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Abstract

The increasing prevalence of mental health issues worldwide has amplified the signifi-
cance of computational psychotherapy, which includes creating computational tools for
the mental healthcare and tools to support existing mental health professionals. This
work presents a computational psychotherapy system that predicts and forecasts mental
health issues in users, and utilizes a conversational agent to induce behavior and attitude
change. The thesis centers around two main contributions. The first contribution is a
novel, golden standard dataset, which includes panel data, encompassing multiple individ-
uals at multiple time intervals. It incorporates 1495 instances of quantified stress, anxiety,
and depression levels, as well as symptom scores derived from diagnostic-level question-
naires, accompanied by qualitative daily diary entries. The second contribution is the
system itself. The hypothesis posits that for the system to be effective in inducing mental
health issues relief with a conversational agent, it needs to simulate theory of mind - the
cognitive ability to understand others and act accordingly. The system simulates theory
of mind with an artificial cognitive architecture comprised of an ensemble of computa-
tional models. It uses psychological as well as cognitive modelling and machine learning
models trained on the novel dataset, all in conjuction with novel domain ontologies. The
system was evaluated through a computational experiment on mental health phenomena
prediction and forecast from quantitative scores and qualitative text diary entries, and an
empirical interventional study on relieving mental health issues in participants where it
was compared against Woebot. The latter system was chosen as it is currently the most
cited freely available system with the most replicated positive outcomes. This work’s sys-
tem showcased superior performance compared to state-of-the-art systems in terms of both
the number of detected mental health categories and detection accuracy. It achieved an
accuracy of 91.41% using the kNN algorithm (chosen for its explainability, despite several
other algorithms performing slightly better), surpassing the highest accuracy of one of the
other systems which reached 84% using Long short-term memory. The highest accuracy
for 7-day forecasting achieved 87.68%, while other systems were not able to forecast trends.
In the empirical interventional study on 42 participants in a simulated daily check-in, the
system outperformed Woebot in reducing stress (p = 0.048) and anxiety (p = 0.040) lev-
els in participants, while both failed to reduce their depression levels (p = 0.688). With
confirmed hypothesis, it was evaluated that this system performs on par or better than
comparable state-of-the-art systems.
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Povzetek

Zaradi vse večje razširjenosti težav z duševnim zdravjem po svetu se je povečala potreba
po računski psihoterapiji, ki med drugim vključuje ustvarjanje računalniških orodij za du-
ševno zdravje in podporo obstoječim strokovnjakom. To delo predstavlja sistem računske
psihoterapije, ki uporablja pogovornega agenta za napovedovanje težav z duševnim zdrav-
jem pri uporabnikih ter spodbujanje sprememb njihovega vedenja. V središču dela sta dva
glavna prispevka. Prvi prispevek je nova podatkovna baza, ki vključuje panelne podatke, ki
zajemajo več posameznikov v več časovnih vrstah. Vključuje 1495 primerov kvantificiranih
ravni stresa, anksioznosti in depresije ter ocene simptomov, pridobljene z diagnostičnimi
vprašalniki, ki jih spremljajo kvalitativni dnevniški zapisi. Drugi prispevek je sistem sam.
Hipoteza trdi, da mora sistem, da bi bil učinkovit pri lajšanju težav z duševnim zdravjem
s pogovornim agentom, simulirati teorijo uma - kognitivno sposobnost razumevanja drugih
in posledičnega ustreznega ravnanja. Sistem simulira teorijo uma z umetno kognitivno
arhitekturo, ki jo sestavlja sklop računskih modelov. Uporablja tako psihološko kot kogni-
tivno modeliranje in modele strojnega učenja, zgrajene na omenjeni novi podatkovni bazi,
delujoč v povezavi z novimi domenskimi ontologijami. Sistem je bil ovrednoten z računskim
eskperimentom zaznavanja in prihodnjega napovedovanja pojavov duševnega zdravja na
podlagi kvantitativnih rezultatov in kvalitativnih besedilnih dnevniških zapisov ter empi-
rično intervencijsko študijo o lajšanju težav z duševnim zdravjem pri udeležencih, v kateri
je bil primerjan z Woebotom. Slednji sistem je bil izbran, ker je trenutno najbolj citiran
prosto dostopen sistem z največ repliciranimi pozitivnimi rezultati. Sistem tega dela je
v primerjavi z najsodobnejšimi obstoječimi sistemi pokazal boljšo učinkovitost tako glede
števila zaznanih kategorij duševnega zdravja kot glede natančnosti zaznavanja. Z uporabo
algoritma kNN (izbranega zaradi njegove razložljivosti, čeprav so bili nekateri drugi algo-
ritmi nekoliko boljši) je dosegel natančnost 91,41 %, s čimer je presegel najvišjo natančnost
enega od drugih sistemov, ki je dosegel 84 % z uporabo algoritma Long short-term memory.
Najvišja natančnost za napovedovanje 7 dni v prihodnost je bila 87,68 %, medtem ko drugi
sistemi niso mogli napovedati prihodnjih trendov. V empirični intervencijski študiji na 42
udeležencih je sistem v simuliranem dnevnem pregledu bolje kot Woebot zmanjšal raven
stresa (p = 0,048) in anksioznosti (p = 0,040) pri udeležencih, medtem ko nobenemu ni
uspelo zmanjšati njihove ravni depresije (p = 0,688). S potrjeno hipotezo je bilo ocenjeno,
da sistem tega dela deluje enako ali bolje kot primerljivi obstoječi najsodobnejši sistemi.
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Chapter 1

Introduction

The prevalence of mental health issues, particularly among younger individuals, is not a
novel occurrence. In recent times, experts have gone as far as referring to it as a mental
health pandemic [1]. World organizations, leaders and decision-makers are recognizing its
devastating effect, resulting in mental health well-being appearing in Goal 3 of the 17 UN
Sustainable Development Goals (SDGs) [2]. Among mental health issues, stress, anxiety
and depression (SAD) seem to be on the forefront, as the figures for SAD symptoms
in some groups reach 74% for disabling stress [3], 28% for anxiety disorder [4] and 48%
for depression [5]. What is more, between 76% and 85% of people in low- and middle-
income countries receive no treatment for their disorder [6], while in high-income countries,
the treatment coverage for, e.g., depression is only 33% [7]. Mental health issues have
large, multi-faceted effects – on the patient, on their immediate surroundings (family or
caretakers) and on the wider society [8]. Individuals face decreased quality of life, worse
educational outcomes, lowered productivity and potential poverty, social problems, abuse
vulnerabilities and additional health problems. Caretakers face increased emotional and
physical challenges as well as decreased household income and increased financial costs.
Society faces the loss of several GDP percentage points and billions of dollars per nation
annually, alongside with exacerbating public health issues and corrosion of social cohesion.
All of these lead to an increasingly stronger positive reinforcement loop – SAD increasingly
perpetuates SAD. Too often, mental health issues directly result in the worst possible
outcome, loss of human life, as many countries struggle with a high suicide rate [9]. It
has been recognized that the reasons for increasing of SAD include a severe lack of mental
health professionals and regulations [10] as well as unequal access to mental health care
[11]. The COVID-19 pandemic further exposed how harmful neglecting people’s well-
being for decades can be [12], with social distancing facilitating the exponential rise in
psychopathological symptoms. These factors make the field ripe for technological and
other scientific therapy-based interventions, especially as individuals with mental health
issues prefer therapies to medication [13].

Introducing novel ways to include therapeutic approaches into people’s lives, especially
through technology, might also help destigmatize psychotherapy itself. Traditionally, psy-
chotherapy did not use computational approaches in its practices, but recently the “rel-
evance of computations with regard to the development, maintenance, and therapeutic
change in psychiatric disorders” [14, p. 50] was recognized. Such technology can there-
fore be placed under the umbrella of computational psychotherapy. This encompasses: 1)
studying psychotherapeutic processes computationally, using client and professional data
to create various analyses and models; and 2) creating computational tools for the mental
healthcare and to support existing mental health professionals, which in certain cases take
the role of artificial intelligent support, making use of psychotherapeutic approaches and
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techniques like cognitive behavioral therapy. Persuasive technology (also called attitude
and behavior change support systems) is an example of technology that can be used for
computational psychotherapy.

Persuasive technology (PT) or attitude and behavior change (ABC) support systems
represent a synergy between the progress in behavioral sciences and many recent advances
in computer science, especially artificial intelligence (AI), which is increasingly character-
izing the information society [15]. Its goal is to “change attitudes or behaviors or both
(without using coercion or deception)” [16, p. 20] and to “aid and motivate people to
adopt behaviors that are beneficial to them and their community while avoiding harm-
ful ones” [17, p. 66]. An effective technological vessel for persuasion is an intelligent
conversational agent (also known as chatbot or intelligent cognitive assistant). Intelligent
conversational agents (ICAs) strive to: understand context; be adaptive and personalized;
learn; be predictive; have internal goals and motivation; interpret; and reason [18]. For
such capabilities, ICAs need a cognitive architecture (CogA), a “hypothesis about the fixed
structures that provide a mind, whether in natural or artificial systems, and how they work
together – in conjunction with knowledge and skills embodied within the architecture –
to yield intelligent behavior in a diversity of complex environments” [19, para. 2]. Most
importantly, ICAs possess the ability to converse in natural language, likely the most
immediate way in which humans communicate [20], and interacting through a dialogue is
extremely important in the field of computational psychotherapy and digital mental health.

However, creating effective technology for mental health is challenging. Even men-
tal health professionals find it hard to detect idiographic specificities (unique individual
characteristics or experiences that differentiate one person from another) of a person’s
mental health status and intervene in an efficacious way. Mental health status of a per-
son is very dynamic, meaning it changes non-linearly in short time ranges. Experiments
seem to indicate that computational psychotherapeutic systems can be successful to miti-
gate symptoms of SAD [21]–[25], with reviews on this topic being favorable [22], [24]–[29],
agreeing that "early evidence shows that with the proper approach and research, the men-
tal health field could use conversational agents in psychiatric treatment." [25, p. 456].
However, state-of-the-art (SOTA) in the field has not demonstrated sufficient integration
of advances in behavioral sciences, digital mental health, and AI, especially in terms of
user modelling, personalization, and adaptation. Forecasting models are extremely rare or
non-existent [30], and the most advanced language models, like GPT-3 [31], have a history
of underperforming in domain-specific tasks, going even as far as telling depressed patients
to kill themselves [32]. Recently introduced ChatGPT [33] is still based on GPT-3, and it
is currently unclear whether it has better risk parameters to not repeat the aforementioned
mistake. GPT-4 might prove to useful in the future, but it is currently made to filter out
any help regarding mental health, possibly to avoid similar scenarios as mentioned before.

When technology is used to help people with SAD issues, it can underperform due to
using nomothetic data (information gathered in a manner that allows for broad, gener-
alizable conclusions across large populations) and non-personalized interventions. This is
underpinned by the fact that there are no datasets for constructing truly successful systems
in the first place. What therefore lacks is a holistic and integrative approach to creating a
system with novel idiographic models, based on human cognitive capabilities, to overcome
these issues. This work presents such a system as well as a novel dataset that drives it. The
focus is on building a sufficiently advanced computational psychotherapy system, capable
of mental health prediction and efficient behavior change with an ICA. The system targets
the non-clinical population with SAD symptoms that have barriers to entry to the mental
healthcare system, but could also be used complementarily by mental health professionals,
e.g., to monitor their clients and patients, and could help physicians with their excessive
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workload [34]. The new generation ICA, presented in this work, houses a novel CogA,
which uses not only AI and ML, but also other novel mechanisms. It simulates the theory
of mind, the human cognitive ability to understand people as well as to effectively respond
to them. This is achieved by building various idiographic, detection and forecasting mod-
els, in novel ways that make them perform with higher accuracies than current SOTA.
These models are combined with novel ontologies on mental health and behavior change,
used to understand the ICA’s users. A precise and careful research design in collecting
ecological time series data from people with SAD symptoms was conducted. The methods
used strove towards explainable and open AI. Furthermore, existing large language models
(e.g., GPT-3) have seen little specializations for complex domains like mental health, and
this CogA accommodates said models through novel integration into its architecture and
makes them usable to help people with SAD.

Next sections in this chapter overview the following: stress, anxiety, and depression as
the selected mental health issues; attitude and behavior change support systems; ICAs;
and potential benefits and risks of introducing such systems into mental healthcare.

1.1 Stress, Anxiety, and Depression

Stress is the "feeling of being overwhelmed or unable to cope with mental or emotional
pressure" [35, para. 1]. What kind of experiences cause stress is highly dependent on
the individual, but it generally comes from experience that is "new, unexpected or that
threatens our sense of self" or "when we feel we have little control over a situation" [35,
para. 2]. Coping with stress highly varies as well, not only in terms of what is perceived
as stressful, but also whether it is perceived as positive or negative stress. The human
body producing stress hormones, triggering the fight or flight response and activating the
immune system may be helpful in some situations, serving as a motivator to start and finish
certain behaviors, such as finishing a task before the deadline or performing in a sports
match. However, letting the human body stay in the state of stress for longer periods of
time can be harmful and debilitating. Due to the very individualized nature of what is
perceived as stressful, assessment can be difficult.

Anxiety refers to a natural and normal response to stress or potential danger. It is char-
acterized by feelings of unease, worry, or fear, often accompanied by physical sensations
such as increased heart rate, rapid breathing, and tense muscles. While occasional anxiety
can be a common part of life, an anxiety disorder occurs when these feelings become persis-
tent, excessive, and interfere with daily activities and overall well-being. Anxiety disorders
can take various forms, such as generalized anxiety disorder (GAD), panic disorder, social
anxiety disorder, and specific phobias.

Depression is a mental health disorder characterized by persistent feelings of sadness,
hopelessness, and a loss of interest or pleasure in activities. It goes beyond ordinary
fluctuations in mood and can significantly impact a person’s daily functioning and overall
well-being. Individuals with depression may experience a range of symptoms, including
persistent sadness, fatigue, changes in appetite and sleep patterns, difficulty concentrating,
feelings of guilt or worthlessness, and in severe cases, thoughts of self-harm or suicide.

Due to their comorbidity and overlapping symptoms, anxiety and depression are com-
monly bundled together regarding what types of interventions are utilized to reduce symp-
toms.
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1.2 Attitude and Behavior Change Support Systems

ABC support systems are computer systems that attempt to “change attitudes or behaviors
or both (without using coercion or deception)” [16, p. 20] and to “aid and motivate people
to adopt behaviors that are beneficial to them and their community while avoiding harmful
ones” [17, p. 66]. Attitude and behavior change signifies a phenomenon that is considered
to be a temporary or lasting effect on an individual regarding their attitude or behavior as
compared to what their attitudes were or how they behaved in the past [17, p. 66]. ABC
support systems can be equated or at least considered a part of persuasive technology.
PT is the result of the vast advances in behavioral sciences in regards to psychological
change [36], human decision-making [37] and related phenomena [38] as well as the arrival
of digital technologies, artificial intelligence (AI) and big data. Many societal efforts have
been put into creating technologies that would help, motivate, guide and persuade people
into bettering themselves and the world around them, though such technology can be
and has been abused as well [39]). PT is already used in the health and wellness areas,
where it tracks people’s behavior as well as their physiological and psychological processes,
responding to them by trying to affect their mental states by offering psychotherapeutic
advice or to motivate them into making different decisions, e.g., in regards to healthy eating
[17]. There are also applications in areas such as education or environmental sustainability,
where people are nudged towards greener behavior [40].

Some major persuasive and ABC frameworks [41], that such technologies employ, in-
clude: Cialdini’s Principles of Persuasion (CPP) [36], Fogg Behavior Model (FBM) [16],
Persuasive System Design Model (PSDM) [42], and the nudge theory [38], with firm veri-
fication of their effectiveness [43].

CPP is based on the idea that general persuasive strategies are not equally effective for
everyone. It identifies various strategies that affect different groups of people differently.
Interactive, adaptive technology can be utilized to personalize itself to specific strategies
that work for specific groups of people.

FBM is based on the idea that a certain behavior is the result of motivation, ability
and a trigger occurring at the same time. Therefore, a person changing their behavior has
to be sufficiently motivated, has to possess the ability to change the behavior, and has to
be triggered to change the behavior. These are then combined in personalized ways to find
the most effective strategies for an individual.

PSDM is based on the need for effective design and evaluation of persuasive systems,
and mostly offers a framework for what kind of content and functionality PT should con-
sider. PSDM includes four principles upon which to design PT: 1) primary task support,
which supports the user’s carrying out of their primary task; 2) dialogue support, which
helps users move towards their goals; 3) system credibility, which raises the user’s belief in
the system’s quality; and 4) social support, which motivates the user by leveraging social
influence.

Another powerful and effective behavioral change concept – Richard Thaler, its author,
received the Nobel Prize for it – is the ‘nudge theory’. Nudge is “any aspect of the choice
architecture that alters people’s behavior in a predictable way without forbidding any
options or significantly changing their economic incentive”, where “the intervention must
be easy and cheap to avoid” [38, p. 6]. Nudges are being incorporated into PT and ABC
support systems as well [44].

For persuasive strategies to be as effective as possible, they have to be tailored to a
number of specifics. There are 4 factors in the framework of the Communication-Persuasion
Paradigm [45] that determine the influence: 1) characteristics of the source (i.e., the mes-
sage sender); 2) the message; 3) characteristics of the destination (or the receiver of the
message); and 4) the context.
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For determining effective strategies, personality models, such as Big Five personal-
ity traits (B5) [46] or Hexaco [47], as well as domain specific questionnaires, offer PT
a useful way to model a person. Personality is measured on different dimensions (e.g.,
in B5: openness, conscientiousness, extroversion, agreeableness, neuroticism), which try
to describe psychological and cognitive functionalities of individuals, e.g., their mental
states and decision-making abilities. Knowledge in specific domains relies on PT’s use
of questionnaires. For mental health, SAD questionnaires [48] can be used to categorize
people with SAD symptoms, which leads to better strategy selection. Such questionnaires
give insight into what influences which individuals the most. Empirical phenomenology
can also be employed for more detailed first-person accounts [49], which can be used for
extracting linguistic features [50], [51] or for other tweaking of ABC techniques in PT.
Furthermore, combining subjective data with physiological data is also proving useful for
adaptive technologies [52].

These frameworks and models appear in several technological platforms. The most
frequently used platforms are mobile and handheld devices (28%), followed by games
(17%), web and social networks (14%), other specialized devices (13%), desktop appli-
cations (12%), sensors and wearable devices (9%), and ambient and public displays (5%)
[17].

ABC can be delivered through various software systems. Intelligent cognitive assistants
(or chatbot, chatterbot, interactive agent, conversational AI, smartbot, bot) seem to be
the most advanced [22], [24]–[29]. The next section introduces such systems and describes
why they seem to be the best vessel for delivering ABC.

1.3 Intelligent Cognitive Assistant Technology

Intelligent cognitive assistants (ICAs) [18] are not only intelligent in terms of being able to
converse and have a language model, they have many other abilities that are human-like,
relating to human cognition and intelligence. ICA technology has therefore been touted
as the next revolution in human-computer coexistence. The technology dates back to
the beginning of AI, where one of the first chatbots was developed and available outside
of a research laboratory – Weizenbaum’s simulation of a Rogerian psychotherapist called
ELIZA [53]. However, technological progress has only recently laid the foundations for
broad adoption in the form of ICAs such as Alexa and Siri as well as more domain-
specific agents such as Woebot [54]. Alexa, Siri and Google Home, however close to certain
human capabilities they may seem, still often fail outside of very basic, administrative
tasks. Currently the most advanced chatbot, ChatGPT, based on GPT-3 and GPT-4
large language models, while impressive, still fails in crucial situations and when used
in more expert domains. For example, in mental health, even chatbots based on large
language models quickly start repeating themselves, as they only have very generic models
that end up in common phrases and trivial platitudes. Sometimes, their remarks can be
even dangerous for the user, as they may be perceived as flippant and negative [55], or
give wrong medical advice [56]. Testing their response to stressful accounts, they either do
not understand or they fail to show empathy beyond empty words [57]. Expert domains
of engagement therefore need domain-specific ICAs.

ICAs, which can be deployed in many devices, e.g. as virtual agents or robots, are striv-
ing to: understand context; be adaptive and flexible; learn and develop; be autonomous; be
communicative, collaborative and social; be interactive and personalized; be anticipatory
and predictive; perceive; act; have internal goals and motivation; interpret; and reason. To
be able to come close to such capabilities, ICAs are embedded with a cognitive architecture
(CogA), a “hypothesis about the fixed structures that provide a mind, whether in natural
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or artificial systems, and how they work together – in conjunction with knowledge and
skills embodied within the architecture – to yield intelligent behavior in a diversity of com-
plex environments” [19, para. 2]. Most importantly, ICAs possess the ability to converse
in natural language. This seems to be the most immediate way in which humans commu-
nicate [20], and the effects of a dialogue on human mental states cannot be overestimated.
ICAs, coupled with ABC capabilities, are establishing as a very promising PT.

Using ICAs for ABC is still a new field of research, despite ELIZA being the first
chatbot in 1964, as chatbots have mostly been explored for education, customer support
or in other simple question-answer contexts [58]. What makes ICAs for ABC unique, is
that users reveal personal information more freely, which makes systems more successful in
their goals [59]. ABC ICAs and their users can also form a more longitudinal relationship.
The interactions are not a one-off, where it is difficult to understand the users and act
immediately with efficient strategies. This makes such ICAs able to learn from historical
interactions and improve in achieving ABC.

ICAs, besides being a vessel to understand users through modeling their psychological
and physiological aspects and use such knowledge to enact ABC, present as an ideal plat-
form for offering help in the field of mental health because of the ability to converse. Such
usage of technology, however, may pose various potential benefits and risks, which have to
be noted.

1.4 Potential Benefits and Risks

This section addresses the implications using PT for mental health has or mental health
care. These implications are divided into those that offer potential benefits in relation to
existing problems and obstacles, and those that appear as potential risks of this technol-
ogy. Regardless of the possible benefits of using PT, it does not represent a replacement
for holistic health care, but should work as a complement in a comprehensive systemic
approach to public health. Other problems are briefly considered at the end of the section
as well.

There are a number of potential benefits PT offers:

1.4.1 Cost

The cost of service of mental health care professionals (from psychotherapists to clinical
psychologists and psychiatrists) varies from country to country and is further dependent on
country regulations and subsidies. But the cost to the patient mostly depends on the num-
ber of practicing professionals available in a given country. Regardless, the cost presents
a barrier to people from lower socioeconomic backgrounds [60]. PT for mental health can
be realistically made free of charge (and many times is [54]) due to the much lower costs
attached to it. There are three major factors that contribute to this: 1) scalability, which
means that one PT system can be adopted by theoretically any number of people (the only
cost that comes with scalability is server cost, which is marginal compared to human labor)
– in contrast, one mental health professional is limited to a certain number of people; 2)
the ability of more people to produce effective PT due to existing research that thoroughly
reports effective designs; and 3) the amount of people capable of producing such systems
is much larger than there is professionals that can offer help. It is acknowledged that com-
paring the cost of a human health worker to the cost of an application does not fit in the
holistic approach to designing mental health care solutions [61]. However, the application
may as well lower costs to collecting health data on people from disadvantaged socioeco-
nomic backgrounds, which would offer an insight otherwise overlooked. The application
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can also be used to relieve stress on health care by making it available to patients whose
conditions are not severe enough to be prioritized (i.e., early triage system).

1.4.2 Availability

The problem of availability can be separated into three subcategories: 1) location-based
availability, 2) time-based availability, and 3) cost-based availability. Location-based avail-
ability refers to people with mental health issues in locations that have no direct access
to mental health professionals in person or even no computerized access to therapy with
communication technologies [62]. Using PT for mental health may not be a permanent
solution in such cases, but it may offer either one of the few available reliefs or be used as a
transitional remedy towards a better access to health care. Time-based availability refers
to people with mental health issues needing therapeutic help during times when their cho-
sen professional is unavailable. PT for mental health is available around the clock, making
their use complementary with the chosen mental health professional. Patients continuously
report these needs, and such complementary uses already exist [63]. Cost-based availabil-
ity refers to people with mental health issues needing therapeutic help but not having the
means to access it more than the minimum recommended amount of hours per week [64],
where consensus points at one hour per week. Research [64], [65] shows that more frequent
therapy results in better outcomes, and complementary use of PT for mental health can
bridge that gap for people not being able to afford more therapy by still having an access
to help. Cost-based availability is closely connected to the wider cost problem, as discussed
before.

1.4.3 Stigma

Self-stigma, the prejudice which people with mental illness turn against themselves, and
public stigma, the reaction that the general population has to people with mental illness,
are prevailing issues in the battle for mental health [66]. The problem is two-fold: public
stigma makes individuals fear what the society will think about them if they seek treat-
ment, while self-stigma makes them fear interacting with a professional as well as doubt
themselves in terms of having problems worth seeking treatment for. Thus, both contribute
to individuals with mental health issues deciding not to seek treatment from mental health
professionals. Up to 96% of people with SAD do not seek treatment [67]. Research on PT
for mental health, especially on ICAs for treating SAD, has shown that people are more
comfortable disclosing their feelings and personal information to a computerized or mobile
system than to a person [59]. This is because they do not fear being judged as well as
having a more private channel (at least as perceived by them) for disclosing their feelings,
thoughts and issues in general. People also show lower valuation fears and impression man-
agement (worrying how much they are worth or controlling how they appear to others),
and increase their expression of sadness and objectively-rated disclosure in communication
with artificial systems. This means that the amount of people not seeking treatment can
be lowered by introducing therapeutic options that they perceive to be safer and free of
stigma for them.

However, there are potential risks that such technologies bring that have to be noted
and seriously addressed for PT to reach the potential it has in mental health care:

1.4.4 Group Exclusion

Some groups of people can be excluded from technology-oriented mental health care. The
groups discussed are the elderly, the lowest socioeconomic class, and culturally-specific
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groups. The group most affected by introduction of technology seems to be the elderly
[68]. Their limited ability to incorporate technology into their lives can cause further
ageist divides between them and other generational groups. PT should therefore strive to
be persuasive for everyone, which many times means focusing on research that targets only
the elderly as participants (one of the big problems of psychological and related research
is majority student samples). Another group of people that may be excluded from the
benefits of PT for mental health are people from the lowest socioeconomic class, where
even PT might not be available to them [69]. Creating an even bigger divide for them
would result in increasingly detrimental socioeconomic living conditions. Groups that are
affected in technological adoption due to the cultural differences are crucially important
as well when considering how to advance equality. Research shows that cultures with less
contemporary sociopolitical leanings show less adoption of technology [70]. Luckily, the
research on PT seems to be fledging in certain low-income countries [71].

1.4.5 Researcher Bias

Due to lack of evaluation standardization of PT for mental health, the research field is
prone to the introduction of researcher bias. The possible problems are many: 1) PT
systems that are claimed to be successful are not always studied in clinical experiments
(e.g., randomized controlled trial), but in quasi-experiments [72] or no experiments at all;
2) the metric on which to evaluate such systems is unclear (usually comes indirectly from
their effectiveness in an experiment where the goal is SAD symptoms relief [25]); 3) no
consensus on what data is needed to understand a user in a way to offer effective help,
as there are always some presuppositions on which data to collect and how to use it for
strategy selection; and 4) a lot of existing and available systems are proprietary, which
hinders the possibilities to investigate and mitigate bias.

1.4.6 Others

Using PT for mental health, as a fairly young endeavor, also has wider problems connected
to the technological integration in the society as a whole. The presented limited perspective
therefore falls into a broader range of various issues, including: 1) the problem of personal
information privacy [73]; 2) the problem of the lack of longitudinal research on behavior
change with PT [74]; 3) the ethics of using personal information for persuasion [75]; 4) the
potential risks of digital dependence [76], [77]; 5) the problem of creating AI not aligning
with human values [78], and 6) the potential problem of automation and job loss of mental
health care professionals. PT is prone to the listed issues (and others not listed) as any
other technology.

1.5 Thesis Structure

The thesis is structured as follows:

• Chapter 2 presents related work in ICAs for mental health, which serves to under-
stand current SOTA and how to surpass it;

• Chapter 3 presents the author’s rationale for this work;

• Chapter 4 presents the research goals and the hypothesis;

• Chapter 5 presents the materials and methods, encompassing the data collection, the
collected dataset, computational experiments design and methods used, and empiri-
cal interventional study design;
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• Chapter 6 presents the cognitive architecture design of this work’s system;

• Chapter 7 presents the results of the computational experiments and the empirical
interventional study;

• Chapter 8 presents the discussion of the results;

• Chapter 9 presents the conclusion and future work.
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Chapter 2

Related Work

To achieve the goal of conducting a technical review of ICAs for ABC in mental health,
state-of-the-art (SOTA) review was selected with some elements of scoping review. To
focus on current research, this review covers the last 5 years, which is not an uncommon
timespan for fast-developing fields [79]. This limited timespan enables to only survey
the latest developments, methods and technologies used for ICAs in mental health. A
SOTA review therefore aids at underpinning key concepts in a research area and produce
a summarized content, offering a better overview than other forms of review methods, and
yielding consistent results to solidify new technological phenomena.

This work adopts the framework proposed by Arksey and O’Malley [80] for conducting
reviews. The framework provides a direction for the necessary steps in the process. The
course of such an approach includes: 1) identifying the research questions; 2) identifying
relevant works; 3) identifying selection criteria and applying it to step 2); 4) extracting and
organizing the data; and 5) reporting the results in ways to address the research questions
and satisfy the purpose of the review.

The reviewed works were evaluated on the following questions (Qs):

Q1. Which mental health issues do the systems target?

Q2. Which technologies, methods and collected data guide the process to
achieve ABC for SAD in the systems?

Q3. What are the technical aspects of the conversational models in the sys-
tems?

Q4. What are the platforms used to create the systems?

Q5. What domain knowledge is used to achieve ABC for SAD?

Q6. What user modeling, especially for personalization and adaptation, do the
systems conduct?

Q7. What is the overarching cognitive architecture used in the systems?

Q8. How are the systems evaluated in terms of ABC for SAD?

Q9. To what extent can we infer that these systems embody theory of mind?

The search query was constructed by collecting keywords and correlating them with
synonyms and related words. The construction was based on the author’s knowledge of the
area as well as referring to similar review papers [21]–[23]. The PICOC methodology [81]
was used to further refine the search string. The search query used can be found below:
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“chatbot” OR “conversational agent” OR "relational agent" OR "virtual agent"
OR “intelligent agent” OR “cognitive agent” AND “anxiety” OR “depression”
OR “mental health" OR “stress”

Preliminary searches on a wide range of databases were conducted, including querying
Scopus, PubMed, EBSCOHost, Springer, the ACM Digital Library, IEEE Xplore, Google
Scholar, Web of Science, EmBase, PsycINFO, Cochrane, CINAHL, Science Direct, and
Inspec. However, due to its role as an aggregator of diverse scientific works, Google Scholar
offers broader coverage compared to specific databases with restrictive inclusion criteria.
Therefore, it can serve as a viable alternative to the mentioned databases. This insight is
consistent with empirical studies on database comparison [82]–[84]. Therefore, only Google
Scholar was used and complemented with a database search software Harzing’s Publish or
Perish, which is recommended for easier querying [85].

The author of this work relied on their experience and knowledge of the field as well
as having a clear idea of related work to construct a list of special criteria to apply to the
paper selection process. Every decision was elaborated to avoid arbitrary or biased criteria.
All the full papers that passed all the items on the special criteria list were included.

The special criteria include the following items:

1. Targeted mental health issues in the paper include stress, anxiety,
depression, or general well-being. This criteria was selected as these
are the most common mental health issues among the nonclinical popu-
lation [86], they are seeing the most rise [87], they are targeted most by
the systems of interest, and they are the easiest to target with technology
[21]–[23].

2. The system in the paper is autonomous and not ’Wizard-of-Oz’.
The ’Wizard-of-Oz’ technique refers to the "seemingly autonomous appli-
cation whose unimplemented functions are actually simulated by a human
operator, known as the Wizard of Oz" [88, p. 7]. Since technologies in-
vestigated should enable exactly such functions, including ’Wizard-of-Oz’
systems would defeat the purpose of this work.

3. The conversational model of the system in the paper is text-based.
Text-based systems were selected due to experts calling for such systems
[24], due to the belief that text-based systems are the most mature in the
technological landscape and therefore more amenable to being reviewed,
and due to the extensive range of such systems (e.g., speech-based systems
means analyzing a completely different technology), it is impractical to
comprehensively cover them within a single work.

4. The conversational model of the system in the paper allows for
a synchronous, real-time two-way communication. This criterion
was selected due to the power of a dialogue in the matters of mental health
[89], which is compelling to research such systems, as well as the trending
usage of ICAs in various areas of service [90], whose success also stems from
the convenience of synchronous communication, seen in instant messaging
systems [91].

5. The paper describing the system was published in the last 5 years.
Since technology is developing fast, the last five years are recommended
by other researchers and is not uncommon in SOTA reviews [79], which
should cover the trends of interest.
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6. The system in the paper is implemented to be used with a com-
puter or mobile devices. This criterion – as opposed to also covering,
e.g., robotic platforms – was selected due to wanting to overview conve-
niently available systems, which do not demand additional resources for
being accessible.

7. The system in the paper is fully functional, not a part of a bigger
cognitive architecture of an ICA. The power of ICAs lies in their
emergent behavior when multiple parts or modules work in concert to-
wards producing ABC. What is important for this work is the system as
a whole, not individual parts (e.g., not singular ML models).

8. The system in the paper is not only a design, but was implemented
and can be used. Systems that are possible to build are of this work’s
interest. Only implemented systems can answer some of this work’s ques-
tions (e.g., RQ4), especially on results that such systems produce (e.g.,
RQ8). Without this criterion, the true technical trends of the field cannot
be sufficiently addressed.

9. The paper provides an adequate level of technical detail, enabling
a comprehensive analysis of the system from a computer science
perspective. To be able to conduct a SOTA review, this criterion is
necessary. Without it, barely any RQ can be addressed.

10. The system in the paper is non-proprietary. Many systems (or plat-
forms used to build the systems) used in the most (cited) studies [54],
[92], [93], are non-proprietary. The most well-known systems or platforms
are: Tess [92], Wysa [93], Woebot [54], DialogFlow [94], IBM Watson [95],
Microsoft Bot Framework [96], and GPT-3 [97]. While this work considers
some of them, unfortunately, proprietary work cannot be surveyed as their
technologies are closed source and not described in enough detail to be
able to analyze them. They function like a double black box, whereby not
only the neural networks utilized for their conversational models cannot
be discerned, but also no other methodological or technological details
about them can be discerned. They also do not foster open source and
transparent research work. However, given that Woebot is utilized as a
comparative reference (due to other reviewed systems not being imple-
mented and ready for use) within an empirical interventional experiment
(described in section 7.2) against the system developed in this work, a
brief description of it is provided at the end of this chapter.

Apart from the specific criteria list to apply to paper selection, general criteria were
constructed, partly guided by the PICOC method [81].

The steps that were followed for paper selection:

1. Use of Harzing’s Publish or Perish for easier management

2. Exclusion criteria: Papers do not address “Conversational Agents” and
related acronyms (population criterion I)

3. Exclusion criteria: Papers do not address “Stress,” “Anxiety,” "Depres-
sion," or similar words (intervention criterion II)



14 Chapter 2. Related Work

4. Removal of impurities: Deleting theses, dissertations, non-scientific pa-
pers, posters, review papers, books, papers with three pages or less in
length

5. Quality assessment: Focusing only on peer-reviewed published papers in
journals and conferences (conferences hold special importance in computer
science)

6. Abstract and text filtering: Special selection criteria, not applied before,
described under the special criteria section

Removal of duplicates was not strictly necessary due to the use of one database, but
since there might be various sources for the same paper (e.g., a journal and a university
website), they were removed in one of the steps (e.g., step 3) or by hand when encountered.

PICOC was used to refine the criteria to be transparent and unbiased for the final
paper selection. Inspiration was taken from the PRISMA framework [98] for reporting and
the PRISMA diagram used to visualize the process.

Data extraction was focused on identifying keywords and parts of the text that help
answering the Qs, deemed relevant to the review’s narrative and goals.

The paper selection process used various filtering methods to improve the results that
fit the objectives of this review and help to answer this work’s Qs. The process included
the following steps: using Harzing’s Publish or Perish for easier management; ad hoc
removal of duplicates; application of exclusion criteria; removal of impurities (deleting
theses, dissertations, non-scientific papers, posters, review papers, books, papers with three
pages or less in length), application of quality assessment criteria, and abstract and text
filtering.

The paper selection process with the numbers of papers encountered in each
step was:

Step 1: Querying Google scholar with search string: n = 14300

Step 2: Using Harzing’s Publish or Perish, applying exclusion criteria (popu-
lation criterion I and II): n = 254

Step 3: Removal of impurities, quality assessment: n = 114

Step 4: Filtering: n = 10 (number in line with similar review papers)

The PRISMA diagram in Figure 2.1 visualizes the process. The diagram follows the
PRISMA methodology [98].

The selection process yielded 10 papers that aligned with the reviewing criteria. These
papers represent various approaches to achieving change in people with mental health
issues. Since all of them feature full cognitive architectures for their systems, some of the
latter’s parts are homogeneous among the papers, while others are very heterogeneous.
The systems in this review show that there are multiple ways of doing that, which gives
the research field the flexibility and diversity. The two are needed for more possibilities for
progress.

The reviewed works are:

1. Delahunty et al. [50] proposed a diagnostic ICA, which combined conversational
abilities with machine learning and clinical psychology. It used sequence-to-sequence
neural networks for dialogue generation and machine learning classifiers for discov-
ering depression symptoms. The goal was to facilitate crisis support for depressed
people.
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Figure 2.1: PRISMA diagram of the paper selection process.
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2. Denecke et al. [51] introduced SERMO, an ICA that combined methods from cog-
nitive behavior therapy (CBT) and lexicon-based emotion recognition to support
general well-being in people by regulating their emotions, thoughts, and feelings.
Emotion recognition in SERMO was crucial for effective strategy selection in terms
of proposed activities and dialogue help. Alongside, informational strategies helped
provide people with psychoeducation. User evaluation with the User Experience
Questionnaire showed that the system was considered good.

3. Ghandeharioun et al. [99] focused on delivering ecological momentary interventions
through an ICA to raise people’s general well-being by relieving SAD symptoms.
The system EMMA provided emotionally appropriate interventions in an empathetic
manner, detecting user’s moods solely through the smartphone sensor data, which
was integrated with the ICA. Their results showed that their personalized machine
learning model, used to determine the moods, was likable by the participants.

4. Khadikar et al. [100] developed Buddy, an ICA that targeted general well-being by
treating symptoms of SAD, but also working as a motivational companion to help
with loss of focus. The system used recurrent neural networks (RNNs) to respond to
the users’ emotions with appropriate dialogues that built mental resilience and drove
the conversation towards positive thoughts.

5. Morris et al. [57] designed an ICA that simulated human capabilities in empa-
thy expression. They repurposed online peer support data, which the ICA through
corpus-based approaches presented to the user. Information retrieval and word em-
bedding techniques produced the best matches to the user’s concerns. In a controlled
experiment, the users found such responses acceptable.

6. Park et al. [101] delivered a prototype ICA Bonobot that used motivational inter-
viewing methods to help students cope with stress. It used conversational sequences
to guide the users through the motivational interviewing processes, providing evoca-
tive questions, encouraging feedback, and reflective and affirming responses, placed
in the context of the users’ problems. The major focus of Bonobot was discussing
the idea of change. When used in an experiment, participants were satisfied with
the ICA, but pointed out that more personalized feedback and informational support
would benefit the system.

7. Pola and Chetty [102] created an ICA that offers behavioral therapy to people with
depression. The ICA tried to get information from the user on their mental state. It
could detect seven types of emotions from text using long-short-term-memory neural
network and a pre-trained weighted word index known as glove2. The ICA’s main
strategy was trying to have a dialogue about the users’ negative thoughts and offer
different perspectives on them.

8. Rishabh and Anuradha [103] built three different ICAs for general well-being, using
different technologies. The first, based on the famous psychotherapeutic chatbot
ELIZA [53], used retrieval approaches for its language capabilities. The second, based
on another famous chatbot, ALICE [104], used AIML (Artificial Intelligence Markup
Language). The third used generative approaches. All of them tried to gauge the
context that users conveyed to them through text and guide the conversation towards
more positive sentiment.

9. Yorita et al. [72] proposed a stress management framework with an ICA platform
working on computers, mobile devices as well as in robots. It derived various stress
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measures and modeled their users, which determined the strategy selection in their
peer support model. Interventions targeted various factors that aim at different stress
management skills. The process was driven by reinforcement learning in combination
with fuzzy control. Their results show that after using the ICA, people displayed
better skills at dealing with stress.

10. Yorita et al [105] built on the ICA from Yorita et al. [72], expanding the models and
employed strategies for help to personalize their system even further.

2.1 General Overview of the Selected Related Works

This section highlights key general findings that form the basis for addressing the research
questions about the reviewed works.

Figures 2.2–2.5 represent the technical summary of the reviewed papers. Figure 2.2
shows the number of papers that featured ICAs with conversational models based on neural
networks, being the most popular generative method for natural language understanding
and generation, and the amount based on rule-based or other machine learning types.
Figure 2.3 shows the number of papers that featured ICAs with non-conversational models
(e.g., classifiers for stress level) based on neural networks and the amount based on rule-
based or other machine learning types. Figure 2.4 shows papers that featured ICAs that
used various methods to personalize and adapt their actions. Figure 2.5 shows the number
of papers that featured ICAs that built their own complete cognitive architectures, and
the amount that used existing (open source) platforms to create their architecture or that
used existing ICAs and upgraded them.

Figures 2.6–2.8 represent non-technical summary of the reviewed papers. Figure 2.6
shows the number of papers that featured ICAs tackling specific mental health issues.
Figure 2.7 shows the number of papers that featured a user study on relieving SAD,
that featured a user study on the system, and that were only evaluated by the authors.
Figure 2.8 shows the number of papers that featured ICAs that only did assessment, that
only did intervention, and that did both.

Figure 2.2: Papers featuring different AI methods in their conversational models. Some
systems use neural networks as well as other AI methods, which puts them into both
categories.
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Figure 2.3: Papers featuring different AI methods in their non-conversational models.

Figure 2.4: Papers featuring different methods for personalization and adaptation. Implicit
modeling represents language understanding and generation methods, as ICAs personalize
output by, e.g., recognizing emotions in the input.
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Figure 2.5: Papers featuring different platforms for their system’s cognitive architecture.
"Upgrading existing ICA" denotes using existing instances of architectures and upgrading
them (e.g., ELIZA [101], [103]).

Figure 2.6: Papers tackling different mental health issues.
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Figure 2.7: Papers with different system evaluations.

Figure 2.8: Papers with systems covering assessment and intervention.
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2.2 Analysis of the Selected Related Works

To answer Q1, the reviewed works were scanned for information on which mental health
issues they target (see Table 2.1). This information was mostly presented in the titles,
although sometimes it was more implicit, e.g., in the data collection and intervention
techniques used.

Table 2.1: Answering Q1. Which mental health issues do the systems target?

Work Targeted Mental Health Issue
[50] Depression
[51] General well-being
[99] General well-being, stress, anxiety, depression
[100] General well-being, stress, anxiety, depression, loss of focus
[57] General well-being, stress
[101] Stress (in students)
[102] Depression
[103] General well-being
[72] (Occupational) stress
[105] See [72]

To answer Q2, the reviewed works were scanned for information on which data was
collected from the users by the authors and their systems, which datasets the authors used
to train or augment their systems, what methods the systems were built on to produce
ABC for SAD, and overall technologies used. All the listed had to have a specific purpose
in producing ABC as opposed to, e.g., general conversational abilities of the system. There
is a general process in treating mental health issues, which widely consists of two steps:
assessment and intervention [30], [106].

Assessment:

• [50]: The system tries to classify depression, suicidal ideation, insomnia and hyper-
somnia, weight change, and excessive or inappropriate guilt from linguistic user input.
It trains on various datasets (eRisk, Reddit posts from users and subreddits). It ex-
tracts linguistic features from the text and uses doc2vec to vectorize it, employing
feature recognition and text embedding approach to construct classifiers. It finally
applies Random Forest and logistic regression to predict the presence or absence of
depression symptoms. The overall F1-Score for classifiers was 0.91.

• [51]: The system uses a lexicon-based approach using SentiWS lexicon to conduct
sentiment and emotion recognition in the linguistic user input. It further applies
fuzzy matching to recognize emotions from words that are similar enough to convey
the same meaning. The system achieved 81% accuracy in recognizing emotions in a
dataset of forum posts.

• [99]: The system collects geolocation data from a phone, connected to the ICA,
and user ID, gender, baseline scores of the big five personality test, PANAS (Positive
and Negative Affect Scale, short version), and DASS (Depression, Anxiety and Stress
Scale). PANAS quantifies mood and DASS captures depression, anxiety, and stress
symptoms. It applies experience sampling five times a day using a visual grid based on
Russel’s two-dimensional model of emotion to capture ground-truth labels. The affect
is inferred by the system using personalized model with Random Forest regression for
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valence prediction (82.4% accuracy) and AdaBoost regression for arousal prediction
(65.7% accuracy).

• [100]: The system does not explicitly assess users and uses no specific assessment
methods. Assessment is implicit in the linguistic intent recognition in the conversa-
tional model.

• [57]: The system does not explicitly assess users and uses no specific assessment
methods. Assessment is implicit in its matching capabilities where the user input is
matched with the closest reply from the used database.

• [101]: The system does not explicitly assess users and uses no specific assessment
methods. It uses evocative questions to collect linguistic user input. Afterwards, it
uses keywords from the linguistic user input which guide the conversation – these
keywords can convey mental states. The keywords were acquired from a dataset that
collected data from Reddit subreddits.

• [102]: The system uses questions that target emotional states of the users to gain rel-
evant user input. It then uses a model to detect seven types of emotions. The model
uses long-short-term-memory neural network with glove2 for emotion recognition.
The model is trained on the ISEAR dataset. The accuracy of emotion recognition
obtained was 84%. Furthermore, it labels users into five states according to the de-
tected emotional levels: zero depression, slightly stressed, highly stressed, slightly
depressed, highly depressed.

• [103]: The systems do not explicitly assess users and use no specific assessment
methods. Assessment is either implicit in the linguistic intent recognition in the
conversational model or it uses keywords from the linguistic user input which guide
the conversation.

• [72]: The system uses fuzzy inference to evaluate the content of the linguistic user
input as replies to various intentional questions and to detect users’ state of stress.
The users are measured on Comprehensibility, Manageability, and Meaningfulness.
“Comprehensibility means that people can understand their situation and predict
their near future. Manageability is a sense that people can manage their situation.
Meaningfulness means people can understand the meaning of their life.” [72] (p. 3763)
This determines users’ Sense of Coherence model, which is used for various strategies
to increase stress management.

• [105]: See [72]

Intervention:

• [50]: The system does not deliver interventions and has no specific intervention
methods.

• [51]: The system delivers suggestions for activities and exercises that help regulate
emotions in the form of a dialogue, reminds the user on appointments and imple-
ments CBT techniques, e.g., mindfulness and focusing in goals. The dialogues vary
depending on detected emotions and are mostly of informational nature.

• [99]: The system delivers well-being interventions which include individual or social
activities from a range of psychotherapeutic categories: positive psychology, cogni-
tive behavioral, meta-cognitive, or somatic interventions. They are delivered through
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a textual prompt to the user with various digital tools to engage with the activity.
The dialogue the system produces is based on emotions detected by selecting a ran-
dom pre-written script from an emotional category, congruent with the user’s state
(e.g., if a person is identified to have emotions of low valence and arousal, the system
produces the following: “Feeling glum? I have a skill that might brighten your day.
Let us practice.”).

• [100]: The system delivers interventions in the form of positive drivers inserted in the
conversation to change the trend of the users’ thoughts. It also targets self-expression
development and stress management. CBT techniques, motivational interviewing
and analysis, positive behavior support, behavioral reinforcement, and guided actions
and methods are used to encourage the user to build emotional resilience skills.
Actions are encouraged at different moments, such as meditation.

• [57]: The system delivers interventions in the form of preexisting emotional support
statements, drawn from a large corpus of online interactions from the Koko platform,
a platform that connects users seeking help and those who have opted to give help.
The users needing help also evaluate the responses. This corpus-based approach
tries to create the semblance of personalized, empathic expression. The system uses
information retrieval techniques and word embeddings to automate this process in
real-time, matching existing statements to appropriate inputs by the users, selecting
texts that have satisfactory scores. The interaction between the system and the user
is one-off – the user describes their situation and the system matches a reply from
the dataset. The answers are presented as if authored by the system.

• [101]: The system delivers interventions in the form of motivational interviewing.
It can only use predefined responses, which depend on the stage of the process the
user is in. These stages are Engaging, Focusing, Evoking, and Planning, where: “In
Engaging, Bonobot shares brief introductions with the user and gives instructions to
use the chatbot. In Focusing, Bonobot asks the user to detail their problem, possi-
bly having them identify an inner struggle. This leads to Evoking, where Bonobot
explores future goals with the user, affirming their own ideas for change. Finally,
Bonobot invites the user to ponder the overall session in Planning.” [101] (p. 3) The
process helps users cope with stress and encourages self-reflection.

• [102]: The system delivers interventions in the form of emotional conversational sup-
port, suggesting different, more positive perspectives on situations the users describe,
and trying to prevent negative thoughts. The conversation is guided by the level of
mental health issue detected.

• [103]: The systems deliver interventions differently. ELIZA-based ICA uses Roge-
rian reflection to engage with the users. Information retrieval techniques are used to
choose proper responses: the n-gram technique, charagram embeddings, word sim-
ilarity, sentence similarity, and part-of-speech tagging. ALICE-based ICA delivers
interventions by sympathizing with the user and using CBT techniques. It imple-
ments AIML, sklearn to match responses, as well as category tagging and synonym
switching for conversational dynamicity. The generative language ICA only implicitly
delivers interventions by being trained on empathetic text.

• [72]: The system delivers interventions that help improve the users’ self-efficacy,
which helps manage stress, as it measures users’ sense of task performance and
whether they feel they can do a task or not. The system, drawing from the user
model which is based on the Sense of Coherence (SOC) model, engages the Peer
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Support model, which finds suitable support types and delivers them. The system
uses reinforcement learning and fuzzy control the find the best Peer Support types
for specific SOC models. Peer support also stimulates various aspects of a person
to lower stress levels. The types of support are helper therapy (the user takes the
role of the carer instead of being cared for), informational support, esteem support,
and emotional support.

• [105]: See [72]. The authors upgraded the system with expanding the helper ther-
apy support type by the user having to be a carer offering either informational or
emotional support, depending on their SOC.

To answer Q3, the reviewed works were scanned for information on which methods
were used to build conversational models in the reviewed systems. Generally, there are two
approaches: rule-based, dialogue tree conversational models with either free text or button-
based user input options (more control, less errors, but limited conversational experiences),
and generative models with free text options (less control, more errors, more affordances
for conversation).

• [50]: The system’s conversational model was trained with seq2seq (OpenNMT) learn-
ing approach on datasets from Reddit’s subreddits, the eRisk dataset and OpenSub-
titles dataset using neural networks.

• [51]: The system’s conversational model is built on the Syn.Bot framework, which
uses Oscova as the bot development platform and the SIML (Synthetic Intelligence
Markup Language) interpreter. The model lets the users frame answers in their own
words and select predefined answers.

• [99]: The system’s conversational model works on textual prompts and scripted
phrasings that are utilized at contextually appropriate times.

• [100]: The system’s conversational model uses RNNs for learning as well as under-
standing and generating responses. The intent in the user input is recognized by the
Long-Short-Term-Memory neural network.

• [57]: The system’s conversational model consists of two modules. The front-end
module pairs previous responses with user inputs. The back-end module generates
output using Elasticsearch, word2vec and a word-embedding procedure. The authors
used the Google News dataset for training. The ICA also solicits user feedback.

• [101]: The system’s conversational model extends on ELIZA, basing its functionali-
ties on identifying user keywords to generate responses. It consists of two modules,
Flow Manager and Response Generator. Flow Manager runs the conversation and
assigns template responses to lead the user. Response Generator follows the con-
versational flow and sequences, identifying keywords by weighting them and assem-
bling responses.

• [102]: The system’s conversational model is built by the authors using pre-trained
weighted word index known as glove, and trained responses to create an environment
for generative, free-text conversation.

• [103]: The three systems’ conversational models are built with three different ap-
proaches: 1) the Retrieval Pattern Matching ICA is built on ELIZA, using the n-gram
technique to get relevant responses, Charagram embeddings to learn character-based
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compositional models to embed textual sequences, and using word similarity, sen-
tence similarity and part-of-speech tagging for evaluation; 2) Retrieval Rule Based
AIML ICA is built on ALICE, using sklearn alongside the AIML library and various
rules to generate a response; 3) the generative ICA learns on the data from The Open
American National Corpus, using the Long-Short-Term-Memory method and context
learning for understanding input, and using Beam Search to choose a response.

• [72]: The system’s conversational model is rule-based, basing its responses on a
stored databank. The user can communicate by inputting free text or by selecting
fixed inputs. The outputs are also based on the classification of the moods of the
users, detected through using machine learning (see Assessment).

• [105]: See [72]

To answer Q4, the reviewed works were scanned on how the ICAs were built. The
focus was on whether various platforms were used to produce the ICA (e.g., Rasa [107]) or
whether an existing ICA and its framework were used and possibly upgraded (e.g., ELIZA).
As this was one of the exclusion criteria, papers with ICAs built on proprietary, closed code
platforms (e.g., DialogFlow) were not considered. Table 2.2 presents the results and the
answer to Q4.

Table 2.2: Answering Q4. What are the platforms used to create the systems?

Work Platforms and Frameworks
[50] No existing platform or framework/Not reported
[51] Syn.Bot, OSCOVA
[99] StudyPortal platform (extricated from [108])
[100] No existing platform or framework/Not reported
[57] No existing platform or framework/Not reported
[101] Extended ELIZA framework
[102] No existing platform or framework/Not reported
[103] Extended ELIZA framework, extended ALICE framework
[72] No existing platform or framework/Not reported
[105] LINE Platform

To answer Q5, the reviewed works were scanned on what domain knowledge, particu-
larly from mental health and ABC theories, is somehow integrated into the systems. This
may be through the strategies that the systems deploy to produce ABC, e.g., CBT tech-
niques, or through user modeling, where knowledge on SAD helps make the systems more
empathetic.

• [50]: See Q2: Assessment

• [51]: The system reflects knowledge on emotions, tracking and monitoring (diaries),
and CBT techniques like mindfulness and activities.

• [99]: The system reflects knowledge on positive psychology, cognitive behavioral,
meta-cognitive, or somatic interventions as well as emotion theory like Russel’s cir-
cumplex model.

• [100]: The system reflects knowledge on “self-help practices such as CBT, motiva-
tional interviewing and analysis, positive behavior support, behavioral reinforcement
and guided actions and methods to encourage the user to build emotional resilience
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skills. It helps the user to manage their stress, anxiety, overthinking, energy, helps
in focus, promotes meditation and encourages the same, and other situations.” [100]
(p. 122)

• [57]: The system reflects no explicitly discernible domain knowledge. It has implicit
lay knowledge that is based on the online peer support data.

• [101]: The system reflects knowledge on motivational interviewing, stress manage-
ment, and self-reflection.

• [102]: The system reflects knowledge on the emotion theory (seven basic emotions),
emotional support and evocative questions.

• [103]: The system reflects knowledge on Rogerian reflection.

• [72]: The system reflects knowledge on the SOC model, Generalized Resistance Re-
sources, helper therapy, informational support, and emotional support.

• [105]: See [72]

To answer Q6, the reviewed works were scanned on what kind of data is collected on
the users for the user model, and how the user is further modeled. Interest was also taken
in how the working of the system is affected, particularly in terms of how the system is
personalized and how it adapts to individual users.

• [50]: See Q2: Assessment

• [51]: The system builds the user model on the emotion data, which it uses to per-
sonalize dialogues.

• [99]: The system builds the user model on the following data: “user ID, gender,
baseline scores of the big five personality test, PANAS (Positive and Negative Affect
Scale, short version), and DASS (Depression, Anxiety and Stress Scale). PANAS
quantifies mood and DASS captures depression, anxiety, and stress symptoms.” [99,
p. 16] It also contains data on “experience sampling five times a day using a visual
grid based on Russel’s two-dimensional model of emotion.” [99] (p. 16) It uses this
data to select among different emotionally charged phrasings.

• [100]: The system does not build any explicit user models.

• [57]: The system does not build any explicit user models.

• [101]: The system does not build any explicit user models.

• [102]: See Q2: Assessment

• [103]: The systems do not build any explicit user models.

• [72]: The system builds the user model on the following data: data from the SOC
model, Perceived Stress Scale, Ryff’s Psychological Well-Being Scales, and Hassles
Scale. Each user has a continually updated SOC model. Generalized Resistance
Resources connect other data to the SOC model.

• [105]: See [72]
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To answer Q7, the reviewed works were examined to identify any explicit references to a
specific cognitive architecture (e.g., Belief-Desire-Intention architecture) that was employed
during the system’s construction. In case they did not, an interest was taken in identifying
the modules that constitute the cognitive architecture.

• [50]: Not specified; modules for detecting various mental health issues, conversational
model for question formation

• [51]: Syn-Bot architecture (including OSCOVA and SIML)

• [99]: Not specified; geolocation-emotion prediction module, personalized textual in-
terventions module

• [100]: Not specified; language learning module (RNN), user understanding module
(NLP), response generator (NLP) with psychological techniques

• [57]: Not specified; pairing module, user feedback module

• [101]: Not specified; flow manager, response generator

• [102]: Not specified; mental state classification module, response generator, user
model

• [103]: Not specified; ELIZA-based system: pattern matching module, response gen-
erator; ALICE-based system: self learning module, response generator; Generative
system: training module, context module, generalization module, response generator

• [72]: Belief-Desire-Intention architecture

• [105]: See [72]

To answer Q8, the reviewed works were examined to assess the evaluation of the sys-
tems, with a specific focus on user-tested evaluations. The mental health outcomes subse-
quent to using the system were ideally desired to be observed. Nevertheless, data on user
evaluation pertaining to assessing the properties of the system was also extracted.

• [50]: No evaluation on users

• [51]: Tested on users and mental health professionals on the system’s Attractiveness
(users: below average; professionals: good), Perspicuity (users: above average; pro-
fessionals: above average), Efficiency (users: below average; professionals: above av-
erage), Dependability (users: bad; professionals: below average), Stimulation (users:
bad; professionals: above average), and Novelty (users: below average; professionals:
excellent).

• [99]: No evaluation on users

• [100]: No evaluation on users

• [57]: Tested on users where they compared the system’s replies to their peers’ replies
with three scores: good (system: >40%; peers: >60%), ok (system: <40%; peers:
<40%), and bad (system: >20%; peers: <10%).

• [101]: Tested on users where they described the system as having evocative questions
and offering self-reflection as well as potential consolidation, but noted that the
feedback was clichéd. The users also wanted more informational support from the
system and more suitably contextualized feedback.
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• [102]: No evaluation on users

• [103]: No evaluation on users

• [72]: Tested on users which used the system for five days. The system managed to
improve their scores on stress managing skills, reflected in the SOC model.

• [105]: Tested on users which used the system for three days. The system managed
to improve their scores on stress managing skills, reflected in the SOC model.

To answer Q9, the reviewed works were examined to assess to what extent we can infer
that these systems embody theory of mind. Considering human cognitive capabilities that
come with ToM [109], ICAs with ToM would generally exhibit the following:

• Understanding: This would enable an ICA to understand and interpret human emo-
tions, beliefs, intentions, and similar mental states. It should decipher not only the
semantic meaning of the user’s input but also, e.g., the emotions and intentions
behind the text.

• Mental modeling: An ICA with ToM should have an ability to create and update a
model of the user - their mental states, beliefs, desires, and intentions based on their
interactions, to form a sort of internal "mind map" of the user.

• Knowledge: To execute actions stemming from a user’s understanding due to ToM,
an ICA must possess sufficient knowledge in the relevant domain.

• Prediction: Using the model it has created of the user’s mind, an ICA should be able
to predict the user’s future state of mind, their actions or reactions. This would allow
the ICA to better tailor its responses and suggestions. In terms of mental health, it
should know which responses will create better outcomes based on an individual.

• Empathy: An ICA needs to be able to show empathy. This involves recognizing the
mental state of the user and personalizing the wording or the manner of the response
to it.

• Learning: As an ICA interacts with a user over time, it should learn and adapt based
on those interactions. Learning enables the ICA to refine its understanding of the
user and improve its predictions.

• Response generation: An ICA needs to be able to respond to the user in a way that
demonstrates its understanding of the user’s state of mind while being able to bring
together all of the above for a suitable action.

The systems from the selected related works were evaluated in the light of the list
above.

• [50]: The system seems to focus on understanding through the application of machine
learning, showing high accuracy in recognizing depressive symptoms from user input.
Evidence of learning is not clear, as it does not seem to have capabilities of learning
from the user. It appears to lack comprehensive mental modeling, as it primarily
recognizes and classifies symptoms rather than building a detailed understanding of
a user’s mental state. The system does not deliver interventions, and therefore lacks
response generation capabilities. Its abilities to exhibit empathy or domain-specific
knowledge are non-existent. Overall, it shows very few elements of ToM.
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• [51]: The system showcases understanding and prediction by effectively recognizing
and responding to user emotions, as well as possessing domain-specific knowledge
in cognitive behavioral therapy techniques. Its ability to adapt dialogues based on
emotions indicates an approximation of empathy. However, the depth of its mental
modeling, learning and empathy capabilities is non-existent or very rudimentary.
The system does seem to be more holistically designed, yet does not embody a ToM.

• [99]: The system demonstrates understanding by detecting user moods, and utilizes
this information in a mental modeling approach to create personalized responses. It
implements domain-specific Knowledge in its delivery of various psychotherapeutic
interventions. However, the system’s pre-written and scripted responses might limit
its ability to demonstrate a nuanced understanding of a user’s state of mind, which
is also why it lacks empathy and learning capabilities. Therefore, while the system
demonstrates some ToM components, its lack of flexible response generation that
would arise from also using empathy and learning inhibits a fully realized ToM.

• [100]: The system demonstrates some understanding by using recurrent neural net-
works to recognize users’ emotional states. This approach, while not explicitly build-
ing a user model, does entail implicit mental modeling by generating responses based
on users’ current emotional states. However, this seems to occur within the context
of the conversation and does not extend beyond it, which also prohibits learning.
The system also showcases significant domain knowledge in delivering interventions
grounded in CBT, motivational interviewing, and behavioral reinforcement. Its re-
sponse generation is dynamic, with the ICA adjusting its dialogue based on the user’s
emotional state, but it is not really predictive or empathetic as the system does not
build an explicit user model. Overall, while the system displays components of ToM,
the lack of explicit user modeling, which would also be used in learning, and predic-
tive assessment suggests that it is too limited to embody ToM.

• [57]: The system operates on an understanding derived from matching user input to
preexisting emotional support statements from a large corpus, showcasing an implicit
form of both understanding and mental modeling. However, this appears to be a
one-off interaction without taking past interactions or user states into account. The
system does not explicitly assess users, and there is no evidence of developing an
ongoing understanding of the user or their needs beyond the immediate interaction.
The system does not seem to exhibit any substantial domain knowledge beyond
matching emotional responses. Moreover, it does not build an explicit user model,
limiting its ability to predict future user needs or tailor its responses in an empathetic
manner. Given these limitations, the system is far from embodying ToM, as it
is predominantly confined to immediate context, one-off interactions, and with no
evidence of learning from past interactions.

• [101]: The system displays an understanding of user emotions and intentions through
the interpretation of user-inputted keywords, attempting to discern intent and adapt
its responses. However, the lack of explicit user assessment and a specific model of
user mental states limits its ability to construct and update a comprehensive mental
model. Although the system possesses domain knowledge on motivational inter-
viewing and stress management, it is restricted to delivering predefined responses,
limiting the degree to which this knowledge contributes to a sophisticated under-
standing of the user’s mind. The capacity for prediction is absent due to the lack
of a comprehensive user model. While the system generates empathetic responses
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through its process of motivational interviewing, it lacks personalization, an impor-
tant component of empathy. Learning and adaptation in the system are confined to
the weighting and assembly of responses based on identified keywords, which pro-
hibits true forms of learning. Ultimately, the system’s capabilities do not realize as
a ToM.

• [102]: The system, in terms of understanding, detects seven types of emotions from
text using a long-short-term-memory neural network, showing a certain level of com-
prehension of user’s emotions. It also uses evocative questions to derive user mental
states, demonstrating an attempt at mental modeling, although this modeling is lim-
ited to five distinct states and does not appear to update dynamically with continued
interaction. The system holds knowledge about emotion theory and emotional sup-
port, which it applies to guide interventions designed to alleviate negative thoughts
and offer alternative perspectives, evidencing an element of empathetic response gen-
eration. The system, however, lacks any indication of predictive capability, a critical
component of ToM, as it does not anticipate user responses or future states. Simi-
larly, it exhibits a limited ability to learn and adapt, with responses generated from
predefined questions and responses rather than dynamically evolving throughout in-
teractions. Thus, while the system exhibits several aspects indicative of ToM, it lacks
the full spectrum of capabilities necessary for an embodiment of the concept.

• [103]: There are three distinct systems described in this selected work. While there
is some form of understanding observed, as the systems attempt to gauge user con-
text and steer the conversation towards positive sentiment, it is important to note
this understanding does not extend to modeling mental states. The systems lack
explicit assessment or the creation of a mental model, thereby inhibiting deeper user
understanding. Regarding knowledge, the ELIZA-based system reflects a comprehen-
sion of Rogerian reflection, though this knowledge is not effectively personalized to
users, limiting its impact. These systems do not demonstrate predictive capabilities,
which inhibits tailoring of future interactions. The empathy exhibited is confined to
the ALICE-based system’s sympathetic responses and the generative system’s em-
pathetic text training. However, without comprehensive understanding and mental
modeling, this empathy is potentially limited in accuracy or applicability. Further-
more, the systems do not demonstrate the ability to learn and adapt from past
interactions, a key aspect of ToM. Lastly, while the response generation incorporates
some understanding, the lack of an evolving user model restricts the effectiveness of
these responses. Consequently, these systems exhibit very limited aspects of ToM,
and cannot be said to possess it.

• [72]: The system manifests understanding by deciphering users’ linguistic input to
assess their stress levels, reflecting a rudimentary comprehension of emotions. It
models users by continually updating the SOC model, showing an adeptness at men-
tal modeling. The system is knowledgeable in various concepts related to stress
management and uses this knowledge to deliver tailored interventions. These inter-
ventions demonstrate the ability to predict users’ needs, improving their self-efficacy
and stress management skills. Empathy is exhibited in the provision of different
types of support, such as esteem support and emotional support, and an attempt
to meet users where they are in terms of stress. Learning is evident in the appli-
cation of reinforcement learning and fuzzy control to optimize the selection of Peer
Support types. Furthermore, the response generation aligns with the user’s mood
and SOC model, suggesting an integration of understanding, mental modelling, and
knowledge. However, the system lacks the ability to comprehend and interpret any
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other mental states beyond stress, and its empathy is therefore limited in scope. It
is also reliant on predefined rules and databanks, which restricts the system’s abil-
ity to generate responses that reflect a deeper understanding of the user’s mental
states. Thus, while this system exhibits several characteristics of ToM, it does not
fully embody the concept, but it is neither far from it.

• [105]: See [72]

The answers to the research questions about the selected related works give a thorough
and detailed insight into how the reviewed systems produce ABC for SAD, especially in
their underlying technical mechanisms. This is especially relevant to indicate what kind of
data should be collected on users, how they should be modeled to personalize and adapt
ICAs, how the latter should converse with the users, etc. The tables with results, which
allow for easy comparisons, present how to produce change in stress, anxiety and depression
with autonomous dialogue systems.

The approaches to ABC, observed in the reviewed systems, considerably vary. It ben-
efits to compare the technical underpinnings of systems targeting the same mental health
issue.

Targeting stress, both systems by Yorita et al. [72], [105] produced experimental re-
sults in training people to handle stress better. The system achieved this by: having
strong theoretical grounds for assessment, which produced user models of the users’ stress
management skills as well as well-being, gathered through dispatching standardize ques-
tionnaires; having personalized interventions according to the SOC factors in the user
model; having a rule-based conversational model, which guided the user down appropri-
ate dialogue paths; basing its domain knowledge on a few carefully selected psychological
frameworks, such as SOC model, helper therapy, and informational support; and choosing
a well-supported cognitive architecture, Belief-Desire-Intention architecture, to build the
system on. Other systems targeting stress lacked such comprehensive architecture in terms
of its modules. Some built comprehensive user models but lacked the depth of personalized
strategies rooted in theory, opting for few pre-written responses [99]; some did not explic-
itly assess and intervene, opting for approaches that are more dependent on unsupervised
understanding of and responding to users [100], [103]; some produced very rigid and static
systems based on a lot of top-down elements to assessment and intervention, either through
matching with already existing responses [101] or by following a very strict and limited
conversational path [57]. It therefore seems that a strong user model with an intelligent
combination of rigidness and freedom of assessment and intervention methods through a
guided conversation produces best results.

Targeting anxiety, no systems with experimental results targeting symptom reduc-
tion were found. Two systems targeted anxiety, but very generally, either through few
pre-written responses [99], or by opting for dialogue freedom through a generative conver-
sational model [100]. Ghandeharioun et al. [99], however, built their system technically
based on assessment, using Random Forest and AdaBoost with satisfying results to infer
mood from a comprehensive user data model, which might be a better option than implicit
assessment.

Targeting depression, Delahunty et al. [50] presented the most comprehensive system
for depression assessment building various classifiers on depression symptoms used on the
input text. Random Forest and logistic regression were used to infer the presence of
depression, suicidal ideation, insomnia and hypersomnia, weight change, and excessive
or inappropriate guilt. This appears to be a more nuanced way to assess users than
opting for general mental health issue labels. However, their system was assessment only.
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Ghandeharioun et al.’s [99] and Khadikar et al.’s [100] systems were already covered in the
previous paragraphs, and the same evaluation applies here.

Systems targeting general well-being are harder to compare, but Denecke et al. [51]
seemed to follow the formula of Yorita et al. in terms of building a comprehensive system
with the right combination of rigidness and dynamicity in assessment, intervention and
guided conversation. The system’s performance seemed to be based on their assessment
methods, which used a lexicon approach to extract linguistic features and infer emotions
in the text.

In summary, successful systems seem to base their performance on having a user model,
explicit and theoretically-backed assessment with classification models (instead of only
collecting questionnaire results), explicit and personalized intervention with many strategic
possibilities, and dialogue tree conversational model. As in many areas, tasks that call for
machine learning are best solved with ensemble methods, such as Random Forest (which
is, however, not explainable).

There are a few clear insights into the preferable technologies that the reviewed ICAs
are built on. The first noticeable element is the intricate connection between the technology
and the goals of such ICAs. Here, it can be discerned that conversational models in most
cases are built to be fairly limited in what is otherwise SOTA in the field of chatbots. It
has to be limited – mental health counselling is a very delicate matter, and preventing the
generative models go out of control should be one of the primary concerns, as making them
be complicit in mental health deterioration of the user is a real danger. This was seen in
the case of one of the currently most advanced language models today, OpenAI’s GPT-3
[97]. GPT-3 was being tested by the tester simulating a patient. When the tester simply
wanted to book an appointment with a doctor, GPT-3 acted as a human, understanding the
tester’s intents with no problems. However, beyond such surface tasks and conversations,
GPT-3 started not only to fault, but to exhibit very dangerous behaviors. When the tester
expressed that she feels bad and needs help, GPT-3 answered that it can help, and when the
tester expressed suicidal thoughts, GPT-3 recommended that the tester killed themselves
[56]. Furthermore, ChatGPT, runing GPT-3.5 and GPT-4, is hard-coded to not respond
to prompts that ask for any kind of help in terms of mental health. To researchers in this
field, this signals not only how careful they have to be, but also that the systems they build
have to be very domain-oriented and should limit the linguistic capabilities as reasonably
as possible. In the domain of mental health, it is clear that free text capabilities of ICAs
are not on the level where they could be feasibly used, and that generally, NLP research
is not advanced enough yet to consider it for such domains [110]. When they are used,
they have to be largely improved on in very domain-specific ways, making the systems
non-scalable. But while the authors of the reviewed works were aware of the dangers of
unconstrained textual input, their conversational models and ICAs in general still seemed
too limited in what is currently possible. One possible reason why the authors did not
implement more advanced possibilities on understanding the user might be convenience
and privacy.

The latter may also be the reason why there is so little user modeling and consequential
personalization. The systems collect very little data on the users, which makes them static
and inflexible in terms of how they can personalize their strategies to the user and adapt
to various individual specificities. Since the current systems do seem to employ ABC
theories and strategies, personalizing offered help to specific groups that are affected more
by specific strategies [111] should be the logical next step in progressing these systems.

Due to the conversational models many times being the most fleshed out part of the
reviewed ICAs, their cognitive architectures are not thought out in high detail, mostly
embedding only the conversational model. This can cause oversimplification of possibilities
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for the system to function, which has its place for certain purposes (very general and quick
first help), but does not explore the possibilities that modeling other cognitive capabilities
can bring.

Some designs of ICA cognitive architectures [44] have suggested how to sensibly use
more advanced technology which might result in better outcomes, but have so far not been
implemented or evaluated yet. They emphasize personalization and adaptation through
strong user modeling and learning from historical interactions. It is clear that ICAs for
ABC in mental health have a lot of space to grow technologically, should there be enough
research in the field. The most important lesson to note is that the outcomes such ICAs
produce are emergent – they represent a thoroughly researched and thought out result
of highly interdisciplinary efforts, but more specifically, their behavior stems from various
modules that model different cognitive abilities interacting with each other. This points to
researchers needing to cooperate or being interdisciplinary themselves, not only focusing
on narrow intradisciplinary or technical knowledge.

2.3 Woebot

This section describes Woebot, a chatbot widely referenced in digital mental health in-
terventions [54], [112]–[114]. Woebot is described due to its inclusion as a comparative
reference within an empirical interventional experiment against the system developed in
this work (see section 7.2). There were multiple reasons why the author of this work opted
for Woebot as a comparative reference: 1) Woebot currently produces the most effective
digital interventions among chatbots, and studies on successful interventions with Woebot
have been the most replicated; 2) Woebot is implemented and freely available for use; and
3) other systems from selected related works, while open in terms of being technically de-
scribed and reported on for possible reviewing, lack implementation or sufficient available
code to be implemented.

While information on Woebot is significantly more limited in scope as for other selected
systems featured in this work, especially in terms of the technical specification, it can
nonetheless be shortly described.

The underpinning of Woebot’s operation is a decision tree model that accepts natural
language inputs and suggests responses. While this mechanism does not incorporate a
theory of mind, Woebot is still effective, indicating that productive interventions can be
developed even without this attribute.

Woebot’s personality is one of its most noteworthy features. It promotes user-system
trust and interaction, a crucial element in mental health interventions. The user interface
and front-end of Woebot are well-designed.

Woebot also has the capability of delivering a variety of visual outputs, including
emojis, graphs, images, and videos. This multimedia approach provides a dimension of
interaction that extends beyond text-based communication. Additionally, Woebot imple-
ments a supportive strategy by providing users with educational materials, appropriate
messages, and pre-scripted advice, dictated by the user’s emotional expressions and cogni-
tive distortions.
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Chapter 3

Rationale for This Work

As presented in Chapter 1, there is a need for a bigger role of IT technology in the current
mental healthcare landscape. Although initial attempts at such integration have yielded
some favorable outcomes, the current SOTA falls short of its full potential.

To surpass the SOTA presented in the previous section, this work tries to interdisci-
plinarily combine AI, attitude and behavior change, and mental health in a novel synthesis,
culminated through the knowledge of cognitive science. The main idea is to create a compu-
tational simulation of theory of mind (ToM), a human cognitive capability to “understand
the thoughts and feelings” [109, p. 528] as well as “attributing thoughts and goals to
others” [Ibid.] in order to function and act appropriately. ToM is at the core of this work’s
system. In many soft domains, it is ToM that distinguishes humans from machines, and
while AI can simulate some of its properties there are no systems that fully emulate them.
Simulating ToM even in a limited scope can enable using AI for a very specific, mentally
dynamic and complex task – ABC in mental health.

The relevance of this work for AI lies in building and combining real-time machine
learning-based detection models, where the goal is SOTA accuracy; forecasting models,
which do not exist yet in this way in mental health; novel ontologies on mental health and
ABC; and recent large language models (LLMs), which did not succeed in mental health
in the past [32]. Wrapping LLMs to generate language in prompt generators, which rely
on cognitive and personality models of the users with the use of ABC theories, as well
as including risk-filtering models, makes sensible motivational message generation possible
for SAD symptoms relief. This is because LLMs generally work only on transformers, and
expanding them with the above-described framework seems crucial to make such a system
effective in the mental health domain.

All of this is enabled through creation of a novel, up to now non-existing golden stan-
dard mixed methods dataset with panel data. Quantitative data on mental health and
qualitative free text data entries should prove useful for various areas in the intersection
between AI, natural language processing, statistics, computational psychotherapy, com-
putational psychiatry, and digital mental health. Apart from model building, this newly
collected dataset and its methodology can provide valuable novel insights into change in
mental health, which is still very unexplored and vaguely characterized [115]. This helps
the intersection between AI and mental health.

Lastly, focusing on the ABC, recent research in behavioral sciences showed that knowing
personality types of people makes them more susceptible for influence through appropriate
persuasive strategies [17]. This work uses these advances and adapts them for mental
health through the use of technology, which makes personalization of strategies very viable.
So far, personalization in ABC has mostly been used in static environments (e.g., print
advertisements [116]), where it is harder, making strategies less effective and specific.
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Chapter 4

Research Goals and Hypothesis

4.1 Research Goals

The main goal of this work was to design and implement a novel artificial cognitive archi-
tecture that mimics theory of mind, which is in cognitive science described as the cognitive
ability to “understand the thoughts and feelings” [117, p. 528] as well as “attributing
thoughts and goals to others” (Ibid.) in order to function in social life. For the system
in this work, this ability was more domain-specific, but it served the same purpose – to
understand its user to the degree where it can offer effective personalized help for reliev-
ing SAD symptoms. Such a design was an interdisciplinary effort to integrate findings
from AI, cognitive science, and behavioral sciences. In order to be able to simulate theory
of mind, the architecture has to include models, created with SOTA AI methods. This
includes models for detecting and forecasting SAD as well as symptoms of these issues
from real-time free text, with which the goal was to achieve accuracies above what can be
found in the literature. The comparison of the models was based on testing different ML
algorithms, such as tree-based methods and neural networks. Recent LLMs (e.g. GPT-3
[31]) were included as well. They served for the linguistic output generation as a response
to the input text where the detection and forecasting models were used. The text out-
put was a motivational message, personalized to the user’s personality. This was achieved
with idiographic personality and cognitive profile modelling in conjunction with behavioral
sciences findings on which persuasive approaches work better for which profiles as well as
distinguishing specific mental health-related keywords and topics in the language input,
similar to topic modelling. Since recent LLMs are not adapted to specific domains as well
as prone to risky output [32], the goal in this work was also to build more humane output
processes that are less prone to risk. To ensure positive outcomes of a conversation, a loop
was implemented where at the end of a specific conversation, the system re-evaluated the
user’s well-being post support, and offered help through adapted and new strategies if the
well-being was not changed, or taught the user new strategies if the well-being had been
improved for future use. The whole developed framework therefore generally complements
existing LLMs (e.g., transformer-based ChatGPT) with the hypothesis that it makes them
more effective.

Another goal was to produce a novel mixed methods dataset with more than 1000 data
instances (non-existent prior to this research), a panel data (multiple individuals at multiple
time intervals) of daily quantitative questionnaires on SAD (diagnostic-level), accompanied
by daily free text diary entries, ideally through a pre-study (to test methodologies and
improve them for the main study) and a main study (the latter ethically approved). This
ensured golden standard data, needed for this work’s system, as well as a dataset that can
be of use to the wider research community that is currently lacking such data.
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4.2 Hypothesis

There is one main hypothesis (H):
H. An intelligent cognitive assistant for attitude and behavior change for stress, anxiety,

and depression will achieve results at least comparable to the state-of-the-art if it simulates
theory of mind in a novel artificial cognitive architecture.

Explanation: Theory of mind is simulated as an ensemble of various models and novel
ontologies. This includes psychological and cognitive user modelling, mental health and
behavior change ontologies, detection and forecasting machine learning models, large lan-
guage models wrapped in risk detection models, and behavior change prompt generators.
Part of the theory of mind is simulated by relying on novel mixed methods panel data with
diagnostic-level questionnaires and accompanying quality free text data.

The confirmation or rejection of this hypothesis will be supported by:

1. the recapitulation of accuracy measures of machine learning models (that are part of
theory of mind) through computational experiments, compared with related state-
of-the-art systems (see Chapter 2);

2. expert measures, defined by standardized questionnaires for such systems;

3. the final experiment involving subjects interacting with different systems to evaluate
their influence on mental health. This includes comparing the system developed in
this thesis with Woebot [54], the most cited and freely available system with the most
replicated positive outcomes. Publicly available information suggests that Woebot
does not possess structures that could be called theory of mind, only "a decision tree
with suggested responses that also accepted natural language inputs with discrete
sections of natural language processing techniques embedded at specific points in the
tree to determine routing to subsequent conversational nodes." [54, p. 3] However,
Woebot does possess other advantages, which can help in its performance, that our
system does not:

• a coherent personality exhibited through its responses, which tends to make
people more trusting and creating a bond with it [113];

• a fully developed front-end and user interface, which tends to keep users’ atten-
tion and focus longer [114];

• the ability to deliver visual outputs (e.g., emojis, graphs, pictures, videos).

Thus, this criterion refers to comparing outcomes from a system imbued with theory
of mind versus a system devoid of this capacity, but possessing aforementioned ad-
vantages. This will demonstrate how the capability of theory of mind can enhance
the performance of the system developed and described in this thesis.
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Chapter 5

Materials and Methods

This Chapter describes the methods and materials used that were necessary to assemble
the system described in the previous Chapters. This includes:

1. Data collection pre-study and main study research design and description;

2. Collected dataset with descriptive statistics and exclusionary criteria;

3. Computational experiments and the various methods used for conducting them -
ML algorithms to build the models, feature selection methods, feature engineering
methods (serving as cognitive modelling), feature importance methods (used for novel
insights into mental health phenomena), and accuracy measures;

4. Empirical interventional study research design and description.

5.1 Data Collection

Research points toward the quality of data being the primary determinant of a successful
ML model or an AI system [118], [119]. This means that the data used has a bigger impact
on the model’s or system’s performance than selecting and building the optimal algorithm.
Since the field of mental health lacks not only golden standard datasets, but any publicly
available datasets for the construction of the system in this work, data collection was one of
the priorities for this work and the subsequent dataset is one of its important contributions.

Before the main data collection was performed, a pre-study was conducted to test the
research design for the data collection, from questionnaires posed to the applications used.
The main idea was to collect a panel data (multiple individuals at multiple time intervals)
of more than 1000 instances to be usable for ML. In terms of the time series characteristics,
the data spans through approximately 4 weeks, and includes daily sampling of quantitative
mental health metrics and qualitative, text-based diary entries on the daily experiences of
the participants. The data was collected using Google Forms and the Synergetic Navigation
System (SNS) application [120].

5.1.1 Ecological Momentary Assessment and the Synergetic Navigation
System (SNS) Application

To collect quality data, the method of ecological momentary assessment (EMA) was em-
ployed. This way of collecting data follows the "anywhere, anytime" (A-A) principle ([30]),
using a smartphone to collect data in non-invasive ways. EMA transports data collection
from the lab into the wild. This has several benefits, as people cognize differently in the
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wild, in their ecological environments, than in the lab [121], and it helps people overcome
the recall bias, which "occurs when participants in a study are systematically more or less
likely to recall and relate information on exposure depending on their outcome status, or
to recall information regarding their outcome dependent on their exposure" [122, p. 126].
In that way, participants are in their ecological environment when the data is collected.
The data collection can be signal-contingent, which "constitutes randomising notification
timing throughout of a given timespan" [123, p. 135], interval-contingent, in which "no-
tification timing is scheduled in line with a (predefined) time gap" [123, p. 135], e.g., a
questionnaire every two hours, or event-contingent, where "the occurrence of a predefined
event results in a notification" [123, p. 135], e.g., the smartphone senses specific movement
through the global positioning systems (GPS) data [124]. EMA is being successfully used
in mental health research [125].

This work utilized an interval-contingent data collection, using Google Forms and SNS
[120] for data collection. SNS is a tool available for use on a smartphone or a com-
puter which can collect quantitative questionnaire and qualitative text data by sending
interval-contingent prompts to participants’ smartphones which lead to the application’s
questionnaire interface, as well as emails which, by clicking the included link, lead to the
web platform with the questionnaire.

5.1.2 Data Collection Pre-Study

The pre-study was conducted on 8 participants and lasted for about 3 weeks. The partici-
pants received instructions on how to use SNS and how the data collection was structured.
The data was collected at the end of each day using the 10-item Positive and Negative Affect
Schedule (PANAS) questionnaire [119], and a textual diary entry with specific guidelines
(see Supplementary Materials A.1).

Furthermore, participants completed a demographic questionnaire (see Supplementary
Materials A.4) and the BFI-10, a 10-item scale measuring the Big Five personality traits
Extraversion, Agreeableness, Conscientiousness, Emotional Stability (or Neuroticism), and
Openness [46]. The latter especially served for personalizing the linguistic output of the
system (for more details, see Chapter 6).

PANAS, due to it simplicity, was used to understand how to keep adherence and con-
venience for the main data collection study. The plan was to see if the questionnaire was
too long or too short, and to adjust the selection of a questionnaire appropriately.

Additionally, participant feedback regarding their experience with the data collection
tools (such as the SNS tool), their perspectives on the clarity of questions, the compre-
hensibility of instructions and guidelines, as well as reports on any other concerns or sug-
gestions, were also taken into consideration. Before the pre-study began, the participants
signed informed consents.

The collected data was not shared with anyone, was held on a secure server and only
used for research purposes. If at any point participants decided to withdraw their data, it
was deleted from the server. The data was completely anonymized following the Olden et
al’s protocol for epidemiologic or clinical studies [126].

The takeaways from the pre-study were the following:

• Reformulate text to be clearer;

• PANAS was confusing for participants, it seemed better to include questions on SAD
symptoms;

• add instructions for participants involved with a mental health professional;
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• additional instructions on how to write machine readable text in the diary entries
(important for later ML purposes);

• the time to complete a daily sample (PANAS, diary entry) was around 15 minutes;

• the questionnaire could be longer in the main study;

• 150 words for the diary was the appropriate amount to no cause participant attrition;

• SNS is appropriate for data collection.

5.1.3 Main Data Collection Study

The main data collection study, as the pre-study, used SNS to collect the data using EMA.
The data was anonymized with the Olden et al’s protocol for epidemiologic or clinical
studies [126]. It differed from the pre-study in the following important aspects:

1. Instead of PANAS, the study collected data by combining items from several symp-
tom inventories related to SAD, consisting of standardized screening questions used
by mental health professionals in the process of mental health diagnosis. Depression
Anxiety and Stress Scale 21 [48], Beck Anxiety Inventory [127], Beck Depression In-
ventory [128], and Ratcliffe’s Depression Questionnaire [129] were used to compile
the questionnaire. The final 18-item questionnaire, consisting of 18 questions relating
to SAD symptoms, is available in the Supplementary Materials A.5.

2. 61 participants applied to the study as opposed to the 9 in the pre-study.

3. The study lasted 4 weeks as opposed to the pre-study’s 3 weeks.

The instructions for participants are available in Supplementary Materials A.2. The
revised guidelines for the diary entry are available in Supplementary Materials A.3.

From the 61 participants that applied, 7 participants never started the study. As in
the pre-study, the participants completed a demographic questionnaire, BFI-10 [46], and
a post-study questionnaire to ensure the quality of the collected data.

5.1.4 Data Quality

The post-study questionnaire, available in the Supplementary Materials A.6, functioning
as a questionnaire to ensure data quality, showed the following:

• The median time for completing a daily sample was 20 minutes.

• The majority agreed that the instructions were clear (95% replied that everything
was clear, 5% that a part was slightly unclear, and no participants found anything
particularly or completely unclear). This ensures that the data collected represented
what was targeted by the author.

• The majority found the 150 words for the daily diary sufficient to encompass the
reported experience as well as keep the study convenient to not cause a drop in the
quality of data collection.

• The majority rated the SNS tool in terms of its usability and comfortability with the
highest ratings. This ensures that the data collected was not of lower quality due to
the collection tools used or due to the lack of digital literacy by the participants.
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• The majority focused on the questions at hand and did not think about what the
researches might demand from them. This avoids the issue of demand characteristics
in research [130].

• No participants replied that they would be unwilling to participate in a similar study
again. This ensures that the data collected was from willing and engaged participants,
which also contributed to the low attrition rate in the study.

This was an indicator that the collected data was of sufficient quality for subsequent
use.

The study was reviewed and approved by an ethics committee (Ethical approval code:
cafiancimhumema_2021-07-13 ). The participants signed informed consents before the
beginning of the study. The full instructions, available to the participants, is available in
the Supplementary Materials A.2.

5.2 Dataset

This section describes the collected dataset through descriptive statistics. Data from 50
participants passed the data quality filter, whose exclusionary criterion is missing data in
any of the questionnaires.

One data instance (row) consists of the attributes seen in Table 5.1.

5.2.1 General Dataset Statistics

The dataset consists of 1495 data instances, of which 1168 instances are without missing
data. Table 5.2 represents general statistics about the dataset and its number of instances.

5.2.2 Demography

This section presents descriptive statistics on the participants’ data, collected with the
demographic questionnaire (see Supplementary Materials A.4). The statistics are shown
in Tables 5.3-5.12.

Among mental disorders, participants reported six depression disorders (e.g., major
depressive disorder), four anxiety disorder (e.g., general anxiety disorder), two eating dis-
orders (e.g., anorexia nervosa), and one obsessive compulsive disorder.

5.2.3 Big Five Personality Traits

Table 5.13 shows the participants’ mean and standard deviation of their Big Five per-
sonality traits. The Big Five personality traits model is a widely recognized framework
for understanding and categorizing human personality. See section 6.6.1.2 for an in-depth
description of the model and its use in this work’s system.
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Table 5.1: Attributes in one data instance.

Data category Category attributes Type of
data

Number of
attributes

Metadata Timestamp,
Subject ID / 2

Demography

Date of birth,
Sex assigned at birth,
Gender identity,
Highest educational
attainment,
Current mental health
status,
Mental health history,
Mental health therapy
history,
Mental health-related
medication,
Average hours of
sleep,
Average quality of
sleep

Cross-
sectional 10

Personality

Emotional valence,
Emotional arousal,
Openness,
Conscientiousness,
Extraversion,
Agreeableness,
Neuroticism

Cross-
sectional

2 (emotional
categories),
10 (personality
traits - 2 each)

Daily mental
health

See Supplementary
Materials A.5
for attributes

Time
series 18

Daily diary
entry / Time

series 1

Table 5.2: Basic statistics on the number of instances and diary word count per person.

(Per person) M SD
Instances 26.55 7.77
Diary word
count 188.81 148.83
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Table 5.3: Mean and standard deviation of continuous demographic attributes.

M SD
Age 29.8 5.78
Hours
of sleep 07:50 00:49

Quality
of sleep
(1-5)

3.76 0.74

Table 5.4: Replies on the demographic question "Sex assigned at birth".

Female Male
N 32 18

Table 5.5: Replies on the demographic question "Gender identity".

Woman Man Other
N 31 16 3

Table 5.6: Replies on the demographic question "Highest educational attainment".

N
Up to high school 6
Bachelor’s degree
(or other form of
similar higher
education degree)

23

Master’s degree 18
Doctoral degree 3

Table 5.7: Replies on the demographic question "Overall how would you rate your mental
health?".

N
Not sure 1
Poor 3
Somewhat poor 5
Average 14
Somewhat good 19
Excellent 8

Table 5.8: Replies on the demographic question "Have you ever been diagnosed with a
mental disorder?".

No Yes
N 36 14
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Table 5.9: Replies on the demographic question "Have you had mental health-related
therapy in the recent past?".

No Yes
N 24 26

Table 5.10: Replies on the demographic question "Are you currently taking any medication
for mental disorders?".

No Yes
N 42 8

Table 5.11: Replies on the demographic question "How would you self-describe your emo-
tional valence?".

N
I am generally a positive person. 22
I feel neutral about my emotional valence or I don’t identify with either. 20
I am generally a negative person. 8

Table 5.12: Replies on the demographic question "How would you self-describe your emo-
tional arousal?".

N
My emotional arousal is usually high. 16
I feel neutral about my emotional arousal or I don’t identify with either. 17
My emotional arousal is usually low. 17

Table 5.13: Means of sums of two questions for each Big Five personality trait (measured
on a Likert scale 1-5, and reversed when appropriate).

B5 dimension M SD
Openness 7.39 1.87
Conscientiousness 7.33 1.48
Extraversion 5.41 1.74
Agreeableness 6.89 1.76
Neuroticism 6.26 2.09
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5.3 Computational Experiments

This section describes the methods used for computational experiments performed. The
methods were selected according to the overviewed SOTA in section 2. The results are in
section 7. Models for three kinds of tasks were built. All tasks target the SAD levels and
SAD symptoms, derived from the daily quantitative questionnaires (described in section
5.18). Tasks are the following:

1. Detection of SAD levels and SAD symptoms from only one text diary entry. Training
occurs on the described dataset, while the detection occurs only from one user text
input. This means that the detection is possible on only one textual input from a
user.

2. Forecast of SAD levels and SAD symptoms from only one text diary entry. Training
happens on the described dataset, while the forecast occurs only from one user text
input (and not a time series data input, which are the common requirements for
using forecasting models). The forecast happens for seven days in advance.

3. Forecast of SAD levels and SAD symptoms from quantitative questionnaire time
series.

Figure 5.1: Visual representation of detection and forecast of SAD levels and symptoms.
Green represents ’Detection of SAD levels and SAD symptoms from only one text diary
entry’, orange represents ’Forecast of SAD levels and SAD symptoms from only one text
diary entry’ for seven days in advance.
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Figure 5.2: Visual representation of forecast of SAD levels and SAD symptoms from quan-
titative questionnaire time series. Red represents that 21 days of quantitative SAD levels
and symptoms data are used to forecast one week in advance.

The next parts of this section include the following: the ML algorithms used for building
the models as part of the system, processes used in feature selection, the process of feature
engineering, and derived target variables.

5.3.1 Machine Learning Algorithms

Machine learning (ML) algorithms are computational methods or procedures designed to
enable machines or computer systems to learn patterns, make predictions, or perform
specific tasks without being explicitly programmed. These algorithms enable machines to
automatically learn and improve from data or experience.

ML algorithms used for the tasks of SAD levels and symptoms detection and forecasting
were the following:

• Decision Tree [131]

• Bagging Decision Tree [131]

• Boosting Decision Tree [131]

• Random Forest [131]

• Complement Naive Bayes [132]

• K-nearest Neighbors Classifier [133]

• Multiple Layer Perceptron Classifier [134]

• Logistic Regression [131]

• Support vector machine [135]

The algorithms’ technical descriptions follow below.
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5.3.1.1 Decision Tree

Friedman [131] describes a decision tree (DT) as follows:

"A decision tree is an interpretable machine learning method for regression and
classification. Trees iteratively split samples of the training data based on the
value of a chosen predictor; the goal of each split is to create two sub-samples,
or “children,” with greater purity of the target variable than their “parent”.
For classification tasks, purity means the first child should have observations
primarily of one class and the second should have observations primarily of
another. For regression tasks, purity means the first child should have ob-
servations with high values of the target variable and the second should have
observations with low values."

−(y log(p) + (1− y) log(1− p))

Entropy measure for reducing uncertainty in a dataset, used by DT for learning.
’Y’ is the actual label of a data sample, which in binary classification is either 0 or 1.

’P’ is the predicted probability of the data sample belonging to class 1.
The formula is used for binary classification.

5.3.1.2 Bagging Decision Tree

In a Bagging Decision Tree, multiple decision trees are trained on different subsets of the
training data, randomly sampled with replacement (known as bootstrapping). Each tree
is trained independently and makes its own predictions. During the training process, each
decision tree learns from a different perspective of the data, leading to diverse models.

"Bagging, short for bootstrap aggregating, combines the results of several learn-
ers trained on bootstrapped samples of the training data." [131]

5.3.1.3 Boosting Decision Tree

Boosting decision trees are an ensemble learning technique that combines decision trees
with boosting methods to create predictive models. By iteratively constructing decision
trees that focus on correcting errors made by previous trees, boosting decision trees achieve
improved overall performance. The method assigns weights to training data instances,
prioritizing misclassified samples during each iteration to refine subsequent trees [131].

5.3.1.4 Random Forest

"A random forest is a slight extension to the bagging approach for decision
trees that can further decrease overfitting and improve out-of-sample precision.
Unlike bagging, random forests are exclusively designed for decision trees (hence
the name).

Like bagging, a random forest combines the predictions of several base learners,
each trained on a bootstrapped sample of the original training set. Random
forests, however, add one additional regulatory step: at each split within each
tree, we only consider splitting a randomly-chosen subset of the predictors.
In other words, we explicitly prohibit the trees from considering some of the
predictors in each split." [131]
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5.3.1.5 Complement Naive Bayes

Complement Naive Bayes (CNB) is a variant of the Naive Bayes algorithm, which is a
probabilistic machine learning method used for classification tasks. Complement Naive
Bayes is specifically designed to address the issue of imbalanced datasets, where the classes
are not represented equally.

Algorithmic steps in CNB:

1. Calculate the probability of the given instance not belonging to each class.

2. Calculate for each class and select the lowest value.

3. The lowest value represents the lowest probability that that the instance does not
belong to a certain class. The instance is finally sorted in that class.

argmin p(y) •
∏ 1

p(w|ŷ)fi
Formula for CNB. ’P’ is the probability of a class, ’y’ is the class label, ’w’ is the weight,

’f ’ is the likelihood function, ’i’ is the index of the feature.

5.3.1.6 K-Nearest Neighbors Classifier

The k-nearest neighbors (KNN) algorithm estimates the likelihood that an instance will
become a member of a certain group based on the a specific distance (e.g., Euclidean
distance, see below) between the instance and the groups. It is a lazy learning algorithm,
because it does not perform any training when supplying the training data.

∥p∥ = (p,0)
kNN is classified by using various distance measures.

The formula shows Euclidean distance measure. ’P’ represent a vector.

5.3.1.7 Multiple Layer Perceptron Classifier

A multilayer perceptron (MLP) is a fully connected feedforward artificial neural network
(ANN). MLP involves (at least) three layers of nodes: an input layer, a hidden layer and
an output layer (see Figure 5.3). Each non-input node is a neuron that uses a nonlinear
activation function. MLP utilizes backpropagation [134] for training. MLP can be trained
to implement any given nonlinear input-output mapping.

Figure 5.3: Network graph of a (L+1)-layer perceptron with D input units and C output
units. The lth hidden layer contains m(l) hidden units.
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5.3.1.8 Logistic Regression

Logistic regression is a method commonly used for binary classification tasks. It is well-
suited for scenarios where the outcome variable is binary, meaning there are only two
possible classes. The algorithm models the relationship between the input features and
the binary outcome variable by fitting a logistic or sigmoid curve to the data. This curve
maps the predicted values to probabilities between 0 and 1, representing the likelihood of
an instance belonging to a particular class. The decision boundary is set at 0.5 probability,
and instances with predicted probabilities above the threshold are classified as one class,
while those below are classified as the other class.

5.3.1.9 Support Vector Machine

The objective of the support vector machine algorithm is to find a hyperplane in an N-
dimensional space that divides the data points. The objective is to find a plane that has the
maximum margin, i.e the maximum distance between data points of both classes. Support
vectors are data points close to the hyperplane that orient it. These vectors are used to
maximize the margin. The loss function used for this maximization is called hinge loss.

l(y) = max(0,1 - t * y)
Hinge loss function. ’Y’ is the prediction, ’t’ is the class label.

5.3.2 Feature Selection

For feature selection, two methods were used: Granger causality and colinearity.

5.3.2.1 Granger Causality

Granger causality is a statistical concept used to assess the causal relationship between
variables in time series data. It extends beyond simple correlation by evaluating whether
the past values of one variable can improve the prediction of another variable. In other
words, if the inclusion of past values of Variable A significantly enhances the prediction
accuracy of Variable B, it suggests that Variable A Granger-causes Variable B. This ap-
proach aims to capture the temporal precedence and predictive power of one variable over
another, providing insights into potential causal links within a dynamic system.

yt = c2 +

3∑
i=1

α2,iyt−i + ϵx,t

The Granger causality test for restricted models.

yt = c2 +
3∑

i=1

α2,iyt−i +
3∑

i=1

β2,ixt−i + ϵx,t

The Granger causality test for unrestricted models.

In both, ’c2’ denotes a constant, ’i’ an index, and ’t’ a specific point in time.
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5.3.2.2 Collinearity

Collinearity is a feature selection technique that utilizes the state where two variables are
highly correlated and contain similar information about the variance within a given dataset
in order to deselect the feature from training a model. It uses correlation matrices to find
the largest absolute values between values.

5.3.2.3 Chi-squared test

The Chi-squared test is a statistical hypothesis test that is used to determine whether
there is a significant association between two categorical variables in a sample.

The Chi-squared test is used for feature selection in a classification problem by measur-
ing the dependence between each input variable and the target variable. The test provides
a score that indicates how likely the observed distribution of the categories is, given the
expected distribution (i.e., the distribution that we would see if the variables were inde-
pendent). Features that are most likely to be independent of the class variable, and hence
irrelevant for classification, can be removed from the dataset.

5.3.3 Feature Engineering

Feature engineering is a ML technique that leverages data to create new attributes not
presented in the raw collected dataset. The newly produced features can bring additional
information about the data as well as speed up and simplify the data-related processes in
the learning phase. The end results are generally higher accuracy or faster computations
(due to less data complexity). When data is qualitative, textual data, feature engineering
also involves the process of attribute numerization, turning non-numeric data into numeric
features.

Below are presented feature engineering frameworks used in this work.

5.3.3.1 Valence Aware Dictionary and Sentiment Reasoner

Valence Aware Dictionary and sEntiment Reasoner (VADER) is a lexicon and rule-based
sentiment technique, used for feature extraction [136]. The lexicon detects two sentiment
dimensions: polarity and intensity. It is tuned to contents, produced in social contexts,
and therefore applicable to sentiment analysis across several domains. It was built on
over 9000 token features and 7500 lexical features. The approach was validated with a
wisdom-of-the-crowd approach [137].

5.3.3.2 Linguistic Inquiry and Word Count

Linguistic Inquiry and Word Count (LIWC) is a framework based on lexicon techniques
[138]. It forms word categories based on the psychological meaning of the words. The
categories are constructed based on psychological and cognitive science research, and new
can be added by similarly basing their inclusion on the psychological and cognitive science
knowledge base. It enables positioning instances into a multi-categorial space. Among
others, LIWC lists the following categories (with relevant Tables 5.14-5.17 of what these
categories encompass alongside dictionary examples): Standard linguistic dimensions, Psy-
chological processes, Personal concerns, and Spoken categories. Other categories include
analytical thinking, authentic speech, emotional tone, several grammatical categories, and
drives (e.g., power).
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Table 5.14: Standard linguistic dimensions.

Pronouns I, them, itself
Articles a, an, the
Past tense walked, were, had
Present tense Is, does, hear
Future tense will, gonna
Prepositions with, above
Negations no, never, not
Numbers one, thirty, million
Swear words *****

Table 5.15: Psychological processes.

Social Processes talk, us, friend
Friends pal, buddy, coworker
Family mom, brother, cousin
Humans boy, woman, group
Affective Processes happy, ugly, bitter
Positive Emotions happy, pretty, good
Negative Emotions hate, worthless, enemy
Anxiety nervous, afraid, tense
Anger hate, kill, pissed
Sadness grief, cry, sad
Cognitive Processes cause, know, ought
Insight think, know, consider
Causation because, effect, hence
Discrepancy should, would, could
Tentative maybe, perhaps, guess
Certainty always, never
Inhibition block, constrain
Inclusive with, and, include
Exclusive but, except, without
Perceptual Processes see, touch, listen
Seeing view, saw, look
Hearing heard, listen, sound
Feeling touch, hold, felt
Biological Processes eat, blood, pain
Body ache, heart, cough
Sexuality horny, love, incest
Relativity area, bend, exit, stop
Motion walk, move, go
Space Down, in, thin
Time hour, day, oclock

Table 5.16: Personal concerns.

Work work, class, boss
Achievement try, goal, win
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Leisure house, TV, music
Home house, kitchen, lawn
Money audit, cash, owe
Religion altar, church, mosque
Death bury, coffin, kill

Table 5.17: Spoken categories.

Assent agree, OK, yes
Nonfluencies uh, rr*
Fillers blah, you know, I mean

Other categories include analytical thinking, authentic speech, emotional tone, several
grammatical categories, and drives (e.g., power).

LIWC can therefore be used for feature extraction for ML. With its use, text can be
classified into a multi-dimensional space, covering the afore-mentioned categories represent-
ing mental dimensions. This provides accurate insights into a variety of mental processes:
the topic covered, the thinking style, the emotional state, the cognitive processes, etc. This
framework has been widely supported in psychology and cognitive science research [138].

5.3.4 Target Variables

For the system presented in this work, several target variables were engineered for ML
models in the system to detect and forecast from the users’ input text. The targets were
engineered from the SAD symptoms questionnaire described in section 5.1.3 (also see Sup-
plementary Materials A.5. Table 5.18 describes these target variables, composed of mental
health issues (SAD) and SAD symptoms.

Table 5.18: Target variables used in the system’s ML models
to detect or forecast from the users’ text input.

Target variable Description
stress Sum of Q1, Q2, Q17
anxiety Sum of Q1-8, Q17
depression Sum of Q1, Q9-18
inability to relax Q1
nervousness Q2
fear Q3
tightness in chest Q4
lightheadedness Q5
feeling hot or cold Q6
trembling Q7
pounding heart Q8
sadness Q9
self-hatred Sum of Q10, Q13
anhedonia Sum of Q11-12
hopelessness Q14
indecisiveness Q15
fatigue Q16
emotional detachment Q18
suicidality Q9-14, Q17-18
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The target variables were binarized, with the positive class indicating the significant
presence of the target variable in the users’ text. A binarization threshold formula was
used:

b = 0.25 ∗ t

where b presents the binarization threshold value and
t presents the maximum theoretical target variable value.

1/4 of the maximum value of the questionnaire scale was selected as a threshold for
categorization of significance due to its presence in numerous mental health diagnostic
tools on SAD [48], [139].

5.4 Empirical Interventional Study

To test the efficiency and success rate of this work’s system, an empirical interventional
study [140] was designed. It compared a state-of-the-art chatbot for attitude and behavior
change in mental health Woebot [54] with this work’s system. Woebot was chosen as
it is currently the most cited freely available system with the most replicated positive
outcomes. It operates on a “decision tree with suggested responses that accepts natural
language inputs” [54, p. 3]. It chooses a supportive strategy in the form of educational
materials, appropriate messages, and pre-written advice based on users’ emotions (e.g.,
expressed with emoticons) and their cognitive distortions. The participants for the present
work’s empirical interventional study were sampled from the general population, and a
short screening questionnaire assessed their demographic and mental health status. The
participants were placed in a laboratory setting, where they simulated a short, daily check-
in with one of the chatbots. This included the participants providing the chatbot with a
description of their day and possible issues that affected their mood. The participants
then focused on the chatbots’ subsequent responses. The participants used mobile devices
or a computer for the check-in. Their experience was recorded with a mixed methods
methodology, consisting of quantitative and qualitative questionnaires:

1. Quantitatively evaluating SAD before and after the check-in. The questions
were based on the Single Item Screening Questions (SISQs) method [141], and were
the following: "How stressed do you currently feel?", "How anxious do you currently
feel?", "How depressed do you currently feel?". The answers were scored on a 5-point
Likert scale from 1 ("Not at all") to 5 ("Extremely"). The questions were posed to
the participants before and after using an ICA.

2. Quantitatively evaluating the experience with chatbots with two expert
measures from the User Experience Questionnaire (UEQ) [142]. The two
measures included the aspects of obstructive-supportive (how supportive the chatbot
was) and usual-leading edge (how advanced in terms of technology and novel the
chatbot seemed to be), evaluating on a 7-point Likert scale from 1 to 7.

3. Qualitatively evaluating the experience with chatbots. The question posed
to the users after the chatbot use was "Was there anything in particular that you
liked or disliked about the chatbot?".
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The goal of the study was to focus the data analysis on the comparative aspects between
the experiences and outcomes with different chatbots. The participants were therefore
randomly sorted into two groups: the Woebot group (using Woebot) and the test group
(using this work’s system). The goal was to compare the effectiveness of the two chatbots
through the pre- and post-study SISQs, as well as compare the users’ experiences.

Participants working with mental health professionals had to consult with their chosen
professional on their participation to ensure that no risks were involved. This was the
study’s exclusionary criteria. The data was fully anonymized with the researchers disposing
of the data, not present in the final dataset (e.g., e-mail addresses), within one month after
the research study. After the study, the participants had an option to remove parts of
the data if they did not feel comfortable with it existing in this way after providing it.
Consent forms on the research study were collected. The study was approved by an ethical
committee (Ethical approval code: cbssotacfaabcfmhwasdcips_2022-06-29).

5.5 Software Used

Software used for building this work’s system, computational experiments and analysis of
empirical interventional study data encompasses Python 3.9 in the JetBrain PyCharm IDE
with the focus on the following libraries:

• ChatterBot2: a machine-learning based conversational dialog engine

• huggingface-hub: a library for Hugging Face Hub, a platform that enables the sharing
and discovery of pre-trained models and datasets for natural language processing,
computer vision, and other AI-related tasks

• matplotlib: a library for creating static, animated, and interactive visualizations in
a variety of formats

• nltk: a comprehensive library for natural language processing tasks, including tok-
enization, stemming, tagging, parsing, semantic reasoning, and corpus analysis

• numpy: a powerful library for scientific computing that provides support for large,
multi-dimensional arrays and matrices, along with a wide range of mathematical
functions to operate on them efficiently

• openai: the OpenAI library is a tool to access OpenAI’s natural language processing
models, including GPT-3, and use them to generate text, answer questions, and
complete prompts

• pandas: a library for data manipulation and analysis, enabling high-performance data
structures such as dataframes and series, with tools for data cleaning, transformation,
and visualization

• pickle: a library that allows for the serialization and deserialization of Python objects,
enabling the conversion of complex data structures, such as lists, dictionaries, and
class instances, into a format that can be easily stored and retrieved from disk or
transmitted over a network

• plotly: a library for creating interactive, high-quality graphs, charts, and dashboards

• scikit-learn: a library for machine learning tasks, providing a range of algorithms for
classification, regression, clustering, and dimensionality reduction, as well as tools
for model selection, evaluation, and data preprocessing
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• scipy: a library for scientific and technical computing, providing a range of mod-
ules for optimization, integration, interpolation, signal and image processing, linear
algebra, statistics, and more, built on top of NumPy arrays

• seaborn: a data visualization library based on Matplotlib, providing a high-level
interface for creating statistical graphics, including heatmaps, time series, categorical
plots, and regression models

• tokenizers: a library for tokenizing text, providing support for a wide range of lan-
guages and tokenization strategies, including byte-level, word-level, and subword-
level tokenization, as well as normalization and padding functions

• torch: a machine learning library that provides support for deep learning tasks,
including building and training neural networks, implementing various optimization
algorithms, and manipulating tensors efficiently

• transformers: a library built on top of PyTorch and TensorFlow for natural language
processing tasks, providing access to pre-trained models such as BERT, GPT-2, and
T5, and offering a range of functionalities such as tokenization, sequence classifica-
tion, and question-answering
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Chapter 6

Cognitive Architecture Design

6.1 General Overview of the Cognitive Architecture

This section overviews the system’s cognitive architecture. The design can be seen in
Figure 6.1. The in-depth description of the architecture can be found in section 6.4.

Figure 6.1: The system’s cognitive architecture. It consists of: the Natural language
processing module (rose color), the Natural language generation module (orange color),
and the Theory of mind module (teal color), which is further divided into the User model
(blue color), the Expert & domain knowledge module (light green color), and the Strategy
control module (dark green).

The Natural Language Processing (NLP) module in CogA’s pipeline, comprising Dia-
log Management, Natural Language Understanding, and Feature Extraction submodules,
is activated upon each user input. Utilizing a Recursive Frame-Based Probabilistic Frame-
work (RFBP), Dialog Management tracks conversation progress, guiding Natural Language
Understanding. This submodule assesses input sensibility via Rule-Based Filtering (RBF),
determining if the input aligns with a predefined conversational branch language ontology.
Valid inputs proceed to Feature Extraction, where features are derived through numeric at-
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tribute creation, employing the LIWC framework and VADER sentiment model for feature
engineering.

The Theory of Mind (ToM) module comprises three modules: User Model, Expert
& Domain Knowledge, and Strategy Control. ToM processes numeric features from the
Feature Extraction module and combines information from the User Model’s submodules
(Daily State, Personality Model, and SAD State) with Expert and Domain Knowledge’s on-
tological submodules (CBT, Persuasion Strategies, SAD Knowledge, and Emotion Knowl-
edge) to determine strategies within Strategy Control’s submodules (Strategy Selection
and Strategy Adaptation). All ontologies in the ToM module are Rule-Based ontologies,
meaning the relationships between the propertie are defined with if-then rules.

The User Model simulates short-term and long-term user cognitive models, informed by
the Daily State submodule’s current mental state tracking, Personality Model’s Big Five
personality trait representation, and SAD State submodule’s detection and prediction of
SAD levels and symptoms from the input text. The Personality Model, based on the Big
Five personality traits, customizes messages by triggering appropriate persuasion strategies
from the Expert & Domain Knowledge module.

The SAD State submodule utilizes ML models to track users’ mental health, detect
current SAD states from text, and forecast SAD states up to 7 days in advance. This
information guides the system in providing user support and determining the necessity of
strategy dispatch.

The Expert & Domain Knowledge module includes the CBT submodule, Persuasion
Strategies, SAD Knowledge, and Emotion Knowledge submodules. The CBT submodule
implements personalized CBT techniques based on users’ mental state and experience lev-
els. Persuasion Strategies submodule employs a Domain Mapping Matrix (DMM) relating
Big Five personality dimensions to CPP, enabling tailored strategies for users with specific
dominant traits. The SAD Knowledge submodule utilizes DMM to map mental health
issue topics and SAD levels and symptoms to appropriate CBT techniques. The Emotion
Knowledge submodule manages the tone of the system’s outputs.

The Strategy Control module, comprising Strategy Selection and Strategy Adaptation
submodules, selects and adapts mental health strategies based on information from the
User Model and Expert & Domain Knowledge modules. By employing Ratio Formulas,
the module evaluates strategy effectiveness for specific users, learning from past encounters.

The Strategy Selection submodule extracts users’ SAD levels, symptoms, and person-
ality information from the User Model, and selects a CBT technique using the CBT and
SAD Knowledge submodules from the Expert & Domain Knowledge module. It applies a
probability model to choose the most effective strategy for long-term users.

The Strategy Adaptation submodule adapts selected mental health strategies using
NLP, wrapping them in persuasion strategies and appropriate communication tones. It
selects persuasion strategies based on users’ Big Five personality traits and determines
communication tone using information from the SAD State submodule. The submodule
also re-adapts strategies if they prove ineffective in a current conversation.

The Natural Language Generation (NLG) module processes strategies from the Strat-
egy Control module, enriches them with text from a large language model, and ensures
the output is not harmful to the user. The Dialog Compilation submodule combines the
strategy with enriched text using Natural Language Templates, and the Language Gener-
ation Humanizer verifies that the output is not harmful, requesting new text from Dialog
Compilation (which in turn requests it from LLM) if necessary.

The system currently supports GPT-3, GPT-Neo, GPT-J, and AI21 Jurassic-1 lan-
guage models for generating unique and enriched text. GPT-J is the default selection,
while ChatGPT (GPT-3.5, GPT-4) is not included due to the lack of an API.
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The Dialog Compilation submodule relies on the Natural Language Template submod-
ule to merge the selected strategy with enriched text. The Language Generation Humanizer
submodule filters out potentially harmful text outputs, using Rule-Based Filtering with
the Bad Bad Words and Toxic Comments datasets, as well as Threshold-Filtering with
VADER for detecting negative sentiment scores.

6.2 Algorithmic Description of the Cognitive Architecture

To understand the working of the system algorithmically, see Algorithm 6.1. It represents
various natural language processing techniques and models to create a contextually relevant
and persuasive output based on the user’s input and the system’s understanding of the
user’s mental state and personality. This aims to generate human-like responses while
maintaining a safe and responsible communication standard.

The algorithm can be broken down into the following steps:

1. Ask the user about their day, then append their text input to the Dialog Management
submodule (see 6.5.1), which tracks the conversation with RFBP.

2. If the input is not filtered with RBF, proceed to the next step; otherwise, return a
text output to the user asking for a valid text input. This happens, e.g., if a user
replies with a single digit to the system’s question "How was your day?".

3. Extract features of the input text using the B5 (see section 6.6.1.2 for the expla-
nation on the Big Five Personality model), LIWC, and VADER feature extraction
techniques. See section 5.3.3 for details.

4. Update the Personality Model (see section 6.6.1.2) submodule with B5 features and
the Daily State (see section 6.6.1.1) with LIWC and VADER features.

5. Update the SAD state submodule (see section 6.6.1.3) by detecting and forecasting
SAD levels and symptoms based on the extracted features. See section 5.3.4 for
predicted and forecasted target variables in the SAD state, section 5.3.1 for ML
algorithms used, and section 7.1 for developed ML models and their evaluation.

6. Determine the appropriate CBT technique (see section 6.6.2.1) based on the current
SAD state.

7. Apply DMM to the B5 features to obtain a persuasion framework (see section 6.6.2.3).

8. Combine the persuasion framework, CBT technique, and Emotion Knowledge Model
(applied to LIWC features) to create a combined framework.

9. Select a natural language template based on the combined framework.

10. Repeat the following steps until the generated output is not considered “risky” by
the Language Generation Humanizer (see section 6.8.3):

(a) Generate an output text based on the selected template.

(b) Add sentences to the output using a Language Learning Model (LLM).

(c) Apply the Language Generation Humanizer (see section 6.8.3) to the output
and evaluate whether it is considered “risky” or not.

11. Return the generated output text to the user.
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Algorithm 6.1: Algorithmic description of CogA.

Data: User’s text input i
Result: System’s text output o

initialization;
1: dialog_management_submodule.append(APPLY_RFBP(i))
2:
if APPLY_RBF(i) then

pass
else

return invalid_input_prompt
end
3:
featuresb5 ← EXTRACT_FEATURES(t, B5)
featuresLIWC ← EXTRACT_FEATURES(t, LIWC)
featuresV ADER ← EXTRACT_FEATURES(t, V ADER)
4:
UPDATE_PERSONALITY_MODEL(featuresb5)
UPDATE_DAILY_STATE(featuresLIWC , featuresV ADER)
5:
UPDATE_SAD_MODEL(

DETECT_SAD_STATE(featuresb5, featuresLIWC , featuresV ADER)
)

UPDATE_SAD_MODEL(
FORECAST_SAD_STATE(featuresb5, featuresLIWC , featuresV ADER)
)

6: cbt_technique← DETERMINE_CBT_TECHNIQUE(sad_state)
7: persuasion_strategy ← APPLY_DMM(featuresb5)
8: combined_strategy ← COMBINE_STRATEGIES(
persuasion_strategy,
cbt_technique,
APPLY_EMOTION_KNOWLEDGE(featuresLIWC)
)

9: text_template←
SELECT_NATURAL_LANGUAGE_TEMPLATE(combined_strategy)

10:
while humanized == risky do

o← GENERATE_OUTPUT(text_template)
o← ADD_SENTENCES_USING_LLM(o)
humanized← APPLY_LANGUAGE_GENERATION_HUMANIZER(o)

end
11: return o
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6.3 Operational Pipeline of the Cognitive Architecture

Figure 6.2: The system’s pipeline through the modules in one conversational round.

This section presents the proximate pipeline of the system executing one operational loop -
one conversational round (see Figure 6.2). Afterwards, it provides an example of one such
round. The steps in the conversation loop are the following:

1. Users provide a textual input on their day, similar to a diary entry, describing their
mood, their experiences while in that mood, mental health issues, issues in their
thinking and actions, problems in their lives, and similar.

2. The text is automatically processed to extract the features through a cognitive mod-
elling framework.

3. Pre-trained models use features to detect and forecast users’ SAD levels and symp-
toms, charting users’ mental health trends. Psychological modelling is used to model
users’ personalities, which are used to determine their mental and cognitive profiles as
well as current mental states. User’s daily state is modelled in multiple dimensions,
which work as representations of the user’s mental properties.

4. The user cognitive modelling profiling metrics are sent to the next part of the module.

5. A strategy is selected and adapted according to the metrics, determined in the pre-
vious part. The text serves to mitigate the user’s mental health problems based
mostly on CBT, and, if the forecasted trend is negative, to try to break that trend.
To ensure that the user follows the selected strategy, the text on CBT is wrapped
in a persuasion strategy. The persuasion strategy is personalized, working from an
ontology (Perusasion Strategies submodule) and based on the user’s psychological
model.

6. The text is sent to be augmented with the next part of the module.

7. The text from the previous part is enriched by a generative pre-trained transformer
based on a large language model (e.g., GPT-3) with additional text. This makes
responses more varied and alive for the user.

8. The enriched text is passed to the Language generation humanizer.
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9. Language generation humanizer decides whether the added text generated in the
previous module is acceptable in terms of risk for the user. It rejects the text if it is
detected as risky.

10. Language generation humanizer returns the original text for another enrichment if
deemed too risky for the user.

11. The final text is compiled through a natural language template.

12. Output of the final text.

A real-life example of the system in action:

1. The user inserts text “Today I have felt very bad. I feel a lot of stress because I have
a deadline at work coming, and I fought with my partner yesterday. I am stressed
about talking to them tonight. The deadline is a bit scary because I did not do a good
job last time, and if it happens again, it might trigger my depression. Furthermore, I
felt tired and fatigued, which made me have no motivation to do anything. I did not
feel like talking to people, either. I was a little anxious at times but calmed down
relatively fast. I also felt a little sad at times for no apparent reason. Due to all of
this, I also felt detached from myself and my surroundings, more often than usually,
but it was not super intense. In the evening, I watched Netflix to distract myself a
bit.”

2. Features are extracted by using the feature extraction techniques from 5.3.3. Dialog-
ical questioning extracts the user’s B5 psychological profile.

3. The features from the second step are used for: 1) creating a daily cognitive profile
of the user, 2) determine a SAD state detecting the user’s SAD levels and symptoms
and their forecast for up to 7 days in advance. For detection, in this example, the
ML models detect significant levels of stress and depression, as well as symptoms of
inability to relax, nervousness, lightheadedness, tremor, sadness, self-hatred, anhe-
donia, disinterest, sense of failure, hopelessness, indecisiveness, fatigue, and closed
world. Furthermore, the user’s B5 profile is assembled.

4. The information on the user is sent to the Strategy selection module.

5. Strategy selection takes into account the scores on the mental health topic from the
daily profile, and SAD levels and symptoms. Since the user is experiencing a lot of
symptoms and they are using the system for the first time, a lower difficulty CBT
technique is selected. Depression and its symptoms were prominent, so Pleasant
Activity Scheduling technique is selected. Since the dominant B5 dimension of the
user is agreeableness, CPP of authority is selected to adapt and wrap the text to be
more persuasive.

6. The module takes the selected strategy and sends it to language generation.

7. The text is assembled in order to reflect the selected mental health and persuasion
strategy. The first part of the text is the following:

You seem to be experiencing stress and depression. You may have some
symptoms of inability to relax, nervousness, lightheadedness, tremor, sad-
ness, self-hatred, anhedonia, disinterest, sense of failure, hopelessness, in-
decisiveness, fatigue, closed world.
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This is then enriched with the following two sentences with a large language model
(this was an actual output of GPT-J):

You feel easily irritated. It’s hard to respond to others.

The persuasion strategy wraps the text in the following way:

The scientific, expert research on the problems that you are experiencing
is clear on what helps.

At the end, the conversation continues with the deployment of a CBT technique
with its own conversational tree, in this case using the Pleasant Activity Scheduling
technique.

8. The text is passed to the Language generation humanizer module.

9. Language generation humanizer processes the text. It does not find any risky indi-
cators.

10. The text is not returned to the Language generation module to replace the enriched
text as no risk is detected.

11. The final text is managed as a dialog and the part of the dialog up to the CBT
conversational tree is passed as an output.

12. The user receives the following text output:

You seem to be experiencing stress and depression. You may have some
symptoms of inability to relax, nervousness, lightheadedness, tremor, sad-
ness, self-hatred, anhedonia, disinterest, sense of failure, hopelessness, in-
decisiveness, fatigue, closed world. You feel easily irritated. It’s hard to
respond to others.

The scientific, expert research on the problems that you are experiencing
is clear on what helps.

The system afterwards initiates the Pleasant Activity Scheduling technique conversa-
tional tree (see Figure 6.3 and Table 6.2).
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Figure 6.3: A part of the conversational tree for the Pleasant Activity Scheduling technique.

6.4 Detailed Description of the Cognitive Architecture

The subsequent sections provide a detailed description of CogA’s modules, explaining how
each module contributes to the system’s functioning. This includes illustrative examples
and an exploration of the computational methods that underpin the performance of each
CogA module (See section 7.1 for computational methods). The modules described follow
as such: the Natural language processing module (rose color), the Theory of mind
module (teal color) – which is further divided into the User model (blue color), the
Expert & domain knowledge module (light green color), and the Strategy control
module (dark green) – and the Natural language generation module (orange color).

6.5 Natural Language Processing

The Natural language processing module (rose color in Figure 6.1) is the first module in
the CogA’s pipeline that is started at the beginning of each conversation, and is activated
after each users’ input. It takes care of tracking the conversation, prompting users if
the replies are not sensible, and extracting meaning from the input text to be used by
the subsequent modules of the CogA. It consists of the Dialog management, the Natural
language understanding, and the Feature extraction submodules.

6.5.1 Dialog Management

The Dialog Management submodule keeps track of where in the conversation the ICA and
the user are. It therefore signals to the Natural language understanding submodule how to
understand the input. The Dialog Management submodule is built as a Recursive Frame
Based Probabilistic Framework (RFBP) [143], as the dialog tree consists of data-modelling
as well as probabilistic sequencing depending on the ML detection of user states.

6.5.2 Natural Language Understanding

The Natural language understanding submodule does the following:
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1. Receives the linguistic user input.

2. Determines whether the input is sensible according to what the conversation is at
that point in time about. It does this by using the Rule-Based Filtering method [144]
to identify invalid linguistic inputs from a pre-defined specific conversational branch
rule-based language ontology.

3. If the input is sensible, it sends the input to the Feature Extraction submodule,
otherwise it prompts the user to reply again with possible additional information on
how they should reply.

An example of the working of the submodule: if a user is prompted by the system to
describe their day, and the user inputs ’5’, the rule-based filter will signal to the submodule
to prompt the user again, explaining how they have to reply to avoid invalid linguistic
inputs.

6.5.3 Feature Extraction

The Feature extraction module receives the text input and extracts the features from
it, meaning that it creates numeric attributes according to specific rules and algorithms.
This serves for cognitive modelling of the user, capturing mental properties of their cur-
rent mental states. The main methods used include the LIWC framework [138] and the
VADER sentiment model [136]. See section 5.3.3 for the in-depth description of the feature
engineering techniques used to create the attributes.

6.6 Theory of Mind

In cognitive science, the Theory of mind (ToM) describes the ability to “understand the
thoughts and feelings” [109, p. 528] as well as “attributing thoughts and goals to others”
[Ibid.] in order to function in social life. This system’s ToM is more domain-specific, but it
serves the same purpose – to understand its user to the degree where it can offer effective
personalized help for relieving SAD symptoms. This is its goal in its social interactions.
To simulate ToM, this work made an interdisciplinary effort to integrate findings from AI,
cognitive science, and behavioral sciences.

ToM (teal color in Figure 6.1 includes the following three modules: User model (blue
color), Expert and domain knowledge (light green color), and Strategy Control (dark green
color).

When ToM receives numeric features from the Feature extraction module, it sends them
to the User model and its three submodules - Daily state, Personality model, and SAD
state. These hold information on the user and their current state of mind in the form of data
models. Data from these submodules is then combined with the user-relevant knowledge
from Expert and domain knowledge’s ontological submodules CBT (cognitive behavioral
therapy), Persuasion strategies, SAD knowledge, and Emotion knowledge submodules to
programmatically sculpt and computationally determine strategies in Strategy control’s
submodules Strategy selection and Strategy adaptation.

The following three sections describe the three submodules in ToM.

6.6.1 User Model

The User Model module (blue color in Figure 6.1) models the user. It converts input
through feature extraction, dialogical questioning, and ML modelling into meaningful in-
formation that can be used for determining the system’s outputs in a conversation. It
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therefore builds a cognitive model of a user in short-term and long-term situations (only
from one conversation or across time), which can be used to simulate different outcomes
of the support the system offers to the user through different strategies.

User model contains three submodules, each maintaining a particular aspect of the
user:

1. the Daily state submodule keeps track of how the user’s mental state is currently;

2. the Personality model holds the information on the more long-term, stable psycho-
logical characteristics of the user (using the Big Five personality model, described
below in-depth);

3. the SAD state contains ML models that detect SAD levels and symptoms of the user,
as well as forecast them for up to 7 days in advance.

All the submodules help inform the strategy selection and support output of the model.
The in-depth description of the submodules follows.

6.6.1.1 Daily State

The Daily State submodule takes the attributes from the Feature extraction submodule
and maps them to a multi-dimensional model of a user. The data attributes that form the
user model are explained in section 5.3.3, and include: standard linguistic dimensions, psy-
chological processes, personal concerns, spoken categories, analytical thinking, authentic
speech, emotional tone, several grammatical categories, and drives (e.g., power).

An example representation of some dimensions that make up the model of the user
can be seen in Figure 6.4. The Daily state submodule, among others, informs the Strategy
Control (dark green color) module on emotions and what the focus topic of the daily mental
health issues is (e.g., are the mental issues connected more to the body or to thinking).



6.6. Theory of Mind 67

Figure 6.4: Example of a spider chart daily cognitive model of a user. It contains several
dimensions, based on the feature extraction.

6.6.1.2 Personality Model

The system builds the Personality model of the user by measuring several dimensions of the
user, which try to describe an individual’s tendencies that relate to their psychological and
cognitive functionalities, such as the mental states, decision-making and what influences
them. This multi-dimensional framework is based on the Big Five personality traits model
(B5). The dimensions are measured on the Likert scale with values ranging from 1 to 10.
The model holds the following psychological dimensions:

• Openness measures a person’s inclination towards curiosity, imagination, and open-
ness to new ideas and experiences. Individuals high in openness tend to be creative,
adventurous, and open-minded.

• Conscientiousness measures the tendency to be organized, responsible, disciplined,
and goal-oriented. People high in conscientiousness are often diligent, dependable,
and strive for achievement.

• Extraversion measures the degree of sociability, assertiveness, and outgoingness in
social interactions. Individuals high in extraversion are typically energetic, talkative,
and seek social stimulation.
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• Agreeableness measures a person’s tendency to be compassionate, cooperative,
empathetic, and considerate towards others. Those high in agreeableness are often
friendly, warm, and value harmonious relationships.

• Neuroticism measures the degree of emotional instability and proneness to experi-
encing negative emotions. Individuals high in neuroticism may be more susceptible
to anxiety, depression, mood swings, and stress.

The system collects the numerical data necessary for computational representation of
the B5 modelling through a Finite State [143] conversational tree branch. See Figure 6.5
for an example of a B5 psychological user model.

Figure 6.5: Example of a spider chart B5 psychological user model.

The Strategy control module heavily relies on B5, as the latter is one of the most stable
psychological and cognitive constructs, highly reproduced and successful in determining
the right kind of influence on specific personalities [116]. It is therefore ostensibly used
to personalize the messages the system dispatches, e.g., according to the dominant B5
dimension of the user [116], by triggering the appropriate strategy from the Persuasion
Strategies submodule in Expert & Domain Knowledge module (light green color).

6.6.1.3 SAD State

The SAD state submodule contains several ML models, trained to detect and forecast SAD
levels and symptoms, described in Table 5.18, including the following: levels of stress,
anxiety, depression; and symptoms of inability to relax, nervousness, fear, tightness in
chest, lightheadedness, feeling hot or cold, trembling, pounding heart, sadness, self-hatred,
anhedonia, hopelessness, indecisiveness, fatigue, emotional detachment, and suicidality.
The submodule keeps track of the users’ mental health. It informs how the system should
act in its support of the user, and whether strategy dispatch is necessary.

The ML models can detect the current SAD state from the text as well as forecast it
for up to 7 days in advance. For this, the SAD state submodule only needs one text entry
from the user to be able to do that. Furthermore, it can forecast the users’ SAD state
up to 7 days in advance from the quantitative questionnaires, described in section 5.1.3.
The data can be collected by the system through dialogic questioning. For that, it needs a
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longer time series sample, which happens if the conversation with a specific user does not
occur just once.

The performance of the ML models can be seen in section 7.1.

6.6.2 Expert and Domain Knowledge

6.6.2.1 CBT

The CBT submodule contains the knowledge about the Cognitive Behavioral Therapy
(CBT). CBT is a form of psychological treatment, which "focuses on challenging and
changing cognitive distortions (such as thoughts, beliefs, and attitudes) and their associated
behaviors to improve emotional regulation and develop personal coping strategies that
target solving current problems" [145, para. 1]. There are many techniques that are used
in CBT, each with its own difficulty level (D1-D5). Below are 20 techniques that are
implemented as a strategy with their own conversational trees in this work’s system.

The ontology relates the user’s mental state and experience levels to the difficulty levels
as well as the optimal strategy. Both the strategy or technique selection and the difficulty
level are personalized according to the user.

• Diaphragmatic Breathing (D1) or “belly breathing,” involves fully engaging the
stomach when breathing. This type of breathing helps your lungs fill up more effi-
ciently and generally helps people relax.

• Relaxed Breathing (D1) encompasses a deliberate modulation of respiration to
elicit a physiological and psychological relaxation response by engaging in deep di-
aphragmatic breathing.

• Mindful Meditation (D1) consists of concentrating on the present. It is done by
increasing your awareness of your consciousness, breathing and body. If you notice
a thought or emotion, simply observe it and let it pass without judgement.

• Useful Contacts (D1) is not a technique, but a list of contacts for immediate
support from mental health practitioners or trainees.

• Pleasant Activity Scheduling (D2): planing pleasant activities in the near future
that the user can look forward to.

• Progressive Muscle Relaxation (D2) gradually relaxes different muscle groups.

• Grounding technique (D2) evolves the senses to become aware of the surrounding.
The system includes two grounding techniques:

– 5-4-3-2-1 Technique makes the user deliberately go into the details of the
environment using each of the senses by describing five things they can see, four
things they can touch, three things they can hear, two things they can smell,
and one thing they can taste.

– Categories Technique makes the user select three categories of items (e.g.,
movies, animals, cities) and list as many items of that category as possible.

• ’Breaking It Down’ (Task Nervousness) Technique (D2) instructs the user
to think about the task that causes them stress and break it down into as many
sub-tasks as possible.

• Color Visualisation (D2) helps relieve stress and overall mood improvement through
attributing colors to feelings, and then visualizing them.
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• Brain Dump (D3) refers to the act of thoroughly jotting down one’s thoughts free
of any internal judgment or bias.

• Play the Script Until the End (D4) is an exercise that helps the user minimize
their fears and frame them in a more realistic light by thinking how a situation might
continue and resolve in the future.

• Fact-checking (D4) helps users identify the difference between facts and opinions,
making them less prone to feel negatively by opinions.

• Journaling (D4) helps the users observe and release the thought patterns they
operate with daily, thus making them understand their internal working and be able
to change them with time. Three different journaling techniques are implemented:

– Gratitude journaling makes the user write down what they are grateful for.
– Mood journaling makes the user track their moods.
– Freestyle journaling is free form journaling where the user decides what is

important to them.

• Indecisiveness (D4) teaches the user the different ways they can be informed about
making a decision, helping them find a decision-making technique that does not make
them feel negatively.

• Indecisiveness: Exercise (D4) makes the user think about small decisions they
have made recently, making a list and seeing that they make more decisions than
they know, thus building their decision-making confidence.

• Cognitive Restructuring (D5) involves first identifying a situation that leads to
stress and the thoughts and feelings that arise in that situation. Then it helps the
user examine their thoughts to determine what is true about them and what is not
true about them. Finally, it helps the user develop alternative and more balanced
thinking and determine how they will feel (as a result) when they adopt this new
thinking.

• ABC (D5) helps the user understand the meaning of their responses to adversity or
a particular event.

• Dysfunctional Thought Record (Socratic Questioning) (D5) makes the user
analyze thoughts and events that made them feel negatively through Socratic ques-
tioning.

6.6.2.2 Persuasion Strategies

The submodule Persuasion Strategies contains the ontological knowledge on how to influ-
ence people with different psychological and personality characteristics. This makes, e.g.,
CBT techniques more effective as they are wrapped in a context where they are presented
to a user in a way that makes them more susceptible to following the technique. This is
one of the more important points for therapy due to the otherwise high drop off rates.

The submodule’s ontology comprises of a Domain Mapping Matrix (DMM) [146] be-
tween B5 dimensions and Cialdini’s principles of persuasion (CPP) [36]. This means that
people with a specific dominant B5 are more susceptible to a specific CPP. CPP’s main idea
is that there is no general persuasive strategy that works for all people, hence orthogonal
strategies should be identified and applied to those that are most susceptible to individual
strategies. CPP posits seven strategic bases for influencing people:
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1. authority, which targets people that are more inclined to be motivated by a legiti-
mate authority;

2. commitment, which targets people that tend to commit to their previous behavior;

3. social proof or consensus, which targets people that tend to do what others do;

4. liking, which targets people that are more likely to be motivated by someone they
like;

5. reciprocity, which targets people that tend to return a favor;

6. scarcity, which targets people that consider scarce things more valuable;

7. unity, which targets people that are influenced by appealing to their group identity.

Different people are influenced by different strategies, and interactive technology can
be utilized to choose specific strategies that work for specific people. To give an example,
people with high agreeableness on B5 are more prone to be influenced by the principle of
authority [147]. To translate that in a simple example, instead of prompting a user with a
message

Try exercising

it is much more effective, if the user’s agreeableness is high, to prompt them with

The scientific, expert research on the problems that you are experiencing is clear on what
helps. Try exercising.

Invoking the authority of experts is a part of authority, and thus the probability of the
user exercising would be higher.

The submodule therefore works by exctracting a user’s B5 dimension with the highest
or lowest value from the User Model and relating it to its CPP strategy counterpart in the
ontology’s DMM (see Table 6.1, to help with such strategy personalization as seen in the
above example (based on [148])). Technically, this is realized by at first randomly selecting
one of the shortlisted CPP strategies under the corresponding B5 dimension based on
Rule-Based Selection (if-then rules), but the system can with time probabilistically learn
the best strategy for a user.

Table 6.1: Mapping between B5 dimensions and which Cial-
dini’s principles of persuasion influence such individuals.

B5 dimension Cialdini’s principle
Openness Authority, Consensus, Liking (low in B5 dim.)
Conscientiousness Commitment, Reciprocity (high in B5 dim.)
Extraversion Consensus, Unity (high in B5 dim.)
Agreeableness Authority, Commitment, Liking (high in B5 dim.)
Neuroticism Consensus, Scarcity (high in B5 dim.)
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6.6.2.3 SAD Knowledge

The SAD knowledge submodule maps, using DMM, the topic of the mental health issue
(e.g., body and thinking), information about which is found in the User Module’s Daily
state submodule, and the levels and symptoms of SAD, information about which is found
in the User Module’s Daily state submodule SAD state, to different CBT techniques. The
representation of the DMM can be seen below in Table 6.2.

Technically, this is realized in the system with Rule-Based Selection. The SAD level or
symptom is detected with a ML model in the system, and the topic is extracted from the
text with the LIWC feature engineering technique (see section 5.3.3). Considering these
two factors, the system at first selects a random CBT technique to utilize from a short list
of possible techniques that align with the two factors, but does with time probabilistically
learn the best technique for a user.

Table 6.2: Mapping between SAD levels and symptoms, CBT
techniques, and mental health topics.

SAD level/symptom CBT technique Mental health topic
Tightness in chest Breathing techniques Body

Lightheadedness
Progressive Muscle Relaxation,
Relaxed Breathing,
Mindful Meditation

Body

Fatigue
Progressive Muscle Relaxation,
Relaxed Breathing,
Mindful Meditation

Body

Feeling hot or cold Journaling,
Relaxed Breathing Body

Trembling Grounding technique,
Relaxed Breathing Body

Heart pounding
Progressive Muscle Relaxation,
Relaxed Breathing,
Mindful Meditation

Body

Inability to relax
Progressive Muscle Relaxation,
Relaxed Breathing,
Mindful Meditation

Body & cognition

Nervousness Play the Script Until the End,
’Breaking It Down’ Body & cognition

Fear Play the Script Until the End,
Relaxed Breathing Body & cognition

Sadness

Cognitive restructuring or reframing,
Journaling,
Color Visualization,
ABC

Cognition & mood

Self-hatred

Dysfunctional Thought Record,
Fact-checking,
ABC,
Cognitive restructuring or reframing

Cognition & mood

Emotional detachment Dysfunctional Thought Record Cognition & mood
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Suicidality

Pleasant Activity Scheduling,
Useful Contacts,
Cognitive restructuring or reframing,
Visualization

Cognition & mood

Anhedonia Pleasant Activity Scheduling Cognition & mood

Hopelessness Cognitive restructuring or reframing,
Pleasant Activity Scheduling Cognition & mood

Indecisiveness Cognitive restructuring or reframing Cognition & mood

Stress

Progressive Muscle Relaxation,
Relaxed Breathing,
Mindful Meditation,
Journaling,
Cognitive restructuring or reframing

General

Anxiety

Progressive Muscle Relaxation,
Relaxed Breathing,
Mindful Meditation,
Cognitive restructuring or reframing,
Play the Script Until the End,
ABC

General

Depression Cognitive restructuring or reframing,
Pleasant Activity Scheduling General

6.6.2.4 Emotion Knowledge

The Emotion knowledge submodule takes care of the tone of the system’s outputs. It
currently relies on two tone techniques:

• The system chooses to use shorter sentences if the user is depressed. This is due to
depression causing impaired cognitive processing [149].

• The system uses different punctuations and emoticons depending on the user’s mood.
People in different mental states perceive sentence signs and symbols differently [150].

Technically, both are achieved by all the deterministic, non-LLM generated texts having
various semantically equivalent options, and Rule-Based Selection is applied on the sets of
sentences to achieve the appropriate emotional tone.

6.7 Strategy Control

The Strategy control module (dark green in Figure 6.1) takes information from the User
model module and the Expert & Domain Knowledge module, and selects or adapts a
strategy according to that information. It contains two submodules: the Strategy selection
submodule and the Strategy adaptation submodule.

The Strategy control module also keeps track of how effective different strategies are
for a specific user (CBT techniques and persuasion strategies), if that same user uses
the system continuously. It uses Ratio Formulas [151] to formally evaluate the success of a
specific strategy for a specific user, therefore computationally learning from past encounters
with the user on which strategy to use.
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6.7.1 Strategy Selection

The Strategy selection submodule selects an appropriate mental health strategy:

1. To select a mental health strategy, it extracts information about users’ SAD levels
and symptoms from the SAD state submodule in the User model, information about
the personality from the Personality model submodule, and about the mental health
topic from the Daily state submodule in the User model.

2. It extracts a CBT technique according to the information about the difficulty, mental
health topic, and SAD levels and symptoms, extracted in the previous step. The se-
lected CBT technique is extracted by using the submodules CBT and SAD knowledge
from the Expert & Domain Knowledge module.

Furthermore, the submodule relies on a probability model using Ratio Formulas [151]
to select the strategy with the highest probability of being effective, which also relies on
the previous effectiveness of an already utilized strategy related to a specific long-term
user.

6.7.2 Strategy Adaptation

The Strategy Adaptation submodule adapts the mental health strategy, selected by the
Strategy selection submodule, by wrapping and adapting it to a persuasion strategy and
an appropriate communication tone, using natural language processing:

1. Persuasion strategy selection: To select a persuasion strategy that wraps the
mental health strategy, it extracts information about users’ B5 personality from the
Personality model submodule in the User model module. Afterwards, it uses that
information to extract the appropriate CPP strategy from the Persuasion strategies
submodule in the Expert & Domain Knowledge module.

2. Communication tone: To select the correct communication tone (the sentence
length and use of sentence symbols), it extracts information from the SAD state
submodule in the User model. Afterwards, it uses that information to extract the
appropriate information from the Emotion knowledge submodule in the Expert &
Domain Knowledge module.

The submodule also takes care of re-adapting a strategy if it is not working in a current
conversation with a user.

6.8 Natural Language Generation

The Natural language generation module (orange color in Figure 6.1) processes the strategy
it receives from the previous module, and enriches it with a stochastically determined text
from a large language model (Large language model submodule). The Dialog Compilation
submodule used the Natural Language Templates [152] to combine everything together,
and sends the compiled text to the Language generation humanizer submodule to verify
that the potential output is not harmful to the user (see the problems with harmful text
generations in Chapter 1). If it detects harm, it returns it to the Dialog compiler to get
another text enrichment from the Large language model submodule, otherwise the text is
output to the user.
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6.8.1 Large Language Model

The models below are the current natural language generation models (large language
models, LLMs) present in the system. Due to its modular design, new models can be
easily integrated into it. The selected model receives the text on the selected strategy
and generates continuing text to enrich it. This makes each output completely unique.
Numerous parameters allow control over how the original text is enriched. Through internal
testing, adding two sentences seemed to generate the best outcomes.

• GPT-3: Generative Pre-trained Transformer 3 (GPT-3) is an autoregressive lan-
guage model that uses deep learning to produce human-like text. GPT-3’s full version
has a capacity of 175 billion machine learning parameters.

• GPT-NEO: GPT-Neo is an implementation of model and data-parallel autore-
gressive language models, utilizing Mesh Tensorflow for distributed computation on
TPUs. GPT-Neo was used to train a family of models between 125 million and 2.7
billion parameters on the TensorFlow Research Cloud.

• GPT-J: GPT-J 6B is a transformer model trained using Ben Wang’s Mesh Trans-
former JAX. "GPT-J" refers to the class of model, while "6B" represents the number
of trainable parameters. The model consists of 28 layers with a model dimension of
4096, and a feedforward dimension of 16384. The model dimension is split into 16
heads, each with a dimension of 256. Rotary Position Embedding (RoPE) is applied
to 64 dimensions of each head. The model is trained with a tokenization vocabulary
of 50257, using the same set of BPEs as GPT-2/GPT-3.

• AI21 Jurassic-1: Jurassic-1 is a pair of auto-regressive language models recently
released by AI21 Labs, consisting of J1-Jumbo, a 178B-parameter model, and J1-
Large, a 7B-parameter model. It is based on the decoder module of the Transformer
architecture (Vaswani et al., 2017) with the modifications proposed by Radford et
al. (2019).

GPT-J is the default selection in the system. ChatGPT, mentioned in section 8.1, was
not included due to a lack of an API.

6.8.2 Natural Language Template & Dialog Compilation

The Natural language template submodule contains Natural Language Templates [152],
which are used for crafting conversational outputs. The Dialog compilation submodule,
on the other hand, takes the selected strategy from the Strategy control module and the
enriched text from the Large language model, and it uses the hardcoded Natural Language
Templates to sequence and merge various text snippets into a coherent whole.

6.8.3 Language Generation Humanizer

The submodule filters text outputs potentially harmful for the user, and requests new
text enrichments if the current text is deemed harmful. The submodule is based on the
Rule-Based Filtering method [144], made with the Bad Bad Words dataset [153] and
the Toxic Comments dataset [154], as well as on the Threshold-Filtering method, which
works through ML detected negative sentiment scores using VADER (see section 5.3.3).
The Rule-Based Filtering method filters out texts containing keywords from the datasets,
while the Threshold-Filtering method filters out texts whose sentiment scores below a
pre-set threshold.
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Algorithm 6.2 shows the algorithmic description of the Natural Language Generation
module.

Algorithm 6.2: Algorithmic description of the Natural Language Generation
module.

Data: Strategy strategy
Result: Compiled output text compiled_text

initialization;
1: enriched_text← LargeLanguageModel(strategy)
2: compiled_text← DialogCompilation(enriched_text)
3: harmful← LanguageGenerationHumanizer(compiled_text)
4:
while harmful do

enriched_text← LargeLanguageModel(strategy)
compiled_text← DialogCompilation(enriched_text)
harmful← LanguageGenerationHumanizer(compiled_text)

end
5: return compiled_output_text
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Chapter 7

Results

The Results Chapter presents results from various experiments, focusing on computational
experiments (see section 7.1 for methodology used in them) of ML models for SAD state,
and on the empirical interventional study (see section 5.4 for the research design) which
compared this work’s system with Woebot.

7.1 Computational Experiments

In computational experiments with the system’s ML models for SAD state detection and
forecasting, accuracy was used as the evaluation measure of the models (see section 5.3.4
for descriptions on target variables). ML algorithms based on related work in section 2
were selected to be used in the fundamental experiments with SAD levels, and the best per-
forming explainable ML algorithms were used subsequently. This decision was motivated
by the European Union’s movement towards regulating the use of AI in healthcare, em-
phasizing the importance of explainability [155]. Furthermore, the adoption of explainable
algorithms offers healthcare practitioners new and valuable insights. section 5.3.1 provides
methodological descriptions of the ML methods used.

7.1.1 Feature Selection

Table 7.1 shows the features selected for each SAD level target variable using the feature
selection techniques for classification described in section 5.3.2. The heuristic of selecting
20 top features was used [156]. This worked better than following the rule for the number
of features to be proportional to

√
N [157] (N denoting the number of instances in the

dataset), which would be 34 features in this work’s case. The feature selection was always
performed in the training set groups. For the description of the features, refer to sections
5.2 and 5.3.3.

Table 7.1: Selected features for the three target variables -
stress, anxiety, and depression.

Stress Anxiety Depression
’neuroticism’ ’neuroticism’ ’neg’
’neg’ ’neg’ ’neuroticism’
’Tone’ ’negemo’ ’compound’
’negemo’ ’WC’ ’Tone’
’compound’ ’openness’ ’openness’
’WC’ ’Tone’ ’sad’
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’anx’ ’compound’ ’negemo’
’posemo’ ’posemo’ ’health’
’insight’ ’risk’ ’function’
’Clout’ ’anx’ ’posemo’
’Sixltr’ ’Comma’ ’WC’
’pos’ ’health’ ’Clout’
’openness’ ’power’ ’ipron’
’extraversion’ ’Analytic’ ’Period’
’Period’ ’AllPunc’ ’work’
’negate’ ’focuspast’ ’leisure’
’AllPunc’ ’neu’ ’Comma’
’auxverb’ ’function’ ’negate’
’quant’ ’work’ ’i’
’relativ’ ’Sixltr’ ’WPS’

7.1.2 Detection of SAD Levels and Symptoms from Single Text Entries

The whole dataset (see section 5.2 for more information on the dataset) was used to build
the models. The 10-fold cross validation [158] with subject-wise splitting was used to
evaluate the accuracy of the models. Majority class was used for the baseline model.

7.1.2.1 SAD Levels

Table 7.2: SAD levels detection from a single text entry after
the system’s question on the user’s daily mood, experiences,
and events.

SAD Baseline RF CNB kNN MLP LOG
Stress 53.30 72.37 74.56 70.84 73.40 72.70
Anxiety 73.70 78.93 75.77 80.12 78.39 79.82
Depression 66.60 78.07 73.15 79.20 79.07 83.33

KNN is selected in order to have a transparent model that can be utilized in mental
healthcare. Explainable AI makes the system open to scrutiny and provides novel insights
in the field.

7.1.2.2 SAD Symptoms

Table 7.3: SAD symptoms detection using kNN for explain-
ability from a single text entry after the system’s question on
the user’s daily mood, experiences, and events.

SAD symptom Baseline kNN
inability to relax 46.32 74.05
nervousness 42.81 73.51
fear 69.78 73.62
tightness in chest 67.72 74.86
lightheadedness 70.63 80.16
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feeling hot or cold 88.01 91.41
trembling 74.91 75.90
pounding heart 77.65 82.26
sadness 57.53 75.91
self-hatred 55.05 75.23
anhedonia 67.21 74.78
hopelessness 62.16 72.75
indecisiveness 65.84 80.00
fatigue 72.86 81.81
emotional detachment 50.94 72.58
suicidality 62.67 76.20

7.1.3 7-Day Forecasting of SAD Levels and Symptoms from Single Text
Entries

In this section, we present computational performance results obtained from models utiliz-
ing various ML algorithms. These models were designed to process individual text entries
as inputs and forecast the levels of SAD and SAD symptoms that users experience seven
days into the future. The 10-fold cross validation with subject-wise splitting was used to
evaluate the accuracy of the models. Majority class was used for the baseline model.

Table 7.4: SAD levels 7-day forecast from a single text entry
after the system’s question on the user’s daily mood, experi-
ences, and events.

SAD Baseline RF CNB kNN MLP LOG
Stress 53.30 68.45 75.88 65.21 65.83 64.31
Anxiety 73.70 75.76 75.47 75.47 77.77 73.99
Depression 66.60 75.38 77.65 77.03 72.66 67.20

Table 7.5: SAD symptoms 7-day forecast using kNN for ex-
plainability from a single text entry after the system’s ques-
tion on the user’s daily mood, experiences, and events.

SAD symptom Baseline kNN
inability to relax 46.32 73.31
nervousness 42.81 72.03
fear 69.78 73.47
tightness in chest 67.72 73.31
lightheadedness 70.63 78.49
feeling hot or cold 88.01 87.68
trembling 74.91 79.77
pounding heart 77.65 77.70
sadness 57.53 74.60
self-hatred 55.05 75.08
anhedonia 67.21 78.94
hopelessness 62.16 81.67
indecisiveness 65.84 77.01
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fatigue 72.86 74.44
emotional detachment 50.94 76.85
suicidality 62.67 71.54

7.1.4 Quantitative Questionnaire Scores SAD Level Time Series 7-Day
Forecasting

The ML models for forecasting SAD level time series from quantitative questionnaires
are relevant if the user uses the system daily for several consecutive days, utilizing the
quantitative SAD questionnaire assessment and not only the natural language assessment
(chat).

The models were built using a time series of 28 days, where the first 21 days were
used for training and the last 7 days for forecasting. User-wise time series 10-fold cross
validation was used to evaluate the accuracy of the models. All features were used to build
the models (due to the smaller number of them - when Granger causality was used for
feature selection, models performed worse). Instead of majority class, a stronger baseline
model was used - Naive Forecast, where the predictions for a given period are equal to the
observed value for the prior period.

Table 7.6: 7-day forecast of SAD level quantitative question-
naire scores.
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Stress 73.52 79.41 80.39 76.47 80.39 68.62 74.51 75.49 75.49
Anxiety 88.23 92.16 93.14 89.22 92.16 88.23 92.16 90.19 92.16
Depression 87.25 88.12 89.11 87.13 89.11 79.21 89.11 84.16 86.14

7.2 Empirical Interventional Study

This section presents the results of the empirical interventional study, described in section
5.4. The study collected data from 42 participants and randomly sorted them into two
groups. Group "Woebot" used Woebot (see section 2) for a quick daily therapeutic check-
in. Group "Our system" used the system described in this work (see Chapter 6) for a quick
daily therapeutic check-in. Stress, anxiety and depression was measured before and after
the check-in.

7.2.1 Stress

Figure 7.1 shows how the stress of each group changed before and after using an ICA.
Independent samples t-test was used to determine that the stress score pre-ICA usage
between the two groups was not significantly different, making them comparable (p =
0.642). Paired t-testing determined that the stress score in the "Woebot" group did not
change statistically significantly after the use (p = 0.484), while the stress score in the
"Our system" group did change statistically significantly after the use (p = 0.048).
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Figure 7.1: Plot comparing participant stress scores pre- and post-ICA usage in two dif-
ferent groups, "Woebot" and "Our system". Only participant stress in the "Our system"
group changed statistically significantly.

7.2.2 Anxiety

Figure 7.2 shows how the anxiety of each group changed before and after using an ICA.
Independent samples t-test was used to determine that the anxiety score pre-ICA usage
between the two groups was not significantly different, making them comparable (p =
0.822). Paired t-testing determined that the anxiety score in the "Woebot" group did not
change statistically significantly after the use (p = 0.509), while the anxiety score in the
"Our system" group did change statistically significantly after the use (p = 0.040).

Figure 7.2: Plot comparing participant anxiety scores pre- and post-ICA usage in two
different groups, "Woebot" and "Our system". Only participant anxiety in the "Our
system" group changed statistically significantly.
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7.2.3 Depression

Figure 7.2 shows how the depression of each group changed before and after using an
ICA. Independent samples t-test was used to determine that the depression score pre-ICA
usage between the two groups was not significantly different, making them comparable
(p = 0.317). Paired t-testing determined that the depression score in neither the "Woe-
bot" group (p = 0.789) nor in the "Our system" group (p = 0.688) changed statistically
significantly after the use.

Figure 7.3: Plot comparing participant depression scores pre- and post-ICA usage in two
different groups, "Woebot" and "Our system". Participant depression scores changed
statistically significantly in neither of the groups.

7.2.4 User Experience Questionnaire Measures

Apart from measuring stress, anxiety, and depression, the participants rated their experi-
ence using one of the ICAs on the 7-point Likert scale using two measures from UEQ [142]:
obstructive-supportive (how supportive the chatbot was) and usual-leading edge (how ad-
vanced in terms of technology and novel the chatbot seemed to be). T-testing was used
to determine that for the measure obstructive-supportive, the group "Our system" (M =
5.368) found this work’s system statistically significantly more supportive than the "Woe-
bot" group (M = 4.261) found Woebot supportive (p = 0.041), while for the measure
usual-leading edge, the groups’ scores were not statistically significantly different (both M
= 4.609, p = 0.084).
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Chapter 8

Discussion

This section compares this work’s system to the SOTA systems, described in Section 2.
The evaluation is mostly represented through comparison tables. The discussion largely
relies on presenting results to evaluate the hypothesis criteria in Section 4.2.

8.1 Comparison with SOTA Systems in User Assessment

Out of 9 extensively reviewed systems, 4 reported classification accuracies. These, together
with this system’s work, were included in table 8.1. The table shows that this work’s system
is able to detect the most assessed categories with the best highest accuracy. This work’s
system can also forecast the assessed categories, which none of the other SOTA system
do. As a point of interest, ChatGPT has recently been evaluated on its classification
capabilities for stress, depression and suicidality, and its reported accuracy was 73%, 85%,
and 33%, respectively [159]. This work performed with a higher accuracy in all of these
except in depresion, as can be seen in Tables 7.2 (stress: 74.56%, depression: 83.33%)
and 7.3 (suicidality: 76.20%). However, it has to be noted that none of these systems
are generally directly comparable – they operate with different datasets, which, through
different algorithms and methods, spawned different models. It is important to note that
the studies by Delahunty et al. [50], Ghandeharioun et al. [99], and Pola et al. [102],
which utilized datasets with multiple instances from the same individuals, did not report
using subject-wise splitting (or an equivalent method) for model validation. Performing
randomized (or similar) splitting can potentially introduce bias and overfitting, leading to
inflated classification accuracies.

Table 8.1: Comparison between this work’s assessed cate-
gories, accuracies, and best-performing ML methods.

System Assessed
categories

Accuracies
reported

Best
methods

[50]

depression
suicidal ideation
insomnia
hypersomnia
weight change
inappropriate guilt

detection:
0.91 (F1)

Random Forest
Logistic Reg.

[51] sentiment
emotions

detection:
81% Fuzzy Matching
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[99] valence
arousal

detection:
65.7-82.4% AdaBoost Reg.

[102] seven emotions detection:
84% LSTM

This work

levels of SAD
inability to relax
nervousness
fear
tightness in chest
lightheadedness
feeling hot or cold
trembling
pounding heart
sadness
self-hatred
anhedonia
hopelessness
indecisiveness
fatigue
emotional detachment
suicidality

detection:
72.58-91.41%
forecast:
71.54-87.68%

kNN

ChatGPT [159]
stress
depression
suicidality

detection:
33-85% Transformer

8.2 Comparison with Woebot in an Empirical Interventional
Study

This work’s system’s effectiveness was evaluated through an empirical interventional study
(see Section 7.2). It was compared to Woebot [54], SOTA system for mental health which
the available research reports to have the highest interventional successes. Woebot’s in-
terventional successes were also the most reproduced compared to other SOTA systems.
As reported in Section 7.2, this work’s system performed better than Woebot in reducing
stress and anxiety in the participants. Neither system succeeded in statistically signifi-
cantly reducing depression in participants. This work’s system was better evaluated on
being supportive, while both systems scored the same on the usual-leading edge metric.

Furthermore, after the short check-in, participants replied to the question "Was there
anything in particular that you liked or disliked about the chatbot?". Participants mostly
liked the accuracy and depth of the system’s assessment (presumably due to the amount of
categories the system is able to detect). They noted the lack of the user interface for this
work’s system, which could be equaled to a dislike, while they really liked the user interface
for Woebot. They also noted and liked the friendliness of Woebot, pointing to a simulated
personality of the system that may positively affect the outcome of interventions.

8.3 Hypothesis Testing

The hypothesis proposed that an "intelligent cognitive assistant for attitude and behavior
change for stress, anxiety, and depression will achieve results at least comparable to the
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state-of-the-art if it simulates theory of mind in a novel artificial cognitive architecture."
It may be concluded that the hypothesis H1 was confirmed based on the Compar-

ison with SOTA Systems in User Assessment (Section 8.1) and Comparison with SOTA
System in an Empirical Interventional Study (Section 8.2).
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Chapter 9

Conclusion and Future Work

This work presents a comprehensive computational psychotherapy system for mental health
prediction and behavior change with a conversational agent. Following are two highlighted
contributions.

The first contribution is a novel, golden standard dataset, which includes panel data
(multiple individuals at multiple time intervals; multiple time series) of quantitative SAD
symptom scores from diagnostic-level questionnaires and qualitative daily diary entries.
The psychotherapeutic and psychiatric communities that use computational approaches in
their work were lacking such a dataset, which should prove useful in further research.

The second contribution is the system for SAD symptom relief, mostly based on a
simulated Theory of mind, a cognitive ability to understand others. ToM is built as an
ensemble of various models and novel ontologies. This includes psychological and cognitive
user modelling, mental health and behavior change ontologies, detection and forecasting
machine learning models, large language models wrapped in risk detection models, and
behavior change prompt generators.

The work’s hypothesis was that an "intelligent cognitive assistant for attitude and be-
havior change for stress, anxiety, and depression will achieve results at least comparable
to the state-of-the-art if it simulates theory of mind in a novel artificial cognitive archi-
tecture." To test the hypothesis, the system was evaluated in two ways: (1) by comparing
the detection and forecasting capabilities of various mental health phenomena from text
to other SOTA systems in computational experiments, and (2) by performing an empirical
interventional study comparing this work’s system to a another SOTA system, Woebot,
which does not possess ToM. Hypothesis H was confirmed as this work’s system outper-
formed other SOTA systems in selected categories - it was able to detect more mental
health phenomena, it was able to forecast the mental health trends (other systems were
unable to do that), the detection accuracies were generally higher, and the system was
more successful in offering effective mental health support to participants versus Woebot.
However, Woebot has an advanced interface and other user-friendly features, while this
work’s system currently resembles a research prototype.

In assessing the findings of this work, it is crucial to recognize several notable limi-
tations. Firstly, the dataset utilized for training the models may exhibit biases toward
specific populations, potentially arising from sample selection biases, such as geographical,
cultural, or age-related factors. This can cause the models to overfit on specific popula-
tions and perform inaccurately if used for populations that were left out of the sample.
Secondly, the system’s linguistic outputs are contingent upon the large language models
employed, which implies that rapid advancements can be achieved through the integration
of improved models. This work’s existing coding framework has been designed to facilitate
such seamless incorporation. Thirdly, the target attributes are subject to change as defi-
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nitions of mental health phenomena evolve over time, which may consequently impact the
models’ detection and forecasting performance. Fourthly, the study design featured an em-
pirical interventional approach, and should be classified as a quasi-experiment rather than
a clinical trial or randomized controlled trial, despite the random assignment of groups.
As such, the results should be interpreted as indicative of trends rather than definitive
outcomes, as definitive cause-and-effect conclusions are difficult due to the absence of a
control group, smaller sample size and limited control over multiple variables. Finally, the
short-term nature of the empirical interventional study limits the generalizability of the
findings, and it is possible that medium- or long-term investigations may reveal different
outcomes for participants. Future work should consider addressing these limitations to
enhance the robustness and applicability of the findings.

The plans for future work include further advancement of the system as well as fur-
ther experiments as implied by the limitations. The first encompasses a design of a user
interface, which was shown to be an important aspect of what participants like; refine-
ment of ML models by using more advanced algorithms (e.g., LSTM); as well as potential
afore-mentioned expansion of the collected dataset. The second encompasses a non-quasi
experimental empirical interventional study with a higher amount of participants; a long-
term non-quasi experimental empirical interventional study; extracting novel insights about
mental health using this work’s system; and comparing different large language models in
their performance with participants.
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Appendix A

Supplementary Material

A.1 Pre-Study Diary Entry Guidelines

Please, fill out the Positive and Negative Affect Schedule questionnaire. At its
end, you will encounter a text box which serves as a space for your diary entry.
Above it, you will see guidelines in the form of open questions. Follow them
to formulate your entry. To know what to expect, you can find these questions
below. Don’t worry, the questions appear again when you have to write your
diary entry! Please, be mindful that your entry is approximately 150 words at
minimum. There is no upper word limit. If it helps, you can prepare the entry
in a word editor (e.g., Notepad, MS Word on your personal computer, or an
appropriate app on a smartphone) and copy-paste it into the text box.

Diary entry guidelines in the form of open questions:

1. Describe your mood.

2. Describe how your mood affected your experience:

(a) of yourself

(b) towards the world and its elements

3. Describe how these experiences have changed from yesterday to today.

(a) Change of experience towards yourself from yesterday to today.

(b) Change of experience towards the world and its elements from

4. Factual information from the last day that you would like to highlight.
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A.2 Study Instructions
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A.3 Study Diary Entry Guidelines

The diary entry should generally encompass this day: from the moment you
wake up, but you can also include the sleep preceding it, to: a) the moment
of starting the questionnaire if you are completing it in the same day, OR b)
the moment of going to sleep if you are completing it the next day. Be mindful
that your entry is approximately 150 words at minimum. There is no upper
word limit. You can write freely and in any order; do not include the bullet
points. You can also include text-based emojis. Try to write in a formal style of
language, without using contractions (e.g., use “do not”, not “don’t”). Consider
the following:

Describe your mood(s) over the last day, how it (they) affected your experience
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of yourself, towards the world, and towards other people and things.

If you noticed any change in this from the previous day, describe it. How did
the change feel, how did you experience it?

Add any additional experiences and factual information from the last day that
you might want to highlight.

A.4 Study Demographic Questionnaire

1. Date of birth

2. Sex assigned at birth

3. Gender identity

4. Highest educational attainment

5. Overall how would you rate your mental health?

6. Have you ever been diagnosed with a mental disorder?

7. If you currently have a mental disorder diagnosis, what is it? (optional, you don’t
have to disclose it if you feel uncomfortable)

8. Have you had mental health-related therapy in the recent past?

9. Are you currently taking any medication for mental disorders?

10. How many hours do you sleep per day on average?

11. How is your quality of sleep on average?

12. How would you self-describe your emotional valence?

13. How would you self-describe your emotional arousal?

A.5 Study 18-item SAD Questionnaire

1. I was unable to relax

2. I was nervous

3. I was terrified, afraid, or scared

4. I felt tightness in my chest

5. I felt lightheaded

6. I felt hot or cold regardless of the surrounding temperature

7. I was trembling or unsteady

8. My heart was pounding in the absence of physical exertion

9. I was sad

10. I disliked myself



96 Appendix A. Supplementary Material

11. I didn’t feel pleasure from the things I enjoy

12. I didn’t feel interested in people or things

13. I felt like a failure

14. I felt my future was hopeless

15. I had trouble making decisions

16. I felt fatigue or heaviness

17. The world was not open and inviting to me, and it had less possibilities

18. It was hard to relate to others

A.6 Post-Study Questionnaire

1. Approximately how much time did you spend daily on the questionnaire?

2. Were the guidelines about the diary entry clear? Did anything bother or confuse
you? Would you change anything about them?

3. What did you think about the 150 word minimum for the diary?

4. When you were completing the questionnaire, did you have in mind the last 24 hours
(including the night of the previous day) or just the day in question?

5. When completing the questionnaire, what time (in the study, the questionnaire was
open from 19:00 to 23:45) would be representative of your entire day for you to
capture it in your answers?

6. Would you rather complete the questionnaire in the morning/before noon for the
whole previous day?

7. How would you rate the SNS tool in terms of its usability and how comfortable it
was to complete the questionnaires with?

8. Did you prefer using the app or the website?

9. Did you use the app or the website more when completing questionnaires?

10. While completing the questionnaires, did you feel your responses were influenced by
you knowing what this research was about, or did you rather focus on the questions
at hand without worrying about how the researchers want you to respond?

11. Do you have any other comments about the study and how you participated in it?

12. Would you be willing to participate in a similar research in the future?
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