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Abstract
Natural Language Processing (NLP) offers promising avenues for mental health as-
sessment by analyzing linguistic features in social media texts.

This study compares sentiment analysis models, including traditional machine learn-
ing algorithms (Logistic Regression, SVM, Random Forest) and advanced deep learn-
ing models (LSTM, BERT), to determine their efficacy in classifying mental health
conditions such as depression, anxiety, and stress.

Utilizing a comprehensive dataset from platforms like Reddit and Twitter, the re-
search assesses model performance based on accuracy, precision, and recall, while
addressing ethical concerns associated with privacy.

The findings highlight the potential of sentiment analysis for early detection and
continuous monitoring of mental health, advocating for its integration into person-
alized interventions and public health strategies. Challenges include data diversity
and ethical considerations, necessitating improvements in model robustness and ap-
plication protocols.

This study underscores the importance of leveraging NLP for timely mental health
interventions, contributing to enhanced diagnostic accuracy and support systems.

Keywords: NLP, Sentiment Analysis, Mental Health, Depression, Anxiety, Stress,
Machine Learning, Deep Learning, Social Media, Accuracy, Precision, Recall, Early
Detection
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Kurzfassung
Das ist eine deutsche Kurzfassung meiner in Englisch verfassten Masterarbeit.

Die Verarbeitung natürlicher Sprache (NLP) bietet vielversprechende Ansätze für die
Bewertung der psychischen Gesundheit durch die Analyse linguistischer Merkmale
in sozialen Medien.

Diese Studie vergleicht Modelle zur Sentiment-Analyse, einschließlich traditioneller
maschineller Lernalgorithmen (logistische Regression, SVM, Random Forest) und
fortschrittlicher Deep-Learning-Modelle (LSTM, BERT), um ihre Wirksamkeit bei
der Klassifizierung psychischer Gesundheitszustände wie Depression, Angst und
Stress zu bestimmen.

Unter Verwendung eines umfassenden Datensatzes von Plattformen wie Reddit und
Twitter bewertet diese Arbeit die Modellleistung anhand von Genauigkeit, Präzision
und Recall, wobei ethische Aspekte des Datenschutzes berücksichtigt werden.

Die Ergebnisse unterstreichen das Potenzial der Sentiment-Analyse für die
Früherkennung und kontinuierliche Überwachung psychischer Gesundheit und
sprechen für die Integration in personalisierte Interventionen und öffentliche
Gesundheitsstrategien. Herausforderungen umfassen die Vielfalt der Daten und
ethische Überlegungen, die Verbesserungen der Modellrobustheit und der Anwen-
dungsprotokolle erfordern.

Diese Studie hebt die Bedeutung der Nutzung von NLP für zeitnahe Interventionen
im Bereich psychischer Gesundheit hervor und trägt zu verbesserter diagnostischer
Genauigkeit und zu unterstützenden Versorgungssystemen bei.

Schlüsselwörter: NLP; Sentiment-Analyse; psychische Gesundheit; Depres-
sion; Angststörung; Stress; Maschinelles Lernen; Deep Learning; Soziale Medien;
Genauigkeit; Präzision; Recall; Früherkennung.
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1 Introduction
The majority of people suffer from mental health disorders like depression, anxiety,
and stress disorders, which are among the most urgent public health concerns in the
world and cause enormous personal and societal burdens. Detecting in advance and
monitoring mental health issues is still challenging despite improvements in clinical
diagnosis and treatment, continuously depending on self-reports and professional
interviews that can be laborious, subjective, and narrowly focused.

Nowadays, much of the textual data highlights users’ ideas, feelings, and mental
states due to the growth of social media sites like Reddit and Twitter. This digital-
ization presents a special opportunity to make measurements, using non-intrusive
Natural Language Processing (NLP) tools for mental health screening. In particular,
sentiment analysis with NLP has demonstrated potential in recognizing the power
of language regarding to the mental health concerns, allowing for early detections
and continuous monitoring. This technique outputs views, emotions, and attitudes
from text.

Sentiment analysis models have became better with the developments in deep learn-
ing and machine learning. Even though they have shown success with traditional al-
gorithms like Random Forest, Support Vector Machines (SVM), and Logistic Regres-
sion, there are still challenges in observing linguistic subtleties. On the other hand,
deep learning models such as Bidirectional Encoder Representations from Trans-
formers (BERT) and Long Short-Term Memory (LSTM) networks have demon-
strated better outcomes in comprehending context and understand the linguistic
signals, which makes them ideal for mental health classification tasks.

Along with these advancements, there is still a significant gap in the methodical
comparison of these various models’ outcome in the field of sentiment analysis for
mental health. For the advancement of automated mental health assessment tools,
it is significant to observe which models work better/best and what elements, like
data quality, preprocessing methods, and model architecture, reflect their accuracy.

This thesis aims to fill this gap by conducting a comparative analysis of various
machine learning models applied to social media data to classify mental health
related sentiments. The study evaluates and compares the overall performance of
traditional algorithms and deep learning approaches, with the aim of analyzing the
most effective methods to support early detection, ongoing monitoring, and timely
intervention. Ultimately, this research aims to contribute to the development of
accessible, objective, and scalable tools that can aid mental health professionals and
raise awareness of individuals in order to manage mental health more proactively.

1.1 Problem Statement
Over the past decade, social media platforms have been extensively used to compile
datasets for various mental health issues. Even though there have been numerous
advancements in mental health diagnostics and treatment, there is still a significant
gap in early detection and continuous monitoring of mental health conditions. Tra-
ditional methods mostly rely on self-reported surveys and clinical interviews, which
can be time-consuming and subject to bias.

Hengle et al. (2024) have pointed out that thanks to the developments of web tech-
nologies, social media platforms such as Reddit and Twitter have become the pri-
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mary source for mental health support and information exchange. These platforms
provide a secure anonymous environment that facilitates in-depth discussion about
mental health. As a result, there is a focus on “digital psychiatry,” which delves
into mental health topics and language usage on these platforms in order to enhance
the discovery, understanding, and detection of mental health issues. However, de-
spite significant efforts, many concerns related to these resources persist (Hengle et
al., 2024). The integration of sentiment analysis and mental health care promises to
bridge this gap by providing real-time, scalable, and objective assessments of mental
health statuses from everyday textual communications (B. Liu, 2015).

1.2 Methodology
This study aims to compare the performance of various machine learning models
including traditional algorithms (Logistic Regression, SVM, Random Forest) and
advanced deep learning models (LSTM, BERT) in accurately classifying mental
health related sentiments from social media texts.

The key research question is: Which machine learning model (Logistic Regression,
SVM, Random Forest, LSTM, BERT, etc.) provides the most accurate classification
of mental health related sentiments, and what are the key factors influencing their
performance?

Specifically, the research seeks to evaluate whether NLP techniques combined with
these models can accurately determine early signs of mental health conditions, and
to determine key factors such as preprocessing, feature engineering, and model ar-
chitecture that affect their performance. Ultimately, the goal is to show an outcome
how NLP based sentiment analysis can present more accessible, objective, and men-
tal health assessments, early detection and ongoing monitoring. Methodologically,
the study involves collecting and preprocessing diverse datasets from platforms like
Reddit and Twitter using Python libraries, and evaluating model performance based
on metrics like accuracy, precision, and recall.

We refined the language (English and translation to German) and produced ex-
ploratory model outputs using AI tools (ChatGPT, OpenAI GPT-5.1).

1.3 Literature Review
The significance of this study lies in its potential to enhance the accuracy and effi-
ciency of mental health diagnostics through the application of sentiment analysis. By
comparing the performance of various machine learning (ML) models, this research
aims to identify the most effective approaches for classifying mental health statuses
based on textual data. The findings of this study could inform the development
of real-time mental health monitoring tools, contribute to the design of support-
ive mental health chatbots, and provide valuable insights for academic research on
mental health patterns.

Natural Language Processing (NLP) has gained considerable attention for its poten-
tial to analyze social media text data in identifying linguistic markers associated with
mental health issues (Tang, 2024). Mental health conditions such as anxiety, stress,
depression, self-harm, and suicidal ideation are widespread global concerns that sig-
nificantly impact public health (X. Wang et al., 2024). Early detection through
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timely interventions can mitigate the progression of these conditions, thereby im-
prove individual outcomes and reduce long-term risks.

According to the World Health Organization (WHO & ILO, 2022), mental health
is an increasingly critical aspect of overall well-being, affecting millions worldwide.
The rise of digital communication platforms offers new opportunities to monitor
mental health via textual data analysis. Sentiment analysis, a subfield of NLP,
enables the extraction of opinions, emotions, and attitudes from text, facilitating
the classification of mental health related sentiments (Calvo et al., 2017). Calvo
et al. (2017) highlight that mental health applications rely on interdisciplinary col-
laboration between researchers and practitioners from fields such as computational
linguistics, human-computer interaction, and mental health services.

Sentiment analysis, also referred to as opinion mining, involves determining and
categorizing opinions and emotions expressed in text (Ravi & Ravi, 2015). Basically,
it helps leveraging language patterns in social media posts to detect symptoms of
depression, anxiety, and other disorders (Guntuku et al., 2019).

We can say that the newest improvements in ML and NLP have significantly im-
proved sentiment analysis performance. Machine learning algorithms such as SVMs
and deep learning models, which capture linguistic nuances more effectively, have
largely replaced traditional dictionary-based approaches that rely on pre-established
word lists (Pang & Lee, 2008). These developments enable more accurate, scalable,
and real-time analyses of large online datasets, assisting individuals who might be
at risk. Nonetheless, deploying NLP in mental health contexts usually raises ethical
and privacy concerns that require careful consideration (Guntuku et al., 2019).

Beyond individual detection, sentiment analysis can track changes over time, of-
fering early warnings. Integrating textual data with other sources can provide a
comprehensive view of mental health status, facilitating early and personalized in-
terventions. At the population level, sentiment analysis can reveal broader mental
health trends, informing policy and resource allocation. However, challenges such
as data diversity, preprocessing inconsistencies, and evaluation metrics especially
with imbalanced datasets must be addressed to improve reliability (Alahmadi et al.,
2025).

Linguistic challenges, biases from preprocssing and hyperparameter tuning might
effect model robustness. Ongoing research emphasizes the need for continuous re-
finement of models to enhance accuracy and fairness (Alahmadi et al., 2025).

Finally, online support communities and forums serve as vital resources for indi-
viduals seeking help. (Calvo et al., 2017) note that online peer support groups
have become one of the most accessible and reliable platforms for people to share
their mental health concerns and seek for some help, especially with the younger
populations.

1.4 Research Objectives
1. Comparing classical ML (LR, SVM, RF) and deep models (CNN, LSTM, BERT)

for mental health text classification.

2. Quantifying the impact of representations (TF–IDF, Word2Vec, sentence-
transformer embeddings) and imbalance handling in minority/risk classes.
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3. Evaluating risk-aware operation (testing, class specific thresholds) for safety crit-
ical labels (e.g., Suicidal).

1.5 Contributions
1. A unified, reproducible comparison across representations and models on a large-

scale mental health sources.

2. Suggesting transparent, lightweight benchmarks for transformer performance.

3. Providing a risk-aware evaluation method (macro/weighted F1, PR curves, cali-
bration) for high-impact classes.

1.6 Scope, Ethics, and Reproducibility
This thesis focuses on analyzing publicly available, identified texts; models support
screening/monitoring and do not provide diagnosis. We follow privacy and crisis
safe practices, report subgroup metrics where feasible, and release seeds, package
versions, and configuration details for reproducibility.

1.7 Organization of the Thesis
This section provides a guide for the reader to show the logic of the work and what
each chapter presents.

2. Social Media: Defining social media as data generating, technologically support
communication systems; reviewing changes in infrastructure (mobility, datafica-
tion, AI mediation), interaction styles (masspersonal), and psychological self-
effects. It emphasizes the need for text analytics and clarifies how texts from
platforms are an insightful indicator for mental states.

3. Mental Health: Demonstrating biopsychosocial and ecological models, clin-
ical/medical assessment (including “supportive” monitoring), literacy/stigma,
structural and digital effects, and key conditions. It concludes by discussing
the role of language in mental health and its connection to NLP.

4. Natural Language Processing (NLP): Formalizing the task (label space,
problem setup, ethics/scope), detailing preprocessing (tokenization, normaliza-
tion, identification) and text representations (TF–IDF, Word2Vec, sentence/-
transformers), and defining evaluation criteria (accuracy, macro/weighted F1,
PR, calibration). This chapter focuses on the analytical toolkit utilized in fur-
ther experiments.

5. Exploratory Data Analysis (EDA): Describing the corpus, class imbalance,
and notable linguistic features; providing descriptive figures (distributions, cor-
relations, word clouds). EDA justifies modeling choices (e.g., class weighting,
thresholds) and informs hyperparameter ranges.

6. Methods: Identifying models (LR/SVM, trees/ensembles, CNN/LSTM,
BERT), training procedures, and risk-aware evaluation (per-class PR, cali-
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bration, class specific thresholds for high-risk labels such as Suicidal). Outputs
include a clear protocol that supports comparability between models.

7. Large Language Models (LLMs): Describing LLMs relation to supervised
models; covering safety, privacy, fairness, and governance; outlining prompt-
ing/RAG and uncertainty handling. This frames responsible use and future
deployment pathways.

8. Findings: Reporting comparative results with tables/figures, interpreting error
patterns (especially minority classes), and debating compromises between accu-
racy, readability, and cost.

9. Conclusion: Summarizing contributions, limitations, and actionable future
work (e.g., imbalance mitigation, domain adaptation, governance). It links back
to the objectives and underlines where the approach can be extended in practice.

Building on the research objectives, the next chapter examines social media as the
primary context and data source for this study. We discuss platforms and their
infrastructural changes (mobility, data sharing, AI mediation), describe interaction
styles and psychological self-effects that shape language use, and outline ethical
limits for the use of public text. This provides the theoritical and practical ba-
sis for addressing online language as empirical signals of mental states, which the
subsequent NLP chapters operationalize.
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2 Social Media
Social media is widely understood as digital communication platforms that empower
users to create, share, and exchange content while taking part in networked inter-
actions with others. However, as Carr and Hayes (2015) emphasize, defining social
media is not only just listing popular tools such as Facebook, Instagram or Twitter.

The foundation of social media lies not in specific applications, but in the inter-
active, participatory, and networked nature of communication. These socio-
technical qualities remain relevant as technologies evolve, extending beyond individ-
ual platforms, tools, or software.

2.1 Developments in Social Media
The continuous development of both the technical infrastructure and social dynamics
of social media will profoundly impact communication research and applications. As
Carr and Hayes (2015) suggest, these new developments will reshape not only the
nature of online interaction but also the theoretical frameworks and methodologies
academics use to study them.

2.1.1 Transforming Infrastructures: How Data and Mobility Affect So-
cial Media

The core elements of social media and the internet are rapidly evolving. With the
use of mobile technologies such as wearable devices, tablets, and smartphones on
the rise, the primary means of reaching the internet has moved from traditional
desktop platforms to portable, application-based interfaces. Thanks to the Internet
of Things, where connected objects such as watches, cars, and even home appliances
blur the line between online and offline activities, this mobility is allowing social
media to become embedded in daily life.

Meanwhile, the computational architecture of these platforms is becoming increas-
ingly data-driven. Also, the emergence of Web 3.0, commonly referred as the Se-
mantic Web, offers highly personalized user experiences using ML, large-scale data
processing, and adaptive algorithms. With the aim of predicting preferences and
maximize engagement, many platforms currently use advanced recommendation sys-
tems that analyze users’ networks, interactions, and activities. As these systems
evolve, social media conversations may increasingly involve artificial agents or al-
gorithmic equivalents; consumers may not always be able to distinguish automated
programs from human participants. Current technologies like Siri, Google Now,
and conversational AI systems such as Cleverbot illustrate this emerging trend of
AI-mediated communication (Carr & Hayes, 2015).

Moreover, these developments extend beyond communication to large-scale predic-
tive analytics. As Chauhan et al. (2021) states, social media data are used as predic-
tive frameworks capable of utilizing sentiment analysis and ML to forecast real-world
events such as election outcomes. These platforms process large volumes of user
generated content to extract social opinions and behavioral patterns, thereby trans-
forming ordinary communication into measurable and useful data streams. This de-
velopment reflects the increasing incorporation of deep learning architectures, such
as recurrent and convolutional neural networks, into the analytical core of social
media platforms, enabling more context-sensitive and effective data interpretation.
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Consequently, distinguishing between human communication and computational in-
ference is becoming increasingly difficult, altering the way meaning, emotion, and
influence spread in digital environments (Chauhan et al., 2021).

2.1.2 Changes in Interactions: Constant, Massive, and Masspersonal
Communication

The nature of social interaction on digital platforms is changing significantly, com-
bining aspects of mass communication and interpersonal exchange. As noted by Carr
and Hayes (2015), this evolving ”masspersonal” environment renders interpersonal
communication to reach wider audiences with unprecedented access and enables
messages initially intended for broad audiences to be received and interpreted in an
extremely personal way.

Thus, social media encourages interactions that function both individually and col-
lectively. Posts, stories, and tweets aimed at a broad audience can still appear
personalized and encourage the establishment of a close relationship between users
and content creators. The emergence of algorithmically controlled or group man-
aged social media profiles that mimic authentic, unique voices contributes to the
blurring of communication boundaries. As a result, users may perceive genuine inti-
macy even when engaging with automated systems or coordinated branding teams,
an effect that echoes the “illusion of intimacy” described in parasocial interaction
theory (Carr & Hayes, 2015).

These developments raise critical ethical concerns. As algorithmic and automated
agents increasingly simulate human interaction, they have the capacity to evoke
emotional responses, influence consumer behavior, and even shape personal decision-
making. This form of mediated persuasion extends beyond conventional targeted
advertising to encompass social environments in which algorithms generate seem-
ingly interpersonal messages tailored to user data and preferences. Such interac-
tions may inadvertently foster dependence, manipulation, or emotional attachment
toward nonhuman entities, highlighting the need for clearer ethical frameworks and
digital literacy in online engagement.

These changing modes of interaction increasingly shape not only how people com-
municate but also how they perceive themselves and others online.

2.2 Psychological and Self-Effects of Social Media Use
Social media has a strong impact on users’ psychological mental states and self-
perceptions, in addition to structural and behavioral changes. Recent studies intro-
duced the concept of self-effects, which is based on the cognitive, emotional, and
attitudinal consequences that message creators experience from their own online
expressions (Valkenburg, 2017). Self-effect theory, unlike previous communication
theories that focused on the effects of media messages on recipients, acknowledges
that producing and disseminating content can have an equal effect on the sender.

According to Valkenburg (2017), self-effects emerge through four primary mech-
anisms: self-persuasion, where expressing an opinion strengthens one’s own be-
lief; self-concept change, where self-presentations shape identity; expressive writing,
where online disclosure supports emotional well-being; and political deliberation,
where engagement in public discourse reinforces cognitive engagement and civic
behavior. The opportunities offered by social media are scalability, asynchronous
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communication, and manageable hints. It allows users to improve how they present
themselves, anticipate criticism, and absorb other people’s reactions, which in turn
strengthens these self-effects in the online environment.

In other words, in addition to social media communication channels, they function
as interactive psychological feedback areas and enable users to continuously co-
construct their own self-concepts through expression, reflection, and perception.

2.3 Effects of Social Media on People and Social Organiza-
tions

While the development of social media has brought about unprecedented opportu-
nities for communication, participation, and access to information, it has also raised
significant concerns regarding its effects on both individuals and society. Zeitel-Bank
and Tat (2014) argue that social media represent a double-edged phenomenon: they
enhance global communication, learning, and democratization, yet they simultane-
ously pose serious challenges for psychological well-being, social behavior, and data
security.

Societal Level

Social media have transformed traditional one-way communication models into in-
teractive, participatory systems. Information flows are no longer controlled by cen-
tralized authorities, as individuals can directly share opinions and mobilize others
globally. This shift fosters democratic participation and transparency but also facil-
itates misinformation, privacy risks, and cybercrime. As Zeitel-Bank and Tat (2014)
note, the rise of user-generated content and the growing influence of digital opin-
ion leaders blur boundaries between journalism, marketing, and everyday discourse,
reshaping how societies form public opinion.

Individual Level

Pervasive social networking affects emotional health, identity construction, and re-
lationships. Drawing on neuroscience perspectives, Zeitel-Bank and Tat (2014) sug-
gest that continuous engagement in virtual environments may influence attention,
empathy, and emotion regulation. Through neuroplasticity, repeated online inter-
actions can encourage behaviors such as shorter attention spans, intensified social
comparison, and dependence on digital feedback loops. Reduced accountability and
anonymity are also associated with cyberbullying, deception, and diminished self-
control.

These individual-level effects are particularly visible in the rise of influencer culture,
where exposure to idealized imagery shapes users’ self-perceptions and emotional
well-being.

This pattern is further reinforced by evidence that risky ICT use and moral disen-
gagement are strong predictors of cyberbullying behaviors (L. Chen et al., 2017).
Together, these findings highlight how social media affordances can both facilitate
connection and magnify harmful behavioral tendencies.

Emotional dynamics are central online: rapid, affect-laden exchanges can amplify
both supportive and harmful outcomes. Given social media’s permanence in every-
day life, Zeitel-Bank and Tat (2014) call for responsible and reflective use to ensure
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benefits outweigh risks.

2.3.1 Influencer Culture and Appearance Anxiety

Recent studies have discussed the psychological effects of influencer culture, par-
ticularly in terms of social media users’ concerns about their self-perception and
appearance. According to Deng and Jiang (2022), exposure to idealized images
shared by both human influencers (HIs) and virtual influencers (VIs) can signifi-
cantly increase users’ appearance anxiety. In an experimental study involving young
women aged 18 to 35, participants reported feeling more concerned about their ap-
pearance when viewing photos of influencers, whether computer-generated or real.
Remarkably, women respondents who examined virtual influencers reported feeling
less concerned about their appearance than those who viewed real influencers. This
suggests that the perceived artificiality of VIs may directly reduce the tendency to
compare oneself (Deng & Jiang, 2022).

The study highlights that social media amplify mechanisms of upward social com-
parison, where users evaluate themselves against idealized beauty standards fre-
quently presented online. These comparisons, often subconscious, reinforce unre-
alistic aesthetic ideals and contribute to negative emotional outcomes such as self-
objectification, shame, and low self-esteem. The findings show that user generated
and algorithmically curated visual content fosters environments where, based on ap-
pearance, validation dominates social interaction, which can increase mental health
risks such as anxiety and depression. Consequently, Deng and Jiang (2022) empha-
size the importance of fostering digital literacy and critical awareness to mitigate
the psychological risks associated with influencer content.

As evidenced by the psychological and social effects of online behavior, digital par-
ticipation and mental health are closely linked. Understanding the impact of social
media on well-being is crucial, as social media often reinforces mechanisms such as
comparison, seeking approval, and emotional contagion. Therefore, the next sec-
tion examines the concept of mental health itself, the main factors affecting mental
health, and how the digital environment influences these characteristics (Deng &
Jiang, 2022).

2.4 NLP for Social Media Data (Bridge to Chapter 7)
Natural language processing (NLP) can identify early indicators of mental health
risk on social media streams. As Coppersmith et al. (2018) mentioned, these studies
demonstrate that deep learning classifiers applied to posts from the previous six
months, particularly for suicide tendencies, can distinguish users who attempted
suicide from a matched control group with promising ROC performance months
before the crisis. This supports large-scale screening and referral processes. Fur-
thermore, the studies emphasize ethical requirements (consent, privacy, participant
and non-participant approaches). In this thesis, we treat social media texts as
analyzable signals and implement NLP techniques in subsequent sections (prepro-
cessing, representations, supervised models). We address governance issues in our
security section.
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2.5 Summary
In conclusion, the evolution of social media brings about complex changes in the ar-
eas of interaction, infrastructure, and psychology. As digital platforms become more
mobile, algorithmic, and interactive systems, communication is becoming more indi-
vidualized and widespread. Consequently, examining social media requires a holistic
perspective that considers interpersonal, social, and technological factors influencing
how people interact, communicate, and construct their identities in online environ-
ments.

Therefore, in the following chapter, we will examine how these psychological and
communication systems interact with broader concepts of mental health in digital
societies.
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3 Mental Health
Having awareness of mental health has become increasingly important in public and
scientific discourse. Mental health is now recognized as a cornerstone of overall well-
being rather than a separate or secondary domain. It involves not only the absence
of mental illness but also the presence of psychological balance, social connectedness,
and emotional resilience (Bhugra et al., 2012).

As Bhugra et al. (2012) emphasize, individuals with good mental health can better
maintain their emotional balance under pressure and, most importantly, build lasting
relationships and adapt to change. The National Collaborating Centre for Mental
Health (2011) further define mental health within a clinical and societal framework,
describing it as a continuum that encompasses conditions such as depression, anxiety,
and post-traumatic stress disorder. Complementing these perspectives, the concept
of mental health literacy “knowledge and beliefs about mental disorders that help to
identify, treat, or prevent them” links understanding with concrete action (Jorm,
2012). Surveys show persistent gaps in public recognition of disorders, knowledge
of effective help, and first-aid skills; however community, school, web-based, and
Mental Health First Aid interventions can improve these outcomes over time (Jorm,
2012). When these perspectives come together, it becomes clear that mental health is
both an individual and a societal resource, influenced by biological, psychological and
social variables, and that improving it requires integrated strategies that encompass
both public health systems and individual care.

3.1 Dimensions and Determinants of Mental Health
Mental health arises from the continuous interaction of biological, psychological, and
social factors, reflecting what (Engel, 1977) conceptualized as the biopsychosocial
model of health. This framework posits that well-being cannot be understood solely
in biological terms but must also account for cognitive, emotional, and environmental
influences. On a biological level, genetic predispositions, neurochemical imbalances,
and chronic physical illnesses can significantly shape an individual’s vulnerability or
resilience to mental disorders. Psychological factors, such as coping strategies, self-
efficacy, and the ability to regulate emotions, also play a critical role in maintaining
mental stability. (Ryff, 1989) emphasized that psychological well-being extends be-
yond the absence of distress to include self-acceptance, purpose in life, and personal
growth. Social determinants, including socioeconomic status (SES), education, and
access to supportive networks, further influence mental health outcomes. (Marmot,
2005) argued that inequality, marginalization, and social exclusion are among the
strongest predictors of poor mental health, highlighting the need for policies that
address structural disparities. Complementing this view, (Antonovsky, 1996) intro-
duced the concept of salutogenesis, emphasizing a sense of coherence and meaning
as protective resources that promote psychological resilience despite adversity. To-
gether, these perspectives underline that mental health is a dynamic state shaped
by the complex interplay between biological mechanisms, individual psychological
processes, and the broader social environment.

3.1.1 Explanation of the Biopsychosocial Model

The biopsychosocial model as shown in Figure 1, first conceptualized by (Engel,
1977), illustrates how mental health is shaped by the continuous interaction of bi-
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Interplay of factors

Mental Health: dynamic state shaped by biological, psychological, and social determinants

Figure 1: Biopsychosocial model with separated domains and contributions to men-
tal health
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ological, psychological, and social determinants. Rather than viewing mental
health as a purely medical or psychological issue, the model emphasizes a dynamic,
multidimensional system in which biological predispositions, individual coping mech-
anisms, and sociocultural contexts jointly influence well-being and vulnerability to
mental disorders.

From the biological perspective, genetic inheritance, neurochemical balance, and
chronic health conditions contribute to an individual’s baseline susceptibility to
mental health difficulties. The psychological domain encompasses cognitive and
emotional processes such as resilience, self-efficacy, coping strategies, and trauma
responses, all of which affect how people interpret and manage stress. The so-
cial dimension includes factors like socioeconomic status (SES), educational access,
stigma, and the quality of community or family support networks, which can either
buffer or exacerbate psychological strain (Marmot, 2005).

Reflecting the balance and interaction of biological, psychological, and social in-
fluences, mental health is a dynamic state that lies at the intersection of these
three areas. This integrative view supports the notion of salutogenesis proposed by
(Antonovsky, 1996), emphasizing the maintenance of well-being rather than merely
the treatment of illness. Similarly, (Ryff, 1989) links personal growth, purpose, and
autonomy to mental health outcomes. Together, these perspectives underline that
sustainable mental health interventions must address not only individual symptoms
but also the broader ecological and social contexts in which individuals live.

Ecological Perspective

Building on biopsychosocial accounts, an ecological view situates determinants
across nested systems—micro (family, peers), meso (links between settings), exo
(institutions such as media, workplaces), and macro (policy, norms) and stresses
that cross-level interactions and cumulative risks shape outcomes. Reviews of
mental health research using Bronfenbrenner’s framework show that studies which
explicitly model interactions within and between systems yield the most actionable
guidance (i.e., what works for whom, for which outcome), whereas merely listing
factors at several levels tends to produce broad, non-specific advice (Eriksson et al.,
2018).

3.2 Clinical Assessment and Diagnosis
Clinicians diagnose mental health problems through a staged, clinician-led process
that integrates multiple sources of evidence. First, therapists obtain a structured
history and evaluate symptoms against recognized diagnostic criteria, then comple-
ment this with standardized self-reports and ecological momentary assessment that
capture fluctuations in daily life. Where appropriate, they add objective signals
from digital tools (e.g., heart rate/variability, sleep, activity, speech or smartphone
use) to monitor severity and change over time. These data streams support outcome
monitoring and “supportive monitoring”, allowing the clinician to adjust the inter-
vention when predefined targets are not met (for example, modifying psychotherapy
tasks or changing medication). Importantly, algorithmic scores and app outputs
function only as screening and monitoring aids; final diagnosis and individualized
treatment planning require professional judgment that considers context, comor-
bidity, somatic differentials, and risk (including suicidal cases). In short, E-Health
expands the assessment and tracking, but does not replace the therapist’s diagnostic
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role (Lüttke et al., 2018).

3.3 Mental Health Literacy
Mental health literacy (MHL) connects knowledge with action; it comprises the
following (Jorm, 2012):

(i) Knowledge of ways to avoid mental disorders;

(ii) Detection of developing disorders;

(iii) Knowledge of therapies that are proven and options for obtaining assistance;

(iv) Understanding of practical self-help for milder problems; and

(v) First-aid skills to assist in crisis.

Evidence across countries shows common shortfalls in correctly recognizing disorders
(e.g., depression vs. “stress”), delays in help-seeking (often years between onset and
treatment), and skepticism toward some recommended treatments; these gaps are
most consequential in adolescence and early adulthood when many disorders first
emerge (Jorm, 2012). At the same time, the public frequently endorses and uses
self-help strategies; population data suggest “overlapping waves of action,” with
readily available self-help peaking in mild distress and professional care increasing
with severity (Jorm, 2012).

MHL can be improved, for example, rigorous evaluations report benefits from en-
tire community campaigns (e.g., depression literacy, attitude shifts, reduced suicidal
acts), based on school and university education, Mental Health First Aid training
(better knowledge, confidence, and helping behaviour), and high-quality informa-
tion websites that can even reduce symptoms in some users (Jorm, 2012). Cultur-
ally adapted approaches are essential to address diverse explanatory models and
language barriers. As a policy lever, raising MHL supports prevention, earlier inter-
vention, greater adherence to care based on evidence, and broader public support
for adequately resourced services (Jorm, 2012).

3.3.1 Social Distance: Causes, Consequences, and Coping Strategies

Social distance is people’s willingness to avoid contact with someone who has a
mental disorder, which is a core, measurable facet of stigma with distinct predictors
and levers (Jorm & Oh, 2009). Key points:

(i) Measurement and validity: Social distance is a reliable, largely one-
dimensional measure, although it correlates with reported real-world contact.

(ii) Who desires more distance: Higher in older than younger adults; declines
across adolescence; only weakly linked to lower education; large cross-national
differences exist.

(iii) Experiences that shift distance: Sensational media (such as violent situations)
may increase distance; human contact (and one’s own lived experience) gen-
erally decreases distance; but clinicians may not exhibit less distance despite
significant interaction.
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(iv) Which presentations elicit more distance: There is a typical hierarchy: drug
dependence disorders > schizophrenia > depression/anxiety; the same symp-
toms elicit more distance when portrayed in men than women.

(v) Labels and help-seeking: Diagnostic labels can increase distance (effects vary
by label and familiarity). Among the general public, knowing someone sought
professional help can sometimes increase distance; among more knowledge-
able groups (family members, professionals), not seeking appropriate help can
increase distance.

(vi) Causal beliefs: Endorsement of claims of “brain disease” or “weakness of char-
acter” has been associated with increased distance; there is no discernible cor-
relation with “biochemical imbalance”; the results of genetic and psychological
explanations are inconsistent; public opinions are often multi-causal.

(vii) What works: Planned interventions (e.g., contact-based education, Mental
Health First Aid) can reduce social distance with effects that persist for
months; future work should track behaviour change, not only vignette re-
sponses.

Contact-based education (e.g., Mental Health First Aid) not only raises knowledge
but can reduce desired social distance in population studies (Jorm & Oh, 2009).

3.4 Environmental and Structural Determinants
Mental health is influenced by both personal risk as well as external circumstances:
Evidence gathered by a quasi-experimental panel relates shifts in Emergency De-
partment (ED) visits, self-reported days with bad mental health, and suicides to
temporary weather shocks and local system capacity (Mullins & White, 2019). Key
external determinants include:

• Ambient temperature: Nonlinear associations show more suicides and worse men-
tal health on hotter (and some colder) days, net of location-by-month and year
effects (Mullins & White, 2019).

• Insurance coverage rules: Strong mental health parity laws (covering mental
health on the same terms as physical health) are associated with lower suicide
rates, suggesting policy can buffer environmental risk (Mullins & White, 2019).

• Provider availability: Residence in mental health professional shortage areas sig-
nals limited access and may exacerbate temperature in mental health sensitivity
(Mullins & White, 2019).

• Treatment infrastructure: Greater density of substance-abuse treatment centers
is linked to fewer suicides and drug deaths, indicating system capacity matters
for crisis prevention (Mullins & White, 2019).

• Local resources: County income moderates vulnerability, plausibly via ability to
afford cooling/heating and to access timely care (Mullins & White, 2019).

These environmental and structural levers complement biopsychosocial determi-
nants: Modifying exposure (e.g., heat mitigation) and strengthening systems (cover-
age, providers, treatment capacity) can reduce population risk even when individual-
level vulnerabilities persist (Mullins & White, 2019). These external conditions set
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the stage for technology and mediated exposures at work and online, which we
examine next.

Ecological analyses recommend testing cross-level effects (e.g., how school/work poli-
cies or media exposure [exo/macro] modify family or peer processes [micro/meso])
rather than treating each level in isolation (Eriksson et al., 2018).

3.4.1 Family Stress and Adolescent Mental Health During COVID-19

Longitudinal U.S. research implies a family-stress pathway that starts with pan-
demic stress and ends with parents’ symptoms, parenting, and perceived teenage
mental health (Morgan et al., 2025). Elevated COVID-19 stress has been correlated
with higher levels of anxiety among parents and depressive symptoms, which may
have contributed to more poor parenting. Numerous hazards were associated with
different practices:

(i) The connection with subsequently perceived depression among adolescents
was mediated by inconsistent discipline;

(ii) The association with subsequently experienced adolescent anxiety was medi-
ated by psychological control; and

(iii) Increased child-parent relationship quality did not overcome the effects of
psychological control, but it did reduce the relationship between inconsistent
discipline and later perceived teenager depression/anxiety.

Practically, pair mental health supports for parents with skills that promote con-
sistent, non-coercive discipline and making parent-adolescent relationship quality
much stronger during large-scale stressors (Morgan et al., 2025).

3.4.2 Population Groups and Stressors During COVID-19

Distancing and lockdowns altered routine in ways that made particular populations
more vulnerable (Chugh, 2020):

(i) Older adults: Increased risk of anxiety and depression due to increased fear and
depressed mood combined with the salience of medical vulnerability, and the
sudden cessation of regular social interactions (walks, parks, prayers, visits);

(ii) Children and adolescents: Increased time spent indoors and significant in-
creases in online learning and entertainment; reduced face-to-face interaction
outside the home; changes in sleep or appetite, persistent irritability or ag-
itation, or noticeable quietness or withdrawal are considered warning signs;
when these symptoms persist and interfere with daily functioning, urgent psy-
chological treatment is recommended; and

(iii) Adults of working age: Factors such as the rapid transition to working from
home or being fired, financial uncertainty, and separation from family/friends,
have led to isolation, insecurity and rumination.

These stressors are considered ecological (macro-politics, external-level institutions,
micro-routines) and interact with individual vulnerabilities, reinforcing the need for
multi-level supports (Chugh, 2020).
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3.4.3 Resilience-oriented Self-care During Prolonged Disruption

Beyond clinical pathways, low-cost practices can buffer distress and support adher-
ence to health protective behaviors (Chugh, 2020):

(i) Establishing a simple daily routine to restore predictability and perceived
control;

(ii) Searching accurate, concise information about the illness to reduce uncer-
tainty;

(iii) Aiming to have regular physical activity (e.g., 30–40 minutes on most days);

(iv) Maintaining sleeping hygiene and balancing nutrition to support immunity
and mood;

(v) Minimizing or cutting alcohol, nicotine, and excess caffeine that can lead to
rise in anxiety and sleep;

(vi) Setting boundaries on pandemic news exposure to prevent continual distress-
ing content;

(vii) Practicing brief relaxation (breathing, mindfulness, or yoga) to down-regulate
arousal;

(viii) Maintaining social interpersonal connections via phone/video with loved ones
and acquaintances;

(ix) Leveraging one’s own experiences that provide purpose as an emotional frame-
work, for instance values or faith; and

(x) Organizing deliberate rest and preventing depletion.

Reframing the disruption (for instance, as a temporary pause that enables reflection
and prioritization) can further aid coping.

3.5 Mental Health, Nutrition, and Elite Sport
The interaction between mental health and nutritional status has become a major
focus in sports psychiatry and exercise science. As Halioua et al. (2025) noted elite
sport imposes exceptional physical and psychological demands on athletes. While
performance optimization has long emphasized physical training and nutrition, it is
now clear that dietary practices directly influence both physical and mental well-
being.

Athletes’ eating behaviours span a continuum from based on the performance choices
to disordered eating and clinical eating disorders, which remain among the most
prevalent psychiatric conditions in competitive sport (Sundgot-Borgen & Torstveit,
2004). The prevalence is particularly high in weight-sensitive disciplines where a
lean physique or low body mass is perceived as advantageous (Byrne & McLean,
2002).

The concept of the Female Athlete Triad originally linked energy availability, men-
strual function, and bone health in female athletes (Nattiv et al., 2007). This
framework evolved into the Relative Energy Deficiency in Sport (REDs) model, in-
troduced by the International Olympic Committee (IOC) to capture the broader
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physiological and psychological effects of low energy availability (LEA) across gen-
ders (Mountjoy et al., 2018, 2014, 2023). REDs is defined as a syndrome of impaired
physical and/or psychological functioning caused by insufficient energy intake rela-
tive to expenditure.

Recent IOC statements highlight that mental health problems can happen prior to,
simultaneously with, or result from REDs (Pensgaard et al., 2023). Psychological
consequences include disordered eating, mood and anxiety disorders, sleep distur-
bances, and exercise addiction. Risk factors may be intentional such as deliberate
pursuit of low weight—or unintentional, for instance through inadequate nutritional
knowledge, time constraints, or increased training loads without sufficient caloric
compensation.

Despite growing recognition, the intersection of nutrition and mental health in elite
sport remains methodologically underexplored. Many studies rely on self-reported
energy intake and psychological measures, introducing bias and limiting causal inter-
pretation (Halioua et al., 2024). As Halioua et al. (2025) emphasize, advancing this
field requires longitudinal designs and close interdisciplinary collaboration between
sports psychiatrists and sports nutritionists.

Clinically, integrated treatment pathways established in general psychiatry and eat-
ing disorder care are still emerging in elite sport contexts. Evidence-based, multi-
disciplinary models combining psychiatric, psychological, and nutritional expertise
are needed to guide diagnosis, treatment, and safe choices about returning to play
(Schulz et al., 2025). Early educational interventions such as the FUEL program
for female endurance athletes show promise in improving awareness and promoting
healthier habits (Solstad et al., 2025). Together, these developments underline that
maintaining athletes’ mental health requires coordinated attention to both psycho-
logical and nutritional domains.

Beyond elite contexts, physical activity more broadly plays a crucial role in mental
health promotion and recovery. Eather et al. (2023) argue that participation in sport
and regular physical activity enhances emotional well-being, cognitive function, and
resilience while reducing the risk of anxiety and depression. Their research shows
that both team and individual sports can serve as protective factors against mental
illness, with team sports offering additional benefits through social connection and
belonging. These findings underscore the therapeutic potential of sport not only
for high-performance athletes but also for the general population recovering from
mental health challenges.

The mechanisms connect sport participation and mental health reflect a biopsy-
chosocial interaction: physiological benefits (e.g., endorphin release, improved sleep
and stress regulation), psychological effects (e.g., mastery, self-esteem, and goal set-
ting), and social dimensions (e.g., inclusion and shared identity) converge to support
well-being. These mechanisms are parallel to those observed in elite sport, where
structured activity, motivation, and social support also mediate resilience and men-
tal performance (Eather et al., 2023; Halioua et al., 2025).

Integrating sports psychiatry and nutrition not only supports athlete well-being
but enhances sustainable performance. Understanding and preventing REDs and
hence, its mental health sequelae should be central to athlete management, policy,
and education. Moreover, recognizing the broader mental health benefits of sport
participation highlights the need for inclusive, community-based interventions that
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leverage physical activity as both prevention and treatment in mental health care.

3.6 From Determinants to Mental Health Statuses
Consistent with a WHO style continuum, mental health spans from flourishing to
distress to diagnosable disorder. Movement along this continuum is dynamic and
bidirectional with physical health: mental disorders elevate risks for communicable
and non-communicable diseases and injuries, while these conditions, in turn, increase
the likelihood and persistence of mental disorders. Because comorbidity affects
detection, adherence, and outcomes, integrating mental health assessment and based
on evidence care into general health services is essential (Prince et al., 2007).

No health without mental health

Beyond their direct contribution to global disability, common mental disorders shape
and are shaped by other health conditions. Mental illness increases risk for com-
municable and non-communicable diseases and injuries; conversely, many physical
conditions raise the risk of mental disorder. Such comorbidity delays help-seeking,
complicates diagnosis, reduces adherence, and worsens prognosis. The implication
is programmatic: mental health should be integrated across primary and specialty
care (e.g., HIV, TB, maternal/child health, chronic disease management), not siloed
as a separate domain (Prince et al., 2007).

An ecological lens helps move from broad determinants to targeted action by:

(i) examining interactions across micro–macro systems;

(ii) considering cumulative risk; and

(iii) tailoring interventions by subgroup and outcome (e.g., anxiety vs. depression).

Evidence indicates this yields more specific, policy relevant recommendations than
factor listings alone (Eriksson et al., 2018).

3.7 Global Policy Framing: Transforming Mental Health
Systems

A recent appraisal of the WHO World Mental Health Report argues that meaningful
progress requires system transformation on three interdependent fronts:

(i) Revaluing mental health as intrinsic to human, social, and economic well-being

(ii) Shaping environments that promote mental well-being and prevent conditions
across the life course

(iii) Modernizing services toward community and people centred, and rights re-
specting care (Freeman, 2022)

The report defines mental health as a state that enables people to cope with daily
stresses, notice abilities, learn and work well, and contribute to their communi-
ties—more than the mere absence of disorder.

Operationally, this framing separates what the health sector should lead (e.g.,
evidence-based, community-delivered services; integration with primary care;
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recovery-oriented practice) from actions other sectors must own (poverty alle-
viation, violence prevention, education, housing, justice). Service networks are
expected to include both integrated physical–mental health delivery points and
specialist mental health services, with a decisive shift away from long-stay psy-
chiatric hospitals and coercive practices toward community supports grounded in
human-rights and lived-experience leadership. For countries, the pathway is not a
single blueprint but a set of principle in multi-sector engagement, prevention and
promotion, community care, and accountability that can be adapted to context
(Freeman, 2022).

3.8 Working Conditions, Digitalization, and Social Media
Rapid digitalization has transformed workplace organization, job demands, and so-
cial interaction, and this in turn affects mental health through both risks and pro-
tective factors. Information and communication technology ICT-supported flexible
working can, on the one hand, increase autonomy and reduce commuting stress;
on the other hand, it can accelerate work, blur the boundaries work and non-work
life, and increase expectations of availability, all of which raise the risk of stress
and exhaustion (Eurofound and the International Labour Office, 2021; Messenger,
2019; Siegrist & Wahrendorf, 2016). The meta-analytic study underlines the rela-
tionship between psychosocial work characteristics and mental health outcomes by
linking the imbalance between rewards and the pressure and effort required at work
to depression and anxiety. (Siegrist & Li, 2017; Theorell et al., 2015).

Psychosocial exposures are further altered by digital platforms. Algorithmic man-
agement and performance monitoring may reduce perceived control and fairness, but
the pressure of constant connection and notifications may cause sleep disorders due
to increased cognitive tension (Meijerink et al., 2021; Tarafdar et al., 2019; Wood
et al., 2019). We can say that stress factors such as technological overload, techno-
logical invasion, and technological complexity are associated with lower well-being
and increased burnout, and are referred to as “technostress” (La Torre et al., 2019;
Tarafdar et al., 2007). Availability of mental health resources, information sharing,
and social support can be facilitated through digital tools, well-defined boundaries,
and employee participation (Brough et al., 2020; Carolan et al., 2017).

Social media, both inside and outside the workplace, adds an additional layer. Evi-
dence suggests small average negative associations between heavy social media use
and mental health in youth, with substantial heterogeneity across individuals and
contexts (Orben, 2020; Orben & Przybylski, 2019). Among adults, social media can
provide professional networking and peer support but may also foster to upward
social comparison, cyberbullying, and distraction, which are linked to depressive
and anxiety symptoms (Best et al., 2014; Verduyn et al., 2017). The mental health
impact of digitalization is therefore contingent on design features (e.g., autonomy,
transparency, boundary control), organizational policies (e.g., right to disconnect),
and individual differences (e.g., coping styles), aligning with biopsychosocial ac-
counts of stress and resilience (Antonovsky, 1996; Karasek Jr, 1979).

Beyond appearance-related pressures, social media environments also facilitate
harmful interpersonal dynamics such as cyberbullying, which has become one of the
most pervasive online risks. A large-scale meta-analysis by L. Chen et al. (2017) syn-
thesized findings from 81 empirical studies comprising nearly 100,000 participants
and identified key predictors of both cyberbullying perpetration and victimization.
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The study found that risky ICT use, moral disengagement, depression, and social
norms were the strongest predictors of online aggression, while risky ICT use and
traditional bullying victimization most strongly predicted victimization.

Policy and practice implications include integrating psychosocial risk assessment
into digital transformation projects; co-designing ICT use norms (e.g. availability
windows, notification hygiene, and recovery periods); ensuring algorithmic account-
ability and worker voice; and offering targeted digital literacy and mental health
supports. Such measures can shift digitalization from a source of chronic strain to
a resource that enhances well-being and performance (OECD, 2020; WHO & ILO,
2022).

These design and policy levers reflect a broader public health lesson: embedding
mental health into mainstream prevention and chronic-disease programs yields
greater population benefit than siloed services (Prince et al., 2007).

Consistent with ecological theory, platform/organizational rules (exo/macro) can
amplify or buffer individual stress processes (micro), so policy levers should be eval-
uated as cross-level interventions (Eriksson et al., 2018).

During COVID-19, these dynamics were most visible among youth on mainstream
platforms.

3.8.1 Social Media and Youth Mental Health During COVID-19 (Survey
Findings)

A national survey of Australian youth (16–25; n=371; June–Oct 2020) observed high
distress and near-universal platform use (Bailey et al., 2022). Key patterns were:

(i) Psychological distress was substantial (over two in five scored in the severe or
extremely severe range on depression or anxiety, DASS-211);

(ii) 96% used social media daily and about two-thirds increased use during lock-
downs;

(iii) heavier daily use (> 7 hours) correlated with higher depression, anxiety, and
stress scores;

(iv) platforms were used for crisis support: about one-third sought help for their
own suicidal thoughts/self-harm and about one-half supported someone else;

(v) support commonly occurred on YouTube, Instagram, and Facebook; confi-
dence to give/receive help was modest, and some helpers felt worse afterwards;
and

(vi) risk was concentrated among gender-diverse youth and those with prior
mental-health diagnoses.

These data indicate that social platforms are both exposure channels and reachable
support points for at-risk youth during widespread disruption.

1The Depression Anxiety Stress Scales-21 (DASS-21) is a 21-item self-report instrument that
measures psychological distress, focusing on depression, anxiety, and stress in adults and adoles-
cents aged 17+.
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Implications for Platforms and Practice:

(i) Targeted outreach to higher-risk groups;

(ii) Concise, crisis-safe resources for help-seekers and help-givers (what to say,
when to escalate, after-care);

(iii) Safety nudges and crisis links embedded in the apps where support happens;

(iv) Privacy-respecting ways to treat very heavy daily use as a possible distress
signal; and

(v) Guidance to reduce helper burden (Bailey et al., 2022).

Taken together, these findings underscore that social media platforms are not only
venues for information exchange but also environments where psychological distress,
social support, and identity formation unfold in real time. Beyond mainstream net-
works, similar psychosocial mechanisms operate in other digital contexts such as
dating applications and online subcultures. These platforms, while designed for con-
nection, can intensify feelings of exclusion, rejection, or inadequacy among certain
user groups. Understanding these dynamics is particularly relevant in examining
the intersection of digital romance, incel identity2, and mental health.

3.8.2 The Intersection of Digital Romance, Incel Subculture, and Men-
tal Health

Quantitative evidence links adverse dating-app experiences to poorer mental and
relational health among self-identified incels versus other men. In an online study
(incels n = 38; non-incel men n = 107; Mage ≈ 23.6), incels showed consistently
worse profiles: higher depressive symptoms (CESD-R3: 58.6 vs. 40.7), greater rejec-
tion sensitivity (15.1 vs. 10.4), stronger fear of being single (25.7 vs. 16.8), higher
dating anxiety (67.2 vs. 49.4), lower global self-esteem (1.94 vs. 4.38), lower secure
attachment (6.71 vs. 14.43), higher anxious attachment (16.6 vs. 12.5), and more
relationship-contingent self-esteem (43.9 vs. 40.5). Perceived popularity on apps was
markedly lower (1.21 vs. 2.67). Despite more liberal strategies (wider age/radius;
“swipe right” 66.9% vs. 46.4%), incels reported far fewer matches (4.5% vs. 31.3%),
more non-responses to first messages (75% vs. 38%), and fewer in-person outcomes
(ever dated: 33% vs. 61.7%; relationship: 0% vs. 29.2%; sex: 12.8% vs. 58.1%).
In multivariable models, lower self-esteem and lower secure attachment uniquely
predicted incel status, net of other factors (Sparks et al., 2024).

Implications for Mental Health Statuses and Care:

• Status shifts: Repeated app rejection happens with elevated depression/anxiety
and fragile self/relational schemas (relationship-contingent self-esteem, insecure
attachment).

• Assessment: Screen for rejection sensitivity, fear of being single, dating anxiety,
2The term *incel* refers to individuals, typically young men, who describe themselves as invol-

untarily celibate and unable to form sexual or romantic relationships. It is often associated with
online communities that express resentment toward women and sexually active men.

3The CESD-R (Center for Epidemiologic Studies Depression Scale) is a 20 items self-report
questionnaire that assesses depressive symptoms and is especially useful for tracking symptom
changes over time.
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global/contingent self-esteem, and attachment security when app-based rejection
is salient.

• Targets: CBT4 for rejection/threat appraisals and graded social-approach work
alongside attachment-informed interventions to build security; coach prosocial,
effective online approaches.

• Context: Contextualize outcomes within platform ecology (competition, choice
overload), avoiding pathologizing labels while addressing safety and stigma.

3.8.3 Cyberbullying, Health, and Protective Family Factors

Bullying and cyberbullying are intentional, goal-oriented aggressive acts intended
to harm another person and therefore belong to violent social conduct. They are
best understood within social psychology: Aggression is shaped not only by individ-
ual traits but also by situational forces such as authority/power, group norms and
identity, and the human need to belong. When belonging or self-esteem is threat-
ened—through rejection or exclusion or aggressive responses become more likely;
online settings can amplify these dynamics by increasing reach and persistence.
This framing complements operational definitions by locating cyberbullying within
broader processes of power, belonging, and context (Navarro et al., 2016).

Social-Psychology Mechanisms

Cyberbullying is shaped by group and contextual processes (Navarro et al., 2016):

(i) Group norms and bystander dynamics (status, identity, contagion) steer par-
ticipation;

(ii) Links with aggressive/violent conduct; perceived power/authority lowers in-
hibition;

(iii) Reduced affective and/or cognitive empathy is associated with perpetration;

(iv) Moral disengagement (anonymity, distance, audience) enables harm without
guilt;

(v) Moral judgments and value climates (perceived injustice, weak rule internal-
ization) increase risk;

(vi) Family context matters: Parental warmth/communication and active media-
tion reduce involvement, whereas conflictual ties and low guidance increase it;
and

(vii) Gender patterns are mixed; simple male–female assumptions are not sup-
ported consistently.

Common Forms

Operationally, cyberbullying manifests through recurring online behaviors, including
(Hinduja & Patchin, 2008; Willard, 2006):

(i) Insults, humiliation, ridicule, and denigration;
4Cognitive Behavioral Therapy (CBT) is a structured, goal-oriented psychotherapy that focuses

on changing unhelpful thoughts and behaviors to improve emotional well-being and manage issues
like anxiety and depression.

23



(ii) Defamation/reputation damage, spreading embarrassing content;

(iii) Exclusion (being removed from group chats/games; being ignored);

(iv) Impersonation and harm via fake accounts;

(v) Threats, harassment, and persistent tracking (cyberstalking); and

(vi) Non-consensual disclosure of personal information (doxxing) or images.

These features can exacerbate mental health impacts especially depression, anxiety,
and PTSD and disrupt school and family functioning (Kowalski & Limber, 2013).

Effects of cyberbullying

Evidence across countries shows that cyberbullying threatens adolescent health and
well-being and can, in some respects, be more harmful and longer-lasting than tra-
ditional bullying because content persists, spreads rapidly, and often reaches a large
unseen audience (Navarro et al., 2016, pp. 8–10). Reported impacts include:

(i) Physical: Headaches, stomachaches, sleep disturbance, fatigue, backache, loss
of appetite, and other somatic complaints;

(ii) Psychological/emotional: Fear (even terror), anxiety, sadness, anger, depres-
sive symptoms, and increased suicidal ideation (with some studies noting
higher risk than in traditional bullying);

(iii) School-related: Decreased in motivation and concentration, absenteeism, and
academic performance problems; and

(iv) Psychosocial: Isolation and loneliness, ostracism/exclusion, and threatened
belonging or self-esteem.

Severity varies with situational factors such as anonymity, the size/visibility of the
audience (bystanders), and whether the victim knows the perpetrator, underscoring
the need for multi-level prevention and response (Navarro et al., 2016).

Health links and Protective Family Factors

Evidence from a large high school sample in China links cyberbullying victimization
to broad health and damages in mental health, between parent and child connec-
tion moderating some effects (Zhu et al., 2021). In a stratified sample (n=3,232;
ages 15–17) from Xi’an, lifetime victimization was reported by 22.2% and past-year
victimization by 6.3%. The following model shows:

(i) poorer overall health (SF-125) among victims (lifetime and past year);

(ii) higher depressive symptoms (BDI-II6) and PTSD symptoms (UCLA
PTSD-RI7) for both lifetime and past year victims;

5The SF-12 is a short self-report instrument that measures the effect of health on everyday
functioning and is commonly used to assess quality of life.

6The Beck Depression Inventory-II (BDI-II) is a 21-item questionnaire designed to assess the
severity of depression and is commonly used in clinical practice to monitor symptoms and treatment
progress.

7The UCLA Child/Adolescent PTSD Reaction Index for DSM-5 (PTSD-RI) is a revised
self-report measure that evaluates post traumatic stress symptoms in school aged children and
adolescents.
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(iii) higher odds of problem drinking, cigarette smoking, and gambling among
victims (odds ratios roughly 1.3–2.2, depending on outcome and timing); and

(iv) significant buffering by stronger parent and child attachment for depressive
and PTSD symptoms (but not for general health or addictive behaviors).

These findings reinforce that online relational aggression has offline consequences
across multiple domains and that supportive family bonds can attenuate internaliz-
ing symptoms after victimization.

Implications for Prevention and Response

The evidence summarized above makes clear that cyberbullying is not merely a
social or disciplinary issue but a significant public-health concern that intersects
with family systems, education, and digital governance. Because harms emerge
from the interaction of individual vulnerabilities, peer dynamics, and technological
affordances, effective prevention must operate across multiple levels. In particular,
interventions that combine emotional skills training, parental engagement, and based
in school policy enforcement show the strongest promise for sustainable impact. At
the same time, digital platforms and AI-driven moderation tools play an increasingly
central role in detection, reporting, and early intervention, highlighting the need to
align technical innovation with psychosocial understanding.

(i) Embed parent components (monitoring, open communication, supportive
problem-solving) into anti-cyberbullying programs;

(ii) Equip schools with policies and education that target online relational harms
and promote supportive peer climates;

(iii) Integrate screening for cyberbullying in adolescent mental health assessments
(depression/PTSD, sleep, somatic complaints, and substance use);

(iv) Coordinate with platforms on reporting tools and rapid guidance for victims
and families;

(v) School actions: Clear policies, teacher engagement, bystander training, and
restorative responses (Navarro et al., 2016);

(vi) Family actions: Strengthen parent–child relations and active mediation/mon-
itoring of online activity (Navarro et al., 2016); and

(vii) Community/platform actions: Media literacy, easy reporting, and norm-
setting campaigns (Navarro et al., 2016).

In ecological terms, family processes (micro) can buffer damages originating in digi-
tal environments (exo), suggesting cross-level intervention points. These same cross-
level, dynamics—linking individual experience, social context, and technological me-
diation are increasingly relevant as artificial intelligence tools begin to shape how
mental health risks are detected, assessed, and managed online. Therefore, the next
section evaluates emerging evidence and ethical considerations surrounding AI-based
mental health tools.
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3.9 Evaluating AI Mental Health Tools
Tools that use generative AI and large language models for mental health are ap-
pearing at pace, however, their quality, safety, and fairness are uneven. To make
evaluations comparable, Golden and Aboujaoude (2024) introduce FAITA–Mental
Health, a concise rubric (0–24 points) tailored to AI-enabled interventions. The
FAITA (Framework for the Assessment of Intelligent Technologies in Mental Health)
rubric provides a standardized, based on evidence approach to asses the safety, ef-
ficacy, and ethical quality of AI-based mental health tools (Golden & Aboujaoude,
2024).

It scores six areas:

(i) Credibility — is the aim clear, grounded in evidence, and does the tool keep
users engaged? (0–6);

(ii) User experience — does it adapt to the individual, feel natural to interact
with, and offer simple ways to give feedback or get help? (0–6);

(iii) User agency — who controls personal data, and does the design build self-
management rather than dependence? (0–4);

(iv) Equity and inclusivity — is the content culturally responsive and actively
checked for bias and fairness? (0–4);

(v) Transparency — are ownership, funding, development process, and governance
explained in plain language? (0–2); and

(vi) Crisis management — can the tool recognize emergencies and connect users
to appropriate local resources with documented follow-through? (0–2).

In practice, FAITA can serve as a purchasing and research checklist alongside model
update logs, tests for hallucinations and safety guardrails, and privacy/security
reviews. As the authors note, the framework still needs formal validation (e.g.,
inter-rater reliability and links to clinical or safety outcomes), so it should com-
plement rather than replacing risk management, bias audits, and human oversight
(Golden & Aboujaoude, 2024).

Given that young people tend to seek and provide support on mainstream platforms,
evaluation rubrics for AI tools should incorporate crisis-safe communication stan-
dards (e.g., based in assistance prompts, helper after care) alongside usability and
equity checks (Bailey et al., 2022; Golden & Aboujaoude, 2024).

Together, these frameworks and evaluation tools demonstrate how mental health
support is increasingly shaped by digital infrastructures and artificial intelligence.
However, understanding and evaluating technological interventions ultimately re-
quires grounding in the core conditions they are intended to address. Therefore, the
following subsection provides a concise overview of common mental health disorders
which defines their features, lived experiences, and implications for care in order
to contextualize how AI and digital systems interact with real-world mental health
needs.

26



3.10 Overview of Common Mental Health Conditions
Common mental health conditions span mood, anxiety, neuro-developmental, stress,
and personality disorders. The following is a concise overview for a clarification;
detailed diagnostic criteria are provided in the DSM-5-TR8 and ICD-11 (American
Psychiatric Association, 2022; International Classification of Diseases 11th Revision
(ICD-11), 2019).

Depression

Depression is characterized by a persistent low mood and/or anhedonia9, accom-
panied by cognitive, somatic, and functional impairment. Recurrent episodes are
common (American Psychiatric Association, 2022). Globally, depressive disorders
rank among the leading contributors to the years of living with disability (GBD
2019 Diseases and Injuries Collaborators, 2020).

Individuals experiencing depression often attribute it to a combination of stressful
life events and biological factors. While both psychotherapy and medication are
viewed as helpful, psychological care is generally preferred due to concerns about
medication side effects or dependency. Despite a high perceived need for care (esti-
mated at 50–80%), help-seeking is frequently delayed by stigma, financial barriers,
and doubts about treatment efficacy. Vulnerable populations such as minorities,
youth, and older adults face heightened risks of unmet needs. Exploring beliefs
across identity, cause, timeline, consequences, and control, and applying shared
decision-making, can enhance treatment engagement and adherence (Prins et al.,
2008).

Depression predicts disability progression and higher all-cause mortality, increases
risk of coronary heart disease and stroke, and commonly follows myocardial infarc-
tion and stroke where it worsens outcomes. Treatments reliably improve depressive
symptoms, though their impact on long-term cardiovascular health remains mixed
(Prince et al., 2007).

Pharmacological Treatment Antidepressant medications, particularly selective sero-
tonin reuptake inhibitors (SSRIs), are widely used as first-line pharmacological treat-
ments for depressive disorders. At a population level, an ecological analysis of 29
European countries found that increases in antidepressant utilization (defined daily
doses per 1,000 inhabitants per day) were associated with reductions in standard-
ized suicide mortality rates, even after adjustment for economic indicators, alcohol
consumption, unemployment, and divorce rates (Gusmão et al., 2013). The authors
caution that these data do not establish causality, but they support the view that
appropriate antidepressant use, embedded within broader primary-care and public
mental health strategies, can contribute to suicide prevention rather than increasing
the risk of suicide. Beyond clinical outcomes, how depression is perceived socially
strongly influences recovery, help-seeking, and reintegration.

Public attitudes and Stigma Although depression is now discussed more openly, ev-
eryday social attitudes have shifted only gradually. Long-term survey data show
limited progress: while people express slightly greater understanding, feelings of

8The DSM-5-TR represents the latest update of the Diagnostic and Statistical Manual of Mental
Disorders and provides uniform guidelines for diagnosing and categorizing mental health disorders.

9Anhedonia is the diminished capacity to experience pleasure or interest in previously enjoyable
activities, often described as emotional numbness.
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discomfort and a tendency to keep distance remain widespread. This indicates that
simply providing information is not enough to change behaviour. More enduring
improvements depend on opportunities for direct contact with those who have lived
experience, supportive social policies, and access to effective clinical care (Anger-
meyer & Matschinger, 2004). Targeted web-based modules for staff and students
have also reduced social distance and personal/perceived stigma while improving
knowledge, offering a scalable complement to contact-based approaches (Finkelstein
& Lapshin, 2007). Although depression generally elicits less desired social distance
than schizophrenia or substance-use disorders, meaningful distance remains, rein-
forcing the need for sustained anti-stigma work alongside clinical care (Jorm & Oh,
2009). Compared with schizophrenia, depression more often elicits pro-social re-
sponses (pity, desire to help) and less perceived dangerousness/unpredictability. In
this survey, labeling the vignette as a “mental illness” tended to reduce anger for de-
pression (but increased fear for schizophrenia), and psychosocial-stress explanations
aligned with more supportive reactions (Angermeyer & Matschinger, 2003).

Depression vs. Schizophrenia A large population survey found common
ground—both conditions were widely recognized as mental illnesses; acute stress
was frequently endorsed as a cause; a poor “natural course” but favourable treat-
ment prognosis was expected. Key differences mattered for stigma: people with
schizophrenia were far more often viewed as dangerous and unpredictable and
evoked more fear, whereas people with depression evoked more pity and help-
ing intentions. Labeling as “mental illness” affected emotions in opposite ways
(increasing fear for schizophrenia, reducing anger for depression). Emphasizing
psychosocial stress was linked to more supportive reactions, while “brain disease”
explanations increased fear chiefly for schizophrenia. These patterns argue for
tailored anti-stigma work: reduce blame for both; address violence stereotypes
explicitly for schizophrenia; and use contact- plus education-based strategies for
depression (Angermeyer & Matschinger, 2003).

Schizophrenia

A primary psychotic disorder defined by persistent delusions and/or hallucinations
with disorganized thinking/behavior, alongside negative symptoms (e.g., avolition,
anhedonia, social withdrawal) and frequently measurable cognitive impairment. On-
set is typically in late adolescence or early adulthood, with a modest male predom-
inance; social and occupational decline is common but outcomes are heterogeneous
rather than uniformly poor. Symptom structure is often described in positive, nega-
tive, and disorganization domains.Established biological findings include lateral ven-
tricular enlargement and small (≈2%) whole-brain volume reductions; neurochem-
ical evidence implicates dopamine dysregulation and glutamatergic (NMDA recep-
tor10) disturbance. Risk is largely polygenic with contributions from birth and early
life factors. First-line treatment remains dopamine D2–receptor–blocking antipsy-
chotics (with clozapine for treatment-resistant illness), while cognitive-behavioural
therapy adds small symptom benefits; psychosocial and recovery-oriented supports
are crucial for functioning. Current debates include the extent to which psychosis
lies on a continuum, the roles of cannabis and childhood adversity, and whether
progressive brain change occurs after onset (Jauhar et al., 2022).

10NMDA receptors are glutamate-activated ion channels that support synaptic plasticity, learn-
ing, memory, and other brain functions. Dysfunction is associated with neurological and psychiatric
conditions such as Alzheimer’s disease, epilepsy, and schizophrenia.
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Epidemiology Contrary to older dogma, frequency measures vary markedly across
place and population. Median incidence is about 15.2 per 100,000 with a fivefold
inter-site spread; men are affected more often than women (rate ratio ≈1.4). Life-
time morbid risk clusters around 7.2 per 1,000 (closer to 0.7% than the colloquial
“1%”). Migrant groups show higher incidence and prevalence, and incidence tends
to be higher in urban versus mixed urban–rural settings. People with schizophre-
nia have a substantially elevated mortality (all-cause standardized mortality ratio
≈2.6), and this mortality gap has widened in recent decades. Higher latitude is
linked to higher prevalence (and higher male incidence), and developed economies
report higher prevalence than less-developed settings. These gradients point to mul-
tiple social and environmental modifiers and argue for a targeted early intervention
in urban and migrant communities and for systematic physical-health management
to close the mortality gap (McGrath et al., 2008).

Bipolar Disorders

Defined by recurrent episodes of mania/hypomania and depression with marked
functional impairment and elevated suicide risk if untreated; care centres on mood
stabilisation (e.g., lithium and other mood stabilisers/atypical antipsychotics), psy-
choeducation, and relapse-prevention therapies (American Psychiatric Association,
2022; Grande et al., 2016). Beyond symptom control, structured psychosocial treat-
ments improve course and functioning, including group psychoeducation, interper-
sonal and social rhythm therapy, and focused on family therapy (Colom et al., 2003;
Frank et al., 2005; Miklowitz et al., 2003). Recovery is also shaped by resilience fac-
tors: in a longitudinal study of adults with bipolar disorder, higher self-management,
care, and confidence correlated with better well-being, quality of life, and lower
functional impairment; critically, baseline self-confidence predicted later gains in
personal recovery, and improvements in self-confidence mediated benefits from in-
terpersonal support and self-care (Echezarraga et al., 2018). Practically, treat-
ment plans should pair pharmacotherapy and relapse-prevention skills (sleep–wake
regularity, early-warning monitoring, coping plans) with targeted strengthening of
self-confidence, self-management, and self-care to support sustained recovery.

Anxiety Disorders

Include generalized anxiety, panic disorder, social anxiety, and specific phobias;
characterized by excessive fear/anxiety and avoidance (American Psychiatric Asso-
ciation, 2022). Evidence-based treatments include CBT and SSRIs/SNRIs (Cristea
et al., 2015; Generalised Anxiety Disorder and Panic Disorder in Adults: Manage-
ment, 2011).

Patient perspective People with anxiety disorders typically rate psychological treat-
ments especially skills-based cognitive and exposure-based approaches—as their best
option; medication is often seen as adjunctive. About half to four-fifths perceive a
need for care, yet many face stigma and practical/cost barriers or attribute symp-
toms to purely physical causes, which delays help-seeking. Mapping illness beliefs
(what it is, why it happens, how long it lasts, effects, and how it can be con-
trolled) and aligning plans accordingly can increase uptake and persistence with
evidence-based care (Prins et al., 2008).

Anxiety disorders generally attract less social distance than psychotic or substance
use disorders, but avoidance is still common and improves with informed contact
(Jorm & Oh, 2009).
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Stress Related Disorders (including PTSD)

Stress is the psychobiological response to perceived demands or threats. Briefly,
controllable stress can be adaptive; chronic, uncontrollable stress dysregulates auto-
nomic/ HPA systems11 and contributes to allostatic load (cumulative wear-and-tear)
linked to anxiety, depression, sleep and cardiometabolic risk (McEwen, 2004). PTSD
is a trauma-related disorder that follows exposure to a qualifying event (actual or
threatened death, serious injury, or sexual violence) via direct experience, witness-
ing, learning about it occurring to a close other, or repeated/extreme exposure to
aversive details. In order to meet diagnostic criteria, symptoms must occur in four
clusters: intrusion, avoidance, changes in mood or cognition, and increased arousal
or reactivity. They must persist for more than one month and cause significant
distress or impairment. Dissociation or delayed-onset may also apply. Acute stress
disorder shares a similar symptom picture but spans 3 days to 1 month; adjustment
disorder applies to non–Criterion-A12 stressors with disproportionate distress/im-
pairment (American Psychiatric Association, 2022). Effective care prioritises early
identification and trauma-focused psychotherapies (e.g., prolonged exposure13, cog-
nitive processing therapy14, TF-CBT15, EMDR16, written exposure therapy17), with
SSRIs/SNRIs18 as adjuncts where indicated (Bisson et al., 2018); Guidelines for the
Management of Conditions Specifically Related to Stress, 2018). Delivery via secure
telehealth is generally non-inferior to in-person for PE and CPT, with promising
support for WET and TF-CBT and practical guidance on safety and alliance (Bu-
cur et al., 2024). Beyond discrete traumas, chronic stressors in work and daily life
matter: high job strain and effort–reward imbalance are associated with elevated
depressive and anxiety symptoms (Theorell et al., 2015).

The Social Ecology of PTSD PTSD risk and recovery are strongly shaped by
social context (Charuvastra & Cloitre, 2008):

(i) Interpersonal (human-intent) traumas carry higher conditional PTSD risk
than accidents or natural disasters;

(ii) Perceived, functional social support before and after trauma is among the
strongest correlates of lower PTSD risk/severity; network size alone is less
predictive;

11The hypothalamic–pituitary–adrenal (HPA) axis functions as a central stress response pathway,
controlling cortisol secretion and supporting the body’s physiological stability.

12Non–Criterion-A stressors are significant life events that do not meet the DSM definition of
trauma (e.g., divorce, job loss) but can still cause marked distress or impairment.

13Prolonged Exposure (PE) therapy is a trauma-focused treatment that reduces PTSD symptoms
by safely revisiting and processing traumatic memories.

14Cognitive Processing Therapy (CPT) is a structured form of cognitive-behavioral intervention
designed to help individuals reinterpret and modify harmful trauma-related beliefs.

15Trauma-Focused Cognitive Behavioral Therapy (TF-CBT) is a structured psychotherapy for
children and adolescents that integrates cognitive and behavioral techniques to address trauma
symptoms.

16Eye Movement Desensitization and Reprocessing (EMDR) is a therapy that uses guided eye
movements to help individuals process and reduce distress from traumatic memories.

17Written Exposure Therapy (WET) is a brief trauma-focused intervention where individuals
process distressing experiences through structured writing sessions.

18Selective Serotonin Reuptake Inhibitors (SSRIs) and Serotonin–Norepinephrine Reuptake In-
hibitors (SNRIs) are classes of antidepressant medications commonly prescribed to reduce symp-
toms of depression and anxiety.
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(iii) Negative social reactions (blame, disbelief, conflict) robustly predict worse and
more persistent PTSD; positive support helps most when matched to needs
and from trusted sources;

(iv) In youth, caregiver proximity and functioning are pivotal; parental PTS-
D/avoidance predicts child symptoms, and early maltreatment elevates later
PTSD risk;

(v) Social support reduces avoidant coping; low support links to withdrawal that
maintains symptoms;

(vi) supportive bonds can downshift threat responses via social-neurobiological
pathways (e.g., affiliation systems).

Conceptual Refinements Social context effects are not only protective but also bidi-
rectional: supportive environments can reduce symptoms, while symptoms can erode
support over time. Beyond perceived support, network diversity and neighborhood
cohesion matter; negative reactions to disclosure are uniquely harmful; and before
and during trauma contexts shape later risk. Conservation of resources theory offers
a useful frame for resource loss cascades and intervention targets (Vogt et al., 2017).

Design and measurement notes Use longitudinal/cross-lag designs; include
pre/during/post-trauma social measures; complement self-report with observed
interactions and social-network mapping; test moderators (e.g., gender, community
context) to tailor interventions (Vogt et al., 2017).

Cumulative Trauma and Coping Evidence in community samples shows dose–
response relations and coping links:

(i) cumulative interpersonal traumas (e.g., child abuse plus adult rape) markedly
increase odds of probable PTSD, while intact social support can buffer symp-
tom severity in dual-trauma cases (Schumm et al., 2006);

(ii) approach-oriented coping is associated with better functioning, and early
changes in coping track subsequent PTSD severity (Gutner et al., 2006; Tiet
et al., 2006).

Assessment and Intervention Implications

(i) Documenting trauma type (human-intent vs. accidental) and mapping helpful
vs. harmful responses across the network;

(ii) Addressing negative reactions directly (psychoeducation, bystander coaching)
and arranging matched, practical support;

(iii) Prioritizing therapeutic alliance and early skills (emotion regulation, inter-
personal effectiveness) before/alongside exposure for complex/interpersonal
trauma;

(iv) Involving caregivers for youth to restore safety and reduce avoidance; for
adults, mobilizing peer/community ties;

(v) Including graded social-approach homework to counter avoidance and
strengthen perceived support.
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Telehealth Delivery (Evidence and Practice)

(i) Delivering PE and CPT via video conference as non-inferior to in-person;
WET and TF-CBT showing promising telehealth outcomes (Bruce et al.,
2025);

(ii) Setting safety protocols (patient location each session, local emergency con-
tacts) and arranging a technical fallback (phone) before starting;

(iii) Using measurement-based care and ensuring clear audio/video to support al-
liance; conducting brief check-ins to maintain engagement between sessions;

(iv) Providing structured instrumental support (e.g., a trained peer accompanying
via secure video) when exposure homework is difficult to complete alone, to
improve completion and retention (Bruce et al., 2025).

In today’s digital spaces, repeated rejection on dating apps which can push people
toward more depression, rejection sensitivity, and dating anxiety while wearing down
self-esteem and attachment security, sharpening where assessment and prevention
should focus online.

Taken together, a biopsychosocial and ecological lens—pairing evidence-based
trauma therapies with optimisation of social supports and flexible delivery (includ-
ing telehealth)—provides the organising principle for this section and links directly
to the next parts on determinants, interventions, and evaluation.

Borderline Personality Disorder (BPD)

Borderline personality disorder is a severe condition marked by persistent instabil-
ity in emotion, self-image, and close relationships, together with impulsivity and
recurrent self-harm or suicidality. In the general population it affects around 1–2%
(lifetime up to 5.9%), and comorbidity with mood and anxiety disorders, PTSD,
and substance use is the rule rather than the exception (American Psychiatric As-
sociation, 2022; Grant et al., 2008). Care is primarily psychological and structured:
dialectical behavior therapy shows the strongest evidence for reducing self-harm and
overall severity, with additional benefits reported for mentalization-based, schema-
focused, and transference-focused treatments (Linehan, 2015; Størbø et al., 2020).
From a public-health perspective, BPD remains poorly recognized and lay people
rarely label it correctly, often confuse it with depression or schizophrenia, and are
less inclined to recommend professional help-underscoring the need for targeted lit-
eracy initiatives and clear referral pathways (Furnham et al., 2015).

Prospective Suicide Risk in BPD: In the 10-year Collaborative Longitudinal
Study of Personality Disorders (CLPS; N = 701), BPD (excluding the self-injurious
behavior criterion) was the strongest baseline factor associated with prospectively
observed suicide attempts (OR=4.18, 95% CI: 2.68–6.52 19) after adjusting for de-
mographics and comorbidities. When BPD criteria were modeled simultaneously,
identity disturbance (OR=2.21, 95% CI: 1.37–3.56), chronic feelings of emptiness
(OR=1.63, 95% CI: 1.03–2.57), and frantic efforts to avoid abandonment (OR=1.93,
95% CI: 1.17–3.16) remained independent predictors over follow-up—features that
may be overlooked in risk assessments (Yen et al., 2021). Childhood sexual abuse was

19OR stands for Odds Ratio, a measure of the strength of association between a predictor and
an outcome. A 95% Confidence Interval (CI) indicates the range within which the true value is
expected to fall with 95% certainty.
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also independently associated with attempts (OR=2.12, 95% CI: 1.33–3.36), whereas
obsessive–compulsive personality disorder was linked to lower odds (OR=0.47, 95%
CI: 0.30–0.73) (Yen et al., 2021).

A BPD diagnosis is most valuable when it guides access to effective, compassionate
treatment rather than serving as a reductive label. Used well, it provides a shared
language for collaborative formulation, helps patients and clinicians source reliable
information, and supports research into what works; used poorly, it can invite pes-
simism or obscure the person’s individuality (Bateman & Krawitz, 2013). Contem-
porary classification emphasizes impairments in self and interpersonal functioning
with graded severity, alongside trait qualifiers; within such dimensional systems,
a borderline pattern qualifier/type remains available to capture the characteristic
instability in affect, self, relationships, and control of impulses (see also American
Psychiatric Association, 2022). For practical diagnosis, five or more of the familiar
features should be present across contexts (e.g., frantic efforts to avoid abandon-
ment, unstable and intense relationships, identity disturbance, impulsivity in risky
domains, recurrent self-harm/suicidality, affective lability, chronic emptiness, intense
anger, and stress-related paranoia/dissociation) (American Psychiatric Association,
2022). Regardless of framework, clinicians are encouraged to disclose and discuss the
diagnosis collaboratively and to link it to structured, evidence based care (Bateman
& Krawitz, 2013; Linehan, 2015; Størbø et al., 2020).

Suicidal Thoughts and Behaviors; Self-Harm

Suicide risk intersects with mood, psychotic, and personality disorders; means re-
striction, brief contact interventions, and evidence-based therapies reduce risk (Pre-
venting Suicide: A Global Imperative, 2014; Zalsman et al., 2016). Non-suicidal
self-injury (NSSI) often reflects emotion regulation difficulties and requires tailored
assessment (Kiekens et al., 2020). Beyond clinical factors, short-run environmental
stressors also matter: county–month panel evidence (1960–2016) shows suicide rates
vary systematically with ambient temperature across nonlinear bins after account-
ing for location-by-month and year effects, indicating sensitivity to weather shocks
(Mullins & White, 2019). The authors further examine policy and access modifiers
including strong mental health parity laws, mental health professional shortage des-
ignations, substance-abuse treatment capacity, and county income to assess whether
supportive insurance, greater provider availability, and treatment infrastructure at-
tenuate temperature-related suicide risks (Mullins & White, 2019).

Within BPD, risk formulation should not focus solely on affective instability and
impulsivity: identity disturbance, chronic emptiness, and abandonment fears inde-
pendently predict suicide attempts over long-term follow-up, alongside elevations
with PTSD, alcohol/substance use disorders, and childhood sexual abuse (Yen et
al., 2021). Clinically, these domains warrant routine assessment and targeted inter-
vention within structured therapies (e.g., DBT 20 with modules addressing identi-
ty/interpersonal instability, MBT 21, schema-focused approaches).

20Dialectical Behavior Therapy (DBT) is an evidence-based psychotherapy that combines ac-
ceptance and change strategies to reduce self-harm, improve emotion regulation, and strengthen
interpersonal functioning.

21Mentalization-Based Therapy (MBT) is a psychotherapy that helps individuals improve their
ability to understand and interpret their own and others’ thoughts, feelings, and intentions, sup-
porting emotional regulation and relationship stability.
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Attention-Deficit/Hyperactivity Disorder (ADHD)

A neurodevelopmental disorder marked by a persistent pattern of inattention and/or
hyperactivity–impulsivity that is inconsistent with developmental level, begins in
childhood, and causes clinically significant impairment across settings; symptoms
frequently persist into adulthood and show high heritability (American Psychi-
atric Association, 2022; Faraone et al., 2021). ADHD is associated with educa-
tional, occupational, and social difficulties and elevated risk of comorbid condi-
tions (e.g., oppositionality, anxiety, depression) and injury; effective care is typically
multimodal (psychoeducation, behavioral/parent training, school accommodations,
cognitive–behavioral strategies, and pharmacotherapy with stimulants or evidence-
based nonstimulants) (American Psychiatric Association, 2022; Faraone et al., 2021;
Pliszka, 2007).

Symptoms typically emerge in the early school years, with substantial persistence
through adolescence and into adulthood for many (American Psychiatric Associa-
tion, 2022; Faraone et al., 2021). In caregivers, younger maternal age among mothers
with ADHD tendencies has been linked to poorer mental health, underscoring the
value of early identification and tailored support for younger mothers (Marumoto
et al., 2025). A state of well-being in which individuals realize their abilities, can
cope with normal stresses, work productively, and contribute to their community;
it reflects not merely the absence of mental disorder but the presence of psychologi-
cal functioning and resilience shaped by biological, psychological, and social factors
(e.g., stressors, supports) (World Health Organization, 2022).

Living with ADHD and Mental Health Functioning improves with structured
supports across the lifespan:

(i) Predictable routines, organizational aids, and environmental scaffolding;

(ii) Behavioral/parent-management training and school accommodations for chil-
dren;

(iii) CBT/executive-skills coaching for adolescents and adults;

(iv) Evidence-based pharmacotherapy when indicated;

(v) Sleep, physical activity, and substance-use risk reduction;

(vi) Screening and support for caregiver mental health and parenting stress (e.g.,
difficulties understanding the child’s needs, inadequate understanding from
others), with priority attention to younger mothers with ADHD tendencies.

(American Psychiatric Association, 2022; Marumoto et al., 2025; Pliszka, 2007;
World Health Organization, 2022).

Personality Disorders

Enduring patterns of inner experience and behavior deviating from cultural expec-
tations, inflexible and pervasive, with distress or impairment; dimensional models in
ICD-11 emphasize severity and trait domains (International Classification of Dis-
eases 11th Revision (ICD-11), 2019). Structured psychotherapies have the strongest
evidence base (Livesley et al., 2018).

Across conditions, comorbidity is common, social determinants shape onset and
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course, and access to timely, evidence-based care is critical. Prevention and in-
tervention strategies should integrate clinical, psychological, and social components,
consistent with the biopsychosocial model (Antonovsky, 1996; Engel, 1977; Marmot,
2005).

3.10.1 Gender Bias in Mental Health

By gender bias we mean a systematic distortion in assessment, diagnosis, risk es-
timation, or treatment that is attributable to the patient’s gender rather than to
clinically relevant need or evidence. Bias can arise from stereotypes about symptom
expression, from instruments normed on one gender, from clinical heuristics used
under uncertainty, and from structural factors that differentially shape access and
labeling (Eriksen & Kress, 2008; Ruiz & Verbrugge, 1997). In practice, even when
formal criteria exist, judgments may still be swayed by gendered social norms—as
shown in a randomized trial where identical paraphilic vignettes22 were pathologized
less often when the subject was female (with the reverse for masochism when full
criteria were met) (Fuss et al., 2018).

Operationally, bias can manifest at multiple points:

(i) Measurement bias (screeners cut-points, items, or examples reflecting one gen-
der’s presentation). Across identical vignettes, male targets elicit greater de-
sired social distance than female targets, demonstrating how gendered expec-
tations shape public responses (Jorm & Oh, 2009);

(ii) Diagnostic heuristics (e.g., externalizing assumed “male”, internalizing “fe-
male”);

(iii) Risk and dangerousness appraisals (higher perceived risk assigned to men for
the same description);

(iv) Treatment allocation (differences in referral, medication, or psychotherapy
offers at equal severity); and

(v) Documentation and legal labels (language and codes that carry stigma or legal
consequences).

Bias mitigation should include structured diagnostic checklists for borderline presen-
tations, routine audits of case reviews for gender-related effects, and an explicit dis-
tinction between atypical but consensual behavior and diagnosable disorder. These
practices are consistent with equity-oriented standards for tool evaluation (Golden
& Aboujaoude, 2024).

An example from randomized vignette evidence with mental health professionals
(n=546) shows that diagnostic judgments about atypical sexuality can be swayed
by patient gender, independent of criteria (Fuss et al., 2018). Key findings:

(i) Female subjects were less often judged “mentally disordered” for exhibition-
istic, frotteuristic23, sexual-sadistic, and pedophilic cases, especially when cri-
teria were ambiguous;

22Paraphilic disorders involve atypical sexual interests that may cause distress, impairment, or
risk of harm, such as voyeurism, exhibitionism, or fetishistic behaviors.

23Frotteuristic disorder involves recurrent urges or behaviors of touching or rubbing against a
non-consenting person, typically in crowded public settings, and is considered a paraphilic disorder
when it causes distress or risk of harm.
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(ii) For sexual masochism, the pattern reversed: when full DSM-5 criteria were
met, women were more often pathologized;

(iii) Stigma profiles differed by gender (men perceived as more dangerous, greater
social distance); sexual orientation had no effect; and

(iv) Pedophilia was seen as more “biological” than other paraphilias, but all para-
philias were more stigmatized (yet less pathologized) than psychosis.

Implications:

(i) Reinforcing the DSM-5 distinction between paraphilia and paraphilic disorder
(distress/harm/consent);

(ii) Using structured checklists and peer review when criteria are borderline;

(iii) Monitoring/auditing gender effects in case conferences; and

(iv) Including bias-awareness training and transparent documentation of decision
thresholds.

This chapter has framed mental health as a dynamic, biopsychosocial, and ecologi-
cal phenomenon, shaped by biological susceptibilities, psychological processes, social
structures, and wider environmental conditions. We reviewed how mental health lit-
eracy links knowledge to action, how structural levers (coverage, provider capacity,
policy) and digitalization influence risk and resilience, and how condition-specific
evidence (e.g., BPD’s suicide risk profile; ADHD’s life course and caregiver con-
text) refines assessment and care. Cross-cutting themes included stigma and social
distance, family and community level buffers, and equity concerns such as gender
bias. As a result, effective responses require pairing evidence-based clinical care with
context-sensitive prevention, system design, and fair measurement.

Mental health is also fundamentally communicated and negotiated through lan-
guage: symptoms are narrated, support is offered or withheld, stigma is expressed,
and policies are codified in text. Increasingly, this language is digital, appearing
in clinical notes, peer-support forums, social media posts, help-seeking messages,
and policy documents, creating a large-scale, time-stamped record of psychologi-
cal states and social contexts. Natural Language Processing (NLP) provides the
toolkit to transform this unstructured text into actionable signals that complement
traditional measures. Applications include tracking population level literacy and
stigma, detecting risk and triaging support, evaluating care quality and access, op-
erationalizing biopsychosocial constructs in context, and embedding safety, equity,
and governance into AI-enabled tools.

In sum, this chapter emphasized that mental health must be understood as both a
clinical and social phenomenon, shaped by structures, language, and lived experi-
ence. The next chapter introduces NLP methods that ranging from preprocessing
to embeddings and transformer models and showing how linguistic signals can be
harnessed to strengthen screening, monitoring, and service improvement.
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4 Natural Language Processing (NLP)
Natural language processing (NLP), a branch of artificial intelligence, automati-
cally analyzes digital text to draw conclusions about human language and emotions.
These findings can lead to the development of personalized advertising or other
types of interventions, among other things. While NLP techniques are widely used
in sectors such as marketing to analyze emails and social media posts, they also offer
significant potential in the fields of medicine and mental health. Natural language
processing (NLP) can support mental health and well-being in these situations by
providing automated assessments and treatments based on the analysis of textual
communication (Calvo et al., 2017). NLP provides a collection of computational
techniques that allow machines to analyze, make sense of, and produce human lan-
guage in both written and spoken form.

These techniques include (Calvo et al., 2017):

1. Tokenization: The process of dividing raw text into smaller units called tokens
(words, sub-words, or sentences). It converts unstructured language into a struc-
tured format for subsequent analysis and serves as a key preprocessing step
for tasks such as parsing and feature extraction. Common approaches include
word-level tokenization, sub-word methods (e.g., morphemes, character n-grams),
and sentence segmentation.

2. Sentiment Analysis: Examining text to identify the feelings or attitude conveyed,
helping to assess the writer’s mood or perspective.

3. Named Entity Recognition (NER): The identification and classification of key
elements within the text, such as names of people, organizations, or locations.

4. Part-of-Speech Tagging: The assignment of parts of speech (e.g., nouns, verbs,
adjectives) to each word in a sentence to understand its grammatical structure.

5. Syntax and Semantic Analysis: The understanding of the grammatical structure
and meaning of sentences.

6. Topic Modeling: The identification of the main topics or themes within a collec-
tion of texts.

4.1 Application of NLP in Mental Health
As a result of the COVID-19 pandemic, interest in the use of NLP techniques in
mental health research has increased. Social media networks contain a wealth of
textual information on people’s emotional states, mental health issues, and behav-
ioral patterns (Bucur et al., 2024). Bucur et al. (2024) comprehensively analyzed
NLP techniques for modeling depression on social media, highlighting progress from
early feature engineering and traditional machine learning classifiers to sophisticated
techniques using neural networks and word embeddings. Their survey also addresses
ethical considerations surrounding data collection and processing, highlighting the
importance of responsible research practices.

Research in this field has increased significantly, particularly since 2020, thanks to
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workshops and collaborative activities focused on mental health modeling. Spe-
cialized dictionaries have been developed to aid in the identification of emotions
and disorders. For example, Mohammad (2024) developed a dictionary containing
over 44,000 English words related to anxiety, thereby enhancing the ability of NLP
models to accurately analyze large text corpora containing anxiety-related content.
These resources help to create more complex and reliable algorithms (Mohammad,
2024).

Traditional classifiers such as Logistic Regression, SVM, Naive Bayes, and Random
Forests have frequently been used in early studies based on linguistic cues such
as negative words, first-person pronouns, and emotional expressions (Bucur et al.,
2024). Nowadays, deep learning models, particularly those using contextual word
embeddings, have proven to be more effective in identifying small linguistic indica-
tors associated with mental health conditions.

NLP is associated with mental health in a number of important ways (Bucur et al.,
2024):

• Automated Screening and Diagnosis: Analyzing clinical responses and social
media materials to detect early signs of depression, anxiety, and similar ill-
nesses, hence facilitating rapid therapeutic intervention.

• Monitoring and Support: The continuous analysis of internet communications
has made it possible to monitor mental health status in real time. This allows
for early detection of deterioration and the timely provision of assistance.

• Personalized Interventions: Taking into account every individual’s unique lan-
guage patterns and feelings, NLP-powered chatbots and artificially intelligent
agents may offer personalized coping mechanisms, resources, and therapeutic
signs.

• Research and Public Health Insights: Policy and resource allocation are deter-
mined based on trends and patterns in the occurrence of mental health issues
among different population groups, as revealed by large-scale text analysis.

As a result, thanks to scalable, automated, and sophisticated text data analysis,
NLP offers powerful tools to improve mental health screening and intervention. The
goal of ongoing developments is to increase model accuracy, resolve ethical issues,
and expand applications in public health and clinical contexts.

4.2 Mental Health and Language
Language offers important insights into mental health. Consistent with previous
research, individuals with mental health issues such as bipolar disorder, anxiety
disorders, depressive disorders, and borderline personality disorder (BPD) exhibit
distinctive language patterns (Amartey, 2023). For example, people with depres-
sion tend to use second-person or plural pronouns (e.g., “you,” ‘we‘) less frequently
and first-person singular pronouns (e.g., “I,” “me”) more frequently, and they use
symbolic language and objective expressions less frequently (Pennebaker & Chung,
2011). In texts related to mental health issues, expressions of loneliness and negative
effects are becoming increasingly common.

An important work by Hofmann et al. (2012) investigates mental distortions that ex-
press excessive or irrational thought patterns associated with psychopathology and
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emotional distress. These typically manifest as negative automatic thoughts that
influence judgments and actions. For example, overgeneralization (for instance, “al-
ways,” “never”) and hyperbole (anticipating the worst possible outcome) are com-
mon in anxiety and lead to increased physiological arousal and persistent worry.
Identifying these linguistic tendencies can aid in assessment and intervention (Hof-
mann et al., 2012; Pennebaker & Chung, 2011).

Disorganized or illogical speech can sometimes be linked to more serious mental
illnesses such as schizophrenia. In such illnesses, mental processes can become dis-
jointed and difficult to understand (Meyer & Marks, 2018). When these impairments
are combined with delusions, hallucinations, and executive function disorders, they
can significantly disrupt daily functioning and quality of life.

By identifying and correcting cognitive distortions, it becomes possible to create
more efficient, personalized treatment plans (Hofmann et al., 2012). However, lin-
guistic indicators should be carefully evaluated because they are correlational rather
than diagnostic, vary between individuals and situations, and can be influenced by
situational, cultural, and platform norms.

4.3 Sentiment Analysis
Also known as opinion mining, sentiment analysis is performed to extract evaluative
or emotional attitudes from text at the document, sentence, or aspect level (Juraf-
sky & Martin, 2023; B. Liu, 2015; Pang & Lee, 2008). This thesis aims to provide
a comprehensive categorization of mental health classifications (Normal, Depres-
sion, Suicidal Tendencies, Anxiety, Stress, Bipolar Disorder, Personality Disorder).
Models map a text x to a label y ∈ Y by estimating pθ(y | x) (e.g., softmax for
LR/BERT) and predicting ŷ = arg maxy pθ(y | x).

We evaluate with accuracy and weighted/macro F1 to reflect overall correctness
and balance under class imbalance. For risk-sensitive labels (e.g., Suicidal), preci-
sion–recall curves and class-specific thresholds are reported; probability calibration
may be applied to align scores with empirical frequencies. Featurizations consid-
ered include sparse lexical TF–IDF, averaged Word2Vec, sentence level embeddings
(Sentence-Transformers), and contextual encoders (BERT). Classifiers span linear
margins (Logistic Regression, SVM), trees/ensembles (Decision Tree, Random For-
est), and neural models (CNN, LSTM, BERT).

This chapter contains a brief description of the NLP toolkit implemented in the
thesis. This toolkit encompasses responsible data processing and preprocessing (to-
kenization, normalization, redaction of personal information), text representations
(dictionaries, TF-IDF, Word2Vec, sentence-transformer embeddings), model fami-
lies (linear margins, trees/ensembles, CNN/LSTM, BERT), and risk-aware evalua-
tion (macro/weighted F1, PR curves, calibration). We also consider why language
is a useful model for mental states and how various approaches strike a balance
between cost, accuracy, and reviewability.

The next chapter, Exploratory Data Analysis (EDA), prepares these methods for
deployment by:

1. profiling the corpus (source mix, text lengths, vocabulary) and quantifying class
imbalance;

39



2. visualizing linguistic features and correlations to motivate representation choices
and guard against multicollinearity;

3. identifying risks (e.g., rare classes, outliers) that inform class weighting, thresh-
olding, and calibration.

These diagnostics ground the modeling decisions that follow and ensure a fair and
reproducible comparison between approaches.
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5 Exploratory Data Analysis
In this thesis, the aim is to apply various machine learning and deep learning models
to analyze sentiment and diagnose mental health conditions based on textual data
from social media. The Python code explores different techniques, including tradi-
tional machine learning models, neural networks, and based on transformer models
in order to determine the most effective approach for this task.

5.1 Data Source and Overview
This research utilizes a comprehensive dataset curated by Suchintika Sarkar on
Kaggle (https://www.kaggle.com/datasets/suchintikasarkar/sentiment-analysis-f
or-mental-health, (Sarkar, 2024)), which amalgamates data from multiple sources
to create a robust resource for sentiment analysis and chat-bot development.

The dataset integrates information from the following Kaggle datasets:

• 3K Conversations Dataset for Chatbot

• Depression Reddit Cleaned

• Human Stress Prediction

• Predicting Anxiety in Mental Health Data

• Mental Health Dataset Bipolar

• Reddit Mental Health Data

• Students Anxiety and Depression Dataset

• Suicidal Mental Health Dataset

• Suicidal Tweet Detection Dataset

Each record is a short statement annotated with one of seven categories: Normal,
Depression, Suicidal, Anxiety, Stress, Bipolar, or Personality Disorder because the
texts originate from diverse platforms (e.g., Reddit posts, tweets, and chatbot con-
versations), the corpus captures varied linguistic styles and contexts, providing a
realistic testbed for sentiment and mental health classification.

In this chapter, we delve into the exploratory data analysis (EDA) of our mental
health conversation dataset. Exploratory data analysis (EDA) must be used to dis-
cover underlying patterns and distributions in our mental health discussion dataset.
To ensure the complexity and subtleties of the data are handled appropriately, these
insights are crucial for guiding future modeling efforts.

5.1.1 Data Preparation

After reviewing the CSV file and removing unnecessary columns, it is crucial to load
the dataset and perform the necessary preparatory steps. Ultimately, this process
will facilitate the management of missing values and the conversion of lowercase
text. For a better understanding of the dataset, the database becomes much more
prepared to visualize the distribution of mental health conditions.
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Figure 2: Distribution of Mental Health Status (Bar Chart)

5.2 Visualizing Data Distributions
We first observe at the marginal distribution of annotated mental health classes
for the purpose of determining class imbalance and inform subsequent modeling
decisions

As seen in Figure 2, the corpus is clearly skewed: Normal, Depression, and Suicidal
constitute the majority of examples, whereas Personality Disorder is rare, with
Bipolar and Stress also comparatively underrepresented. Such imbalance can bias
learning toward the majority classes and inflate overall accuracy.

Several measures were subsequently employed in the study as a result of these ob-
servations, including layered train-test splits, macro and weighted F1 reporting with
accuracy, and the use of techniques aware of imbalance during model building (such
as class weighting, resampling, or threshold calibration). By setting expectations
about which classes are most likely to be confused, label prior also informs error
analysis and feature engineering.

As implemented in Listing 1, we visualize the class counts; Figure 3 summarizes
the relative frequency of labels: Normal (≈ 31%), Depression (≈ 29%), Suicidal
(≈ 20%), Anxiety (≈ 7%), Bipolar (≈ 5%), Stress (≈ 5%), and Personality Disorder
(≈ 2%). Distribution is clearly skewed toward Normal, Depression, and Suicidal
with Personality Disorder, Stress, and Bipolar underrepresented. This imbalance
increases skewed decision boundaries and inflated overall accuracy. An attempt will
be made to reduce the dominance of the majority class by using stratified splits
in future trials, publishing macro and weighted F1 scores along with accuracy, and
employing adjustments that might account for imbalance (such as class weighting
or resampling).
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Figure 3: Mental Health Status Distribution (Pie Chart)
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Listing 1: Distribution of Mental Health Statuses
1 # Visualizing the distribution of mental health statuses
2 plt. figure ( figsize =(10 , 6))
3 sns. countplot (data=data , x=" status ",
4 order=data[" status "]. value_counts ().index)
5 plt.title(" Distribution of Mental Health Status ")
6 plt. xlabel (" Mental Health Status ")
7 plt. ylabel ("Count")
8 plt. xticks ( rotation =45)
9 plt. tight_layout ()

10 plt.show ()

5.2.1 Word Cloud Analysis

In this section, we generate a text cloud from preprocessed sentences to provide a
qualitative perspective on word meaning. To reduce noise, we converted the text
to lowercase, tokenized and lemmatized it, and removed punctuation marks and
stop words. The Listing 2 shows how the visualization is produced and Figure 4
highlights high frequency unigrams (e.g., “feel,” “want,” “know,” “life”), offering a
descriptive overview of dominant themes in the corpus. Word clouds are used here
solely as a contextual aid for exploration, as they encode frequency rather than class
specificity or polarity; subsequent quantitative analyses identify the terms that are
truly distinctive among the tags.

Listing 2: Generating a Word Cloud
1 # Generating a word cloud
2 all_text = ' '.join(data['statement ']. tolist ())
3 wordcloud = WordCloud (width =800 , height =400 , background_color ='

white '). generate ( all_text )
4 plt. figure ( figsize =(10 , 5))
5 plt. imshow (wordcloud , interpolation ='bilinear ')
6 plt.axis('off ')
7 plt.show ()

Figure 5 presents per class word clouds that qualitatively summarize salient vocab-
ulary within each mental health label. Complementary descriptive analyses indicate
a strong association between statement length and token count and moderate as-
sociations with vocabulary size, consistent with known regularities of written text.
Correlations between surface features and labels are generally modest but infor-
mative for feature selection and transformation (e.g., normalization, log scaling)
and for diagnosing potential multicollinearity. Given the pronounced class imbal-
ance, the subsequent modeling pipeline employs stratified splits, reports macro and
weighted F1 alongside accuracy, and considers imbalance aware procedures such
as class weighting or resampling to ensure robust estimation and evaluation. The
remainder of this chapter details the methodological framework: data sources, pre-
processing steps, feature construction, model families, and evaluation protocol. By
applying a unified, reproducible pipeline across all models, the study provides a
rigorous basis for comparative analysis of mental health text classification.

5.2.2 Visualizing Linguistic Features by Mental Health Status

We explore the distribution of various linguistic features across different mental
health statuses. These visualizations provide insights into how language use varies
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Figure 4: WordCloud Analysis

Figure 5: Word Cloud on each Mental Health Status
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Figure 6: Average Statement Length by Mental Health Status

among individuals with different mental health conditions, which is crucial for fea-
ture engineering and model development.

The line chart (Figure 6) illustrates the average statement length across different
mental health statuses. It is notable that individuals with personality disorders and
bipolar disorder tend to make longer comments. These comments may reflect more
complex narratives or complex emotions.

Listing 3: Word Count Distribution by Mental Health Status
1 # Creating a violin plot for word count distribution by status
2 plt. figure ( figsize =(14 , 7))
3 sns. violinplot (x=" status ", y=" word_count ", data=df)
4 plt.title("Word Count Distribution by Mental Health Status ")
5 plt. xlabel (" Status ")
6 plt. ylabel ("Word Count")
7 plt. xticks ( rotation =45)
8 plt. tight_layout ()

The violin plot presented in Figure 7 illustrates the distribution of word counts
across various mental health statuses, providing a comprehensive view of linguistic
behavior among individuals. This visualization integrates the advantages of both
box plots and density plots, revealing not only the central tendency but also the
distribution shape of word counts for each status. Notably, individuals categorized
as “Suicidal” and “Bipolar” exhibit significantly higher word counts, suggesting a
tendency to express their thoughts and feelings in a more elaborate manner, poten-
tially indicative of the complexity of their emotional states. In contrast, “Anxiety”
and “Normal” statuses are characterized by lower word counts, reflecting more con-
cise expressions that may denote different cognitive processing styles or emotional
regulation strategies. The presence of outliers, particularly within the “Suicidal”
category, highlights instances of exceptionally long statements, which could provide
valuable qualitative insights into the experiences of individuals facing severe mental
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Figure 7: Violin plot for word count

health challenges. Additionally, the narrower distributions for “Stress” and “Person-
ality Disorder” suggest more uniformity in expression, indicating common patterns
in emotional or cognitive states among these individuals. These insights are crucial
for feature engineering in predictive modeling, as longer statements may serve as
indicators of more severe mental health conditions, while shorter statements could
signify less complexity in emotional expression. By incorporating word count as a
feature in our models, we aim to enhance the predictive accuracy and reliability of
mental health status classification, thereby underscoring the importance of linguis-
tic features in understanding mental health and developing effective interventions
as also seen in Listing 3.

As shown in Figure 8, the average number of words per statement, revealing a similar
trend as statement length. The increase in word count for bipolar and personality
disorders suggests a richer linguistic output.

The average text length plot (Figure 9) indicates subtle variations across mental
health statuses, with stress-related statements exhibiting slightly longer average
word lengths. This could imply the use of more complex vocabulary in expressing
stress.

Vocabulary size (Figure 10) across statuses highlights linguistic richness, particularly
for bipolar and personality disorders. A broader vocabulary may be indicative of
diverse expression patterns or complex thought processes.

Hence, the visualizations mentioned above emphasize how important language fea-
tures are in understanding mental health issues. This information helps create
reliable and understandable models by informing selection and transformation of
features for predictive modeling.

The distribution of text lengths across sentiment categories offers insight into lin-
guistic patterns associated with distinct psychological states. A box plot (Figure 11)
summarizes both variability and central tendency for Anxiety, Normal, Depression,
Suicidal Status, Stress, Bipolar, and Personality Disorder. The median (horizontal
line) indicates the typical text length for each category. Although Suicidal Status
and Stress have similar medians, Suicidal Status shows a higher frequency of out-
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Figure 8: Number of Words by Mental Health Status

Figure 9: Average Text Length by Mental Health Status
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Figure 10: Vocabulary Size by Mental Health Status

Figure 11: Text Length Distribution by Sentiment (Box Plot)
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Figure 12: Log-Transformed Statement Length

liers, indicating a broader dispersion. This variability may reflect the complexity
and intensity of language related to suicidal ideation. The interquartile range (IQR),
represented by the box, further captures within group spread; wider boxes denote
greater variability. Outliers, plotted as individual points, highlight exceptionally
long or short texts that may merit qualitative follow up. Overall, these distribu-
tions underscore the value of text length as a discriminative metric for distinguish-
ing sentiment categories and for refining our understanding of linguistic patterns
in psychological discourse. The results can also inform feature selection and the
development of robust predictive models in subsequent analyses.

5.3 Log-Transformed Linguistic Features
As shown in Figure 12, we use log transformation to reduce skewness and balance
variance in length-based linguistic features. Trustworthy statistical analysis and
model development are supported by histograms that display more easily under-
standable distributions.

Compared to the raw scale length (Figure 12), the log-transformed statement length
exhibits a roughly symmetric, single-modal distribution with a significantly smaller
right tail. By diminishing skewness and bringing the distribution closer to normal,
this adjustment improves compatibility with techniques assuming Gaussian errors.

The log-transformed number of words shows a concentrated central mass and fewer
extreme values, indicating reduced positive skew in Figure 13. The smoother density
profile suggests improved normality and more stable variance, making this feature
more suitable for inferential tests and regression modeling.
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Figure 13: Log-Transformed Number of Words

Figure 14: Log-Transformed Average Word Length

51



Figure 15: Log-Transformed Vocabulary Size

Despite the transformation, average word length remains heavily skewed, suggesting
further preprocessing might be required as indicated in Figure 14. This highlights the
complexity of linguistic data and the need for tailored feature engineering strategies.

Vocabulary size responds well to the logarithmic transformation, yielding a more
balanced, near-symmetric distribution with reduced influence of extreme observa-
tions. This stabilization improves feature reliability and better satisfies assumptions
of parametric analyses as shown in Figure 15.

Overall, logarithmic transformation effectively mitigates skewness for several lin-
guistic features and produces distributions that are more amenable to statistical
inference and predictive modeling. Nevertheless, the effect is feature-specific; where
skewness persists (as with average word length), tailored preprocessing or robust
modeling should be applied to preserve validity and generalization.

5.4 Linguistic Feature Analysis
In addition to examining marginal distributions, we assess pairwise Pearson correla-
tions among linguistic features and their association with the encoded mental-health
status. These relationships guide feature engineering by highlighting redundancy
and potential predictors while guarding against multicollinearity.

The heatmap displays (Figure 16) correlations on a [−1, 1] × [−1, 1] scale. Length-
related measures—statement_length, num_words, and vocabulary_size—are
almost perfectly correlated (r ≈ 0.99–1.00), indicating substantial redundancy.
avg_word_length shows weak relationships with the other features (|r| ≤ 0.10).
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Figure 16: Correlation Heatmap of Linguistic Features
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Mental health status exhibits moderate positive correlation (r ≈ 0.48) with the
length-related features and near-zero correlation with avg_word_length.

• Statement Length and Number of Words: There is a near-perfect correlation
(0.99) between statement length and the number of words, indicating that
longer statements naturally contain more words. This linear relationship is
expected and highlights the importance of considering both features in tandem.

• Vocabulary Size: Vocabulary size shows strong correlations with statement
length (0.99) and number of words (1.00), suggesting that richer vocabulary is
associated with longer statements. This could imply more complex or detailed
expressions in certain mental health statuses.

• Average Word Length: The average word length has low correlations with
other features, indicating it might be less predictive on its own but could still
contribute nuanced insights when combined with other features.

• Mental Health Status: The correlation of linguistic features with mental health
status, though moderate (around 0.48), suggests that these features can be use-
ful predictors when combined in a model. The moderate correlation indicates
potential predictive indicators that warrant further exploration.

This correlation analysis informs feature selection by favoring high-signal, low-
redundancy predictors. We prioritize one representative length measure, augment
with length-normalized lexical features, and retain avg_word_length for comple-
mentary stylistic information to improve the reliability and accuracy of mental health
status classification.

5.5 Data Preparation and Feature Extraction
Following the methodology of Hassan et al. (2025), we implemented a standardized
preprocessing pipeline to optimize the performance of both ML and DL deep learning
models while maintaining consistency across experiments.

The preprocessing steps were:

• Cleaning the text: Removing URLs, HTML tags, user mentions, hashtags,
special characters, and extraneous whitespace using regular-expression rules
to reduce noise and improve downstream modeling.

• Lowercasing: Converting all tokens to lowercase to ensure uniform casing and
minimize sparsity due to case differences.

• Stopword removal: Eliminating high-frequency function words (e.g., “the,”
“and,” “is”) using the Natural Language Toolkit (NLTK) stopword list,
thereby reducing redundancy and emphasizing semantically informative
content.

• Lemmatization: Reducing words to their canonical forms (e.g., “running,”
“ran,” “runs” → “run”) with NLTK’s lemmatizer, enhancing feature consis-
tency and improving the quality of subsequent embeddings and feature extrac-
tion.

This pipeline prepared high-quality textual data suitable for effective modeling by
standardizing inputs, improving consistency, and reducing extraneous variability
that can impair model performance (Hassan et al., 2025).
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Feature Transformation for Machine Learning Models (MLMs)

TF-IDF Vectorization is frequently used in machine learning models as a crucial
step to convert text into structured numerical features. This technique transforms
cleaned text data into numerical representations by calculating Term Frequency
Inverse Document Frequency (TF-IDF). TF-IDF captures the frequency of keywords
while minimizing the significance of words that occur excessively frequently across
documents, which could otherwise distort the results (Jalilifard et al., 2021).

To be more detailed, Inverse Document Frequency (IDF) is a key component of TF-
IDF. It works with Term Frequency (TF) to weight terms effectively. Essentially,
TF-IDF calculates how often a word appears in a specific document compared to its
commonality across the entire corpus. Words unique to a few documents get higher
TF-IDF scores than common words like “the”, “and.” The TF-IDF vectorization
method can be customized by adjusting parameters like the minimum and maximum
document frequency to filter out phrases that are either too common or too rare
(Aizawa, 2003; Jalilifard et al., 2021).

Term Frequency (TF) measures how often a term w appears in a document d; it
reflects the importance of w within d. The (normalized) term frequency is computed
as:

TF(w, d) =
∑

w′∈d

fw′,d · fw,d (1)

Let D denote the corpus, d ∈ D a document, and w a term. Let fw,d be the raw
count of w in d, and dfw,D the number of documents in D that contain w. We use
TF–IDF to weight terms by their within-document salience and rarity in the corpus:

tf(w, d) = fw,d∑
w′∈d fw′,d

(2)

idf(w, D) = log
(

|D|
dfw,D

)
(3)

tf-idf(w, d, D) = tf(w, d) idf(w, D) (4)

Equations (2)–(4) assign higher weights to terms that are frequent in a specific
document yet infrequent across the corpus, while ubiquitous function words receive
lower weights. The scores reported in this thesis were computed in Python (Jupyter
Notebook) using the above definitions.

As mentioned in this paper, TF-IDF vectorization transforms text data into nu-
merical representation, facilitating the application of machine learning models such
as logistic regression, SVM and clustering algorithms. This improves the models’
ability to understand and learn from textual data (Aizawa, 2003). Overall, the im-
plementation of TF-IDF involves calculating the TF-IDF score for each word in a
query across all documents in the corpus. The documents are then ranked based on
the sum of the TF-IDF scores of the query words, and the top-ranked documents
are returned as the most relevant results.

All things considered, TF-IDF is an elegant and effective method for term weighting
in information retrieval, enhancing the relevance of search results by focusing on the
unique terms that best describe the content of individual documents.

55



This chapter profiled the corpus and prepared it for modeling. We documented its
multi-source origin and seven-class label space and that showed us a pronounced
class imbalance (over representation of Normal, Depression, Suicidal). In addi-
tion, we described linguistic structure (length, vocabulary, surface features). Word-
Clouds and distributional plots provided qualitative context, while correlation anal-
yses revealed that length-based features are highly redundant; consequently, one
representative length measure is retained and log transforms are used where ap-
propriate to reduce skewness. We also established a reproducible preprocessing
pipeline (cleaning, lowercasing, stopword removal, lemmatization) and specified TF–
IDF/embedding formulations together with the TF–IDF equations used throughout.
These diagnostics motivate stratified splits, class weighting, probability calibration,
and class-specific thresholds for risk-sensitive labels (e.g., Suicidal), and they justify
reporting macro/weighted F1 alongside accuracy.

The next chapter, Machine Learning Models for Mental Health Detection, opera-
tionalizes these insights. We instantiate comparable pipelines for classical and neural
models (LR/SVM, trees/ensembles, CNN/LSTM, BERT), fix train/validation/test
protocols and seeds, and evaluate with per-class metrics, confusion matrices, and
precision–recall analyses. Where imbalance or overlap is most pronounced, we ap-
ply the mitigation strategies identified here (class weights, calibrated scores, decision
thresholds) to ensure a fair and risk-aware comparison across models.
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6 Machine Learning Models for Mental Health
Detection

We compare model families under a unified pipeline to ensure fair, reproducible
results. Unless noted otherwise, the following settings apply:

• Data split: Stratified train/validation/test partitioning (fixed random seed = 42).

• Preprocessing: Text cleaning, lowercasing, stopword removal, and lemmatization.
Neural and transformer models utilize their own tokenization schemes.

• Representations: TF–IDF (max_features=5000) for linear and tree-based mod-
els; We employ averaged Word2Vec embeddings to encode text in classical base-
line models; padded token sequences for CNN/LSTM; and end-to-end tokeniza-
tion for BERT.

• Optimization: Validation-driven tuning and early stopping are used where appli-
cable, and L2 regularization is applied to linear models.

• Imbalance handling: class_weight=’balanced’ (linear/trees), plus class-specific
thresholding and probability calibration for risk-sensitive labels (e.g., Suicidal).

• Evaluation: Our evaluation metrics comprise accuracy, macro/weighted F1,
per-class confusion matrices, and precision–recall analysis; reporting settings are
specified to support reproducibility.

We now detail each model, starting with logistic regression.

6.1 Logistic Regression

Logistic Regression for Mental Health Sentiment Analysis

Logistic regression (LR) models the conditional probability of a categorical label
given features through a linear score transformed by a logistic/softmax link. Its
convex training objective, competitive accuracy on linearly separable representa-
tions, fast inference, and transparent coefficients make it well suited for auditable
NLP applications in mental health assessment and triage (Bishop, 2006; Hastie et
al., 2009; Pedregosa et al., 2011).

Binary classification

Given features x ∈ Rp, LR links a linear predictor to the probability via the sigmoid:

p(y=1 | x) = σ
(
w⊤x + b

)
= 1

1 + exp
(

− (w⊤x + b)
) (5)

Parameters are estimated by maximum likelihood, equivalently minimizing binary
cross-entropy:

L(w, b) = −
n∑

i=1

[
yi log p̂i + (1 − yi) log

(
1 − p̂i

)]
, p̂i = σ

(
w⊤xi + b

)
(6)
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With ℓ2 regularization, the penalized objective is:

min
w,b

1
n

n∑
i=1

ℓ(yi, w⊤xi+b) + λ∥w∥2
2 (7)

Multi-class (softmax)

Pr(y=k | x) =
exp

(
w⊤

k x + bk

)
∑K

j=1 exp
(
w⊤

j x + bj

) , k ∈ {1, . . . , K} (8)

with class-specific parameters (wk, bk) and prediction arg maxk Pr(y=k | x). In
imbalanced settings common to mental health corpora, using class weights (e.g.,
inverse-frequency) can improve macro-averaged performance and minority-class re-
call (Pedregosa et al., 2011). When calibrated probabilities matter (e.g., risk triage),
post-hoc calibration and threshold selection on a validation split are recommended
(Niculescu-Mizil & Caruana, 2005).

6.1.1 Relation to Sentiment/NLP for Mental Health

In text classification, LR is typically applied to high-dimensional features (e.g.,
TF–IDF or dense sentence embeddings). Its linear decision surface supports in-
terpretable analyses of which features push predictions toward clinically relevant
categories (e.g., depression, anxiety). Combined with careful preprocessing and
class weighting, LR offers a strong, transparent baseline for mental health sentiment
analysis before moving to more complex, less interpretable models (Bishop, 2006;
Hastie et al., 2009; Pedregosa et al., 2011).

6.1.2 Word2Vec Embeddings with Logistic Regression

Bag-of-words features are purely lexical. Word2Vec learns distributed representa-
tions by predicting a word from its context (CBOW) or the context from a target
word (skip-gram), placing semantically related terms near one another in the embed-
ding space (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al., 2013). To obtain
fixed-length document vectors for LR, we average in-vocabulary token embeddings
and standardize the result, which provides a lightweight semantic summary suitable
for linear classification.

We train Word2Vec on the tokenized training texts only (to avoid test leakage), us-
ing vector_size=100, window=5, min_count=2 in Listing 4. A document vector is
the mean of its in-vocabulary token vectors; we then apply StandardScaler
and fit multinomial LR with solver=’lbfgs’, class_weight=’balanced’,
max_iter=2000, random_state=42. Listing 4 shows the training code.

58



Listing 4: Train Word2Vec on tokenized sentences and classify with Logistic Regres-
sion

1 import nltk , string , re , numpy as np , os
2 from nltk. tokenize import word_tokenize
3 from gensim . models import Word2Vec
4 from sklearn . preprocessing import StandardScaler
5 from sklearn . linear_model import LogisticRegression
6 from joblib import dump
7

8 nltk. download ('punkt ', quiet=True)
9

10 def clean_text (t):
11 t = t.lower ()
12 t = t. translate (str. maketrans ('', '', string . punctuation ))
13 t = re.sub(r'\s+', ' ', t).strip ()
14 return t
15

16 Xtr_clean = [ clean_text (t) for t in X_train_text ]
17 Xte_clean = [ clean_text (t) for t in X_test_text ]
18 Xtr_tokens = [ word_tokenize (t) for t in Xtr_clean ]
19 Xte_tokens = [ word_tokenize (t) for t in Xte_clean ]
20

21 vec_size = 100
22 w2v = Word2Vec ( sentences =Xtr_tokens , vector_size =vec_size , window

=5, min_count =2, workers =4)
23

24 def sent_vec ( tokens ):
25 iv = [w for w in tokens if w in w2v.wv]
26 if not iv: return np.zeros(vec_size , dtype=np. float32 )
27 return np.mean(w2v.wv[iv], axis =0)
28

29 Xtr_w2v = np. vstack ([ sent_vec (t) for t in Xtr_tokens ])
30 Xte_w2v = np. vstack ([ sent_vec (t) for t in Xte_tokens ])
31

32 scaler = StandardScaler ()
33 Xtr_w2v = scaler . fit_transform ( Xtr_w2v )
34 Xte_w2v = scaler . transform ( Xte_w2v )
35

36 lr_w2v = LogisticRegression ( solver ='lbfgs ', multi_class ='
multinomial ',

37 class_weight ='balanced ', max_iter =2000 ,
random_state =42)

38 lr_w2v .fit(Xtr_w2v , y_train )
39 y_pred = lr_w2v . predict ( Xte_w2v )
40

41 # Optional : save artifacts
42 dump(w2v , os.path.join(output_dir , " word2vec_model .pkl"))
43 dump(scaler , os.path.join(output_dir , " w2v_scaler .pkl"))
44 dump(lr_w2v , os.path.join(output_dir , " w2v_logreg .pkl"))

Table 1 summarizes performance. Overall, accuracy is 0.61; macro- and weighted-
average F1 are 0.53 and 0.63. Per-class F1 shows heterogeneity: Normal 0.74, Sui-
cidal 0.66, Anxiety 0.60, Depression 0.59, Bipolar 0.53, with lower values for Stress
0.34 and Personality disorder 0.29. The confusion matrix (Figure 17) indicates fre-
quent confusions from minority labels into Normal or Depression, consistent with
imbalance and overlapping lexical/semantic cues.
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Class Precision Recall F1-score Support

Anxiety 0.55 0.65 0.60 768
Bipolar 0.45 0.63 0.53 556
Depression 0.73 0.50 0.59 3081
Normal 0.86 0.64 0.74 3269
Personality disorder 0.18 0.65 0.29 215
Stress 0.27 0.47 0.34 517
Suicidal 0.60 0.75 0.66 2131

Accuracy 0.61 10537

Macro avg 0.52 0.61 0.53 10537
Weighted avg 0.68 0.61 0.63 10537

Table 1: Word2Vec + Logistic Regression classification report

Figure 17: Confusion matrix for Word2Vec + Logistic Regression
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Interpretation for mental health text

Averaged Word2Vec + LR is fast, reproducible, and auditable. It captures broad
semantic signals (synonymy, paraphrase) more robustly than purely lexical counts
while retaining a linear decision surface for interpretability. Its main limitations
are loss of word-order/compositional cues due to averaging and sensitivity to label
imbalance; probability calibration and class-specific thresholds are advisable when
prioritizing recall for high-risk categories (e.g., suicidal intent) (Niculescu-Mizil &
Caruana, 2005; Pedregosa et al., 2011).

6.1.3 TF–IDF with Logistic Regression

TF–IDF provides a high-dimensional, sparse representation that emphasizes terms
distinctive for a document relative to the corpus, which is effective for short social-
media posts and forum entries common in mental health datasets. When paired
with multinomial logistic regression (LR) under ℓ2 regularization, the result is a
convex, data-efficient classifier whose coefficients yield transparent lexical contribu-
tions. This combination remains a strong baseline for text classification and senti-
ment analysis: it scales well, is straightforward to calibrate, and supports auditable
decisions for safety-critical use cases such as risk screening (Jurafsky & Martin, 2023;
Pedregosa, Varoquaux, et al., 2020; Sammut & Webb, 2017).

Let x ∈ Rp be the TF–IDF vector for a post. The multinomial LR predicts

Pr(y=k | x) = exp(w⊤
k x + bk)∑K

j=1 exp(w⊤
j x + bj)

, k ∈ {1, . . . , K}. (9)

with parameters {(wk, bk)} learned by maximum likelihood and ℓ2 regularization (in
scikit-learn, C=1/λ).

Class imbalance is addressed by inverse-frequency weights (class_weight=balanced),
which improves macro-averaged performance on minority labels.

As shown in Listing 5, we fit TF–IDF with max_features=5000 and multi-
nomial LR (L–BFGS, ℓ2 penalty, class_weight=balanced, max_iter=2000,
random_state=42). Listing 5 shows the training and evaluation code.
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Listing 5: TF–IDF + Logistic Regression: training and evaluation
1 from sklearn . feature_extraction .text import TfidfVectorizer
2 from sklearn . linear_model import LogisticRegression
3 from sklearn . pipeline import Pipeline
4 from joblib import dump
5 import os
6

7 tfidf_lr = Pipeline ([
8 ('tfidf ', TfidfVectorizer ( max_features =5000) ),
9 ('lr', LogisticRegression ( solver ='lbfgs ', multi_class ='

multinomial ',
10 class_weight ='balanced ', max_iter

=2000 , random_state =42))
11 ])
12

13 tfidf_lr .fit( X_train_text , y_train )
14 y_pred = tfidf_lr . predict ( X_test_text )
15 print("TF -IDF + Logistic Regression ")
16 evaluate_preds (y_test , y_pred , le)
17

18 # Save artifacts
19 dump( tfidf_lr . named_steps ['lr'], os.path.join(output_dir , "

tfidf_logreg .pkl"))
20 dump( tfidf_lr . named_steps ['tfidf '], os.path.join(output_dir , "

tfidf_vectorizer .pkl"))

Table 2 reports the classification metrics; the confusion matrix is shown in Figure 18.

Class Precision Recall F1-score Support

Anxiety 0.77 0.80 0.78 768
Bipolar 0.72 0.80 0.76 556
Depression 0.80 0.60 0.68 3081
Normal 0.91 0.91 0.91 3269
Personality disorder 0.44 0.74 0.55 215
Stress 0.50 0.72 0.59 517
Suicidal 0.67 0.77 0.71 2131

Accuracy 0.76 10537

Macro avg 0.69 0.76 0.71 10537
Weighted avg 0.78 0.76 0.76 10537

Table 2: TF–IDF + Logistic Regression classification report.

The model achieves strong performance for Normal (F1 = 0.91) and good recall
for Suicidal (0.77), indicating that salient lexical markers are captured by TF–IDF
features. A substantial portion of Depression is confused with Suicidal, suggesting
overlapping vocabulary (e.g., hopelessness, self-harm references). Lower scores for
Personality disorder and Stress are consistent with limited support and greater lexi-
cal heterogeneity. For risk-sensitive use, threshold tuning and probability calibration
can prioritize recall on high-risk classes, while feature enrichment (e.g., character n-
grams, domain lexicons, or task-adapted embeddings) may reduce minority-class
confusions without sacrificing LR’s transparency.
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Figure 18: Confusion matrix for TF–IDF + Logistic Regression
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6.1.4 Sentence-Transformer Embeddings with Logistic Regression.

Sentence-level embeddings map each text to a dense vector that encodes its mean-
ing in a fixed-dimensional space. We use a compact model from the sentence-
transformers family (all-MiniLM-L6-v2; 384 dim) trained with contrastive ob-
jectives so that semantically related sentences lie close together in the embedding
space (Reimers & Gurevych, 2019; W. Wang et al., 2020). Each post is encoded
to an ℓ2-normalized embedding z, and a linear classifier (logistic regression) is fit
on top (Pedregosa et al., 2011). The classifier estimates class probabilities via the
softmax of a linear score,

Pr(y=k | z) = exp(w⊤
k z + bk)∑

j exp(w⊤
j z + bj)

. (10)

with class-specific parameters (wk, bk). To compensate for label imbalance, class
weights are set to balanced.

Texts are lowercased strings and encoded in batches; embeddings are ℓ2-normalized.
We fit LogisticRegression (solver=lbfgs, multi-class=multinomial, max_iter=
5000, class_weight=balanced, random_state=42) on the training split and evalu-
ate on the held out test set using per-class precision/recall/F1 together with macro-
and weighted-average F1 and overall accuracy.

Table 3 presents that the accuracy is 0.73, with macro and weighted F1 of 0.67
and 0.74, respectively. Per-class F1 shows strong performance on Normal (0.91)
and competitive scores on Anxiety (0.75), Bipolar (0.71), and Suicidal (0.66). De-
pression achieves 0.65 (precision 0.77, recall 0.57). The model attains high recall
but modest precision for Personality disorder (precision 0.30, recall 0.77, F1 0.43)
and improved recall for Stress (precision 0.45, recall 0.70, F1 0.55). These patterns
indicate that sentence-level semantics markedly improve discrimination over purely
lexical baselines for several classes, while minority categories still require careful
treatment of class imbalance and decision thresholds.

Class Precision Recall F1-score Support

Anxiety 0.72 0.79 0.75 768
Bipolar 0.64 0.80 0.71 556
Depression 0.77 0.57 0.65 3081
Normal 0.92 0.90 0.91 3269
Personality disorder 0.30 0.77 0.43 215
Stress 0.45 0.70 0.55 517
Suicidal 0.65 0.67 0.66 2131

Accuracy 0.73 10537

Macro avg 0.64 0.74 0.67 10537
Weighted avg 0.76 0.73 0.74 10537

Table 3: Sentence-Transformers + Logistic Regression classification report

As shown in Figure 19, rows denote actual classes and columns denote predicted
classes; darker cells indicate higher counts. The matrix exhibits a clear diago-
nal, with strongest separation for Normal. The largest off-diagonal confusions are
between Depression and Suicidal, while Personality disorder and Stress are often
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Figure 19: Sentence-Transformers + Logistic Regression
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mapped to Normal/Depression, reflecting class-imbalance and overlapping language.
Per-class recalls from Table 3 are: Normal 90%, Anxiety 79%, Bipolar 80%, Depres-
sion 57%, Suicidal 67%, Stress 70%, Personality disorder 77%. These patterns align
with the precision/recall trade-offs reported in Table 3 and motivate class-specific
thresholds, calibration, and imbalance-aware learning.

Interpretation for Mental Health Text

• Sentence-level embeddings aggregate phrasing variants (e.g., paraphrases of
distress) and thus provide robustness to surface form, yielding consistent gains
on several classes (Reimers & Gurevych, 2019).

• Minority labels remain challenging; high recall with relatively low precision
(e.g., Personality disorder) suggests tuning thresholds and class costs to the ap-
plication’s risk profile.

• Compared with purely lexical features, semantic embeddings better capture
context and meaning, but can still confuse clinically adjacent categories when
language overlaps or when data are sparse.

• Stronger encoders or task-adaptive fine-tuning: Evaluating larger models (e.g.,
e5, bge) and consider supervised fine-tuning on the labeled corpus (Reimers
& Gurevych, 2019).

• Imbalance-aware learning: Managing with tuning C and class weights; com-
bine with re-sampling or cost-sensitive objectives to raise recall for rare, high-
risk labels.

• Thresholding and calibration: Calibrating scores and apply class-specific
thresholds to reduce false negatives in safety-critical categories; assess
macro/weighted F1 alongside PR curves.

• Feature enrichment and error analysis: Where terminology is highly overlap-
ping, add character n-grams or domain lexicons alongside embeddings and
inspect common confusions to refine label definitions and annotations.

Overall, sentence-transformer embeddings paired with logistic regression provide a
fast and reproducible semantic baseline. With imbalance handling and task-specific
adaptation, the approach achieves substantial improvements suitable for mental
health text classification at scale.

6.2 Random Forest
Random Forest (RF) aggregates many decision trees trained on bootstrap samples
and random feature subsets, reducing variance relative to a single tree and pro-
viding strong out-of-sample performance on high-dimensional text (Breiman, 2001;
Pedregosa et al., 2011). RFs are robust to noisy or weakly-informative terms and
expose feature importance for auditability.

We fit RF on TF–IDF features in a leakage-safe pipeline. The configuration below
uses 300 trees as seen in Listing 6; other hyperparameters were kept at library
defaults for a clean baseline.

Table 4 shows us the overall accuracy is 0.70 (macro-F1 0.60, weighted-F1 0.69).
Normal is strongest (F1 0.88), and Depression achieves balanced F1 0.66 with
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Listing 6: TF–IDF + Random Forest: training and evaluation
1 from sklearn . feature_extraction .text import TfidfVectorizer
2 from sklearn . ensemble import RandomForestClassifier
3 from sklearn . pipeline import Pipeline
4

5 rf_pipe = Pipeline ([
6 ('tfidf ', TfidfVectorizer ( max_features =5000) ),
7 ('rf', RandomForestClassifier ( n_estimators =300 , random_state

=42))
8 ])
9 rf_pipe .fit( X_train_text , y_train )

10 y_pred = rf_pipe . predict ( X_test_text )
11 print("TF -IDF + RandomForest ")
12 evaluate_preds (y_test , y_pred , le)

Class Precision Recall F1-score Support

Anxiety 0.91 0.48 0.63 768
Bipolar 0.98 0.46 0.63 556
Depression 0.55 0.81 0.66 3081
Normal 0.82 0.95 0.88 3269
Personality disorder 1.00 0.29 0.45 215
Stress 0.98 0.23 0.37 517
Suicidal 0.73 0.48 0.58 2131

Accuracy 0.70 10537

Macro avg 0.85 0.53 0.60 10537
Weighted avg 0.75 0.70 0.69 10537

Table 4: TF–IDF + Random Forest classification report
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Figure 20: Confusion matrix for Random Forest
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higher recall than precision. Anxiety and Bipolar show high precision but low re-
call (both F1 0.63), indicating conservative voting that misses positives. Minority
labels Personality disorder (F1 0.45) and Stress (F1 0.37) have low recall despite
very high precision, a typical pattern under class imbalance with lexical overlap.
Suicidal attains F1 0.58; errors concentrate into Depression and Normal, consistent
with the confusion matrix (Figure 20). These profiles suggest that RF captures
majority-class cues well and recall on minority. In addition, clinically salient classes
requires imbalance-aware training and/or richer representations.

Relation to LSTM and Hybridization

Alongside the tree-based baseline, we considered Long Short-Term Memory (LSTM)
networks, which capture word order and long-range dependencies that bag-of-words
features do not (Hochreiter & Schmidhuber, 1997). Random Forests (RF) and
LSTMs embody complementary inductive biases: RFs exploit high-dimensional lex-
ical signals with strong regularization, whereas LSTMs model sequential structure.
Hybrid use is pragmatic in two forms:

(i) Using LSTM derived embeddings as fixed features for an RF; and

(ii) Stacking, where RF and LSTM predictions are combined by a meta classifier.

Note: RF does not “update” neural weights; integration is via feature-based fusion
or ensemble learning (e.g., stacking), not joint training.

Limitations and Next Steps

• Tune class-balanced objectives (e.g., class_weight, thresholding on validation),
increase trees, and explore max_features/depth for bias–variance trade-offs.

• Enriching features with character n-grams and domain lexicons; consider
LSA/TruncatedSVD before RF to reduce sparsity.

• Calibrating probabilities (e.g., isotonic/Platt) when operating points matter, es-
pecially for Suicidal.

• Comparing with transformer baselines and evaluating hybrid stacking to raise
minority-class recall while maintaining interpretability.

6.3 Naive Bayes
Naive Bayes is a probabilistic classifier based on Bayes’ theorem and the simplifying
assumption that features are conditionally independent given the class label. For
an input vector x = (x1, . . . , xn) and class Ck, the posterior is

P (Ck | x) ∝ P (Ck)
n∏

i=1
P (xi | Ck), (11)

and the predicted class is obtained by

k̂ = arg max
k

P (Ck)
n∏

i=1
P (xi | Ck). (12)

Despite the “naive” independence assumption, Naive Bayes performs well on text
classification because bag-of-words features are high-dimensional, sparse, and ap-
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proximately independent. It trains in linear time, scales to large corpora, and is
robust to many irrelevant features (Pang & Lee, 2008; Ravi & Ravi, 2015).

Class Precision Recall F1-score Support

Anxiety 0.81 0.57 0.67 768
Bipolar 0.93 0.39 0.55 556
Depression 0.51 0.82 0.63 3081
Normal 0.85 0.82 0.83 3269
Personality disorder 1.00 0.11 0.19 215
Stress 0.90 0.10 0.19 517
Suicidal 0.73 0.53 0.61 2131

Accuracy 0.67 10537

Macro avg 0.82 0.48 0.52 10537
Weighted avg 0.73 0.67 0.66 10537

Table 5: TF–IDF + MultinomialNB classification report (test set).

We employ Multinomial Naive Bayes (MNB) with tf–idf representations of the
statements. MNB models token frequencies (or tf–idf weights in practice) with
additive/Lidstone smoothing; the smoothing hyperparameter α > 0 is tuned by
cross-validation. The pipeline lowercases text, computes tf–idf vectors, and then
fits the MNB classifier (Pedregosa et al., 2011). Performance is summarized with
accuracy and class-wise precision, recall, and F1-score, and confusion matrices are
inspected to diagnose systematic errors.

In Table 5, overall accuracy was 0.67; macro- and weighted-average F1 were 0.52
and 0.66, respectively. Class-wise F1-scores were: Normal 0.83, Depression 0.63
(precision 0.51, recall 0.82), Anxiety 0.67, Bipolar 0.55, Suicidal 0.61, and lower
values for Stress 0.19 and Personality disorder 0.19. The confusion matrix indicates
that minority categories are frequently mapped to Normal or Depression, a pattern
typical for MultinomialNB on sparse bag-of-words features under class imbalance
(Pang & Lee, 2008; Ravi & Ravi, 2015). While MNB is a strong lexical baseline for
text (Pang & Lee, 2008; Ravi & Ravi, 2015), improving minority-class performance
typically requires:

(i) Tuning additive smoothing α or using ComplementNB in imbalanced settings
(Pedregosa et al., 2011);

(ii) Enriching features beyond unigrams (e.g., character n-grams, bi/tri-grams,
sublinear TF scaling) to capture morphology and misspellings (Pang & Lee,
2008);

(iii) Adjusting class priors or applying imbalance-aware sampling; and

(iv) Calibrating scores and, where appropriate, class-specific decision thresholds
to trade precision/recall on critical classes.

In general, MNB remains a transparent and scalable reference for tf–idf, while
the error profile suggests feature enrichment and explicit imbalance handling for
clinically important minority labels (Calvo et al., 2017; Ravi & Ravi, 2015).
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6.4 K–Means Clustering on TF–IDF (Unsupervised Analy-
sis)

Unsupervised clustering provides a label-free view of structure in the corpus, useful
for:

(i) Sanity-checking separability of sentiments,

(ii) Surfacing latent regimes (e.g., high-distress vs. neutral), and

(iii) Initializing semi-supervised pipelines.

With sparse lexical features (TF–IDF), K-Means offers a fast, scalable baseline with
clear reporting (inertia/WCSS and silhouette) (Pedregosa, Varoquaux, et al., 2020).

K-Means partitions n vectors into k clusters by minimizing within-cluster sum of
squares:

min
{Cj ,µj}k

j=1

k∑
j=1

∑
xi∈Cj

∥xi − µj∥2. (13)

Because inertia decreases monotonically in k, model selection uses (i) the elbow in
the WCSS–k curve and (ii) the silhouette, which balances compactness and separa-
tion (Pedregosa, Varoquaux, et al., 2020; Rousseeuw, 1987). The elbow method is a
widely used heuristic for selecting in K-Means clustering (Umarogono et al., 2019),
and in our text-based experiments we combine it with silhouette analysis to balance
compactness and separation.

Implementation (TF–IDF, elbow/silhouette, and 2D projection)

As implemented in Listing 7, we compute TF–IDF, sweep k to record inertia and
cosine-based silhouette (Figure 21), select k⋆ by the silhouette maximum, then fit
K-Means and visualize clusters in 2D using TruncatedSVD on the sparse matrix
(Figure 22).

The elbow curve shows diminishing WCSS returns, and the cosine-based silhouette
attains its maximum at k=2 (Figure 21), with values near or below zero thereafter,
indicating weak separation. We therefore adopt k⋆=2. The 2D TruncatedSVD pro-
jection exhibits a coarse bipartition consistent with this choice (Figure 22). Figure 22
visualizes the clustering result in PCA-reduced space, showing a clear bipartition
consistent with the optimal k⋆ = 2 selected via silhouette analysis. This supports
the theoretical link between PCA and K-Means clustering, as established by Ding &
He (C. Ding & He, 2004). Given the modest silhouettes typical for high-dimensional
sparse text, we treat clusters as exploratory structure for seeding semi-supervised
workflows, guiding annotation, or motivating feature refinement (e.g., adding char-
acter n-grams).

Practical Notes

• Distance: Utilizing cosine for silhouette on TF–IDF; values near/under 0 indicate
weak structure.

• Scale: Preferring MiniBatchKMeans (set n_init=10, batch_size, max_iter); fix
random_state.

• Dimensionality: Using TruncatedSVD for visualization and/or pre-reduce to
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Listing 7: MiniBatchKMeans on TF–IDF with elbow/silhouette (cosine) and Trun-
catedSVD visualization

1 from sklearn . feature_extraction .text import TfidfVectorizer
2 from sklearn . cluster import MiniBatchKMeans
3 from sklearn . decomposition import TruncatedSVD
4 from sklearn . metrics import silhouette_score
5

6 tfidf_all = TfidfVectorizer ( max_features =5000)
7 X_all_tfidf = tfidf_all . fit_transform (data['statement ']. astype (str)

)
8

9 ks = range (2, 11)
10 inertia , sil = [], []
11 for k in ks:
12 km = MiniBatchKMeans (
13 n_clusters =k, random_state =42, n_init =10,
14 batch_size =2048 , max_iter =100
15 )
16 labels_k = km. fit_predict ( X_all_tfidf )
17 inertia . append (km. inertia_ )
18

19 if np. unique ( labels_k ).size < 2:
20 sil. append (np.nan)
21 continue
22 try:
23 s = silhouette_score (
24 X_all_tfidf , labels_k , metric ='cosine ',
25 sample_size =min (2000 , X_all_tfidf .shape [0]) ,
26 random_state =42
27 )
28 except Exception :
29 s = np.nan
30 sil. append (s)
31

32 fig , ax = plt. subplots (1, 2, figsize =(10 , 4))
33 ax [0]. plot(list(ks), inertia , 'bo -')
34 ax [0]. set_title ('Elbow (WCSS)'); ax [0]. set_xlabel ('k'); ax [0].

set_ylabel ('WCSS ')
35 ax [1]. plot(list(ks), sil , 'go -')
36 ax [1]. set_title ('Silhouette ( cosine )'); ax [1]. set_xlabel ('k'); ax

[1]. set_ylabel ('Score ')
37 plt. tight_layout (); plt.show ()
38

39 k_star = 3 if np.all(np.isnan(np. asarray (sil , float))) else list(ks
)[int(np. nanargmax (sil))]

40 print(f" Chosen k: { k_star }")
41

42 km = MiniBatchKMeans ( n_clusters =k_star , random_state =42, n_init =10,
43 batch_size =2048 , max_iter =100)
44 labels_km = km. fit_predict ( X_all_tfidf )
45

46 svd = TruncatedSVD ( n_components =2, random_state =42)
47 Z = svd. fit_transform ( X_all_tfidf )
48

49 plt. figure ( figsize =(6 ,5))
50 plt. scatter (Z[:,0], Z[:,1], c=labels_km , s=8, cmap='viridis ')
51 plt. xlabel ('SVD1 '); plt. ylabel ('SVD2 '); plt.title(f'K-Means (k={

k_star }) in SVD space ')
52 plt. colorbar (label='Cluster '); plt. tight_layout (); plt.show ()
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Figure 21: Elbow (WCSS) and silhouette (cosine) across k for TF–IDF features

Figure 22: K–Means clustering (k=2) visualized in the first two TruncatedSVD
components
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50–300 dims to stabilize silhouettes; avoid .toarray().

• Cost controls: Sample in silhouette_score and guard for single-label failures.

• Interpretation: Clusters are exploratory (not clinical labels); use to seed
semi-/supervised workflows or guide annotation.

• Reproducibility/quality: Log seeds and versions; sanity-check stability across
seeds and report a second index (e.g., Calinski–Harabasz or Davies–Bouldin).

We now turn to supervised baselines to quantify separability with labels, starting
with Decision Trees (subsection 6.5).

6.5 Decision Tree
Decision trees (DTs) are attractive for mental health sentiment analysis because they
produce explicit, human-readable rules that can be audited and natively handle
sparse, high-dimensional features such as TF–IDF. Moreover, they require little
preprocessing and they train and infer rapidly (Breiman et al., 1984; Pedregosa et
al., 2011; Quinlan, 1993). Their transparency is useful in safety-critical contexts
(e.g., classification) where one must explain which lexical cues led to a prediction.

A DT partitions the feature space recursively. At each node t, the algorithm chooses
the split in characteristics xj and threshold τ that maximally reduces class impurity:

∆I(t, j, τ) = I(t) − nL

nt

I(tL) − nR

nt

I(tR). (14)

Here, nt is the number of examples at node t, and tL, tR are the left/right children.

Common impurity measures are:

Gini(t) =
K∑

k=1
pk(1 − pk), (15)

Entropy(t) = −
K∑

k=1
pk log pk. (16)

with pk the class proportion at node t. Greedy, top-down induction repeats until a
stopping rule is met (e.g., no gain, maximum depth, minimum leaf size). To control
variance, one uses structural constraints (e.g., max_depth, min_samples_leaf) or
cost-complexity pruning that minimizes empirical loss plus a size penalty (Breiman
et al., 1984; Pedregosa et al., 2011). For imbalanced labels, class-weighted impurities
up-weight minority classes during splitting.

With TF–IDF or character n-grams, DTs learn concise lexical rules (e.g., presence
of suicide-related terms) that are easy to inspect. Limitations are well known: a
single tree can overfit sparse text and may form brittle thresholds on rare features;
minority classes can suffer if not class-weighted. In practice, DTs offer a transpar-
ent baseline; ensembles (Random Forest/Boosting) usually improve accuracy but
reduce the interpretability of a single rule (Breiman et al., 1984; Hastie et al., 2009).
Post-hoc explanation methods (e.g., SHAP) can quantify feature contributions per
prediction (Lundberg & Lee, 2017).

We train a DT on TF–IDF features in a leakage-safe pipeline and account for class
imbalance with inverse-frequency weights as shown in Listing 8.
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Listing 8: TF–IDF + Decision Tree: training, evaluation, and export
1 from sklearn . pipeline import Pipeline
2 from sklearn . feature_extraction .text import TfidfVectorizer
3 from sklearn .tree import DecisionTreeClassifier
4 from joblib import dump
5 import os
6

7 dt_pipe = Pipeline ([
8 ('tfidf ', TfidfVectorizer ( max_features =5000) ),
9 ('dt', DecisionTreeClassifier (

10 random_state =42,
11 class_weight ='balanced ',
12 max_depth =None ,
13 min_samples_split =2,
14 min_samples_leaf =1
15 ))
16 ])
17

18 dt_pipe .fit( X_train_text , y_train )
19 y_pred = dt_pipe . predict ( X_test_text )
20 print("TF -IDF + DecisionTree ")
21 evaluate_preds (y_test , y_pred , le)
22

23 dump( dt_pipe . named_steps ['dt'], os.path.join(output_dir , "
tfidf_decisiontree .pkl"))

24 dump( dt_pipe . named_steps ['tfidf '], os.path.join(output_dir , "
tfidf_vectorizer_dt .pkl"))

Class Precision Recall F1-score Support

Anxiety 0.59 0.59 0.59 768
Bipolar 0.60 0.62 0.61 556
Depression 0.59 0.56 0.58 3081
Normal 0.84 0.86 0.85 3269
Personality disorder 0.49 0.55 0.52 215
Stress 0.38 0.41 0.40 517
Suicidal 0.51 0.52 0.51 2131

Accuracy 0.64 10537

Macro avg 0.57 0.59 0.58 10537
Weighted avg 0.64 0.64 0.64 10537

Table 6: TF–IDF + Decision Tree classification report

Findings in Decision Tree

• According to Table 6, the comprehensive accuracy 0.64; macro–F1 0.58.

• Strongest on Normal (F1 0.85); moderate on Anxiety/Bipolar (≈ 0.59–0.61);
weaker on Stress (F1 0.40) and Suicidal (F1 0.51).

• Confusions (Figure 23): Depression ↔ Suicidal; Stress → Normal, reflecting
overlapping lexical markers and label imbalance.

• Auditability: Export root-to-leaf paths as human-readable rules.
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Figure 23: Confusion matrix for TF–IDF + Decision Tree
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• For risk-sensitive labels (e.g., Suicidal): raise recall via thresholding and
cost-sensitive objectives.

• If higher accuracy is required: move to ensembles (Random Forest, Gradient
Boosting) or richer representations (e.g., sentence embeddings) while retaining
rule summaries for governance.

Practical recommendations:

• Utilizing class_weight=’balanced’ and tune max_depth and min_samples_leaf
to curb overfitting.

• Adding character n-grams in TF–IDF to capture misspellings and morphology.

• Considering post-pruning (ccp_alpha) and cross-validated depth to stabilize
rules.

• Complementing tree rules with SHAP analyses for per-prediction attributions
(Lundberg & Lee, 2017).

6.5.1 Model Interpretability with SHAP

In plain terms, SHAP provides a straightforward narrative that starts with an av-
erage base score for a single prediction and shows how the selection of each input
feature (such as a feature or word) affects it. Negative nudges oppose the class you
defined, while positive nudges support it. Each nudge adds up to the model’s exact
score for that instance (Lundberg & Lee, 2017).

Formally, SHAP (SHapley Additive exPlanations) assigns to each feature i a con-
tribution ϕi derived from Shapley values in cooperative game theory:

ϕi =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!
|N |!

[
fS∪{i}(x) − fS(x)

]
(17)

so ϕi is the average marginal improvement when adding i to every subset S of
features. The values satisfy three desirable properties: (i) local additivity f(x) =
ϕ0 + ∑

i ϕi, (ii) consistency (if a model relies more on a feature, its ϕi does not go
down), and (iii) missingness (ϕi = 0 if a feature is unused). Efficient variants exist
for trees (TreeSHAP), linear models, and deep nets (Lundberg & Lee, 2017).

How to read SHAP based on the dataset:

• Baseline ϕ0: the average score on a small, stratified background sample from
the development data.

• Sign: +ϕi pushes toward the explained class (e.g., Suicidal); −ϕi pushes away.

• Magnitude: |ϕi| indicates influence strength on that decision.

• Views: per-case (why this post was labeled X) and global (aggregate |ϕi| across
many posts to see stable, important cues).

Why use SHAP for mental health sentiment analysis.

• Case transparency: reviewers can see which words raised risk and which were
protective (e.g., help-seeking language).
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• Model governance: supports threshold setting for high-risk classes and documen-
tation of model behavior.

• Model-agnostic: same explanation interface for LR, RF, CNN/LSTM.

Caveats and good practice:

SHAP explanations are local, relative, and assumption dependent (Lundberg & Lee,
2017). In this thesis we apply the following guardrails.

• Feature dependence: When cues co-occur (e.g., “hopeless” with “worthless”),
credit is shared across them; TreeSHAP is exact for tree models, while linear/deep
explainers approximate conditional effects. Group tokens into meaningful phrases
to reduce credit fragmentation (Lundberg & Lee, 2017).

• Background (baseline) choice: SHAP compares a post to a background distri-
bution. Different backgrounds shift the baseline ϕ0 and redistribute ϕi. We use
a small, stratified sample of the development set and report this choice to keep
explanations comparable (Lundberg & Lee, 2017).

• Target being explained: Multi-class models require choosing a specific output.
We explain the class logit (not post-softmax probability) to avoid probability
coupling across classes; signs are read “toward/away from this class.”

• Stability checks: Tokenization or preprocessing changes can alter attributions.
We fix seeds, tokenizer, and vectorizer versions, and we verify that explanations
change when the model is randomized (sanity checks) (Adebayo et al., 2018).

• Robustness to gaming Explanations can be manipulated by adversarial prepro-
cessing or spurious shortcuts; we cross-validate attributions on held-out data and
avoid using explanations alone for model selection (Slack et al., 2020).

• Class imbalance and rarity: Rare but high-risk terms can dominate local ϕi. We
interpret SHAP alongside calibrated precision–recall and per-class error analysis.

• Privacy and ethics: Personally Identifiable Information (PII) is hidden from view,
and gathering plots are preferred over raw text where practical; explanations aid
in audit and triage but are not clinical recommendations.

Qualitative SHAP-style Explanations

The following anonymized excerpts (with a content warning for self-harm mentions)
illustrate the direction of influential cues without reporting numeric values (Lund-
berg & Lee, 2017; Sarkar, 2024). “Direction” denotes a plausible push for the class:
+ toward, − away.

Ex. 1 (label: Suicidal).

“Why continue living if life is only going to deteriorate.”
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Cue Dir. Rationale

“why continue living” + Direct challenge to continuing life;
strong intent cue.

“deteriorate” + Catastrophic outlook amplifies risk lan-
guage.

Neutral punctuation 0 No clear directional effect.

Ex. 2 (boundary: Depression vs. Suicidal).

“Perpetually alone. It’s no one’s fault but my own.”

Cue Dir. Rationale

“perpetually alone” + (Depression) Persistent loneliness/anhedonia signals
low mood.

“fault ... my own” + (Depression) Guilt/self-blame typical in depressive
language.

No explicit self-harm phrase − (Suicidal) Lacks intent terms; reduces Suicidal.

Ex. 3 (label: Depression).

“Stuck in a loop. Everything is the same.”

Cue Dir. Rationale

“stuck in a loop” + Rumination/learned helplessness fram-
ing.

“everything is the same” + Flat affect, loss of novelty/interest.
No help-seeking cue − Missing protective language lowers con-

fidence.

Ex. 4 (boundary: Depression with protective cue).

“I have a goal to reach, but I am too broken.”

Cue Dir. Rationale

“too broken” + (Depression) Strong self-devaluation.
“goal to reach” − (Depression) Future orientation/help-seeking is pro-

tective.
Contrastive “but” mixed Competing signals remain salient.

Ex. 5 (label: Suicidal).

“Well, you will die anyway someday, why . . . ”
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Cue Dir. Rationale

“will die anyway” + Normalization of death; risk-raising
cue.

Rhetorical “why” + Challenges reasons to continue; intent-
adjacent.

Hesitation “. . . ” 0 Minimal directional effect.

Ex. 6 (label: Anxiety).

“Head injury worries? I constantly worry about head . . . ”

Cue Dir. Rationale

“constantly worry” + Persistent, hard-to-control worry char-
acteristic of anxiety.

“head injury worries?” + Health-anxiety focus on feared harm.
Question framing “?” 0 Punctuation itself is neutral.

Ex. 7 (label: Depression).

“Just lost my job today. It has not been a great week.”

Cue Dir. Rationale

“lost my job” + Salient negative life event linked to low
mood.

“not been a great week” + Global negative evaluation/low affect.
No explicit help-seeking cue − Absence of protective cue lowers confi-

dence.

Ex. 8 (label: Stress).

“He turns it on first thing in the morning and turns it on . . . ”

Cue Dir. Rationale

“first thing in the morning” + Early, automatic engagement suggests
heightened arousal.

“turns it on . . . ” (repeated
exposure)

+ Ongoing exposure to a stressor (e.g.,
news/social media).

No relaxation/offset cue − Lack of counter-regulation signal.

These tables mirror SHAP’s per-feature “push” explanation without computing nu-
meric values. If SHAP is later computed, replace the Dir. column with signed
contributions ϕi and include the baseline note to recover the exact score.

6.5.2 Support Vector Machines

Support Vector Machines (SVMs) are supervised learners for classification and re-
gression that estimate a decision boundary maximizing the margin between classes.
With soft-margin optimization, misclassifications are controlled by a regularization
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constant, and non-linear relations are modeled via kernel functions that implicitly
map inputs to higher-dimensional feature spaces (Cortes & Vapnik, 1995). In con-
trast to probabilistic approaches such as logistic regression, which directly estimate
class membership probabilities, SVMs rely on kernelized large-margin separation to
handle both linear and non-linear structure (Z. Ding et al., 2025).

Given the high dimensionality and sparsity of text, we evaluated both linear SVMs
and non-linear SVMs with a radial basis function (RBF) kernel. Model selection was
based on the weighted F1-score to account for class imbalance. Hyperparameters, in-
cluding the regularization strength C, class weighting, and the RBF shape parameter
γ-were tuned via grid search (Z. Ding et al., 2025). Final models were implemented
with scikit-learn’s Support Vector Classifier (SVC) and LinearSVC (Pedregosa et al.,
2011). For multi-class prediction, the default one-vs-one (OvO) scheme was adopted:
a binary classifier is trained for each class pair, and the final label is determined by
majority voting across pairwise decisions (Z. Ding et al., 2025).

Implementation of SVM for Mental Health Detection on Social Media

We trained a linear Support Vector Machine using a pipeline with tf–idf fea-
tures and LinearSVC to classify mental health related posts. Texts were cast to
strings, transformed with TfidfVectorizer capped at 5,000 features, and fed to
LinearSVC with default settings (C=1.0, L2 penalty, squared-hinge loss, one-vs-rest
reduction). The model was fit on the training split and evaluated on the held-out
test set using precision, recall, F1 (per class, macro, weighted), and accuracy via
classification_report. This configuration targets sparse, high-dimensional text
and offers strong performance with efficient training.

Class Precision Recall F1-score Support

Anxiety 0.82 0.77 0.80 768
Bipolar 0.84 0.76 0.80 556
Depression 0.72 0.72 0.72 3081
Normal 0.88 0.96 0.91 3269
Personality disorder 0.81 0.59 0.68 215
Stress 0.69 0.48 0.56 517
Suicidal 0.69 0.69 0.69 2131

Accuracy 0.78 10537

Macro avg 0.78 0.71 0.74 10537
Weighted avg 0.77 0.78 0.77 10537

Table 7: TF–IDF + LinearSVC classification report (test set).

Based on Table 7, the overall accuracy was 0.78, with macro and weighted F1 of
0.74 and 0.77. Per-class F1 was highest for Normal (0.91) and strong for Anxiety
and Bipolar (both 0.80). Depression reached 0.72, Suicidal 0.69, Personality disor-
der 0.68, and Stress was lowest (0.56). The confusion matrix shows concentrated
errors for Depression ↔ Suicidal, Stress → Normal/Depression, and Personality
disorder → Normal, consistent with imbalance and overlapping lexical cues.

As shown in Figure 24, rows are actual classes and columns are predicted counts
(darker = more). A strong diagonal is evident—especially for Normal—with good
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Figure 24: SVM Confusion Matrix
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separation for Anxiety and Bipolar. The largest off-diagonal errors occur for De-
pression ↔ Suicidal, and for Stress and Personality disorder mapping to Nor-
mal/Depression, consistent with class imbalance and overlapping vocabulary. Per-
class recalls from Table 7 are: Normal 96%, Anxiety 77%, Bipolar 76%, Depression
72%, Suicidal 69%, Personality disorder 59%, Stress 48%. These patterns suggest
that additional imbalance handling (e.g., resampling or class-specific thresholds),
character n-grams, and probability calibration could further reduce the dominant
off-diagonal confusions.

Practical Considerations and Next Steps

• Tune hyperparameters (C, class weights) and consider class_weight=balanced
or resampling to mitigate imbalance.

• Enrich features with character n-grams and domain lexicons; explore bi-
gram/trigram n_gram ranges.

• For potential non-linear boundaries, evaluate SVC with RBF kernel on a re-
duced feature space, or apply dimensionality reduction (e.g., PCA on dense
embeddings).

• Perform targeted error analysis on classes with lower F1 to refine labels and
features.

This setup demonstrates that a linear SVM paired with tf–idf is an effective base-
line for mental health related conversation classification, while offering clear avenues
for further improvement.

6.6 Convolutional Neural Networks (Conv1D) for Mental
Health Sentiment Analysis

Convolutional neural networks (CNNs) for text slide small filters over token embed-
dings to detect local n-gram patterns (e.g., “feel so hopeless”), then aggregate the
strongest signals via pooling.This produces position-tolerant short phrase detectors,
is parameter-efficient, and trains fast, making it optimal for short, noisy, and highly
lexical social media posts (Bucur et al., 2024; Minaee et al., 2021; Shen et al., 2022).

Let E ∈ RL×d be the embedding matrix for a post of length L (padded/truncated)
with embedding size d. A width-w filter F ∈ Rw×d produces a feature map

ci = σ
(
⟨F, Ei:i+w−1⟩ + b

)
, i = 1, . . . , L − w + 1. (18)

followed by global max pooling z = maxi ci to capture the strongest activation of
pattern F . Stacking multiple filters (varying w) gives a feature vector z fed to dense
layers and a softmax over classes. Dropout regularizes the dense layers.

As seen in Listing 9, we tokenize to a fixed vocabulary, pad sequences to length
100, and train a 1D-CNN with Rectified Linear Unit (ReLU), global-max pooling,
dropout, and a softmax head. The configuration mirrors widely used text-CNN
baselines and keeps the pipeline lightweight and reproducible.
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Listing 9: Conv1D text CNN for mental-health sentiment classification
1 # CNN ( Conv1D ) classifier on tokenized sequences
2 from tensorflow .keras. preprocessing .text import Tokenizer
3 from tensorflow .keras. preprocessing . sequence import pad_sequences
4 from tensorflow .keras. models import Sequential
5 from tensorflow .keras. layers import Embedding , Conv1D ,

GlobalMaxPooling1D , Dense , Dropout
6 from tensorflow .keras. optimizers import Adam
7 import numpy as np
8

9 max_words , max_len = 10000 , 100
10

11 # (Re) create tokenizer / padded sequences if not present
12 try:
13 tok , Xtr_pad , Xte_pad
14 except NameError :
15 tok = Tokenizer ( num_words =max_words , oov_token ='<OOV >')
16 tok. fit_on_texts ( X_train_text )
17 Xtr_seq = tok. texts_to_sequences ( X_train_text )
18 Xte_seq = tok. texts_to_sequences ( X_test_text )
19 Xtr_pad = pad_sequences (Xtr_seq , maxlen =max_len , padding ='post '

)
20 Xte_pad = pad_sequences (Xte_seq , maxlen =max_len , padding ='post '

)
21

22 cnn = Sequential ([
23 Embedding ( input_dim =max_words , output_dim =128 , input_length =

max_len ),
24 Conv1D ( filters =128 , kernel_size =5, activation ='relu '),
25 GlobalMaxPooling1D (),
26 Dropout (0.5) ,
27 Dense (64, activation ='relu '),
28 Dense(len( label_names ), activation ='softmax ')
29 ])
30 cnn. compile (loss='sparse_categorical_crossentropy ',
31 optimizer =Adam (1e -3) ,
32 metrics =['accuracy '])
33

34 hist_cnn = cnn.fit(Xtr_pad , y_train , epochs =5, batch_size =32,
35 validation_split =0.2 , verbose =1)
36

37 y_pred_cnn = np. argmax (cnn. predict ( Xte_pad ), axis =-1)
38 print("CNN ( Conv1D )")
39 evaluate_preds (y_test , y_pred_cnn , le)

As shown in Table 8, the general accuracy is 0.76 (macro-F1 0.68; weighted-F1 0.76).
The model performs very well on Normal (F1 0.92) and achieves balanced scores on
Depression (F1 0.72) and Suicidal (F1 0.68). Bipolar reaches F1 0.71, while Person-
ality disorder remains challenging (F1 0.47)—consistent with minority support and
lexical heterogeneity. The confusion matrix (Figure 25) shows residual confusion
between Depression and Suicidal, typical when local phrase patterns overlap. Com-
pared with linear TF–IDF baselines, the CNN benefits from position-tolerant phrase
detectors and learns robust cues without manual n-gram engineering; compared with
heavy transformer models, it remains fast, light-weight, and easy to tune.
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Class Precision Recall F1-score Support

Anxiety 0.78 0.70 0.74 768
Bipolar 0.69 0.74 0.71 556
Depression 0.71 0.73 0.72 3081
Normal 0.93 0.92 0.92 3269
Personality disorder 0.56 0.41 0.47 215
Stress 0.55 0.54 0.55 517
Suicidal 0.67 0.68 0.68 2131

Accuracy 0.76 10537

Macro avg 0.70 0.67 0.68 10537
Weighted avg 0.76 0.76 0.76 10537

Table 8: Conv1D CNN classification report (test set).

Figure 25: Confusion matrix for the Conv1D CNN
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Why CNNs are a good fit:

• Local phrase detectors: Short danger cues (negation, self-harm phrases) are
detected by filters, which are translation-tolerant by pooling.

• Efficiency: Large social media corpora and iterative analysis are well suited for
small footprints and fast training/inference.

• Regularization: On noisy text, dropout and max-pooling diminish overfitting.

• Extensibility: can incorporate subword/character channels to handle mis-
spellings; can be stacked with BiLSTM/transformers if higher capacity is
needed.

Recommendations:

• Tuning filter sizes (e.g., kernel sizes 3/4/5 in parallel) and the number of filters;
add character-level Conv1D for robustness to misspellings.

• Utilizing class weights or focal loss to raise recall on minority classes; add early
stopping on macro-F1.

• Initializing embeddings with task relevant pretrained vectors (e.g., domain
GloVe/fastText) and fine-tune.

• For interpretability, reporting saliency/Grad-CAM over tokens to highlight
phrases influencing predictions.

6.7 Bidirectional Encoder Representations from Transform-
ers (BERT)

BERT is a transformer-based language model for natural language processing tasks.
In the mental health context, BERT can analyze and interpret text (e.g., social media
posts or clinical notes) to identify and classify mental health conditions. By modeling
bidirectional context and nuanced language, BERT supports early identification and
intervention (Devlin et al., 2019).

Our BERT configuration follows common practice; we also reviewed public Kaggle
implementations (Saha, 2024).

Analyzing sentiment analysis related to mental health using BERT, a deep learning
model, involves several key steps. The data is split into training and validation
sets and tokenized using BERT’s tokenizer. A custom dataset class is defined for
handling data batches. The BERT model is initialized for sequence classification,
and training is conducted over 10 epochs using the AdamW optimizer. The training
loop updates model weights based on the loss calculated from predictions versus
actual labels.

After training, the model is evaluated using accuracy, precision, recall, and F1-score
metrics, and a confusion matrix is plotted to visualize prediction performance across
different mental health categories. The final accuracy achieved is approximately 0.83
as shown in Table 9.

As shown in Figure 26, rows are actual classes and columns are predicted classes;
cells show counts (darker = more). The matrix has a strong diagonal, indicat-
ing good discrimination overall. Largest confusions occur between Depression and
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Table 9: BERT classification report
Category Precision Recall F1-Score Support

Normal 0.95 0.96 0.96 3269
Depression 0.79 0.75 0.77 3081
Suicidal 0.69 0.75 0.72 2131
Anxiety 0.91 0.84 0.88 768
Stress 0.70 0.80 0.75 517
Bipolar 0.91 0.86 0.88 556
Personality disorder 0.69 0.76 0.72 215

Accuracy 0.83 10537
Macro avg 0.81 0.82 0.81 10537
Weighted avg 0.83 0.83 0.83 10537

Suicidal (Dep→Sui: 667; Sui→Dep: 497). Per-class recalls: Normal 3139/3269
(96%), Depression 2300/3081 (75%), Suicidal 1588/2131 (75%), Anxiety 648/768
(84%), Stress 413/517 (80%), Bipolar 476/556 (86%), Personality disorder 163/215
(76%). Errors for minority labels mainly map to Normal/Depression, suggesting
class-imbalance effects; targeted rebalancing and threshold tuning may reduce these
off-diagonal confusions.

This chapter compared classical and neural approaches under a unified, risk-aware
protocol. Key takeaways:

• Performance pattern: BERT yielded the strongest overall results; among
non-transformers, linear TF–IDF margins (SVM, LR) were consistently com-
petitive; CNN/LSTM were solid on short texts; tree-based and Naive Bayes
baselines trailed but remained interpretable.

• Imbalance handling: Stratified splits, class_weight=’balanced’, and class-specific
thresholds improved minority/risk-class recall (e.g., Suicidal); calibrated proba-
bilities aided operating-point selection.

• Feature/representation effects: TF–IDF remained a strong lexical baseline;
sentence-transformer embeddings improved context sensitivity; averaged
Word2Vec under-performed due to loss of word order.

• Interpretability vs. accuracy: Linear models and trees support inspection and
governance; higher-capacity models trade some transparency for gains on over-
lapping classes.

• Reproducibility: Fixed seeds, shared preprocessing, and consistent metrics (accu-
racy, macro/weighted F1, PR curves) enable fair comparison.

The limitations observed—lexical overlap between adjacent clinical labels, sparse
minority classes, and the need for calibrated, auditable decisions—motivate evalu-
ating Large Language Models that capture richer semantics, support few-shot adap-
tation, and can generate rationales. The next chapter positions LLMs relative to
our supervised baselines and covers prompting, parameter-efficient tuning, retrieval
augmentation, calibration/uncertainty, and the safety, privacy, and governance re-
quirements for mental health applications.
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Figure 26: BERT Confusion Matrix

7 Large Language Models
Large language models (LLMs) such as GPT3.5, GPT4o, Llama2, and Llama3
demonstrate strong capabilities in natural language understanding and generation
(K. Chen et al., 2024). Trained on web-scale corpora, they can be adapted to
downstream tasks including sentiment analysis and text classification, making them
promising tools for automated psychological stress detection (Ge et al., 2025). In
this domain, LLMs offer distinctive advantages: They can generate rationales that
support predictions that are just partially understandable and generalize to new
contexts with limited supervision (Ge et al., 2025; X. Wang et al., 2024). This
chapter investigates the advantages LLMs offer, the challenges they face, and their
potential impact on mental health interventions.

7.1 Introduction to LLMs
LLMs possess generative properties that allow them to provide explanations for
their predictions, enhancing the transparency of the decision-making process. This
semi-interpretability is a significant advancement, building trust and improving the
reliability of stress detection models (X. Wang et al., 2024). For instance, LLMs
can analyze user generated content on social media platforms to identify emotional
distress. By examining the language used in tweets or posts, LLMs can detect signs
of depression, such as frequent use of negative affective vocabulary (e.g., “despair”,
“pain”), self defeating comments, and discussions of self injury (Ge et al., 2025).

Large language models are effective at processing large-scale, heterogeneous text
from platforms such as Twitter, Reddit, blogs, and forums. Through self-attention,
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they capture long-range dependencies and nuanced semantics that underlie com-
plex judgments in text categorization, sentiment analysis, and psychologically
relevant assessments (Vaswani et al., 2017). Long-context and memory-augmented
approaches enable LLMs to retain and reuse temporally dispersed cues across
multi-session dialogues and can support analyses of longitudinal language change
within domain-specific monitoring pipelines (Bucur et al., 2024; Tavakoli et al.,
2025).

For governance and procurement, we refer to the FAITA–Mental Health rubric (sub-
section 7.2) when discussing deployment of LLM-based tools.

7.2 Evaluating AI Mental Health Tools
LLM tools for mental health are expanding quickly, but their safety and quality
are uneven. To bring consistency, Golden and Aboujaoude (2024) propose FAITA–
Mental Health, a practical rubric for today’s AI landscape. It adapts pre-LLM app
frameworks and rates six areas (total score 0–24). In brief: credibility asks whether
a tool has a clear goal, uses validated methods, and keeps people engaged; user ex-
perience looks at how well it adapts to the person, the naturalness of exchanges, and
whether there are easy ways to give feedback or get help; user agency covers control
of personal data and features that build self-management rather than dependency;
equity and inclusion examine cultural fit and active bias mitigation; transparency
requires plain-language disclosure of ownership, funding, development, and gover-
nance; and crisis management checks whether the tool recognizes emergencies and
routes users to appropriate local resources with follow through.

In practice, FAITA can serve as a buying or research checklist alongside ver-
sion/change logs, hallucination and guardrail tests, and privacy/security reviews.
As the authors note, the scale still needs formal validation (e.g., inter-rater reli-
ability and links to clinical or safety outcomes), so it should complement rather
than replacing risk management, bias audits, and human oversight (Golden &
Aboujaoude, 2024).

This systems view has direct implications for digital and AI tools used in mental
health. Tools should be co-designed with people with lived experience, advance
access to community based care, embed human-rights safeguards (e.g., non-coercion,
transparency), address equity and social determinants, and support prevention and
promotion as well as treatment. Therefore, we assess AI tools against these criteria
in addition to model accuracy (Freeman, 2022).

7.3 Model Families and Positioning: GPT, Llama, and Mis-
tral

LLMs differ in training data scale, tokenizer design, parameter count, and align-
ment methods. For proprietary models, GPT–3.5 and GPT–4/4o are widely used
production systems; open models such as Llama 3 and Mistral offer strong alter-
natives with local deployability. While this thesis did not empirically benchmark
proprietary APIs due to cost, privacy, and comparability constraints, we reference
their public model cards to contextualize capability tiers (Meta AI, 2024; Mistral AI,
2024; OpenAI, 2023, 2024). In the mental health setting, practical considerations
include guardrail maturity, privacy posture (on-device vs. cloud), latency, and cost
per decision, which often dominate raw accuracy when designing triage workflows.
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7.4 Training and Alignment of LLMs for Classification
Modern LLMs are trained in three stages:

(i) Unsupervised pretraining on large corpora via next-token prediction;

(ii) Task adaptation via supervised fine-tuning (SFT); and

(iii) Post-training alignment to human preferences and safety norms (e.g., Rein-
forcement learning from human feedback (RLHF) or direct preference opti-
mization).

SFT exposes models to instruction-style inputs and task exemplars; RLHF opti-
mizes responses using learned reward models that reflect human judgments of help-
fulness and harmlessness (Bai et al., 2022; Ouyang et al., 2022). For mental health
applications, alignment is not merely stylistic: it shapes denials around high-risk
content, crisis guidance, and mitigation. However, preference datasets might con-
tain cultural or demographic biases; consequently, domain-specific assessment and
clinician-in-the-loop review remain necessary. In-context scenarios and prompt style
interact with instruction following for zero/few-shot classification; attentive prompt
design can significantly impact macro-F1 without changing model weights.

7.5 Prompting Strategies for Sentiment and Risk Classifi-
cation

We consider three prompting regimes:

(i) Zero-shot with a calibrated instruction and constrained JSON output;

(ii) Few-shot with representative class exemplars (balanced across minority la-
bels); and

(iii) Chain-of-thought (CoT) with rationale suppression at output (to avoid leaking
sensitive content).

In safety-critical use, we favor JSON-only answers and deterministic decoding (low
temperature) to reduce output variance. Prompt policies should explicitly define
label schema, tie-breaking rules, and abstention (“uncertain”) to support selective
prediction and human review. We recommend logging prompts and versions for
auditability and assessing prompt robustness (paraphrase, adversarial cues) during
validation.

7.6 Parameter-Efficient Adaptation (LoRA/PEFT)
Full fine-tuning of large models is costly. Parameter-efficient fine-tuning (PEFT)
methods such as Low-Rank Adaptation (LoRA) insert trainable low-rank matrices
into attention/MLP layers while freezing the backbone (Hu et al., 2022). PEFT
typically updates ≪ 1% of parameters, reducing compute, storage, and the risk of
catastrophic forgetting. For mental health sentiment tasks, PEFT on curated, de-
identified text can close much of the gap to full fine-tuning while easing deployment
constraints. As Hu et al. (2022) mentioned, PEFT also enables label-space updates
(e.g., adding a new risk category) with minimal retraining. When combined with
instruction-tuned bases, PEFT tends to improve consistency and calibration over
pure prompting baselines.
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7.7 Retrieval-Augmented Classification (RAG)
RAG conditions the model on retrieved passages from a vetted corpus, improving
faithfulness and reducing hallucination (Lewis et al., 2020). For classification, re-
trieval can surface policy snippets (e.g., crisis guidance, referral protocols) or domain
definitions that help disambiguate adjacent labels (Depression vs. Suicidal). In men-
tal health contexts, the retrieval index must exclude personal data and adhere to
privacy and licensing constraints. RAG can also document the rationale provenance
(which sources informed the label), aiding audit and clinician review.

7.8 Uncertainty, Calibration, and Selective Prediction
Risk-aware deployment requires calibrated confidence. While decoder likelihoods
are not probabilities over labels, one can map scores to calibrated confidences using
validation data (e.g., temperature scaling for logit-based heads, Platt or isotonic
calibration for classifiers) (Guo et al., 2017). The Brier score summarizes prob-
abilistic accuracy; precision–recall curves remain preferred under class imbalance.
For high-stakes labels (e.g., Suicidal), selective prediction abstains when confidence
falls below a threshold, routing cases to human review. Conformal prediction further
provides finite-sample coverage guarantees for prediction sets under exchangeability
(Vovk et al., 2005). We recommend reporting coverage vs. set size and auditing
failure modes by class.

7.9 Safety, Privacy, and Governance for LLMs in Mental
Health

Safety extends beyond content filtering. Recent studies highlight over-trust, unclear
data handling, sensitivity of emotional disclosures, and risks across data, model,
user, and context (Baidal et al., 2025; Kwesi et al., 2025). Governance should
ensure:

(i) Scope and boundaries (context): Stating the intended use (e.g., screening,
psycho-education); explicitly exclude diagnosis/treatment; detect off-label use
and providing clear escalation.

(ii) Audit and evaluation (model/user): Auditing bias and performance across sub-
groups; testing consistency across prompts and languages; training crisis-risk
scenarios; monitor outcomes after deployment.

(iii) Data governance (data): Tracking data provenance; collect only what is nec-
essary for the stated purpose; mitigating privacy-extraction and linkability
risks; document retention and sharing.

(iv) Privacy-by-default (data): Avoiding persistent identifiers; disabling the log
retention and model-training on user content by default where feasible; uti-
lizing short-lived encrypted storage and prefering on-device processing when
possible.

(v) Up-to-date knowledge (data/model): Using retrieval-augmented answers
grounded in dated, citable sources; maintaining and documenting a regular
knowledge-refresh process.
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(vi) Robustness and safety operations (model): Red-team for poisoning, jailbreaks,
and prompt-injection; run adversarial tests; keep an incident-response play-
book for harmful outputs and data events.

(vii) User safeguards (user): Providing contextual privacy notices for sensitive con-
tent; offering simple delete/export and opt-out controls; add guardrails against
manipulation; design to reduce over-reliance; support “private mode” sessions.

(viii) Explainability and transparency (model/context): Publishing plain-language
policies and technical artifacts (model/prompt cards, data-flow and retention
diagrams, evaluation reports).

(ix) Human oversight (context): Routing high-risk interactions to qualified hu-
mans; defining governance roles; keep decision logs for accountability.

Clinical judgment ought to be supplemented by these systems, not replaced. For re-
sponsible deployment, institutional review, ongoing monitoring, and written process
controls are essential (Baidal et al., 2025; Kwesi et al., 2025).

Trustworthy-AI lens

Complementing the above controls, we apply five trustworthy AI principles (Übel-
lacker, 2024):

(i) Beneficence: Limiting scope to supportive, non-clinical use; measurement of
benefit and harm; avoiding unwarranted efficacy claims.

(ii) Non-maleficence: Running red-teaming; maintaining crisis-escalation path-
ways; block unsafe patterns; conduct regular safety drills.

(iii) Autonomy: Keeping a human in the loop for high-risk cases; obtain clear,
granular consent; provide easy opt-out, deletion, and data portability.

(iv) Justice: Auditing subgroup fairness; ensure accessible UX; reviewing equity
in refusal and triage behavior.

(v) Explicability: Providing model/prompt cards; showing data-flow and retention
diagrams; publishing versioned evaluation reports for review.

7.10 Cost, Latency, and Deployment Trade-offs
Model choice entails operational trade-offs. Proprietary APIs (e.g., GPT–4/4o) offer
strong capability and mature guardrails at a recurring per-token cost; open-weight
models (e.g., Llama 3, Mistral/Mixtral) enable private inference and tighter latency
control on suitable hardware. For batch triage, feasibility is driven by through-
put (requests/sec) and cost per 1k tokens; for interactive agents, tail latency and
consistent, policy-aligned refusal behavior are critical. Parameter-efficient tuning
and quantization reduce serving cost, and retrieval can shrink prompts to control
context-window spend.

In practice, empirical profiling shows that sparse Mixture-of-Experts (MoE) models
can match dense accuracy while supporting larger batches and higher single-GPU
throughput. The MoE layer dominates runtime; batch size is bounded mainly by
GPU memory and sequence length; and throughput typically shifts from memory-
to compute-bound as batch size increases. An analytical model further estimates
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Table 10: LLM families at a glance (capabilities and deployment posture; sources:
model cards).
Model family Access Notable strengths Deployment

GPT–3.5 /
GPT–4/4o Proprietary API Strong instruction

following; mature
safety tooling;
long context (4o)

Cloud API

Llama 3
(8B/70B) Open weights Competitive

instruction
models; local
fine-tuning via
PEFT

On-premises /
cloud

Mistral /
Mixtral Open weights Efficient

small/mixture
models; good
latency

On-premises /
cloud

Gemini 1.5 Proprietary API Multimodal; long
context

Cloud API

fine-tuning cost across GPUs (e.g., A40/A100/H100), helping select a cost-efficient
setup (Xia et al., 2024).

7.11 Reference Model Families and Sources
We cite representative proprietary and open LLM families for context (GPT–3.5,
GPT–4/4o; Llama–2/3; Mistral) but do not run new API-based experiments due to
cost, privacy, and comparability constraints. Specifications are taken from public
model cards (Meta AI, 2024; Mistral AI, 2024; OpenAI, 2023, 2024). Table 10
follows public results that are not directly comparable to our supervised experiments
without matched data, prompts, and evaluation protocols.

7.12 Leveraging GPT-2 for Text Generation in Mental
Health Support

gpt-2 (Generative Pretrained Transformer 2) is a generative language model that
employs the transformer architecture to produce fluent, context-sensitive continua-
tions from short prompts (Radford et al., 2019; Vaswani et al., 2017). Pretraining
on web-scale corpora equips gpt-2 with broad lexical and syntactic knowledge, en-
abling strong zero-shot and few-shot performance on completion, summarization,
and dialogue. Although surpassed in scale by recent models, gpt-2 remains a prac-
tical baseline for domain adaptation and controlled generation.

For mental health related prompts, A pretrained gpt-2 model and tokenizer have
been used to generate continuations; the primary instance was taken from a dataset
that focused on anxiety. The resulting text illustrates topical coherence and salient,
contextually relevant language. Prompting with “Tips for managing anxiety”
demonstrated the model’s ability to produce concise, actionable suggestions in a
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self-help style. These demonstrations underline gpt-2’s potential to support con-
tent creation for psycho-education and low-intensity digital interventions (Radford
et al., 2019; Vaswani et al., 2017).

Domain adaptation and safety

We develop the model for fine-tuning on a curated corpus of mental health state-
ments to improve domain alignment. Fine-tuning minimizes irrelevant or off-topic
outputs and aligns word choices, tone, and content with domain standards (e.g.,
psycho-educational accuracy, supportive style). The application should include
adaptable safety mechanisms (request limits, response filtering), rigorous human
review, and evaluation against clinical style criteria to reduce risks such as hal-
lucinations, overgeneralization, or inappropriate advice. Above all, AI-generated
information should be used to support professional treatment; open communication
with crisis resources and clinician oversight are essential.

Evidence of applicability

Recent applications suggest that transformer-based models, including gpt-2, can be
adapted for mental health contexts ranging from informational chat-bots to therapy-
adjacent support tools, provided that domain-specific training and guardrails are
in place (Mohssen & Safi, 2024). Within these bounds, gpt-2 offers a tractable
platform for research prototypes and for studying the effect of targeted fine-tuning
on generation quality, specificity, and safety in anxiety-management content.

Beyond GPT-2

Newer instruction following LLMs (GPT-3/3.5/4) can accelerate qualitative cod-
ing and theory-building workflows (structured prompting, JSON outputs, RAG,
long-context). We treat these as tooling rather than clinical evidence, while domain
claims remain grounded in mental health specific sources elsewhere (Übellacker,
2024).

Next, we present LLM assisted triage examples drawn from the Kaggle dataset
analyzed in this thesis. In our implementation, prompts are instrumented to re-
turn schema-validated JSON fields (label, risk, rationale, escalation) for downstream
modules.

7.13 LLM-Assisted Triage Examples (Illustrative; Not a
Substitute for Clinical Care)

The following responses were generated by ChatGPT (OpenAI, 2025)

Anxiety:
User input: “I haven’t slept well for 2 days; I’m restless. Why huh?”

Interpretation: Sleep disturbance plausibly linked to stress or anxiety; alter-
natively, positive arousal/overstimulation may contribute.

Response characteristics: Brief, empathetic normalization; suggest sleep-
hygiene strategies and stress-reduction techniques; encourage monitoring and,
if persistent/worsening, consultation with a professional.

Suicidality:
User input: “My idea of hell would be if there were a heaven... I really want
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to be dead...”

Response characteristics: Prioritize safety; express empathy without mini-
mization; advise immediate help-seeking (trusted contacts, crisis lines, emer-
gency services if at risk); avoid detailed means discussion; encourage follow-up
with mental health professionals. Note: High-risk content requires escalation
pathways; automated support must be complemented by human intervention.

Depression:
User input: “I’m a pathetic piece of trash... my weekend is just sleeping,
phone, one meal.”

Interpretation: Marked self-deprecation, hopelessness, and behavioral with-
drawal consistent with depressive symptoms.

Response characteristics: Validating distress; counter global negative self-
judgments; suggest small, achievable activities and social contact; recommend
professional evaluation if symptoms persist or impair functioning.

Bipolar:
User input: “Feeling like I’m being watched/judged constantly ... it usually
feels invasive ... sometimes I weirdly enjoy it ... I’m not really sure how to
deal with it.”

Interpretation: Heightened self-referential salience and ideas-of-reference–like
experiences can occur with anxiety or during mood elevation (hypomania/-
mania), where arousal, distractibility, and attention to external cues increase;
mixed feelings (distress yet occasional enjoyment) align with fluctuating mood
and reward sensitivity.

Response characteristics: Validating the distress and confusion; encourage
sleep regularity and daily routine; use grounding/attention-shifting (5–4–3–
2–1 senses, paced breathing, descriptive labeling); reduce triggers (caffeine,
alcohol/THC); track mood and sleep. Seek timely professional assessment
if symptoms persist or are accompanied by decreased need for sleep, racing
thoughts, grandiosity, marked impulsivity, or psychotic-like features. Note: If
perceptions escalate to voices/commands, strong paranoia about harm, or any
self-harm intent, prioritize immediate safety and crisis resources.

Normal:
User input: “my macbook just froze luckily i was able to take a screen shot of
my paper and retyped the end of it i submitted my paper min late.”

Interpretation: An everyday tech failure with acute frustration and time pres-
sure; content is situational and not indicative of a mental health concern.

Response characteristics: Acknowledge the hassle and stress; suggest prac-
tical safeguards (autosave, frequent versions, cloud sync, scheduled backups,
submission time buffer); recommend quick recovery steps (forced restart, up-
dates, disk checks) and short decompression after submission (hydration, brief
walk, breathing). Encourage self-compassion for minor delays; if tech issues
or deadline stress recur frequently, plan workflow and contingency buffers.

Stress:
User input: “I’m 29 and I have great difficulty relaxing.”
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Interpretation: Ongoing hyperarousal and trouble down-regulating; often
linked to workload, rumination, sleep debt, or stimulant use. Screen for
duration, impairment, muscle tension, irritability, and sleep disruption; differ-
entiate from generalized anxiety if worry is pervasive and hard to control.

Response characteristics: Validate the experience; suggest brief, evidence-
based down-regulation: diaphragmatic breathing (inhale 4s, exhale 6s) 5–10
minutes, progressive muscle relaxation, and brief mindfulness. Recommend
sleep hygiene (regular schedule, evening screen/caffeine limits), micro-breaks
and boundary setting, scheduled worry time, and regular physical activity. If
symptoms persist >2 weeks, markedly impair functioning, or co-occur with
panic/insomnia/depressive symptoms, seek professional evaluation.

Personality disorder:
User input: “Just got home from a party ... I stood awkwardly the whole
time, felt hyper-aware of eyes on me, avoid dancing/games/karaoke because I
fear being judged and rejected. I wish I could let loose and have fun.”

Interpretation: Strong self-consciousness, fear of negative evaluation, and
rigid avoidance of self-expression; substance use (alcohol/THC) did not
reduce hyper-arousal. This presentation overlaps with social anxiety and
avoidant/self-critical trait patterns; dataset label does not imply diagnosis.

Response characteristics: Validate the distress; reduce safety behaviors (hid-
ing, avoiding eye contact, constant self-monitoring). Use graded exposure
to valued actions (e.g., greet one person, join a short game, sing one cho-
rus) with pre-planned coping (paced breathing, attention shifting to external
details). Practice compassionate self-talk and cognitive reappraisal of perfec-
tionistic standards (“good enough participation over performance”). Limit
alcohol/Tetrahydrocannabinol (THC) if they worsen monitoring or rebound
anxiety. Set small approach goals, progress of the debrief, and reward effort.
If longstanding and impairing, consider CBT/DBT or schema-focused therapy;
seek professional evaluation.

LLMs can surface plausible interpretations and provide supportive, psycho-
educational guidance. They must operate within safety guardrails and clearly direct
users to professional care; they are adjuncts—not replacements—for clinicians.

7.14 Challenges and Limitations
Despite advances, foundation LLMs are optimized for broad objectives and often
lack theory-guided, domain-specific priors for psychological applications (X. Wang et
al., 2024). Performance can be brittle: cue-driven detectors (e.g., BERT/RoBERTa
variants) may overfit lexical shortcuts and generalize poorly across contexts and pop-
ulations (Ge et al., 2025). Clinical use raises safety, bias, and calibration concerns
that require explicit guardrails and human oversight. Compute and environmen-
tal costs of training/fine-tuning remain substantial; parameter-efficient tuning (e.g.,
adapters/LoRA), transfer learning, and domain adaptation can improve validity
while reducing resource use (X. Wang et al., 2024). Addressing these limitations is
critical for trustworthy, scalable, and clinically actionable stress-detection systems.

Our models are cross-sectional and focus on system-level interactions; we do not
capture PPCT-style proximal processes or chronosystem dynamics, which limits

96



causal and developmental inference (Eriksson et al., 2018).

7.15 Ethical Considerations
Use a precautionary, clinician-in-the-loop approach grounded in non-maleficence
(Übellacker, 2024). Systems should be transparent about capabilities and limits,
provide traceable rationales where feasible, and document data sources and evalua-
tion procedures. Clinical judgment should not be replaced by LLMs, but supported;
high-risk content (such as suicidal thoughts) should be immediately referred to cri-
sis services, and experienced professionals should continue to make final decisions
regarding diagnosis and treatment (Y. Liu & Wang, 2025; Übellacker, 2024). Reg-
ular bias checks, robust data set governance, and reducing unequal performance
are essential for fairness. Data minimization, secure management, and regulatory
compliance are essential for privacy and consent. Continuous post-release monitor-
ing, audit trails, and transparent accountability for model changes and failures are
essential for responsible deployment.

7.16 Evaluation Metrics
Robust evaluation requires metrics beyond overall accuracy under class imbalance
(Ge et al., 2025). Models should report precision, recall (sensitivity), specificity, and
F1-score. Calibration (e.g., Brier score) and per class analyses further clarify failure
modes and clinical usability.

Foundational Model Paradigms

• BERT (Bidirectional Encoder Representations from Transformers): trained
with bidirectional masked-language modeling; excels at contextual under-
standing for classification, QA, and NER.

• GPT (Generative Pretrained Transformer): auto-regressive, left-to-right
training confers strong text generation and continuation abilities suitable for
dialogue and creative or assistive writing.

These paradigms underpin subsequent LLM developments and benchmarks (X. Chen
& Lin, 2025).

7.17 Future Directions
• Combining mental health detection with event detection so that social media

signals map to real-world risks (e.g., crises), enabling earlier alerts and triage
(Ge et al., 2025).

• Personalization with retrieval-augmented generation (RAG): tailoring assess-
ments and guidance by retrieving domain knowledge and relational context
(X. Chen & Lin, 2025; Ge et al., 2025).

• Explainable LLM-based data synthesis: Generating privacy-preserving syn-
thetic corpora while studying explanation fidelity and reliability (Ge et al.,
2025).

• Theory-informed and hybrid modeling: Embedding cognitive/clinical theory
and combine semantic embeddings with statistical features (e.g., TF–IDF)
(X. Chen & Lin, 2025; X. Wang et al., 2024).
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• Resource-efficient adaptation: Transferring domain adaptation, learning and
parameter-efficient tuning in order to reduce compute and environmental costs
(X. Wang et al., 2024).

• Ethics, safety, and governance: Enforcing transparency, human oversight, bias
auditing, and privacy protections across the lifecycle (Übellacker, 2024).

• Cross-platform and multimodal fusion: Aggregating of signals across platforms
and modalities (text, imagery, metadata) (X. Chen & Lin, 2025; Ge et al.,
2025).

• Longitudinal validation: Tracking within user language changes over time to
assess trajectory and intervention impact (X. Wang et al., 2024).

Although LLMs show promise for nuanced language understanding, the standard
use for classification remains limited; integrating of complementary models and
multi-modal data, alongside rigorous ethical safeguards, is essential for accurate,
trustworthy, and clinically relevant deployment (X. Chen & Lin, 2025; Ge et al.,
2025; Übellacker, 2024; X. Wang et al., 2024).

7.18 Computing Environment
Experiments were executed in Jupyter (Notebook/Lab) on a Lenovo ThinkPad run-
ning Windows 11 with an Intel Core i7-8550U (4c/8t, base 1.99 GHz), 16 GB RAM,
Intel UHD Graphics 620 (integrated iGPU; shared memory 7.9 GB; no CUDA), and
a 512 GB NVMe SSD; Python 3.11.9. All training and evaluation ran on CPU (no
discrete GPU acceleration)

7.19 Challenges Associated with Current Models
During data testing and model training, several practical constraints emerged when
implementing architectures such as BERT, GPT-2, and RoBERTa. Architectural
complexity and high computational demands were the main causes of this; assess-
ment and training cycles frequently took longer than five minutes per iteration,
which hindered experimentation and hyperparameter adjustment. A primary bot-
tleneck involved software compatibility: a Python 3.11.9 environment proved incom-
patible with key dependencies (notably PyTorch and packages in the transformers
stack). Standardizing to Python 3.10.17 and aligning PyTorch, CUDA (where ap-
plicable), and transformers versions resolved conflicts and restored a stable pipeline.
Operational mitigations included isolated virtual environments, pinned package ver-
sions, mixed precision where hardware permitted, and caching datasets/models.
With these adjustments, training and evaluation became more robust and time ef-
ficient.

This chapter positioned large language models (LLMs) for mental health text tasks,
outlining:

(i) Capabilities - rich semantics, few-shot generalization, rationale generation;

(ii) Practical adaptation routes - prompting, PEFT/LoRA, retrieval-augmentation;

(iii) Risk-aware operation - calibration, uncertainty, selective prediction; and

(iv) Governance requirements - safety, privacy, fairness, transparency.
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We also mentioned the necessity for clinical workflow deployment and the existing
restrictions (dataset shift, brittleness, computation).

We now turn to the Findings to quantify performance. Using the common protocol
established earlier, we report accuracy and macro/weighted F1, confusion matrices,
and precision–recall analyses to compare classical baselines (TF–IDF + linear mod-
els), neural models (CNN/LSTM), and transformer encoders (BERT), highlighting
trade-offs between accuracy, robustness, and interpretability.
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8 Findings
The performance of the candidate models was evaluated on a common held out
split using two complementary metrics—accuracy and weighted F1 in order to re-
flect overall correctness and the balance between precision and recall under class
imbalance. The results are summarized in Table 11.

Model Accuracy F1-score (weighted)

Logistic Regression 0.76 0.76
Decision Tree 0.64 0.64
Random Forest 0.70 0.69
Naive Bayes 0.67 0.66
SVM (LinearSVC) 0.78 0.77
LSTM 0.73 0.73
CNN (Conv1D) 0.76 0.76
BERT 0.85 0.84
TF–IDF + Logistic Regression 0.76 0.76
Word2Vec + Logistic Regression 0.61 0.63
Sentence-Transformers + Logistic Regression 0.73 0.74

Table 11: Comparative Summary Table

Across models as seen in Table 11, the transformer baseline (BERT) yields
the strongest results (accuracy 0.85, weighted F1 0.84). Among non-transformer
approaches, linear margins on TF–IDF are consistently strong: SVM reaches
0.78/0.77 and TF–IDF + logistic regression 0.76/0.76, closely matched by the CNN
(0.76/0.76). The LSTM attains 0.73/0.73 under the short-sequence setup used here.
Tree-based learners are moderate (random forest 0.70/0.69, naive Bayes 0.67/0.66,
decision tree 0.64/0.64). Among embedding baselines, sentence-transformer em-
beddings with logistic regression are competitive but trail the best linear model
(0.73/0.74), while average Word2Vec embeddings perform lowest (0.61/0.63).

Interpretation

(i) Lexical TF–IDF with linear decision functions remains a strong, transparent
baseline.

(ii) Contextual encoders (BERT) provide the best balance overall.

(iii) Sentence-level embeddings without task adaptation are competitive but do not
surpass the top TF–IDF margin; simple Word2Vec averaging is least effective.

(iv) For minority, clinically salient labels, adopt explicit imbalance mitigation
(class weights/thresholding), probability calibration, and targeted error anal-
ysis of adjacent classes (e.g., Depression vs. Suicidal).

8.1 Visualization of Results
The bar charts in Figure 27 summarize accuracy and weighted F1, underlying the
gap between contextual encoders and simpler baselines and the strong performance
of linear TF–IDF margins.
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Figure 27: Model comparison bars
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9 Conclusion
This thesis examined how Natural Language Processing can support mental health
assessment from social media text by comparing classical ML models with deep
neural architectures under a unified, reproducible pipeline. A curated, multi-source
corpus was preprocessed, exploratory analyses informed feature design (including
log transforms for skewed counts), and models were evaluated on a held out split
using accuracy and F1 (macro and weighted) to account for class imbalance.

9.1 Summary of Findings
Contextual encoders delivered the strongest overall performance: BERT achieved
the top results on our test set (accuracy 0.85, weighted F1 0.84). Among
non-transformer approaches, linear margins on TF–IDF are consistently strong:
SVM reached 0.78/0.77 (accuracy/F1), and TF–IDF + logistic regression 0.76/0.76,
closely matched by the CNN baseline 0.76/0.76. The LSTM attained 0.73/0.73
under the short-sequence setup used here. Tree-based learners were moderate
(random forest 0.70/0.69, decision tree 0.64/0.64, naive Bayes 0.67/0.66). Among
embedding baselines, sentence-transformer embeddings with logistic regression
were competitive (0.73/0.74) but did not surpass the best TF–IDF margin, while
average Word2Vec embeddings performed lowest (0.61/0.63). These results indicate
that context-aware encoders (transformers) and strong lexical baselines (linear
TF–IDF) are most effective on this corpus, whereas simple embedding averages
under-represent clinically salient nuance.

9.2 Contributions
(i) A transparent, apples-to-apples comparison across classical and deep models

under consistent preprocessing and metrics;

(ii) Evidence that TF–IDF remains a strong, low-cost representation for linear
learners on sparse text;

(iii) Feature analysis shows that length measurements are largely redundant and
should be combined or normalized, but at the same time, stylistic proxies
(e.g., average word length) add complementary signal; and

(iv) A reproducible pipeline with documented artifacts for assisting additional re-
search and implementation.

9.3 Limitations
This study has several limitations. First, class imbalance and possible label noise
reduce recall for minority classes and can bias aggregate scores. Second, because the
dataset spans multiple platforms and time periods, external validity to new com-
munities, languages, or time windows will require domain adaptation and prospec-
tive validation. Third, the computational demands of large transformer models
constrain real time or edge deployment. Finally, ethical considerations, including
privacy, informed consent, fairness across populations, and the risk of harm from
misclassification, necessitate human oversight, transparent documentation, and for-
mal governance.
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9.4 Future Work
Priorities include:

(1) Stronger imbalance treatment (class-weighted losses, calibrated thresholds, re-
sampling),

(2) Domain adaptation and continual learning for distribution shift,

(3) Hybrid feature design that fuses contextual embeddings with targeted linguistic
features,

(4) Interpretable analyses (e.g., SHAP/attention) to surface actionable cues,

(5) Resource-efficient adaptation of large models (parameter-efficient tuning), mul-
tilingual/multimodal extensions, and

(6) Rigorous ethical safeguards with clinician-in-the-loop evaluation and clear esca-
lation pathways for high-risk content.

9.5 Closing Remarks
NLP provides a reliable path to scalable and timely support for mental health as-
sessment. With appropriate safeguards, contextual models can augment clinical
judgment without replacing it by improving early screening and long term monitor-
ing. The comparative evidence and pipeline developed here form a practical basis
for future interdisciplinary work focused on higher accuracy, greater robustness, and
responsible deployment.
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