process leading to
the selection of model parameters (Tornero-Costa et al., 2023). Furthermore,
current practices favor model evaluation metrics such as predictive accuracy
without explaining how they are linked to a clinical decision. In the specific
context of suicide risk detection, the authors advocate that prediction models
should be compared to unstructured clinical assessments of suicide risk to
investigate the incremental benefit of these tools supporting clinician decision-
making. Ultimately, suicide prediction, as any mental health prediction task, is
challenging for both, data-driven prediction and clinical practitioners. To build Al
tools in mental healthcare with clinical impact, we need to start developing and
evaluating models whose outcomes can be clearly linked to clinical decision-
making and their roles in clinical practice should be well-defined. In this chapter,
we evaluate a mental health monitoring tool in an eMental health service for
older mourners by combining the insights from three evaluation approaches.
We encounter some challenges that are common in Al evaluation studies and
showcase how these affect the clinical meaningfulness of our obtained results.
We thereby exemplify the need for Al tools in mental healthcare to go beyond
classical Al evaluation metrics and statistical approaches in clinical research
to have an impact. The next section briefly introduces the monitoring tool
and the eMental health service in which it is embedded before describing our
evaluation approach in more detail. The eMental health service for which the
monitoring tool was developed supports older mourners in processing the loss
of their spouse. We conclude with a discussion of the encountered evaluation
challenges and some suggestions how to move the development of impactful
Al tools in mental healthcare forward.

6.2 Method

6.2.1 Background: the monitoring tool

The monitoring tool that we evaluate in this paper is implemented in an online
grief service for older mourners who have lost their spouse. The grief service
consists of 10 content modules (e.g., unravelling myths and truths about grief)
and exercises and activity suggestions that help the mourner process the
loss and foster positive mental and physical well-being (e.g., writing a farewell
letter to the deceased spouse, reconnecting with one’'s hobbies) (Brodbeck
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et al,, 2022). The monitoring tool complements the service with a bi-weekly
mental health self-check and by analyzing whether it is advisable for the user
to seek offline (professional) support. It has two components: a mental health
user profile and a decision-making component. The mental health user profile
consists of two self-report questionnaires, an initial risk assessment (IRA) and
a continuous risk assessment (CRA). The IRA represents an initial assessment
of the user's affective state and grief symptoms when they start using the
online grief service and controls for risk factors such as whether the loss has
been violent (e.g., their partner committed suicide). The CRA assesses the
extent to which the mourner experiences psychological suffering. The decision-
making component consists of a set of rules that determines whether the
user exceeds a suicidal threshold and a fuzzy cognitive map (FCM) decision
algorithm. It arrives at the decision to either display a recommendation to
seek offline support, or an encouragement to continue using the grief service
as is. Filling in the CRA is optional, the grief program can be used without it.
The development of the monitoring tool, including its parameter selection, the
construction of the two monitoring questionnaires (IRA and CRA), and an initial
error analysis based on fictitious scenarios, is described in detail in Brand| et al.
(2023).

6.2.2 Evaluation context: randomized controlled trial and eCoach focus
group

The current evaluation of the mental health monitoring tool is based on an ongo-
ing randomized controlled trial (RCT) that started in March 2022 in Switzerland
(Brodbeck et al., 2022). The aim of the RCT is to investigate the clinical efficacy
of the above described online grief service and secondarily, to examine which
delivery format of the online grief service (standardized vs. self-tailored) is
associated with better clinical outcomes. At the time of writing this chapter, the
RCT is ongoing until the needed sample size to test the two delivery formats of
the service (standardized self-tailored) is achieved.

Our evaluation approach uses the data of older mourners (60+ years old) who
participated in the RCT. Participants were recruited from the general population
and had experienced the loss of their partner at least 1 month before the RCT.
A more extensive list of inclusion and exclusion criteria can be found in the
dedicated study protocol of the RCT (Brodbeck et al., 2022). During the RCT,
four eCoaches provided guidance in the form of a weekly e-mail with short,
personalized feedback and support. The eCoaches were encouraged to include
participants’ self-reported mood and therapeutic progress and the outcome of
the monitoring tool in the guidance that they provided.
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6.2.3 Evaluation approach

To evaluate the monitoring tool, we: (1) assess the classification performance
of the monitoring decision algorithm using the F;-metric, (2) investigate the
predictive value of participants’ monitoring responses for their clinical change in
grief, depression, and loneliness after the 10-week RCT, and (3) collect qualitative
user experience data to explore the tool's suitability for clinical practice from
trained eCoaches who used the monitoring for their work during the RCT.

For (1), the classification performance was assessed using ground truth clas-
sification labels provided by the eCoaches for the tool's binary outcome (re-
commendation to seek support vs. encouraging to continue using the grief
service as is). The eCoaches determined the ground truth labels based on
their professional assessment given the participant’s progress in the eMental
health service, their bi-weekly monitoring responses, weekly e-mail exchanges
with the participant, and a clinical interview at the beginning of the RCT. The
monitoring's suggested classification was visible to the eCoaches alongside
participants’ raw monitoring responses to facilitate the eCoach’s understanding
of the classification. If the eCoach’s assessment diverged from the outcome
of the monitoring tool, they provided a brief textual explanation about their
rationale. The ground truth labels for the monitoring predictions were provided
by the eCoaches upon request at the time of conducting this analysis. (2) ex-
plores the predictive value of the CRA by relating CRA scores to the difference in
clinical measurements before and after the RCT. (3) focuses on the eCoaches’
experiences with the monitoring tool during the RCT. An online focus group was
conducted in which the four eCoaches discussed how they used the monitoring
tool in their role as eCoaches, how they experienced having the tool at their
disposal, and how they think such a tool could be most useful for mourners
who use the online grief service and for eCoaches such as themselves.

Measures

The continuous risk assessment (CRA) is a multi-dimensional scale that meas-
ures Hopelessness, Grief Symptoms, Social Isolation, and Psychological Crisis
with two items each on a 4-point Likert scale. The items assess the frequency of
emotional suffering in the past two weeks ranging from 0 (Not at all) to 3 (Every
day). The CRA also measures Therapeutic Progress on a 4-point Likert scale
ranging from 0 (Strongly disagree) to 3 (Strongly agree). The CRA serves as in-
put for the fuzzy cognitive map (FCM) algorithm as part of the decision-making
in the monitoring. Its development is described in more detail in Brandl et al.
(2023) and a copy of the tool is included in the Appendix. For this study, the CRA
scores of RCT participants were retrieved from data logs of the grief program.
The three clinical measures (grief, loneliness, depression) were assessed at
three measurement moments during the RCT via an online surveying tool: (1)
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prior to starting the online grief program (ty), (2) after completing the 10-week
intervention (¢1), and (3) 20 weeks after starting the intervention program (t,).
For the current evaluation of the monitoring tool, we only take the first two
measurement moments into account. The clinical measures include an assess-
ment of the mourner’s (1) grief symptoms using the Texas Revised Inventory
of Grief (TRIG) (Futterman et al., 2010), (2) depressive symptoms using the
Patient Health Questionnaire-9 (PHQ-9) (Martin et al,, 2006), and (3) loneliness
via the de Jong Gierveld Loneliness Scale (De Jong Gierveld & Van Tilburg, 2010;
de Jong-Gierveld, 1987).

Data inclusion

For the evaluation of the classification performance, our first approach, we
included any monitoring decision for which the eCoaches provided a ground
truth label. For assessing the predictive value of the CRA for clinical change
during the RCT, however, we only included participants who had (1) completed
the 10-week intervention and (2) filled in the clinical measurements (depression,
grief, loneliness) at baseline and 10 weeks after starting the intervention. We did
not expect the delivery format of the grief program (self-tailored, standardized)
nor that participants in the waitlist control condition received access to the
intervention only after 12 weeks to impact the decisions of the monitoring
algorithm. Likewise, we did not expect the delivery format or the waitlist control
condition to affect the relation between how participants filled in the CRA and
the clinical outcomes. Therefore, we included participants from all arms of the
RCT in this analysis. Specifically, we included CRA scores from RCT weeks 2 to
10. In week 2, the CRA was administered for the first time.

Ethical considerations

The RCT based on which we evaluate the current Al monitoring tool of an
online grief service received medical ethical approval by the Medical Ethical
Committee of Northwestern and Central Switzerland (Business Administra-
tion System for Ethics Committees number 2021-02221) and is registered at
ClinicalTrials.gov (NCT0528004)". All older mourners who participated in the
RCT signed an informed consent form that has been approved by the Med-
ical Ethical Committee of Northwestern and Central Switzerland, allowing the
secondary analysis of their monitoring data for the purpose of evaluating the
online grief service with no further consent required. In addition, the eCoaches
provided written informed consent prior to participation in the focus group. All
analyses involving data of RCT subjects were conducted on an anonymized
data set where each participant is represented by an arbitrary code that is not

Thttps://clinicaltrials.gov/ct2/show/NCT05280041
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related to their identity. The eCoach focus group was recorded and automatic-
ally transcribed using Microsoft Teams. After checking the correctness of the
automatic transcription, the recording was deleted, and the transcription was
de-identified. All subsequent analyses were conducted using the de-identified
focus group transcription. Participants did not receive (financial) compensation
for participating in this research. We refer the reader to the dedicated RCT
study protocol for more detailed information about its ethical review process
(Brodbeck et al., 2022).

6.2.4 Data analyses
Analysis I: Classification evaluation

Our data was sampled from a non-clinical population. Therefore, we expect
few (true) help-seeking recommendations in the sample. This has implications
for choosing an appropriate classification evaluation metric (Paula Branco &
Ribeiro, 2016; Sun et al., 2009). Regarding terminology, in the binary classifica-
tion problem at hand (recommending to seek offline support vs. recommending
to continue using the service as is), we chose the less frequent class, recom-
mending help-seeking, as the positive outcome class and recommendations to
continue using the service as the negative class, as recommended for imbal-
anced classification problems (Paula Branco & Ribeiro, 2016). The F-measure
is used when there is no clear preference for either minimizing false positives
(someone receives an unjustified recommendation to seek support) or false
negatives (someone who needs support does not receive a recommendation to
seek support) because both are regarded as equally important for determining
the classifier's performance. The Fj-score is the harmonic mean between the
true positive rate (TPR; recall) of a classifier and its precision:

true positives
true positives + false negatives

recall =

true positives
true positives + false positives

precision =

recall x precision
recall 4+ precision

The Fy-score is bounded to the interval [0, 1], where 1 represents maximum pre-
cision and recall and 0 represents zero precision and/or recall. All calculations
were performed in Python 3.11 (Van Rossum & Drake, 2009).
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Analysis II: Predicting clinical change using monitoring measurements

The reliability of the continuous risk assessment (CRA) questionnaire is as-
sessed using Spearman-Brown pgp coefficients for its five two-item sub-scales:
Psychological Crisis, Hopelessness, Grief Symptoms, Social Isolation, and
Therapeutic Progress (Eisinga et al., 2013). As pointed out by Tavakol and
Dennick (Tavakol & Dennick, 2011), if a scale measures several constructs,
it is recommended that reliability is assessed separately for each construct.
Since each CRA construct is measured using two items, Spearman-Brown
coefficients were deemed the most appropriate method for assessing reliabil-
ity (Eisinga et al., 2013). To investigate the relation between the CRA and the
clinical outcomes of the RCT, we conduct three linear regression analyses with
the difference in clinical outcomes before and after the grief intervention as
dependent variable and parameters of an individually fitted linear growth curve
(the estimate of the linear coefficient and its standard error, i.e. the slope of the
linear curve) and mean CRA scores as independent variables, as suggested by
Welten et al. (Welten et al., 2018) for repeatedly measured predictors. Analyses
were performed using Python 3.17 and R (R Core Team, 2021).

Analysis lll: eCoaches’ experience with the monitoring tool

An inductive coding scheme was developed and applied in ATLASti (ATLAS ti
Scientific Software Development GmbH, 2023) to the transcript of the eCoach
focus group about their experiences with the monitoring tool during the RCT.
The coding scheme was developed and applied by one researcher and verified
by a second researcher. Any discrepancies were discussed until agreement
was reached. An exemplary code is monitoringExp which summarizes experi-
ences and thoughts that the eCoaches had about having the monitoring at their
disposal.

6.3 Results

6.3.1 Analysis I: Classification evaluation
Participants

The data of 44 RCT participants was included in the assessment of the classific-
ation performance of the monitoring module. On average, these 44 participants
filled in 4.02 (SD 2.2) out of the five bi-weekly CRA questionnaires during the
10-week intervention, amounting to 174 monitoring decisions that were labelled
by hand by the eCoaches.
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Table 6.1: Confusion matrix of the monitoring decision algorithm that either recom-
mends help-seeking or to continue using the mental health service with no change.

Predicted
Positive Negative Total
(Help-seeking recommendation) | (No help-seeking recommendation)
True lables [ Positive 5 1 6
| Negative 0 168 168
Total 5 169 174

Confusion matrix and F';-score

Table 6.1 shows the confusion matrix for the monitoring algorithm'’s decision-
making. Most labelled monitoring decisions (n = 168) were true negatives (TNs),
reflecting that detecting the need for professional intervention in an online grief
service is an extremely imbalanced classification problem. Taking a closer look
at the only false negative (FN) classification, the eCoach explains that they
disagreed with not recommending additional support because the participant
indicated an exacerbation of psycho-somatic symptoms (e.g., heart pounding)
in their e-mail exchange with the eCoach as well as a lack of future perspective.
The FCM does not include psycho-somatic symptoms in its decision-making,
but it does include a measure of “lack of future perspective": hopelessness. Four
out of the five true positives (TP) occurred in the initial monitoring assessment
where additional risk factors are assessed such as a recent inpatient treatment
for a psychological condition. Only two of the three participants did exhibit such
risk factors and those were also named by the eCoach as reasons why they
agreed with the recommendation to seek additional support. The remaining
TPs represented moments of elevated emotional suffering as reflected by the
participants’ monitoring responses in the CRA. The monitoring algorithm'’s
F{-score was 0.91.

6.3.2 Analysis ll: Predictive value CRA for clinical change
Participants

Since we only included participants who had (1) completed the 10-week inter-
vention and (2) filled in the clinical measurements (depression, grief, loneliness)
at baseline and ten weeks after starting the intervention, 21 participants were
included in the analysis that assesses the predictive value of the CRA. Parti-
cipants’ mean age was 60.1 years (SD 11.4 years). 18 participants were female
and 3 were male. Using Spearman-Brown coefficients psp to assess the reli-
ability of the five CRA sub-scales resulted in psp = 0.74 for the Hopelessness
sub-scale, psp = 0.70 for the Grief Symptoms and Therapeutic Progress sub-
scales, psp = 0.66 for the Psychological Crisis construct, and psp = 0.14 for
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the Social Isolation sub-scale. psp scores between 0.5 and 0.7 are considered
fair and scores between 0.7 and 0.9 are considered good (Nutley et al., 2023).
Further looking into the low Spearman-Brown coefficient psp for the Social Isol-
ation construct revealed that the two items in the sub-scale correlated poorly
(Pearson’s r = 0.08).

Linear regression analysis

Table 6.2: Descriptives of the independent and dependent variables in the regression
analysis. *(n=84, 21/105, 20% missing values)

Scale
Parameter Mean (SD) Median [Min,Max] range
CRA total* 8.68 (4.16) 9.0[1.0,21.0] 0-24
t1 —10 Grief -2.9(5.37) -2.0[12.0,6.0] 5-80
difference  Depression -0.76 (2.83) 0.0[-7.0,5.0] 0-27
(N=21) Loneliness  -0.29 (1.27) 0.0[-3.0,3.0] 0-6

Table 6.2 shows the descriptives of the dependent and independent variables in
the regression analysis. Depression and loneliness measurements before the
RCT (to) and after the RCT (t;) differed little, making it difficult to reliably fit a
model using either as dependent variable. We therefore decided to only conduct
one regression analysis with the difference in grief scores before and after the
RCT as dependent variable. Not everyone filled in the CRA regularly, resulting
in n = 84 CRA measurements that were included in the analysis. Figure 6.1
shows a subset of the fitted individual growth curves, the entire set is included
in the Appendix. Table 6.3 summarizes the results of the linear regression
analysis with difference in grief before and after the RCT as dependent variable
and individual CRA growth curves and CRA means as predictors. Overall, the
regression model fit the observed data well (R? = 0.45, F(df) = 4.42(3,16),
P = .019). Neither the slope of the individually fitted CRA curves (R? = —1.18,
SE = 2.21,t(df) = —0.54(16), P = .60), nor their standard error (R? = —4.45,
SE = 3.03, t(df) = —1.47(16), P = .16) predict how grief symptoms change
during the RCT. CRA mean scores do have predictive value for how mourners’
grief scores change during the intervention (R? = 1.19, SE = 0.33, t(df) =
3.58(16), P = .002). We checked statistical assumptions visually, including
normality and homoscedasticity of residuals, and found none to be violated.
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Figure 6.1: Subset of fitted linear individual growth curves that serve as predictor
variables in the regression analysis.

Table 6.3: Summary of the linear regression analysis with individually fitted growth
curve parameters and CRA mean scores as independent and difference in grief before
and after the 10-week online grief intervention as dependent variables.

R® 95% CI t(df) P value
Intercept —11.37 [-16.82,—-5.92] —4.42(76) < .001
Slope of the growth curve 1.18 [-5.87,3.5] —0.54(16) .60
Standard error of the
growth curve slope —4.45 [—10.88,1.98] —1.47(76) .16
CRA mean 1.19 [0.48,1.89]  3.58(16) .002
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6.3.3 Analysis lll: eCoaches’ experience with the monitoring tool

All eCoaches that provided guidance during the RCT (N=4) participated in the
online focus group to discuss their experience with the monitoring tool. The
eCoach team consisted of one trained psychological therapist and three final
year clinical psychology students who partook in the e-coaching as part of their
training. Their mean age was 26.9 years (SD 2.69 years). All eCoaches were
female. The final year students were trained to provide e-mail guidance and
where closely supervised by a trained psychotherapist.

Before the start of the RCT, the eCoaches discussed how they would use the
monitoring tool to check on participants’ health regularly. To determine a de-
terioration in a participant’s mental health, the eCoaches took into account
the mourner’'s CRA responses, recommendations suggested by the monitor-
ing algorithm, their impression about the mourner from the clinical interview
(e.g., knowledge about the death anniversary date of the deceased), and the
mourner’s weekly e-mail communication, if available. The eCoaches weighted
recent CRA responses most and whether there was a pattern in the response be-
havior. One eCoach explained that they incorporated the monitoring responses
into their weekly guidance e-mails for unresponsive participants to personalize
their contact with them. All eCoaches confirmed that they used the monitoring
to confirm their existing impressions of participants:

‘I think we regarded it as a kind of a safety option, to check how
people are feeling and how it aligns with our impression of the
person and the remaining contact we have with them. And for us to
reflect, did we overlook anything or forget to ask anything?” (eCoach

D)

The eCoaches unanimously experienced having another source of informa-
tion as helpful, especially for participants who otherwise communicated little
with them during the RCT. The eCoaches experienced being able to monitor
participants’ progress with the grief service as supportive and reassuring:

“Whether they [the mourner] made progress or deteriorated, a kind
of support for recognizing if anything were to happen. Maybe if they
[the mourner] did not tell us, to have another chance at detecting it
(eCoach 3)

Another eCoach agreed that they were curious about what participants respon-
ded in the monitoring, especially when mourners worked on intervention content
that the eCoaches knew to be challenging for some mourners, such as writing
a farewell letter to the deceased spouse.

For future versions of the monitoring tool, the eCoaches suggested providing
feedback directly to the mourner, such as a regular written summaries and
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recommendations to seek additional support in times of crisis. This could
support the mourner’s reflection about their affective states and encourage
them to seek offline support pro-actively instead of waiting until an eCoach
advises them to seek support. In addition, the eCoaches expressed they would
prefer to receive warning messages for example via SMS whenever the condition
of a mourner deteriorates drastically to facilitate immediate intervention.

6.4 Discussion

The current study is situated in the rapidly emerging field of Al tools for mental
healthcare and evaluates a monitoring module in an online grief intervention
for older mourners with the aim of guiding them to offline support if their
mental health deteriorates. We leveraged the insights from three evaluation
approaches and encountered three main challenges when trying to come up
with satisfactory and clear conclusions about “how well” a monitoring such as
the one evaluated in this study performs.

First, many clinical classification problems are (extremely) imbalanced, mean-
ing that the class for which correct classification is crucial (e.g., recommending
help-seeking, detecting a malicious tumor, etc.) is underrepresented in real-life
data sets (Sun et al,, 2009). While there are evaluation metrics, including the
Fy-metric (Apostolopoulos & Groumpos, 2023; Paula Branco & Ribeiro, 2016)
that we used in the current paper, to mitigate class imbalance to some extent
(Raeder et al,, 2012), the clinical meaningfulness of obtained results should still
be appraised critically. Complementing the evaluation with qualitative accounts
from clinical practice is in line with Whiting and Fazel (2019)’s suggestion to
consider the incremental benefit of Al tools in clinical practice and stress that
any thorough evaluation of a monitoring tool should go beyond quantifiable
accuracies and statistics. A monitoring tool that does not match the needs and
preferences of its users and the clinical context in which it is used will ultimately
not be used, regardless of its classification performance (Sendak et al., 2020).
The qualitative evaluation of the tool revealed that the eCoaches envisioned the
tool not only as a regular mental health check, but also an emergency detection
tool for short-term psychological crisis. A more appropriate approach to evalu-
ating the latter would be to investigate CRA measures around an episode of
psychological crisis. However, the low prevalence of psychological crisis in our
data makes any evaluation targeted at detecting emergencies impossible. The
tool should be evaluated in a clinical sample in which short-term psychological
crisis is expected to arise more frequently to investigate its suitability as an
emergency detection tool.

Finding appropriate statistical approaches to evaluate Al tools for clinical prac-
tice using real-life mental health data represents a second challenge. Despite
the mixed results obtained in this study, we argue that statistical approaches
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that allow for the explicit modelling of individual differences should receive more
attention in future evaluations of Al tools in mental healthcare. Individual growth
curve predictors are recommended when distinct developmental patterns are
expected across outcome groups, in our case, the level of the individual mourner
(Welten et al., 2018). Grief and its experienced intensity are inherently individual
(Mancini & Bonanno, 2011), suggesting from a clinical point of view that in-
dividually optimised growth curves are a suitable means of analysis. In this
chapter, individually fitted CRA growth curves captured participants’ response
patterns variably well. Participants’ response patterns may require more com-
plex functions (e.g., quadratic, cubic, etc.) than linearly fitted curves. Another
reason why the estimated growth curves fit participants’ response patterns
variably well are missing values (Welten et al., 2018). The reliability of the un-
derlying measurement tool likewise impacts the fit of estimated growth curves.
The Social Isolation sub-scale needs revision since its two items were poorly
correlated. The two items capture two different dimensions of being socially
isolated: the feeling of being a burden to others and active social withdrawal
behavior. It is difficult to reliably assess two dimensions of a construct using
only two items. The construction of two-item scales is generally discouraged in
terms of reliability (Eisinga et al., 2013), however, to limit the burden of filling in
mental health checks regularly as part of a digital mental health service, short
self-assessment tools are needed. In this context, incorporating less obtrus-
ive assessment methods in digital mental health services, including sensing
technologies (Abdullah & Choudhury, 2018) and natural language processing
(Malgaroli et al., 2023), to complement self-report monitoring of clients” mental
states should be considered in the future.

To move towards well developed monitoring systems in eMental health, we
recommend clear and early decision-making about a) the responsibilities of the
monitoring tool in the eMental health application (and which responsibilities
the tool does not have) and b) what it takes to evaluate the tool in a satisfactory
way so that it can live up to these responsibilities and contribute in a meaningful
way to clinical practice. Currently, Al tools are often developed as secondary
goals to the development of a new eMental health application (Tornero-Costa
et al., 2023), which represents the third identified challenge since it limits time
and effort invested into their development and evaluation. Extracting clinically
meaningful results using common methods for evaluating Al tools is complex.
Hence, such tools cannot afford ambiguities regarding their capabilities and
responsibilities that further complicate the evaluation process.

6.4.1 Limitations

The current study has limitations. First, the eCoaches that provided the ground
truth labels for assessing the classification performance of the monitoring
tool had access to the tool's suggested decisions at the time of labelling par-
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ticipants’ monitoring response patterns as either “advisable to seek support”
vs. “fine to continue using the grief service as is”. Having access to the tool's
suggestions may have biased the eCoaches’ ground truth labels in favor of the
monitoring tool. However, the ground truth labels were provided by the coaches
upon request at the time of conducting the analyses in this study, after RCT
participants that were included in this study had completed the 10-week grief
intervention. Therefore, in practice, the eCoaches revisited participants’ mon-
itoring responses retrospectively, as well as their own initial decision-making
during participants’ participation in the RCT. The retrospective nature of the
labelling task likely limited the potentially introduced bias since the eCoaches
had the knowledge of the participants’ trial outcome at their disposal, solidifying
the truth of the provided labels. With regard to providing clinically meaningful
insights, a second limitation of the current study is the small sample size in
the regression analysis and the small number of psychological crisis events in
the classification evaluation analysis that we mentioned earlier. Any (clinical)
conclusions based on the obtained results should be drawn with caution.

6.5 Conclusion

In recent years, the demand for high-quality and accessible mental healthcare
has been increasing. Digital mental health self-help services have potential
to support today’s healthcare systems in meeting care demands and their
potential is further increased by leveraging the benefits of emerging Al tools,
including monitoring tools that track users’ affective states and guide them
towards offline support if their mental health warrants professional intervention.
Such Al tools come with challenges that must be addressed systematically
before they have an impact in clinical practice. These challenges include finding
meaningful evaluation approaches in the face of (1) (extremely) imbalanced
real-life clinical data sets, (2) ambiguous demands and expectations regarding
the capabilities and responsibilities of such tools in eMental health and (3)
priority misalignments between evaluation approaches for Al tools and the
overarching goals of clinical trials in which their evaluation is usually embedded.
We hope to contribute to an enhanced awareness about these challenges and
thereby to developing evaluation approaches for Al tools in eMental health that
facilitate their introduction in clinical practice.
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Prologue

Orphea puts on an instrumental piece of music that she has be-
come fond of in the past months. Two or three modules into the
e-learning, Orphea had made a habit of listening to motion picture
soundtracks of movies that she and Justus had watched together in
the past. This will be a difficult final exercise and Orphea welcomes
the familiarity of this simple, but surprisingly soothing little ritual
while she starts writing on the white sheet of paper in front of her:
“Dear Justus, my love, ...farewell.".



GENERAL DISCUSSION

In the past chapters of this dissertation, we have summarized the research
involved in developing a system to monitor mourners’ mental health with the
aim of detecting pathological tendencies in the context of an online self-help
grief service for older adults who have lost their spouse. The aim of such
a system is to inform decision-making about stepping up to more intensive
bereavement support if necessary. This dissertation informed the development
of such a system in five research steps:

1. The selection of reliable indicators for people’'s mental health and changes
thereof in the context of an online self-help grief service (chapters 2 and
4).

2. The definition of a measurement protocol including decisions about the
frequency of measurements, assessment tools, and the processing of col-
lected monitoring data for decision-making about recommending mourn-
ers to seek more intensive bereavement support (chapter 4).

3. The selection and configuration of an automatic decision-making com-
ponent (chapters 3 and 4).

4. Exploring a strategy for communicating the results of the monitoring to
mourners and/or care professionals (chapter 5).

5. Athorough evaluation of the developed monitoring system with regard to
user acceptance and experience, accuracy of algorithmic decision-making
and clinical relevance (chapters 5 and 6).

This dissertation thereby provides a blueprint for the development of monitor-
ing systems in eMental health and exemplifies a research path to inform the
development of such systems. The steps that we have taken as well as the
lessons we have learned along the way are by no means exhaustive. However,
this dissertation can serve fellow researchers that aim to develop similar mon-
itoring systems as a starting point. In this general discussion, we will give an
overview of the key results and insights that we gained regarding each of the
above mentioned steps and we will put our findings into a broader context,
discussing some limitations, challenges and opportunities for future work.

In chapter 2, we consulted an expert-panel in grief and eHealth using the Delphi
method with two goals: (1) arriving at a set of user characteristics that we
can monitor to inform decision-making about a) whether the mourner should
consider seeking more intensive bereavement support even before starting the
online grief service and b) to detect if the user’'s mental health deteriorates to
the extent that professional intervention is warranted once they start using the
service. (2) The second aim of the research documented in chapter 2 was to
explore a personalization strategy for adapting the content of the online grief
service to the needs of the mourner. This chapter contributes a ranked set of
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monitoring parameters for monitoring grief symptoms, and the aggregation of
several ways of adapting the content of eMental health services in a conceptual
personalization model. We also critically reflect on the use of the Delphi method
for early personalization research in eHealth.

Chapter 3 introduces fuzzy cognitive mapping (FCM), a soft computing tech-
nigue that can be used to build explainable decision models based on expert
knowledge. The chapter explains the theoretical and technical foundations
of the decision-making algorithm presented in chapter 4. The chapter does
not represent a new technical contribution to the field of FCM. However, it
explores a new application area for FCMs while providing fellow researchers
with theoretical and practical guidelines for using the method for researching
decision-making systems in the field of eMental health. The transparency, in-
terpretability, ability to handle uncertainty, and independence of large training
data sets to arrive at an initial model configuration make FCM a promising
methodology for developing algorithms for automatic decision-making in men-
tal healthcare. By critically reflecting on the limitations of FCM for the mental
health domain, including the lack of a straightforward way to include a client's
clinical history in the model and important implications of the mathematical
foundations of the technique, we also identify areas of future work for applying
FCM to the mental health domain.

Chapter 4 continues the applied research towards the development of a monit-
oring system to inform decision-making about recommending more intensive
bereavement support in the LEAVES online grief service. Based on the results
from chapter 2, it presents the measurement protocol, assessment tools, and a
FCM-based decision algorithm, alongside a first scenario-based evaluation of
the developed monitoring module.

In chapter 5, the perspectives of grief professionals and older mourners about
the LEAVES monitoring system and recommendations that the system gives
about help-seeking are integrated into design principles for help-seeking recom-
mendations targeted at older adults. The main insight of this chapter is that to
make support on-demand work it should be a core feature of the entire online
service, including preparing older mourners practically for help-seeking should
the need arise and increasing their mental health literacy, including fostering
a positive attitude towards seeking mental health support. This requires that
the service prepares users to take action in times of need well before the need
arises by informing them about support options in their physical vicinity, clinical
or otherwise, and encouraging them to prepare actionable steps they can easily
follow.

Finally, in chapter 6, based on a three-fold approach, we evaluate the LEAVES
monitoring system by assessing a) the accuracy of the decisions made by the
FCM model using the F;—metric, b) how well its assessment tools capture
clinical changes in grief over the course of a 10-week intervention, and c) the
system'’s perceived usefulness by eCoaches who used it to inform the guidance
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they provided to mourners during the 10-week intervention. We find that the de-
veloped monitoring system performs reasonably well using standard machine
learning evaluation metrics, but we critically question the meaningfulness of
commonly used evaluation metrics and strategies in machine learning and clin-
ical trials for evaluating algorithmic decision-making in eMental health. Chapter
6 rounds off the research involved in the development of the monitoring system
for the LEAVES online grief service.

7.1 Stepping up in preventative eMental health for grief

The research in this dissertation has been applied for the development of a
monitoring system that facilitates support-on demand, a form of stepped care
that recommends help-seeking based on mental health monitoring, but does
not enforce stepping up care unless the client takes the initiative. Stepped
care has been investigated in various forms in mental healthcare for years
(Cornish, 2020; O’'Donohue & Draper, 2010). As a response to the increasing
crisis of access in mental healthcare where the demand for mental health
support exceeds treatment capacity, stepped care addresses the inefficient and
unsustainable allocation of treatment resources including people-intensive and
expensive psychotherapy and psychopharmacological treatment. In stepped
care, higher intensity treatment usually involves professional care. With the
rise of eHealth, digital self-help interventions have been added to the lower
intensity repertoire of stepped care and their effectiveness for treating mild to
moderately severe mental health problems has been documented (O’'Donohue
& Draper, 2010). For example, for major depressive disorder, O'Donohue and
Draper (2070) suggest 1. group therapy, 2. individual outpatient therapy, 3.
medication, and 4. inpatient therapy as higher intensity treatment options after
self-guided therapy using eHealth has been exhausted.

The online grief service presented in this dissertation represents a low-intensity
support option for mourners, specifically targeted at preventing the exacerba-
tion of grief symptoms. An insight we gained in this dissertation is that support
options outside the clinical healthcare system can be viable, low-threshold
alternatives for stepping up support from online self-help. For some clients and
mental health problems, including non-clinical higher intensity support options
may even be preferable. Specifically, the idea of facilitating and encouraging
connecting with bereavement support offered by individuals, communities, and
services in the mourner’s physical vicinity was suggested as a step up option in
chapter 4 of this dissertation. The advantage of broadening step-up options
to include non-clinical support is that often, alternative bereavement support
is already available, such as in the form of peer support groups and volunteer
organizations. Grief support groups may vary in whether they are lead by a peer
or a professional and the extent to which they embrace a certain philosophical
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or spiritual viewpoint about death and grief (O’'Donohue & Draper, 2010). Finding
a 'good fit’ can be challenging and therefore, a valuable addition to the content
of an online grief service to facilitate the expansion of the mourner’s support
network and finding a safe space where they can exchange experiences and find
comfort. Ultimately, returning to Breen et al. (2022)’s notion of ‘grief-denying’
societies, including non-clinical steps in stepped care for grief can contribute
to the deinstitutionalization and deprofessionalization of bereavement care,
paving the way towards a more grief-literate society.

The mental healthcare landscape, including the way it implements stepped
care, needs to evolve with current societal changes. Part of the necessity for
change relates to a cornerstone assumption of stepped care. In its original form,
stepped care assumes that high intensity treatment is the best solution for
clients with more severe symptoms whereas low intensity treatment does not
work for them. One consequence of this specific assumption is that stepped
care policies have focused on saving treatment options that involve expensive
professional care for higher intensity levels. However, recently, this assumption
has been critically questioned (Cornish, 2020) as evidence has accumulated
that low intensity digital mental health support benefits everybody, regardless
of symptom severity (Aoun et al., 2018; Bower et al., 2013; Breen et al., 2022). An
understanding has emerged that allocating treatment based on symptom sever-
ity and complexity alone is unjustified as other factors are equally important
to consider when it comes to choosing optimal treatment for clients. Cornish
(2020) explains that in recent years, stepped care has moved from being “client-
centered” to being “client-centric”, meaning that mental healthcare is gradually
moving towards allocating mental health support based on client preferences,
goals and strengths. “Client-centric" healthcare focuses on enabling clients
to make informed decisions about their own treatment, rather than solely and
unknowingly relying on decision-making by experts about what is best for them.
We have seen the same trend towards incorporating client preferences and
strengths in this dissertation where mourners requested to remain in control
about involving a professional in their grief process (chapter 5). In addition, grief
professionals pointed out that the LEAVES fuzzy cognitive map decision model
focuses too much on negative symptoms, while neglecting the influence of
other factors, such as positive reminiscing, on decision-making about stepping
up bereavement care (chapter 6). These two examples from this dissertation,
as well as the earlier mentioned idea of including non-clinical options in stepped
care applied to bereavement support, reflect a societal movement towards
“‘client-centric" mental healthcare that at the same time requires and is fueled
by an increase in mental health literacy in the general population.
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7.2 Algorithmic decision-making in eMental health

Decision-making by non-human actors, including algorithms, is an essential
item on the research agenda as we move towards client-centricity in stepped
care. Employing preventative mental health support via stand-alone digital
services has implications for guaranteeing that this form of mental health-
care remains self-corrective (Cornish, 2020). In the context of stepped care,
“self-corrective" means that higher intensity treatment in terms of stakeholder
involvement will be offered to those who need and want it based on regular
check-ups and progress assessments. The research in this dissertation works
towards techniques that enable stepping up from preventative support to active
treatment when no healthcare professional is involved in the decision-making.
Instead, we are moving towards digital services that provide the necessary in-
formation for clients to make informed decisions about their treatment options.
This is a plausible scenario for a preventative online service. When we use
algorithms and other artificial intelligence tools to inform decision-making in
this context, it is of paramount importance that they are not only reasonably
accurate, but indeed supporting the client in their decision-making.

There has been a rapid growth in studies that explore artificial intelligence (Al) in
the field of mental health (Thieme et al,, 2023). Al has been applied (1) for men-
tal health diagnosis, symptom or risk detection (Nobles et al., 2018), often using
sensor and text data, (2) to improve treatment access and delivery, including
chatbots and other conversation-based approaches (Fitzpatrick et al., 2017), and
(3) for Al-based decision-support for treatment selection (Chikersal et al., 2020;
Delgadillo et al,, 2022). This dissertation contributes a thorough initial explora-
tion of a specific type of automatic decision model, fuzzy cognitive mapping
(FCM), to the ongoing research field of algorithmic decision-making in mental
health. On top of that, by integrating a form of automatic decision-making in an
online mental health service where potentially no human professional is involved
in decision-making, our research represents a novel application of Al-based
decision-support for stepping up mental health support. Whereas Al-based
mental health decision-support for healthcare professionals has attracted some
interest in recent years (e.g., Delgadillo et al. (2022)), decision-support that in-
forms client decision-making about treatment options represents a relatively
uncharted field of research. The trend towards client-centric approaches, where
clients take more responsibility for their own treatment, raises new questions
about how digital mental health services can provide clients with the necessary
knowledge and skills to make good decisions. Part of providing clients with
the necessary information is to give the client an overview of their treatment
options and to point out costs, requirements in terms of engagement and time,
and outcome prospective (Cornish, 2020). But how exactly does mental health
decision-support targeted at clients differ from decision-support targeted at
healthcare professionals? In client decision-support, people face difficult and
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impactful decisions about their health while potentially being mentally and
emotionally at their worst. Unfortunately, we still know little about how specific
mental health issues and emotional vulnerability influence people’'s capacity to
make good health decisions (Bishop & Gagne, 2018; Hindmarch et al., 2013).
Consequently, more research is needed about how clients’ mental and emo-
tional vulnerability factors into the design of client decision-support, specifically
about stepping up care in preventative self-help online mental health services.

Another interesting question about designing client decision-support is in what
way client-centric systems differ regarding requirements about transparency
and explainability. Given clients’ emotional vulnerability, we anticipate a more
pronounced need for emotional and practical guidance regarding stepping
up mental health support, whereas technical details about how a decision
model arrives at a recommendation may be less relevant to disclose in detail.
Nevertheless, transparency is essential for the sake of persuading the client to
take the initiative in seeking mental health support (Tielman et al.,, 2019), and to
empower a client’s inquiry for higher intensity treatment when they reach out to
a mental healthcare professional. For example, by providing comprehensive
empiric evidence gathered by regular mental health check-ups or continuous
monitoring of relevant physiological symptoms, such as measurements of
sleep quality and self-report tracking of other somatic symptoms, the self-
help mental health service can support a client’s case for stepping up mental
health treatment. In sum, to advance the development of algorithmic decision-
making in preventative online mental health services, we must look beyond the
often isolated design and evaluation of Al-based decision models and take a
closer look at the interactions between client characteristics, including their
vulnerabilities, strengths and preferences, and the mental healthcare system
as a whole to develop services that support people in making well-informed
mental health decisions, and to support clients in taking the initiative in seeking
mental health support (chapter 5 of this dissertation).

7.3 Limitations and future work

The research path that we have paved in this dissertation for the development
of a monitoring system for stepping up care in an online grief service has
limitations and some of those we would like to acknowledge and highlight
at this point. Often times, fortunately, limitations of past research efforts are
simultaneously a source for inspiration and a starting point for future work.

First, while applying the traditional form of fuzzy cognitive mapping (FCM) to
the LEAVES monitoring system, methodological advances in the field of FCM
continued in parallel that we did not take into account while developing our own
FCM-based decision algorithm (chapter 4). We mention these recent advances
in our introduction to FCMs (chapter 3), in the hope that the interested reader
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and fellow researcher who wishes to apply FCM in their own research will look
beyond this dissertation to inform themselves about FCMs. In hindsight and
in light of the recent methodological advances, there were alternatives for the
configuration (chapter 4) and evaluation (chapter 5 and 6) of the LEAVES FCM
that we did not mention explicitly in the respective chapters of this dissertation.
These include the exploration of alternative reasoning rules that are independ-
ent of sigmoid and hyperbolic tangent activation and a thorough simulation
evaluation of the model's dynamic behavior as suggested by Napoles et al.
(2024). Based on the evaluation that we did conduct using scenarios (chapter
4) and the qualitative and quantitative data of real mourners (chapter 5 and
6), we have been able to offer some insight into the utility and accuracy of the
LEAVES decision-making algorithm. However, as we point out in chapter 6, it
remains challenging to draw clinically meaningful conclusions using common
evaluation approaches in the field of artificial intelligence, or in mental health-
care. This is also why eventually, we opted for combining several evaluation
approaches. In particular, our chosen evaluation approach for the LEAVES FCM,
including scenarios and exploring Fy scores, offers some confidence that the
model does not converge to a unique fixed point attractor, in which case no real
decision-making would take place. Still, more insight into the model's dynamic
behavior would be desirable for future applications of the algorithm described
in this thesis. By extending our evaluation approach with an investigation of the
FCM’s dynamic behavior, we could have added one more criterion to base our
evaluation on. It remains for future work, however, to examine to what extent
this FCM-specific evaluation technique will contribute to generating clinically
meaningful evaluation metrics for FCMs in the mental health domain.

The discontinuation of our research about personalization strategies for online
grief self-help services for older adults represents a second limitation of this
dissertation. Chapter 2 of this dissertation had two goals, (1) determining mon-
itoring parameters for decision-making about recommending help-seeking in
an online grief service and (2) defining a personalization strategy for adapting
such an online service to the needs of the user. While we met both aims in
chapter 2, due to practical considerations relating to the overarching goals and
requirements of the research project in which our research was situated, we
discontinued further investigation and validation of the conceptual personal-
ization model in the remainder of this dissertation. There is some conceptual
overlap between these two initial research endeavours (monitoring and person-
alization) as adapting treatment options based on symptom severity represents
one form of personalising an online self-help service to the user. The concep-
tual distinction between initial and dynamic adaptations likewise resurfaces
in our later distinction between an initial and a continuous risk assessment
for monitoring mental health (chapter 4). One can further argue that regular
monitoring is a pre-requisite for dynamic tailoring of therapeutic content and
that trends towards client-centric decision-making in stepped care also apply
to personalization, where client strengths and goals can be a starting point for
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personalizing therapeutic content (Burley et al., 2020). To be more specific,
we consider our insights about the dynamics of user parameters that form
the foundation for decision-making, automatic decision-making models and
their challenges, and the importance of including the client in decision-making
equally relevant for future exploration of the conceptual personalization model
that we proposed in chapter 2. In addition, we encourage other researchers to
explore the suitability of fuzzy cognitive mapping for building personalization
algorithms and to put our insights regarding the challenges of drawing (clin-
ically) meaningful conclusions about algorithmic decision-making in eMental
health into practice, be it for monitoring or for personalization purposes.

7.4 Conclusion

At some point, life confronts most people with the loss of an acquaintance, a
friend, or a family member and when it does, we are struck with loss and grief.
Despite being a common occurrence, we appear to live in a “grief-denying" soci-
ety where people tend to feel overwhelmed by comforting colleagues, friends,
and family members and advice about how to be compassionate in the face of
another’s suffering is scarce. Unfortunately, this can isolate mourners socially
and emotionally. Where one’s support network and own coping strategies are
insufficient, grief can develop into a serious mental health problem. eMental
health applications can help to prevent the exacerbation of grief symptoms into
mental illness by a) offering information about the grief process, b) supporting
mourners in the process of adapting to a life without the deceased, and ¢)
detecting maladaptive grief coping and the exacerbation of grief symptoms
into pathological tendencies that warrant more intensive forms of bereavement
support. The research summarized in this dissertation has informed the devel-
opment of an automatic risk detection system to inform client decision-making
about stepping up bereavement support from online self-help to offline (pro-
fessional) support. The results of this dissertation contribute to the ongoing
research field of algorithmic decision-making in eMental health, offering insights
about the suitability of a specific form of decision-model, fuzzy cognitive maps,
and practical advice about how to implement it, while raising questions and
unravelling challenges linked to the integration of algorithmic decision-making
into online mental health self-help services.
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Epilogue

“ .50 there is pain, so much pain. But the pain starts to make space
for... gratitude. Gratitude for the good years that we had, the difficult
times that we somehow managed to get through, gratitude for the
space and support that you gave me throughout the years. | can
feel that slowly, very, very slowly gratitude is sneaking into tiny little
bits of space that were burned out by pain and grief". Orphea puts
down her pen and sits back. The motion picture soundtrack she
had put on finished playing hours ago. As she turns towards the
window she notices the first rays of sunlight breaking through the
dark of the morning. It seems to be a chilly, but sunny December
day. “This is not the end, this is not farewell, not really.", she thinks
as she pushes back from the desk. She turns off the computer and
walks across the room while she muses “Something is different,
| am different. | will always miss having you by my side, always.
Being able to exchange thoughts, laugh together, to hug and touch
and kiss. Somehow - it is difficult to put into words - it feels as if
we have started a new conversation, you and |. And | have never
shared this kind of conversation with anyone else before."
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Initial risk assessment questionnaire (IRA)

Ratings in brackets
Time passed since spousal loss
1. How much time has passed since you lost your partner?
Less than a month (0)
Between 1 to 6 months (1)
Between 7 to 12 months (2)
More than 12 months ago (3)

oooo

Characteristics of the loss
2. Did the circumstances of your loss involve any of the following

e Accident
e Suicide
e Violence
O Yes(1)
O No(0)

Inpatient treatment
3. Have you received treatment for a psychological condition in an inpatient clinic in the
past?
O Yes, in the past year (1)
O Yes, more than a year ago (0)
0 No(0)

Technical skills
4. How would you describe your skills with a computer and the internet? (Ratings in
parentheses)
O Very poorly, | avoid using the computer as much as possible. (0)
Poor, | often need assistance to find my way around the computer and the internet. (1)
0O Fair, | can perform standard actions on the computer without assistance, for example
sending and reading e-mails, printing, or managing my bank account online. (2)
0O Good, | perform standard actions regularly on the computer and occasionally use it for
other purposes (e.g., playing games, booking a vacation, online shopping. (3)
O Very good, | find my way around the computer and the internet very easily and use both
regularly for standard business and other purposes. (4)

O

Suicidality
1. Inthe past 2 weeks, | have contemplated to commit suicide.
O Yes(1)
O No(0)

If yes, adapted Scale for Suicide Ideation (SSI) items 12 through 16 assess plans,
preparations, and resolve to make a suicide attempt:

2. In the past 2 weeks, | have considered a plan for a suicide attempt.

O No, I have not worked out a plan. (0)

O Yes, but the details of the plan are not worked out. (1)

O Yes, and the details of the plan are well worked out. (2)
3. In the past 2 weeks, | felt that there was an opening for a suicide attempt or a suicide
plan that | thought about was available.

O The contemplated plan is not available; there is no opportunity. (0)

O The contemplated plan would take time and/or effort and it is not readily

available. | don’t see an opportunity. (1)
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Initial risk assessment questionnaire (IRA)

Ratings in brackets
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sending and reading e-mails, printing, or managing my bank account online. (2)
0  Good, | perform standard actions regularly on the computer and occasionally use it for
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Suicidality
1. Inthe past 2 weeks, | have contemplated to commit suicide.
O Yes(1)
O No(0)

If yes, adapted Scale for Suicide Ideation (SSI) items 12 through 16 assess plans,
preparations, and resolve to make a suicide attempt:

2. In the past 2 weeks, | have considered a plan for a suicide attempt.

O No, | have not worked out a plan. (0)

O Yes, but the details of the plan are not worked out. (1)

O Yes, and the details of the plan are well worked out. (2)
3. In the past 2 weeks, | felt that there was an opening for a suicide attempt or a suicide
plan that | thought about was available.

0O The contemplated plan is not available; there is no opportunity. (0)

O The contemplated plan would take time and/or effort and it is not readily

available. | don’t see an opportunity. (1)
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O The contemplated plan is available or there is another opportunity to commit
suicide. (2)
O | anticipate that in the future, the contemplated plan will be available or there will
be an opportunity. (2)
4. In the past 2 weeks, | have considered how capable | am to commit suicide.
0 | am certain that | have no courage and/or no competence to commit suicide.
(0)
O | am uncertain of my courage and/or competence to commit suicide. (1)
0 | am certain that | have courage and/or competence to commit suicide. (2)
5. In the past 2 weeks, | have engaged in actual preparation for the contemplated suicide
plan.
O No, | did no preparation at all. (0)
O | started to prepare the contemplated suicide plan. (2)
O | have completed preparing the contemplated suicide plan. (2)
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Continuous risk assessment questionnaire (CRA)

Crisis detection
1. In the past 2 weeks, how often have you felt impaired in your daily life or experienced severe
emotional distress which made it difficult to think of other things?
O Notatall
O Afew days
O More than half the days
O (Nearly) every day

2. Inthe past 2 weeks, how often have you felt that you need extra support to cope with
everyday life or getting through the day?
O Notatall
0O Afewdays
O More than half the days
O (Nearly) every day

Depressive symptom: Hopelessness
1. In the past 2 weeks, how often have you given up because your future feels dark, and seems
to only get darker?
O Notatall
0O Afew days
0 More than half the days
0 (Nearly) every day

2. Inthe past 2 weeks, how often have you felt that all that awaits you in your future is
emptiness, loneliness or suffering and that there is nothing you can do about it?
O Notatall
0 Afew days
0O More than half the days
0 (Nearly) every day

Grief symptoms
1. In the past 2 weeks, how often have you felt impaired in your daily activities by intense feelings of
emotional pain or suffering related to your grief?

O Notatall

0O Afewdays

O More than half the days

O (Nearly) every day

2. In the past 2 weeks, how often have you felt impaired in your daily activities by feeling stunned or
dazed by your loss?

O Notatall

O Afewdays

O More than half the days

O (Nearly) every day

Suicidality
1. In the past 2 weeks, | have contemplated to commit suicide.
O Yes
O No

If yes, adapted Scale for Suicide Ideation (SSI) items 12 through 16 assess plans,
preparations, and resolve to make a suicide attempt:
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2. In the past 2 weeks, | have considered a plan for a suicide attempt.
O No, | have not worked out a plan.
O Yes, but the details of the plan are not worked out.
O Yes, and the details of the plan are well worked out.
3. In the past 2 weeks, | felt that there was an opening for a suicide attempt or a suicide
plan that | thought about was available.
O The contemplated plan is not available; there is no opportunity.
0O The contemplated plan would take time and/or effort, and it is not readily
available. | don’'t see an opportunity.
O The contemplated plan is available or there is another opportunity to commit
suicide.
O | anticipate that in the future, the contemplated plan will be available or there will
be an opportunity.
4. In the past 2 weeks, | have considered how capable | am to commit suicide.
O | am certain that | have no courage and/or no competence to commit suicide.
O | am uncertain of my courage and/or competence to commit suicide.
O | am certain that | have courage and/or competence to commit suicide.
5. In the past 2 weeks, | have engaged in actual preparation for the contemplated suicide
plan.
0 No, | did no preparation at all.
O | started to prepare the contemplated suicide plan.
0O | have completed preparing the contemplated suicide plan.
Social isolation
1. Inthe past 2 weeks, how often have you been thinking that the people in your life would be
better off if you were gone?
O Notatall
0O Afewdays
O More than half the days
0O (Nearly) every day
2. Inthe past 2 weeks, | have avoided getting in touch with friends and family.
O Notatall
0O Afewdays
O More than half the days
O (Nearly) every day

Therapeutic progress
1. In the past 2 weeks, | have had positive experiences in addressing my problems and/or |
have gained important insights.
O Very strongly disagree

O Disagree
0O Agree
O Very strongly agree
2. Inthe past 2 weeks, | generally have been feeling better.
O Very strongly disagree
0O Disagree
0O Agree
O Very strongly agree
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Appendix: Linear regression individual growth curves (Chapter
6)

Figure 1: Fitted linear individual growth curves with the intervention week as predictor
and continuous risk assessment (CRA) total scores as dependent variable. Growth
curves serve as predictor variables in the regression analysis.
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Summary

The loss of a loved one is a common occurrence, especially in later life. Des-
pite the universality of loss experiences, many people who have recently lost
someone have difficulty making their wishes and needs explicit, for themselves
and for friends and family that surround them. At the same time, comforting
bereaved friends, family and loved ones is challenging, as there are no clear
guidelines for providing solace. Grieving is a very personal matter and only
recently, the authority on mental health disorders, the American Psychological
Association (APA), has acknowledged that grief can exacerbate into serious
mental health problems if maladaptive coping is left unattended. In line with
recent trends in mental healthcare that move towards giving individuals more
responsibility and control over the mental health support they receive, online
self-guided psychological interventions can help prevent the exacerbation of
grief into more serious mental health problems. In the context of such an online
self-guided grief service, called LEAVES, this dissertation summarizes the re-
search involved in developing a system to monitor the mental health of (older)
mourners who have lost their spouse. The aim of such a monitoring system is
to detect whether the individual's mental health deteriorates to the extent that
professional intervention is advisable and consequently, to inform the mourner’s
decision-making about stepping up to more intensive bereavement support.
This dissertation informed the development of such a system in five research
steps that correspond to the chapters in this dissertation:

1. The selection of reliable indicators for people’'s mental health and changes
thereof, in the context the LEAVES online self-guided grief service (chapters
2 and 4).

2. The definition of a measurement protocol including decisions about the
frequency of measurements, assessment tools, and the processing of
collected monitoring data for decision-making (chapter 4).

3. The selection and configuration of an automatic decision-making compon-
ent that determines whether it is advisable to recommend help-seeking
to mourners (chapters 3 and 4).

4. Exploring a strategy for communicating the results of the mental health
monitoring to mourners and/or care professionals (chapter 5).

5. A thorough evaluation of the developed monitoring system with regard to
user acceptance and experience, accuracy of algorithmic decision-making
and clinical relevance (chapters 5 and 6).

After introducing the LEAVES online grief service in the introduction of this
dissertation, we approach the first research step in chapter 2. To be more
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specific, we consult a group of experts in grief and eHealth to arrive at a set
of user characteristics that we can monitor to inform decision-making about
a) whether the mourner should consider seeking more intensive bereavement
support even before starting the online grief service, and b) to detect if the user’s
mental health deteriorates to the extent that professional intervention is war-
ranted once they start using the service. In addition, we explore personalization
strategies for adapting the content of the online grief service to the needs of
the mourner, including adaptations to the service that can be applied based on
preferences and characteristics of the mourner before they even start working
on the content of the grief service, and adaptations that can be dynamically
adjusted depending on the mourner’s day-to-day, or week-to-week needs and
preferences.

Chapter 3 introduces fuzzy cognitive mapping (FCM), a soft computing tech-
nigue that can be used to build automatic decision models based on the input
of experts, such as psychotherapists and grief professionals. The chapter
explains the theoretical and technical foundations of the decision-making al-
gorithm presented in chapter 4. It explores a new application area for FCMs
while providing fellow researchers with theoretical and practical guidelines to
use the method for researching decision-making systems in eMental health.

Chapter 4 continues the research towards the development of a monitoring
system in the LEAVES online grief service. Based on the results from chapter
2, it presents the measurement protocol, assessment tools, and a FCM-based
decision algorithm, alongside a first scenario-based evaluation of the developed
monitoring system.

In chapter 5, the perspectives of grief professionals and older mourners about
the developed monitoring system and the recommendations it gives about help-
seeking are integrated into design principles for support on-demand targeted
at older adults, a form of stepped care that relies on the initiative of the user of
an online mental health service for transitioning to higher intensity support.

In chapter 6, we evaluate the LEAVES monitoring system by assessing a) the
accuracy of the decisions made by the FCM model, b) how well its assessment
tools capture clinical changes in grief over the course of a 10-week intervention,
and c) the system'’s perceived usefulness by eCoaches who used it to inform
the guidance they provided to mourners during the 10-week intervention. This
chapter rounds off the research involved in the development of the monitoring
system for the LEAVES online grief service.

Finally, in the discussion of this dissertation, we summarize the main findings
of each chapter and situate our research in a broader context, including its
contributions to the research field of stepped care models, the application of
FCMs to a novel research domain and the opportunities and challenges of
employing algorithmic decision-making in digital mental health services, such
as the LEAVES online grief service.
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Samenvatting

Het verlies van een dierbare is, vooral op latere leeftijd, een veelvoorkomende
gebeurtenis. Ondanks dat vrijwel iedereen te maken krijgt met verlieservaringen,
hebben veel rouwenden moeite met het in kaart brengen van hun emoties, be-
hoeften en wensen met betrekking tot rouwverwerking. Hierdoor is het voor hen
ook lastiger over het verlies met nabestaanden te spreken. Tegelijkertijd zijn er
geen duidelijke richtlijnen voor het bieden van troost, waardoor er voor naasten
geen houvast is. Rouwen is zeer persoonlijk, wat de één prettig vindt, kan een
ander wellicht niet waarderen. Pas onlangs heeft de American Psychological As-
sociation (APA), de autoriteit op het gebied van psychische stoornissen, erkend
dat rouw kan verergeren tot ernstige psychische problemen. Gecompliceerde
rouw werd pas 2022 als psychische stoornis opgenomen in de vijfde editie
van het Diagnostic and Statistical Manual of Psychological Disorders (DSM-
5). Online psychologische interventies kunnen preventief voorkomen dat rouw
verergert tot ernstigere psychische problemen door bijvoorbeeld ongezonde
coping-strategieén te identificeren en de rouwende te ondersteunen deze te
veranderen.

In het kader van een online rouwinterventie, beschrijft dit proefschrift een reeks
onderzoeken die de basis vormen voor de ontwikkeling van een monitoring-
systeem met als doel de overstap naar offline professionele hulp te verge-
makkelijken. Dit doet het monitoringsysteem door te detecteren of de mentale
gezondheid van de rouwende zodanig verslechtert dat professionele interventie
wenselijk is en dit met de rouwende eindgebruiker te delen.

Het onderzoek in dit proefschrift is onderverdeeld in vijf onderzoekstappen die
behandeld worden in hoofdstuk 2 tot en met 6:

1. De selectie van betrouwbare indicatoren voor de mentale gezondheid van
rouwenden en veranderingen daarin (hoofdstukken 2 en 4).

2. De definitie van een meetprotocol, inclusief beslissingen over de frequen-
tie van metingen, meetinstrumenten en de verwerking van de verzamelde
monitoringsdata als input voor een beslissingsalgoritme (hoofdstuk 4).

3. De selectie en configuratie van een beslissingsalgoritme dat bepaalt of
het raadzaam is de rouwende eindgebruiker aan te bevelen professionele
hulp in te schakelen (hoofdstukken 3 en 4).

4. Het verkennen van een effectieve strategie voor het communiceren van
de resultaten van de mentale gezondheidsmonitoring aan rouwenden
en/of zorgprofessionals (hoofdstuk 5).

5. Een grondige evaluatie van het ontwikkelde monitoringsysteem met be-
trekking tot gebruikersacceptatie en de nauwkeurigheid waarmee het
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beslissingsalgoritme bepaalt of professionele hulp verstandig is. Verder
werd gekeken naar de klinische relevantie van de meetinstrumenten die
als input dienen voor het algoritme. De klinische relevantie werd bepaald
aan de hand van empirische data over hoe rouwsymptomen gedurende
een interventie van tien weken veranderen en in hoeverre de ontwikkelde
meetinstrumenten deze veranderingen kunnen meten (hoofdstukken 5
en o).

Na de introductie van de LEAVES online rouwservice in de inleiding van dit
proefschrift, raadplegen we in hoofdstuk 2 een groep experts op het gebied
van rouw en eHealth om indicatoren die geschikt zijn de mentale gezondheid
van rouwende eindgebruikers van LEAVES te monitoren en a) te bepalen of
de rouwende zou moeten overwegen om intensievere rouwondersteuning te
zoeken en b) om te detecteren of de mentale gezondheid van de gebruiker
zodanig verslechtert dat professionele interventie noodzakelijk is. Daarnaast
verkennen we personalisatiestrategieén voor het aanpassen van de inhoud
van de online rouwservice aan de behoeften van de rouwende, waaronder
aanpassingen die eenmalig aan de service worden toegepast op basis van de
voorkeuren en kenmerken van de rouwende en aanpassingen die dynamisch
kunnen worden aangepast afhankelijk van de dagelijkse of wekelijkse behoeften
en voorkeuren van de rouwende.

Hoofdstuk 3 introduceert fuzzy cognitive mapping (FCM), een soft computing
techniek die kan worden gebruikt om automatische beslissingsmodellen te
maken op basis van de input van experts, zoals psychotherapeuten en rouwpro-
fessionals. Het hoofdstuk legt de theoretische en technische basis uit van het in
hoofdstuk 4 gepresenteerde beslissingsalgoritme. Door FCM toe te passen op
eMental health, verkennen we een nieuw toepassingsgebied voor de methode
en bieden we andere onderzoekers theoretische en praktische richtlijnen voor
het gebruik van de methode bij het onderzoek naar beslissingssystemen in
eMental health.

Na het theoretische uitstapje in hoofdstuk 3, zet hoofdstuk 4 het onderzoek
voort naar de ontwikkeling van een monitoringsysteem voor de LEAVES online
rouwservice. Op basis van de resultaten uit hoofdstuk 2 presenteren wij het
meetprotocol, de beoordelingsinstrumenten en het FCM-gebaseerde LEAVES
beslissingsalgoritme, samen met een eerste scenario-gebaseerde evaluatie
van het ontwikkelde monitoringsysteem.

In hoofdstuk 5 wordt nader onderzocht hoe twee belangrijke stakeholders
van online rouwservices, rouwprofessionals en oudere rouwenden, over het
ontwikkelde monitoringsysteem denken. Specifiek waren wij geinteresseerd hoe
professionals en eindgebruikers kijken naar de aanbevelingen met betrekking
tot het zoeken naar psychologische hulp die geintegreerd zijn in de LEAVES
rouwservice. Overstappen van online zelfhulp naar offline support door een
professional is een vorm van stepped care. In het geval van de LEAVES service
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wordt daarnaast op het eigen initiatief van de rouwende eindgebruiker gerekend
om over te gaan naar intensievere ondersteuning en de juiste configuratie van
deze functionaliteit vraagt nauwe samenwerking met alle stakeholders, zoals
rouwprofessionals en rouwenden.

In hoofdstuk 6 evalueren we het LEAVES-monitoringsysteem door ten eerste
de nauwkeurigheid van de beslissingen gemaakt door het FCM-model te beoor-
delen. Ten tweede onderzoeken wij hoe goed onze ontwikkelde meetinstru-
menten klinische veranderingen in rouw vastleggen gedurende een interventie
van 10 weken. Ten slotte waren wij benieuwd naar de toegevoegde waarde
van het monitoringsysteem voor het werk van eCoaches die er gedurende een
interventie van 10 weken gebruik van gemaakt hebben. Dit hoofdstuk sluit het
onderzoek naar de ontwikkeling van het monitoringsysteem voor de LEAVES
online rouwservice af.

De discussie van dit proefschrift plaatst ons onderzoek in een bredere context,
inclusief de bijdragen ervan aan het onderzoeksveld van stepped care, de toe-
passing van FCM's op een nieuw onderzoeksgebied en de mogelijkheden en
uitdagingen van het gebruik van algoritmische beslissingsmodellen in eMental
health, waarvoor de LEAVES online rouwservice een voorbeeld is.
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Zusammenfassung

Viele Menschen werden mit dem Verlust eines geliebten Menschen konfron-
tiert, insbesondere im fortgeschrittenen Alter. Trotz der Unvermeidlichkeit von
Verlusterfahrungen im Leben, féllt es Trauernden oft schwer, ihre Wiinsche und
Bediirfnisse bei der Trauerverarbeitung zu erkennen und in Worte zu fassen —
sowohl zum Zweck der Selbstreflektion als auch im Umgang mit Freunden und
Verwandten. Gleichzeitig wird das Unterstitzungsnetzwerk der Trauernden vor
eine Herausforderung gestellt, denn es gibt keine Richtlinien, wie man Trost
“richtig" spendet, und wie man Trauernde “richtig" unterstitzt. Trauer ist eine
sehr personliche Angelegenheit und in vielen Gesellschaften immer noch ein
Tabuthema. Und obwohl so gut wie jeder Mensch friher oder spater mit Verlust
und Trauer konfrontiert wird, Trauer und Trauerverarbeitung demnach ein allge-
genwartiges Thema sind, hat die American Psychological Association (APA)
erst vor einigen Jahren anerkannt, dass Trauer zu ernsthaften psychischen
Problemen flhren kann, wenn ungesunde Bewaéltigungsstrategien nicht erkannt
werden und man ihnen nicht gezielt entgegenwirkt.

In diesem Kontext kdnnen online psychologische Interventionen (eMental health
applications) dazu beitragen, dass sich aus ungesunder Trauerbewaltigung
keine ernsthaften psychischen Probleme entwickeln, insbesondere wenn der
Trauernde bereits psychisch vorbelastet ist. Eine solche Intervention kann
Trauernde bei der Trauerverarbeitung unterstitzen, indem sie die Selbstreflektion
fordert und Uber wissenschaftlich erwiesene Fakten zum Trauerprozess und
wirksame Verarbeitungsstrategien informiert. Somit kann eine Trauerinter-
vention die Funktion eines roten Fadens fir den Trauernden erfiillen, oder es
ermoglichen, Freunde und Verwandte effektiver bei der Trauerbewaltigung
miteinzubeziehen.

Die vorliegende Dissertation tragt die Forschungserkenntnisse aus funf Stud-
ien zusammen, die Uber mehrere Jahre an der Entwicklung einer solchen
Trauerintervention beigetragen haben. Im Speziellen beschaftigt sich die vorlie-
gende Dissertation mit der Entwicklung eines Systems zur Uberwachung des
psychischen Wohlbefindens von Nutzern einer solchen Trauerintervention, im
Fachbereich auch Monitoring genannt. Ziel eines solchen Monitorings ist es,
festzustellen, ob sich das psychische Wohlbefinden des Trauernden so weit
verschlechtert, dass es ratsam ist, dass ein Experte, wie z.B. eine*n Trauer-
coach*in die Trauerverarbeitung professionell begleitet. Das entwickelte Monit-
oring soll dem trauernden Nutzer bei der Entscheidungsfindung helfen und dem
Trauernden verdeutlichen, ob es ratsam ist, in seiner oder ihrer individuellen
Situation professionelle Unterstiitzung bei der Trauerverarbeitung einzuschal-
ten.

In dieser Dissertation wird ein Konzept fiir die Entwicklung von Uberwachungs-
systemen im Bereich eMental Health vorgestellt und in finf Forschungsschritten
dargelegt, wie ein solches System entwickelt wird und welche Uberlegungen bei
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jedem Schritt berticksichtigt werden mussen. Diese funf Forschungsschritte
entsprechen den fuinf Hauptkapiteln dieser Dissertation:

1. Die Auswahl zuverlassiger Indikatoren fur das psychische Wohlbefinden
von Nutzern einer online Trauerintervention, die es ermoglichen sorgliche
Veranderungen des Wohlbefindens wahrend der Trauerverarbeitung zu
erfassen (Kapitel 2 und 4).

2. Die Ausarbeitung eines Messprotokolls, das unter anderem festlegt, wie
haufig die im ersten Schritt definierten Indikatoren gemessen werden, mit
welchen Messinstrumenten und wie Messungen weiterverarbeitet wer-
den sollen, sodass sie als Entscheidungsbasis flr einen automatischen
Algorithmus geeignet sind (Kapitel 4).

3. Die Auswahl und Konfiguration eines automatischen Algorithmus, der
bestimmt, ob die Trauerintervention dem trauernden Nutzer die Inans-
pruchnahme von professioneller Hilfe bei der Trauerbewaltigung empfiehlt
(Kapitel 3 und 4).

4. Die Definition von Designrichtlinien fur psychologische Onlineinterven-
tionen, die Monitoring nutzen, um ihre Nutzer, speziell Erwachsene im
fortgeschrittenen Alter, darauf hinzuweisen, wenn deren psychische Ge-
sundheit sich so weit verschlechtert, dass es ratsam ist, professionelle
Unterstiitzung zu suchen (Kapitel 5).

5. Eine umfassende Auswertung des entwickelten Monitorings in Bezug
auf die Akzeptanz durch trauernde Nutzer, der Korrektheit und die klinis-
che Relevanz der durch den Entscheidungsalgorithmus gegebenen Em-
pfehlungen (Kapitel 5 und 6).

Nach kurzer Einleitug der Thematik der vorliegenden Dissertation im ersten
Kapitel, wurden im zweiten Kapitel (messbare) Eigenschaften von Trauernden
definiert, die als Entscheidungsbasis flir das Monitoring geeignet sind. Un-
abangig vom Nutzen der Trauerintervention kann professionelle Hilfe bei der
Trauerverarbeitung ratsam sein, wenn der Verstorbene einen gewaltsamen Tod
erlitten hat, wie z.B. einen Unfall oder Tod durch Suizid. Des Weiteren sollten
diese Eigenschaften es dem Monitoring ermaglichen, den psychischen Zus-
tand des Nutzers zu Uberwachen und zu erkennen, ob sich dieser wahrend der
Nutzung der Intervention ernsthaft verschlechtert. Basierenden auf einer Delphi-
Studie, an der 16 Experten im Bereich der Trauerverarbeitung und eHealth teilgen-
ommen haben, identifizierten wir finf flr diesen Zweck geeignete Indikatoren.
Dazu gehoren 1) selbstzerstorerisches Verhalten, einschlieBlich Suizidalitat, 2)
eine vom Nutzer gewlinschte Intensivierung der Betreuung, 3) Unerreichbarkeit
des Nutzers, 4) (Verschlechterung) der Trauersymptome und 5) Gefiihle der
Hoffnungslosigkeit und/oder Aussichtlosigkeit.
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Kapitel 3 ist Fuzzy Cognitive Mapping (FCM) gewidmet, eine Methode, die in
dieser Dissertation verwendet wurde, um automatische Entscheidungsmodelle
zu erstellen und zu konfigurieren, die basieren auf den Erfahrungen von Exper-
ten. In dieser Dissertation wurde FCM erstmals angewendet zur Erstellung
eines Monitoring Modells fur psychologische Onlineinterventionen und identi-
fizierten wir Vorteile der Methode gegentiber anderen Entscheidungsmodellen,
wie ihrer Unabhangigkeit von klinischen Trainingsdaten fir eine Erstkonfig-
uration des Algorithmus. Gleichzeitig haben wir Herausforderungen bei der
Anwendung von FCM im Bereich eMental health aufgedeckt. Dazu gehort beis-
pielsweise das Fehlen einer einfachen Moglichkeit, historische Nutzerdaten in
das Entscheidungsmodell einzubeziehen.

Auf Basis der Erkenntnisse aus den ersten zwei Kapiteln, stellten wir im vier-
ten Kapitel das Monitoring der LEAVES Trauerintervention vor. Es besteht
aus zwei Fragebogen, die bei Nutzung der Intervention jede zweite Woche
die Indikatoren, die in Kapitel 1 ermittelt wurden, beim Nutzer erfragen. Die
Nutzerantworten werden dann automatisch durch ein FCM Modell und einer re-
gelbasierten Erweiterung des FCM Entscheidungsmoduls ausgewertet und das
System entscheidet, ob es ratsam ist, dem Nutzer zu empfehlen, professionelle
Hilfe bei der Trauerbewaltigung zu suchen. Das Kapitel schlie3t mit einer ersten
Szenario basierten Auswertung des LEAVES Monitoring Moduls ab. Wir konnten
feststellen, dass der Algorithmus gut zwischen Trauernden, die eindeutig keine
intensivere Betreuung bendtigen, und Trauernden, die eindeutig professionelle
Unterstltzung in Betracht ziehen sollten, unterscheidet. Die Genauigkeit des
Modells in Fallen, in denen die Entscheidung weniger eindeutig ist, musste
jedoch noch griindlicher und idealerweise basierend auf empirischen Daten
bewertet werden.

In Kapitel 5 tragen wir die Erfahrungen von Trauernden im fortgeschrittenen
Alter zusammen, die die LEAVES Trauerintervention zehn Wochen lang benutzt
haben, und kombinieren deren Erfahrungen mit der professionellen Perspekt-
ive von Trauerfachleuten, wie z.B. Trauercoachs und psychologische Psycho-
therapeuten und -therapeutinnen. Wir befragten Trauerfachleute bezlglich des
Monitorings und der Ratgeberfunktion, die das Monitoring erfullt. Darauf basier-
end haben wir Designrichtlinien fir Monitoringsysteme erstellt, dessen Ziel es
ist, Nutzern zu empfehlen, professionelle Unterstitzung zu suchen, wenn die
Onlineintervention unzureichend beitragt an einer Verbesserung der psychis-
chen Situation des Nutzers. Eine dieser Designempfehlungen ist beispielsweise
die Konzipierung des Monitorings als integraler Bestandteil der Onlineinterven-
tion. Das heif’t, dass Ideen des Monitorings wie etwa der Bewusstseinswandel
dahingehend, dass die Inanspruchnahme professioneller Unterstiitzung normal
und keineswegs ein Zeichen von Versagen ist, in den Inhalten der gesamten
Trauerintervention integriert und nicht nur innerhalb eines einzelnen Moduls
behandelt werden sollten. Dies erhoht die Chance, dass der trauernde Nutzer
tatsachlich Unterstltzung sucht, sollte diese notwendig werden.
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Im sechsten Kapitel werten wir das LEAVES Monitoring empirisch aus, indem
wir die Ergebnisse von drei Bewertungsmethoden miteinander kombinieren
und zusammen interpretieren. 1. Die Korrektheit der durch das Monitoring
getroffenen Entscheidungen wurde mit dem F-MaR bewertet, das Genauigkeit
(precision) und Trefferquote (recall) mittels des gewichteten harmonischen
Mittels kombiniert. 2. Wir prifen an der Hand einer linearen Regressionsanalyse,
wie gut die Messinstrumente, die die Grundlage flir das LEAVES Monitoring
darstellen, die klinischen Veranderungen der Trauersymptome tber den Verlauf
einer 10-wochigen Nutzung der Intervention erfassen, und 3. wir bewerten an
der Hand der Erfahrungen von eCoachs, die spezialisiert waren, die Nutzer
der LEAVES Intervention zu unterstiitzen, inwiefern das Monitoring ihre Arbeit
komplementiert.

Insgesamt leistet die vorliegende Dissertation einen Beitrag zur laufenden
Forschung im Bereich Monitoringsysteme in eMental health fir die Pravention
von psychischen Problemen, gerade bei einschneidenden Ereignissen im Leben,
wie den Verlust eines geliebten Menschen. Dartber hinaus wurde in dieser
Dissertation erstmals FCM fur die Konzipierung und Entwicklung eines Monitor-
ingsystems fir eine eMental health Anwendung verwendet und identifizierten
wir Vorteile und Herausforderungen, die in zukinftigen Forschungsansatzen,
die FCM im Bereich eMental health nutzen, beriicksichtigt werden sollten.
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