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ABSTRACT

Major mental health disorders, like depression and anxiety, constitute a growing global
public health challenge grossly exacerbated by large-scale crises, such as that presented
by the COVID-19 pandemic. The unprecedented disruption brought on by prolonged
lockdowns, social isolation, economic uncertainty, and health-related stressors has
increased psychological distress throughout diverse populations, leading to an increase
in undiagnosed and untreated mental health disorders. The early recognition and
correct classification of depression and anxiety are thus very important to facilitate
timely intervention and the development of appropriate mental health policies. Against
this background, Machine Learning (ML) and Deep Learning (DL) approaches have
emerged to have potential for use in the automated assessment of mental health.

The proposed thesis seeks to move the state-of-the-art in automated detection
of depression and anxiety by thoroughly examining classical ML, DL, and hybrid
intelligent techniques based on psychological assessment data obtained during and post
the COVID-19 era. Contrary to several prior approaches that have a narrow focus and
binary classification boundaries, this study will prioritize scalability and multiclass
prediction tasks.

The thesis starts by performing a systematic literature review on ML,DL based
mental health evaluation techniques, particularly in terms of COVID-19-related
depression and anxiety. The literature survey analyzes different techniques, datasets,
instruments, feature designs, and metrics that are currently used. Critical gaps in the
literature are identified, including the absence of long-term studies, multi-class studies,
the consideration of the size of datasets in analyses, rigorous statistical validation of
the models, and the use of learning framework combinations. The thesis also examines

post-pandemic mental health outcomes, highlighting emerging trends and research

vi



directions. These areas provide a foundation to the methodological contributions made
in this thesis.

In the subsequent phase, the thesis examines the effect of the size of the dataset on the
predictive capabilities of the traditional classifiers based on ML, such as the K-Nearest
Neighbor (KNN) classifier, the Decision Trees (DT) classifier, the Random Forest (RF)
classifier, and the Support Vector Machine (SVM) classifier. The experiment will make
use of mental health survey data obtained during the COVID-19 pandemic. The results
show that the model performs better with an increase in the size of the dataset, and it
helps in understanding optimal levels of dataset collection needed to make a mental
health model.

The work is further continued with a comparative assessment of DL models
to classify depression and anxiety. Different DL models like Artificial Neural
Network (ANN), Recurrent Neural Network (RNN), Long Short-Term Memory
Network (LSTM), Convolutional Neural Network (CNN), and TabNet are used on
three different mental health datasets. The data shows that the performance of DL
models, especially LSTM and CNN, is significantly better than traditional ML models in
modeling complex interactions in features and multiclass classification. This outcome
points to the effectiveness of applying DL models to model psychological patterns
related to depression and anxiety.

However, to circumvent some limitations in single models, some models in this
research use a combination of several models with complementary properties. This
combination will be in the form of hybrid classifiers; some examples include DT+KNN
classification and RF+NN classification. The empirical outcomes have clearly indicated
the ability of the proposed hybrid models to provide significantly higher levels of
predictive accuracy and robustness than the stand-alone classifiers, performing up to
99-100% accuracy on some datasets. This confirms the effectiveness of the hybrid
learning approach for precise mental health prediction.

The originalities in the thesis lie in the formulation of two predictive models for
the detection of depression and anxiety. Firstly, the development of the multiclass
Depression Anxiety-TabSVM (DA-TabSVM) hybrid model has taken place in order to
tackle the complex, nonlinear nature of the data in the psychological tables. Secondly,

the formulation of the Adaptive Sigma KNN (ASKNN) model has taken place. The

Vil



model has the unique ability to alter the weight given to the surrounding samples
through the adaptation of the sigma parameter. In traditional KNN models, this has
not been the case. Thorough experimental studies, including cross-validation, analysis
of Area Under the Curve — Receiver Operating Characteristic (AUC-ROC) curves, and
statistical significance tests with the Friedman and Wilcoxon signed-rank tests, support
that the new models clearly outperform existing baselines in ML. The effect-size
analysis via Cohen’s d and Clift’s Delta values strengthens the relevance of the obtained
improvements. Furthermore, this thesis proposes a Feature-Weighted Adaptive Kernel
KNN (FW-AK-KNN) model that incorporates feature importance and adaptive kernel-
based neighbor weighting to enhance both accuracy and interpretability in mental health
prediction.

On the whole, this thesis makes a valuable contribution to a complete, scalable, and
statistically valid framework for the automatic diagnosis of depression and anxiety using
ML, DL, and hybrid models. With the development of trustworthy and efficient methods
of identifying mental health disorders at an earlier stage, the presented solutions
contribute to global initiatives with regard to mental health issues and are in line with
the United Nations (UN)’s Sustainable Development Goal (SDG) 3 and the importance

of Al solutions in managing this burden worldwide.
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Chapter 1

Introduction

The issue of mental health is one of the crucial components of overall health and
wellness, and it has been recognized as such in the framework of the UN SDG, as part
of the aim for “Good Health and Well-Being”. The goal is aiming to reduce premature
mortality from non-communicable diseases, including mental health disorders, by
2030 [1]. Mental illnesses like anxiety and depression may have a huge impact on
the personal, social, educational, and professional lives of the patients. But stigma,
ignorance, and lack of access to professional mental health care may cause delays in
diagnoses and treatment, especially in developing nations like India.

The pandemic which started in the year 2020 has led to some unusual health
care steps like lockdowns, traveling restrictions, and disruption in education and work
[88,165,216]. These events, along with social isolation, financial instability, and
the loss of family members, led to greater stress levels and heightened fears of a
corresponding mental health crisis [133, 135, 154, 181, 189].

The COVID-19 pandemic has left no lives unaffected [133,221]. Unknown
to many, people were discreetly battling growing mental health issues, masking
the actual scope of the catastrophe. Social isolation and loneliness are inherently
associated with worse physical and mental health results impacting children and youth
[20,135,139,154,163,182,232].This research focuses on the less visible mental health
consequences of the COVID-19 pandemic, particularly the increase in anxiety and
depression. Depressive disorders are characterized by persistent depressive symptoms,

diminished interest or pleasure, fatigue, changes in sleep or appetite, and difficulty



concentrating, while anxiety disorders are marked by sensations of apprehension and
dread [77]. Anxiety disorders include a wide range of conditions, such as panic
disorder, Generalized Anxiety Disorder (GAD), social anxiety disorder, Obsessive-
Compulsive Disorder (OCD), and Post-Traumatic Stress Disorder (PTSD). Seeking
help for mental health problems poses a serious stigma in India, and individuals often
avoid seeking professional help, resulting in delayed or missed diagnosis and affecting
their personal, social, and economic well-being. Depressive disorders are the greatest
cause of non-fatal health losses globally [260].

The prevalence of anxiety and depression disorders worldwide from 1990 to 2020
is shown in Table 1.1. Following natural disasters, the incidence of psychiatric
diseases and psychological discomfort rises [16]. Fig. 1.1 shows how the prevalence of
anxiety and depression disorders changed globally between 1990 and 2020. Anxiety
disorders affected 194.9 million persons in 1990, while depressive illnesses affected
170.8 million [50]. These figures rose to 267.2 million for anxiety, and 311.1 million
for severe depressive disorder by 2015 [251]. According to Table 1.1, 301.4 million
individuals suffered from anxiety disorders and 279.6 million from depressive disorders
in 2019. Both conditions significantly increased as a result of the pandemic, as
Table 1.2. According to pre-pandemic forecasts, there will be 193 million cases
of severe depressive disorder and 298 million cases of anxiety disorders in 2020.
However, post-pandemic data showed that 246 million people had severe depression

and 374 million had anxiety disorders [206], which has been depicted in Fig. 1.2.

Table 1.1: Anxiety and depression prevalence worldwide (in millions) between 1990
and 2020

Year | Anxiety | Depression
1990 | 194.9 170.8
2015 | 267.2 311.2
2019 | 3014 279.6
2020 | 374.0 246.0

Table 1.2: Global Prevalence of Anxiety and Major Depressive Disorders in 2020

Year / Disorder | Cases in 2020 be- | Additional cases in | Total cases in
fore COVID-19 2020 due to COVID-19 | 2020

Anxiety 298 76.2 374

Depression 193 53.2 246
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1.1 Motivation

Past pandemics have demonstrated that serious infectious diseases can have a profound
psychological impact, often leading to moral panic” and a sense of stigma that spreads
globally [76]. COVID-19 was accompanied by an “infodemic”: a huge amount of
frightening information and disinformation that increased public apprehension. False
information continues to drive societal concern since individuals now rely on social
media for information. Behavioral responses, such as panic buying, emerge due to
the fear of shortages of supplies. Such compulsive buying is according to heightened
arousal and feelings of scarcity in the context of the pandemic [101]. Effective usage
of the government’s social media outlets will mitigate the effects of this infodemic by
reducing public panic and increasing proper compliance with new regulations [233].
That calls for the understanding and tackling of broader psychological impacts of the
pandemic. It also refers to issues such as lockdowns, information overload, and social
isolation.

While governmental communication strategies and official social media inter-
ventions have been shown to mitigate public panic to some extent, these measures
primarily address information dissemination rather than the underlying psychological
distress experienced by individuals. Prolonged lockdowns, social isolation, and
continuous exposure to distressing content have compounded mental health challenges,
highlighting the limitations of conventional policy-driven and awareness-based
interventions. These situations highlight the necessity of systematic, scalable, and
objective methods for early detection and monitoring of mental health disorders like
anxiety and depression.

In this regard, data-driven computational methods present a viable way to deal
with the wider psychological effects of pandemics. By leveraging ML and artificial
intelligence (AI) methodologies, it becomes possible to analyze large-scale mental
health data, uncover latent patterns associated with psychological distress, and
support timely screening beyond traditional clinical settings. This necessity motivates
the present research to explore advanced ML, DL, and hybrid intelligence-based
frameworks capable of robustly detecting depression and anxiety in post-pandemic

scenarios.



1.2 Research Gaps

There is still a dearth of recent, thorough, and methodically organised literature reviews
that critically examine and contrast ML and DL approaches for the detection and
prediction of anxiety and depression, despite the expanding body of research on mental
health assessment during the COVID-19 pandemic. The following research gaps have
been discovered and are described in this section based on a critical study of the body

of existing literature and current research trends.

1.2.1 Limited Literature Reviews

The lack of fresh, comprehensive literature reviews on ML and DL models used to
detect and forecast anxiety and sadness brought on by the COVID-19 pandemic is the

research gap.

1.2.2 Lack of Analysis of Psychological Assessment Tools

There is an absence of detailed analysis of the commonly used psychological assessment

tools in this context, indicating the need for a more specialized investigation.

1.2.3 Lack of Comparative Examination of ML/DL Model Perfor-

mance

A thorough assessment and comparison of ML and DL models for the detection of

anxiety and depression is lacking in current research.

1.2.4 Absence of Post-COVID Mental Health Dataset

There is no post-COVID mental health dataset available, making it difficult to assess

the actual long-term impact of COVID-19 on mental health.

1.2.5 Need for Improved Model Development

Developing an improved model presents an opportunity for more accurate detection of

depression and anxiety.



1.2.6 Need to Analyze ML Performance on Varying Dataset Sizes

There is a need to analyze ML model performance across varying dataset sizes in the

context of anxiety and depression detection.

1.3 Problem Statement

The key problem addressed in this research is the lack of sufficiently robust and reliable
ML and DL approaches for anxiety and depression detection that adequately address
challenges related to model performance, interpretability, dataset size, and the use of
sensitive mental health data. This research therefore investigates and develops ML and
DL based approaches to improve the effectiveness and reliability of automated anxiety

and depression detection while addressing the identified research gaps.

1.4 Overview of the Proposed Methodology

The methodology proposed in this research involves the use of ML, DL, and hybrid
methods for the classification of depression and anxiety severity. Data for the study were
collected using the Beck depression inventory (BDI) and Beck anxiety inventory (BAI)
instruments, and the resulting questionnaire responses were used as input to various
ML and DL models for severity classification. As part of this research, three models,
namely DA-TabSVM, ASKNN, and FW-AK-KNN, were proposed for the classification

of depression and anxiety severity.

1.5 Research Objectives and Contribution of the Thesis

This thesis’s main goal is to create and assess ML and DL based models for the
precise identification and forecasting of anxiety and depression, utilising psychological

screening tools that have been validated. The thesis achieves the following objectives:

* Objective 1: Literature Review - To conduct a systematic literature review
and analysis of existing research on anxiety and depression detection employing

machine learning and deep learning models.



— Contribution: In order to assess the advantages and disadvantages of
different ML and DL techniques for identifying anxiety and depression,
the suggested thesis does a thorough, methodical literature analysis.

(Completed by Journal 2 and Conference 3)

* Objective 2: Comparison of Existing ML/ DL Techniques - To study,
implement, and analyze the performance of Deep Learning/Machine Learning
classification models: Decision Tree, Random Forest, Support Vector Machine,

KNN employed for anxiety and depression detection induced during COVID-19.

— Contribution: Four ML algorithms for mental health assessment—REF,
DT, SVM, and KNN—are compared in this work. The study emphasises
the importance of dataset size in improving ML models’ predictive skills
for reliable and accurate evaluations. This work explores the application
of DL techniques in the analysis of depression and anxiety, aiming to
enhance understanding, diagnosis, and treatment strategies. Five distinct
DL models—namely, NN, CNN, RNN, LSTM, and TabNet are evaluated
and compared within the context of depression and anxiety analysis on
three different datasets in conference paper 1. (Completed by Journal 1 and

Conference 1).

* Objective 3: Improved Algorithm / Novel Approach - To study and analyze
the impact of COVID-19 on ongoing college students employing improved Deep

Learning/Machine Learning model for depression and anxiety detection.

— Contribution: The proposed work implements existing algorithms
DT+kNN and RF+NN to efficiently predict mental health conditions like
depression and anxiety using data from psychological instruments. It also
introduces DA-TabSVM, a novel hybrid model that combines TabNet with
SVM for the detection of depression and anxiety disorders. The suggested
hybrid strategy consistently achieved the maximum precision, recall, F1-
score, and accuracy in the performance study of the DA-TabSVM model
in identifying depression and anxiety using three datasets, outperforming

or matching traditional ML and other hybrid models. KNN and extensions



have been extensively used in disease detection. In this work, ASKNN is
proposed, an improved version of KNN that adapts neighbor influence
dynamically with an adaptive sigma parameter, enhancing predictive
accuracy and stability in mental health classification. This work introduces a
FW-AK-KNN model that improves upon the traditional KNN approach by
integrating feature importance into the distance calculation and applying
adaptive kernel-based weighting to neighbors, thereby enhancing both
predictive accuracy and interpretability in mental health prediction.

(Completed by Conference 2, Journal 3, Journal 4, and Journal 5).

1.6 Significance of the Thesis

This thesis is important because it can use cutting-edge ML and DL techniques to
improve the detection and prediction of anxiety and depression. This work seeks to
contribute to both theoretical understanding and practical applications by filling in the
existing research gaps, such as the lack of post-COVID mental health datasets and the
restricted comparative studies of ML/DL models.

The outcomes of this thesis can aid mental health professionals in early detection and
intervention, inform policy decisions, and provide a framework for integrating federated
learning approaches in privacy-preserving mental health systems. Additionally,
it improves comprehension of model performance across different dataset sizes,

guaranteeing improved generalisation and practicality.

1.7 Thesis Overview

This thesis is organised to give readers a thorough grasp of the study problem,
methods, and results. There are eight chapters in this thesis. The impact of the
COVID-19 pandemic on mental health and the rationale for this study are covered in
Chapter 1, Introduction. The literature review of earlier studies on the identification of
anxiety and depression is included in Chapter 2, Literature Review. It also addresses
gathering the underlying information and insights needed to identify anxiety and despair

after the COVID-19 epidemic. It describes the psychological instruments, types



of depression and anxiety, and various techniques used to diagnose depression and
anxiety. Furthermore, it presents the ML and DL models used to automate depression
and anxiety detection, including different data processing techniques for psychological
instruments and the various ML and DL based models. It explains the publicly available
datasets for the use of psychological tests to identify anxiety and depression. Chapter
3, Unveiling the Impact of Dataset Size on Machine Learning Models for Anxiety and
Depression Prediction amid the COVID-19 Pandemic: Determining Optimal Data
Collection Thresholds, addresses the problem of determining the optimal dataset size
required for effective use of ML and DL models.

Chapter 4, Exploring Deep Learning Architectures for Mental Health Assessment:
A Comparative Analysis, compares existing DL architectures used for depression and
anxiety detection. Chapter 5, Enhancing Mental Health Diagnosis with DA-TabSVM.:
A Multi-Class Hybrid Approach for Detecting Depression and Anxiety, proposes an
improved hybrid model for depression and anxiety detection and introduces a novel
model, DA-TabSVM.

Chapter 6, A Novel Adaptive Sigma KNN Model for Depression and Anxiety
Detection Following the COVID-19 Pandemic, presents a novel model, ASKNN, for
depression and anxiety detection. Chapter 7, Feature-Weighted Adaptive Kernel KNN:
A Novel Approach for Post-COVID-19 Depression and Anxiety Detection, proposes a
novel model, FW-AK-KNN, for depression and anxiety detection. This model uniquely
identifies the important features that contribute to depression and anxiety detection
using RF for feature ranking, which is further fed to the proposed model for depression
and anxiety detection. . Finally, Chapter 8, Conclusion, Future Work & Social Impact,
summarizes the conclusions of this research, highlights potential future work, and

discusses the social applications of the findings.



Chapter 2

Literature Review

2.1 Introduction

Among the most common psychiatric problems in the world are mental health disorders,
especially anxiety and depression. Their prevalence has increased recently, and the
COVID-19 epidemic has made psychological anguish worse because of social isolation,
health-related anxieties, and unstable finances [21,179]. In addition to having a negative
impact on an individual’s well-being, these diseases have a substantial negative impact
on society, the economy, and healthcare, underscoring the importance of early detection
and treatment [91].

A comprehensive understanding of depression and anxiety, including their types,
clinical manifestations, and associated risk factors, is essential for developing reliable
detection mechanisms. In addition to traditional clinical assessments, various screening
and diagnostic approaches have been explored, ranging from self-report psychological
instruments to physiological and behavioral measures such as electroencephalogram
(EEG), social media-based sentiment analysis, and Magnetic Resonance Imaging
(MRI). While these methods provide valuable insights, they often suffer from
limitations such as subjectivity, reporting bias, and limited accessibility and scalability.

Recently, considerable efforts have been made to employ ML and DL paradigms for
automatic mental health evaluation. Many researchers have explored the potential of
conventional classifiers, hybrid systems, and complex learning architectures to enhance

predictive performance and reliability. This chapter aims to conduct a systematic review
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of these methods, specifically focusing on their implementation during and after the
outbreak of the COVID-19 pandemic.

This chapter analyzes the methodologies, data sources, feature extraction methods,
and evaluation procedures adopted by existing works. The objective is to highlight
current research trends and challenges faced by existing methods, as well as open
problems. Despite notable advancements, existing approaches often face limitations
related to handling tabular data, model generalization, interpretability, and performance
consistency across diverse datasets.

Before proceeding further, it is important to understand depression and anxiety and

their types in detail, which are discussed in the following section.

2.2 Types of Depression and Anxiety

Anxiety and depression are two of the most common mental health conditions that
many individuals worldwide are currently dealing with. Both of these issues occur in
different forms, and learning about these can help a person identify whether he or she
is dealing with depression and/or anxiety. Fig. 2.1 provides a schematic overview of

the classification of depression.

2.2.1 Types of Depression

Feelings of melancholy, a lack of interest in activities, and other symptoms are indicative
of depression, which is classified as a mood illness [21]. Depression can also be

described by the types below:

2.2.1.1 Major Depressive Disorder (MDD)

Major Depressive Disorder (MDD) is the most frequent and severe type of depression.
This condition can be defined as a set of both emotional, cognitive, and physical
symptoms, such as feeling sad, lacking energy, feeling worthless, having impaired
sleep, and finding difficulty concentrating. These symptoms persist for at least two

weeks. Additionally, this condition is recurrent [179].
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2.2.1.2 Persistent Depressive Disorder (Dysthymia)

This type of depression is a less severe kind of depression that persists for at least
two years. Sufferers of this type of depression have low mood, low energy levels, low
self-esteem, and problems carrying out daily activities. Although the symptoms of
Persistent Depressive Disorder are not severe, the chronic form of the condition affects

the quality of life of the patient.

2.2.1.3 Postpartum Depression

Postpartum Depression is a condition that affects women after childbirth. Symptoms
of postpartum depression include extreme sadness, anxiety, irritability, and changes in

sleep and appetite.

2.2.1.4 Seasonal Affective Disorder (SAD)

Seasonal Affective Disorder (SAD) is also a kind of depression that is linked to the
seasons. It mainly occurs when people do not get enough sunlight, which is usually
when winter is around. There are also symptoms of sadness, lethargy, and a craving

for carbs.

2.2.1.5 Other Specified Depressive Disorders

This category would include depression types that are distressing to the patient but
do not fit into any of the aforementioned categories. This category would include
depression varieties that cause the patient anguish but do not fit into any of the

aforementioned categories.

Figure 2.1: Types of depression.
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2.2.2 'Types of Anxiety

Anxiety disorders refer to excessive fear, worry, or nervousness that can substantially
interfere with everyday functioning. A diagrammatic overview of depression

classification is shown in Fig. 2.2. Typical kinds include:

2.2.2.1 Generalized Anxiety Disorder (GAD)

GAD involves excessive worry about various things in life, such as job, health, or
relationships. The symptoms of GAD involve restlessness, muscle tension, fatigue,

irritability, and problems with concentration.

2.2.2.2 Panic Disorder

In panic disorder, there are sudden episodes of attacks of panic, and these are intense
moments of fear, along with palpitations, sweating, trembling, difficulty breathing, and
asense of doom. These occurrences are typically unanticipated and may have an impact

on the person’s quality of life.

2.2.2.3 Social Anxiety Disorder (Social Phobia)

Excessive fear and avoidance of social interactions brought on by a fear of mockery
or condemnation are characteristics of social anxiety disorder. It manifests with signs
such as blushing, sweating, palpitations, and avoidance of social situations. It can

manifest in two different forms: generalized social phobia and specific phobias.

2.2.2.4 Specific Phobias

An excessive and illogical fear of particular things and circumstances is known as a

specific phobia. Spiders, flying, and heights are a few examples of specialised phobias.

2.2.2.5 Other Anxiety Disorders

Anxiety disorders that do not fit neatly into the above categories but still cause significant
effects on functioning include separation anxiety, selective mutism, and anxiety due to

medical conditions.
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" . Other Anxiety
Specific Phobias

Figure 2.2: Types of anxiety.

2.3 Risk Factors Associated with Depression and Anx-
iety

There are several famous risk factors for unhappiness and anxiety in the field of
psychopathology, but their etiology is complex. Genetics is a significant factor that
brings the hereditary character of many diseases into focus. People are especially
susceptible if there is a family history of depression or anxiety. The actual chemical
imbalance in the brain may have a lot to do with these diseases, particularly defects in
the neurotransmitters related to serotonin, dopamine, and norepinephrine that control
mood regulation. Trauma is another ascertained risk factor, which can be the result of
a traumatic accident, emotional or physical abuse, or any other distressing event. The
psychological impact on the individual owing to the trauma associated with such an
incident has deep-rooted involvement with the development of disorders like PTSD.
Finally, chronic stress resulting from life stresses like work strain or interpersonal
conflicts has been found to increase the risk factor. Long-term stress can alter the
morphological and functional structure of the brain. These aspects relate to each other
to show how complex the etiology of depression and anxiety can be and why treatment

should be multi-dimensional and preventative in nature.

2.4 Screening Techniques

There are varying tools to screen for depression. The psychological instruments can be
used in screening for depression as well as MRI, EEG, visual review based on facial

expression, Heart Rate Variability (HRV), biological markers, and social media through
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sentiment analysis, as shown in Table 2.1. EEG is a signal meant for the detection of
activity in the brain. This activity is a diagnostic indicator for depression. EEG can
detect depression because it senses emotional fluctuation and abnormal brain activity,
two common features of depression [36].

Fig. 2.3 shows various techniques used to diagnose depression and anxiety. This
review focuses on studies that used psychological instruments for detecting depression

and anxiety.

Psycholozical
Instrument=

SEHT.'rme.-nt MEI
Analysis

Depression
and Anxiety

Biological Dia gn DSiS
Mlarkers .
Techiques

EEG Signals

Wisual

sl Evalustion

Figure 2.3: Anxiety and depression are diagnosed using a variety of methods.

Clinical examination is usually used in clinical settings to establish anxiety
diagnoses, including interviews with experts, self-report questionnaires, observation of
symptoms and behaviors, and adherence to the diagnostic criteria described in manuals,
such as the Diagnostic and Statistical Manual of Mental Disorders (DSM-5). MRI and
EEG can offer further insight into the neural correlates and brain areas associated with

anxiety, and therefore, the neurobiology that underlies this condition can be understood
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in detail. Because the abnormalities in structure and function on an MRI could be

manifestations of other biological processes or behaviors, it is impossible for doctors

and psychiatrists to diagnose any patient with MDD using that particular scan. Thus,

MRI scans are ineffective for diagnosing most mental disorders [270].

Table 2.1: Techniques used to detect mental health problems

ciated with mental health

disorders.

aid in understanding
the neurobiology of

disorders.

Method Description Strength Weakness

Psychological | These include self-report | Widely validated and | Subject to self-report

Instruments questionnaires and struc- | accepted. Can be | bias. May not
tured interviews designed | easily administered. | capture all aspects of
to assess various aspects | Cost-effective. Use- | mental health. Can
of mental health, such as | ful for large-scale | be influenced by the
depression and anxiety. screenings. individual’s current

state or willingness
to be truthful.

MRI Animaging technique used | Provides  detailed | Expensive. Not
to visualize detailed in- | images of brain | effective for diag-
ternal structures, including | structure. Helps | nosing most men-
the brain, helps in identi- | identify  structural | tal disorders alone.
fying structural and func- | and functional | Structural abnormal-
tional abnormalities asso- | abnormalities. Can | ities may be due to

other factors.
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Method Description Strength Weakness

EEG A technique for capturing | Measures Requires specialized
brain electrical activity | brain electrical | equipment and ex-
that can be used to iden- | activity. Can | pertise. ~ May not
tify aberrant brain activity | detect emotional | pinpoint specific dis-
and emotional swings that | fluctuations and | orders without addi-
could point to mental | abnormal brain | tional context.
health problems. activity. Useful

for identifying
neural correlates of
disorders.

Facial A technique that wuses | Non-invasive. Can | May be influenced

Expression visual analysis of facial | be automated with | by cultural differ-

Evaluation expressions to infer emo- | AIl.  Provides real- | ences. Limited by
tional states, often en- | time data. the individual’s abil-
hanced with Al and ML ity to express emo-
algorithms. tions visibly.

HRV Measurement of the vari- | Non-invasive. Pro- | Influenced by
ation in time between | vides real-time phys- | physical activity and
heartbeats, which can in- | iological data. Can | other physiological
dicate stress and emotional | indicate stress and | factors. May not be
regulation. emotional states. specific to mental

health disorders.

Biological Biological indicators (e.g., | Potentially objective | Still under research

Markers hormones, neurotransmit- | indicators of mental | for many mental

ters) that may be associated
with mental health condi-
tions, provide a potentially
objective measure of men-

tal health.

health. Can be used
in conjunction with

other methods.

health  conditions.
May require invasive
procedures (e.g.,

blood tests).
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those in the DSM-5.

Method Description Strength Weakness
Sentiment Analyzing text data from | Can analyze large | Privacy concerns.
Analysis social media to infer emo- | amounts of data. | Data may not be
(social media) | tional states and mental | Provides insights | representative of
health trends based on | into real-time | clinical conditions.
language use. mental states. | Subject to variability
Useful for detecting | in language use and
population-level context.
trends.
Clinical Comprehensive In-depth and person- | Time-consuming.
Assessments evaluations are conducted | alized. Can in- | Requires trained
by mental health | clude expert inter- | professionals.
professionals,  including | views, observations, | Subject to human
interviews, observations, | and standardized cri- | bias and variability
and adherence to | teria DSM-5. Holis- | in assessment
diagnostic  criteria like | tic approach. quality.

Among these approaches, psychological instruments are selected as the primary

data source due to their standardized structure, clinical validation, and suitability for

large-scale, non-invasive mental health assessment.

2.5 Psychological Tools for Identifying Anxiety, Depres-

sion, and Other Mental Health Issues

Tables 2.2,

tools.

2.3,

the psychological instrument(s).
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2.5.1 Beck depression inventory (BDI)

A test to gauge how severe depression symptoms are, which comprises 21 items.
Every item receives a value between 0 and 3; higher scores indicate more severe

depression. [17].

2.5.2 Beck anxiety inventory (BAI)

A 21-item test is used to gauge anxiety levels. Respondents score the degree to which
each symptom afflicted them throughout the previous week. Higher scores indicate

more anxiety, and they range from O to 63. [83].

2.5.3 Generalized anxiety disorder-7 (GAD-7)

A seven-question test for determining anxiety is called GAD-7. The cutoff values for
mild, moderate, and severe anxiety vary, and the severity of symptoms is rated from O

to 21 [226].

2.5.4 Patient health questionnaire-9 (PHQ-9)

The DSM-IV criteria are the basis for the 9-item depression questionnaire known as the
Patient health questionnaire-9 (PHQ-9). It gauges how severe depression symptoms

are, and results help clinicians make decisions about diagnosis and therapy [123].

2.5.5 Symptom checklist-90 (SCL-90)

The Symptom checklist-90 (SCL-90) is a 90-item broad-scale psychological measure
assessing nine dimensions of symptoms, ranging from depression, anxiety, and
somatization, to obsessive-compulsive symptoms. It is found in both research and

clinical situations to measure overall psychological distress [27].

Table 2.2: Instruments Used to Detect Depression

No | Instrument

S Psychological Description Used by
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BDI The BDI is a widely used self-report | [61,143]
questionnaire designed to assess an individual’s
agreement with a set of statements on depression
throughout the past two weeks in order to
determine the intensity of their depressive
symptoms [17].
The DASS-21 is a popular self-report question- [58, 64, 128,
Depression, - Anxi- naire that evaluates a person’s emotional health | 149,244]
ety, and Stress Scale by gauging the severity of their feelings of stress,
(DASS-21) anxiety, and depression using a 21-item scale
[145].
PHQ-9 The PHQ-9, which consists of nine questions | [37,38,46,48,
about depression symptoms, is a popular self- | 63, 100, 140,
report instrument for determining the severity | 170, 185, 187,
of depression in individuals [123]. 188, 192, 235,
238, 242, 267,
268]
A short questionnaire called CES-D 7 counts | [22,43,55,97]
Center for the frequency with which respondents reported
Epidemiological having seven different depressed symptoms
Studies Depression

Scale (CES-D 7)

throughout the preceding week [204].

Patient health
questionnaire-

4 (PHQ-4)

It is a very effective ultra-brief screening test,
and it does so for both depression and anxiety
disorders. It is comprised of a four-item
composite measure that combines those two-

item scales: the PHQ-2 and the GAD-2.

[26,29,183]

8-item Patient health
questionnaire-

8 (PHQ-8) scale

Itis a self-report instrument intended to evaluate
and quantify a person’s level of depression

[125].

[5]
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7 The PHQ-2 is a quick, two-question screening | [93,219]
Patient health instrument used to determine whether a person
questionnaire- has depression symptoms [122].

2 (PHQ-2)

8 It alludes to the self-report questionnaire used | [187]
Patient health to gauge how severe somatic symptoms or
questionnaire- physical complaints are in various individuals.

15 (PHQ-15) It is commonly used in assessments for somatic
symptom disorders and related diseases. The
15 questions focus on somatic-related physical
symptoms [124].

9 It is a short questionnaire, which measures | [131]
Depression Anxiety the amount of agreement of a person with
Stress Scale- statements that are connected to his/her degrees
9 (DASS-9) of depression, anxiety, and stress [264].

10 | Hamilton Rating | A questionnaire that is used to gauge depression | [121,150]
Scale levels in clinical and healthcare settings [131].

11 To identify potential cases and quantify the | [166]

Edinburgh Postnatal
Depression

Scale (EPDS)

strength of postpartum depression symptoms,
the EPDS is used to screen the symptoms of
postnatal depression in women after a delivery

[52].
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12

Zung Self-
Rating Depression

Scale (ZSDS)

Following the first few weeks of COVID-
19, Fong et al. employed the State-Trait
Anxiety Inventory (STAI) to measure anxiety
and depression in American adults. ZSDS,
also called the Zung Depression Inventory, is
a self-administered survey used to measure an
individual’s level of depression. It was created
by Dr. William W.K. Zung and is frequently
utilised in research and therapeutic contexts.
The scale aids in determining the presence and

intensity of depression symptoms [276].

[73]

13

Brief Symptom
Inventory-

18 (BSI-18)

It is a survey for self-report that gauges an
individual’s emotional and psychological well-
being by measuring their degree of suffering
across a variety of symptoms, including

somatization, anxiety, and depression [73].

[166]

14

Burns  Depression

Checklist (BDC)

BDC to predict depression. Among the 15
typical symptoms of depression that BDC asks
respondents about are sorrow, low self-esteem,

and hopelessness [34].

[274]
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Table 2.3: Instruments Used to Detect Anxiety

S Psychological Description Used by

No | Instrument

1 Spanish version of | By measuring how often a person agrees [61, 73, 143,
the STAI with statements about their symptoms, | 219]

the STAI is a widely used self-report
questionnaire that distinguishes between
state anxiety (temporary or situational
anxiety) and trait anxiety (general or
permanent anxiety). This provides
information regarding the person’s anxiety
levels both now and in the future [224].

2 BAI A self-report tool called the BAlisused to | [63]

gauge how severe anxiety is in psychiatric
populations [83].

3 _ _ A brief self-report questionnaire that [8, 38, 48, 97,
G§nerallzed AnXiety | jecesses a person’s agreement with | 100, 166, 170,
Disorder-7 (GAD-7) | gtatements regarding worry and anxiety in | 187, 188, 219,

order to detect and assess the severity of | 238,242]
anxiety symptoms. [226].

4 ‘ ‘ A brief self-report questionnaire that is | [5]
Generalized Anxiety | ygeq (o assess for GAD. It offers two
Disorder-2 (GAD-2) | ey questions about excessive worry and
scale restlessness during the past two weeks,

and the responses are used to assess the
respondent’s level of anxiety symptoms
[8].

5 ) A psychological assessment tool called | [43]
State Anxiety Inven- | e SAT is used to gauge someone’s
tory (SAD) momentary, current level of anxiety [225].

6 Zung’s  Self-rating | Dr. William Zung developed the | [140,192,252]
Anxiety Scale (SAS) | Zung’s SAS, a psychological assessment

instrument that measures an individual’s
degree of anxiety symptoms using a self-
report questionnaire [275].
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Table 2.4:

Instruments Used to Detect Stress

S Psychological Description Used by

No | instrument

1 ) A self-report questionnaire known as | [63,137]
Perceived Stress | the PSS measures to what extent the
Scale (PSS) person agreeing with statements about

their perceived level of stress and their
capacity to handle life’s obstacles will
determine how much they think stress
exists in their lives [49].

2 10-item  Perceived | It is a psychological measurement tool | [71]
Stress Scale- | that assesses the degree to which a person
10 (PSS-10) perceives that they have experienced

stress over the past month; that is,
how unexpected, uncontrollable, and
overwhelming a person considers their
situation in life to be [164].

3 ) COPE surveys have been created to | [166]
Coronavirus evaluate how the COVID-19 pandemic has
Perinatal affected perinatal experiences, including
Experiences _ | mental health, anxiety, and stress through-

(COPE questionnaires) oyt pregnancy and the postpartum period
[237].

4 | For predicting psychological distress [27]. | [14]
Symptom Check List
(SCL-5)

Table 2.5: Instruments Used to Detect Other Conditions

S Psychological in- | Description Used by

No strument

1 A self-report instrument called the SBQ-R is | [149]
Suicidal Behaviors | yged to evaluate suicidal thoughts and actions.
Questionnaire- It was created to assess suicide risk in research
Revised (SBQ-R) and therapeutic contexts [178].

2 A popular self-report tool called ISIis used to | [48, 149]
Insomnia  Severity | evalyate the impact and severity of insomnia
Index (ISI) scale [15].

Continued on next page
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S Psychological in- | Description Used by
No | strument
3 CD-RISC is a psychological test. It measures | [238]
Connor-Davidson | regjlience as the ability to deal with and adapt
resilience to adverse circumstances, stress, and personal
scale (CD-RISC) challenges [51].
4 SSQ is a tool used to measure the perceived | [238]
Support  Question- | gocial support of individuals [207].
naire (SSQ)
5 It is a diagnostic system designed to detect | [238]
Diagnostic Criteria | psychosomatic syndromes and symptoms
for Psychosomatic | not yet fully addressed by the DSM or
Research (DCPR) International Classification of Diseases [184].
6 It is an assessment tool used to investigate a | [55,129]
Self-rated  mental | person’s view about their entire mental health
health (SRMH) and general mental well-being through self-
evaluation and rating [136].
7 Resilience Scale The Resilience Scale evaluates a person’s | [173]
capacity for adjustment and recovery from
stress or adversity, offering information on
how resilient they are [107].
8 Adult Hope Scale The Adult Hope Scale measures the ability | [173]
of individuals to set and work toward goals
as well as their confidence in their ability to
achieve the same to measure their level of hope
[117].
9 Spiritual Wellbeing | A person’s feeling of purpose, his or her | [173]
Scale relation with a higher power, and the

level of total spiritual satisfaction were
measured through the Spiritual Wellbeing

Scale developed by Paloutzian and Ellison [3].

Continued on next page
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S Psychological in- | Description Used by

No | strument

10 SPANE-8 gauges an individual’s favourable | [131]
Scale of Positive | apd unfavourable experiences over a certain
and Negative | (ime frame created by [132].

Experience
8 (SPANE-8)

11 The  Satisfaction | SWLS is a self-report questionnaire that | [131]
with Life | gauges an individual’s subjective well-being
Scale (SWLS) and overall life satisfaction by determining

how much he agrees with statements about
his life and happiness [57].

12 MHC-SF is an acronym for the brief | [131]
Mental Health self-report questionnaire designed to assess
Continuum-Short | menal health and wellness as well as
Form (MHC-SF) people’s emotional, social, and psychological

functioning on a spectrum from sluggish to

flourishing [113].

13 DSM-5 The DSM-5 criteria are employed in the design | [37,166]

of the self-report questionnaire commonly

known as the PCL-5. Such a self-report
questionnaire thus becomes an important tool

in establishing, in addition to monitoring, a

diagnosis for PTSD [28].

14 The IES-R is a self-reporting tool used to | [58]
Impact of | assess the degree of discomfort associated
Events Scale-

Revised (IES-R)

with symptoms following a specific traumatic

event, such as intrusion, avoidance, and

hyperarousal [256].

Continued on next page

26




S Psychological in- | Description Used by
No | strument
15 COVID-19 Impact | The COVID-19 Impact Survey is a tool | [105,199]
Survey for gathering information on various facets
of everyday life and well-being while
investigating the effects of the COVID-19
pandemic on people and communities [53].
16 It is a standardized clinical evaluation | [61,245]
Yale-Brown tool used to assess the severity of OCD
Obsessive symptomatology. It assesses the frequency
Compulsive and severity of obsessions and compulsions
Scale (Y-BOCS) and provides an organized approach to the
assessment and follow-up of symptomatology
in OCD [79].
17 It is a clinical rating scale that helps doctors | [61]
Brown Assessment | jqgegs the seriousness and level of impairment
of Belief | of delusional beliefs upon general mental
Scale (BABS) health [62].
18 The FSS is a self-report questionnaire that is | [159]
Fatigue  Severity | often used to measure levels of physical and
Scale (FSS) mental fatigue by assessing how much people
agree with fatigue-related statements [213].
19 PTSD A psychological diagnostic tool used to | [43,140]
(Posttraumatic identify and rate the symptoms of PTSD [217].
Diagnostic  Scale-
Chinese) (PDS-C)
20 GSES measures a person’s general self- | [140]

General Self-
Efficacy Scale
(GSES)

efficacy—belief in their ability to deal with

diverse complex situations [210].

Continued on next page
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S Psychological in- | Description Used by

No | strument

21 A psychological diagnostic tool used to | [140]
Self-reported Cop- | gauge how well someone is managing stress,
ing Style (SCS) problems, and challenging circumstances
scale [261].

22 COPE-NVI-25 measures the coping mecha- | [71]
Coping nisms one uses to deal with challenges and
Orientations problems in life [72].
to Problems
Experienced
(COPE-NVI-25)

23 BSCS assesses an individual’s capacity for | [71]
Brief Self-Control self-regulation regarding emotions, impulses,

Scale (BSCS) and behaviors [234].

24 LOC Scale measures whether an individual | [71]
Locus of Control | pelieves life events are controlled internally or
(LOC) Scale by external forces [172].

25 10-item Big Five | The BFI-10 assesses the Big Five personality | [71]
Inventory (BFI-10) | traits using 10 items [84].

26 It is a psychological assessment tool measur- | [187]
Defense ing defense mechanisms used to cope with
Mechanisms psychological stressors [56].

Rating Scale
- Self Report
(DMRS-SR-30)

27 Stanford It is a survey method designed to gauge | [144]
Professional healthcare workers’ resilience, job happiness,
Fulfillment and professional fulfilment [243].

Index (PFI)

Continued on next page
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S Psychological in- | Description Used by

No | strument

28 SF-20 Quality of | The SF-20 is a short 20-item quality-of-life | [235]
Life scales questionnaire measuring physical, emotional,

and social well-being [33].

29 Measures emotional distress and mental well- | [235]
Mental Health In- | peing using 5 items [198].
ventory (MHI-5)

30 A structured questionnaire measuring | [236]
Maslach  Burnout | pyrnout, especially in the workplace [155].

Inventory (MBI)

31 A psychological instrument assessing subjec- | [236]
Impact of Event | jve distress from traumatic events [256].

Scale (IES)

32 A survey assessing sleep disruptions and | [242]
Pittsburgh quality during the preceding month [35].

Sleep Quality
Index (PSQI)

33 A survey tool that evaluates workplace stress | [242]
Demand- by measuring job demands, control, and social
Control-Support support [110].

Questionnaire
(DCSQ)
34 A 12-item screening tool for psychological | [242]
General Health | gigtress and mental disorders [59].
Questionnaire
(GHQ-12)
35 Utrecht Work En- | Measures vigor, dedication, and absorption in | [242]

gagement Scale

work tasks [209].

Continued on next page
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S Psychological in- | Description Used by

No strument

36 A six-item assessment for mental health issues | [263]
Kessler 6 Scale | jjke anxiety and sadness [75].
(K-6)

37 Self-designed A custom-created survey tool tailored to [24, 25, 47, 86, 99,
questionnaire gather specific information relevant to a study. | 106, 109, 127, 162,

171, 174, 176, 194,
212,255]

In all, researchers have used a range of depression and anxiety measures and

questionnaires to evaluate mental health in various demographics and circumstances.

These tools are as fundamental to understanding and solving the psycho-emotional

problems in clinical, occupational, or pandemic-related situations and offer important

information for the provision of support and solutions. These techniques are still being

used by researchers to provide light on the different ways that the COVID-19 epidemic

affects people’s mental health worldwide.
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Figure 2.4: A chord diagram demonstrating the author’s relationship to the

psychological instrument(s).

2.6 Survey Methodology

This section describes in detail the methodological procedures that underlie our
selection and exclusion criteria for sources involved in this work. This section also

presents our well-articulated research questions that guide this investigation.

2.6.1 Review Methodology

The purpose of this section is to thoroughly discuss how COVID-19 affects mental
health, as well as the use of ML and DL techniques in the diagnosis of depression

and anxiety. The authors outline the methodical approach to the literature review in
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this section. A systematic review employing Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) criteria is being used to screen the studies
for comprehensiveness. Two components of the PRISMA criteria are used to include
studies in this review. Research studies that demonstrate the prevalence of mental
health issues caused by the COVID-19 pandemic make up the first set of requirements.
The research that employ ML and DL for depression and anxiety fall under the second
criterion. With access to the following databases of journals, a broad survey was carried
out: Science Direct, IEEE Xplore Digital Library, Springer Link, Google Scholar, and
ACM Digital Library.

Fig. 2.5 displays the PRISMA type of representation used for the research paper
selection. This work carefully examined and narrowed down 66 research publications
that particularly address the detection of sadness and anxiety from an initial pool of

over 700 research papers spread over the chosen databases.
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Figure 2.5: PRISMA flow diagram for study selection.

2.6.2 Statistical Insights

The keywords or search terms employed in these databases encompass the following:
Depression, Anxiety, Covid-19, Machine Learning, and Deep Learning. This research
mostly employs advanced ML and DL techniques in conjunction with questionnaire-
based evaluations (such as the BDI, BAI, and DASS-21). The breakdown of these
66 studies reveals a classification into 5 Systematic Literature Reviews (SLR), 57
employing ML methods, and 4 focusing on DL approaches. Out of the 66 publications
that were ultimately chosen, 62 are journal papers, and 4 are conference papers. The 66

publications that were chosen include 44 that are included in prestigious databases like
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SCI, SSCI, and ESCI, 11 that are listed in Scopus, and 4 that are taken from conference
proceedings and 7 other articles, as shown in Fig. 2.6. This graphical representation

delineates the diverse indexing sources that underpin our reviewed literature.

Share of SCI/SCEI/ESCI/SSCI Journals and
Conferences

Conferences, 4

Scopus, 11
SCl, 37

ESCI, 7

Figure 2.6: Distribution of Articles According to Indexing.
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Figure 2.7: Year-wise distribution of studies.
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Figure 2.9: ML and DL models were used in earlier research to identify mental health
issues.

Fig. 2.7 gives an in-depth depiction of the temporal distribution of research studies,
including a comparison of conference and journal papers and the prevalence of each
paper type by individual years. In the analysis, it was observed that the year 2024 had the
lowest number of publications on the topic, with only eight articles, while the year 2022

saw the highest number of publications, with a total of thirty-two published articles.
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The geographical distribution of research study locations is observed in Fig. 2.8. The
research studies that were carried out in various nations are depicted on this map. China
comes in second with nine studies, followed by Bangladesh and India with eight, and the
United States with twelve. Significant contributions are also made by the UK, Canada,
Italy, Brazil, Greece, and Spain. Several nations carried out two or fewer investigations,
while many others only carried out one. This map highlights international cooperation
in knowledge advancement while showcasing international research activities. While
few research have employed DL models for the same purpose, ML models are widely

used for the detection of mental health issues, as Fig. 2.9.

2.6.3 Research Questions

This work’s main objective is to motivate up-and-coming researchers in the field. This
work addresses various research questions crucial for the identification of depression
and anxiety using ML and DL techniques, with several of these questions elaborated
in Table 2.6. Furthermore, Table 2.7 examines survey papers concerning the detection
of depression and anxiety through a comparative approach, with an emphasis on the

research queries presented in these papers.
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Table 2.6: Research questions related to depression and anxiety detection
S. No. | Research Questions

Q1 Is the mental health condition well-defined?

Q2 | What is the COVID-19 pandemic?

Q3 | Did previous pandemics impact the mental well-being of the
population?
Q4 | Has the COVID-19 pandemic deteriorated the mental health of an
individual?
Q5 | Whatare the methods and techniques used for detecting depression
and anxiety?
Q6 | What factors contribute to the risk of experiencing depression and
anxiety?
Q7 | What are the key advantages and challenges linked to the
techniques used in the identification of depression and anxiety?
Q8 | What are the different types of ML and/or DL techniques in
depression and anxiety detection?
Q9 | What are the performance evaluation measures for validating ML
and/or DL-based depression and anxiety detection techniques?
Q10 | What roles do ML and/or DL play in the context of identifying
depression and anxiety?
QI1 | Which datasets are frequently employed within the corresponding
field?
Q12 | How is depression and anxiety detection using ML and DL
different from the other approaches?
QI3 | What opportunities for future research are available in the field of
detecting depression and anxiety using ML and/or DL?
Q14 | Has the mental health of individuals been affected after the
COVID-19 pandemic?

Table 2.7: Analyzing survey papers related to the detection of depression and anxiety
through a comparative lens, with a focus on the research questions posed in these

papers.
Survey Review Year | Q1 | Q2 | Q3 | Q4 | Q5| Q6 | Q7 | Q8 | Q9 | Q10 | Q11 | Q12 | Q13 | Q14
Mittal et al., 2022 2022 Vi x| x| V|V V|V v v X v X
Chabhar et al., 2021 2021 X X X v |V X VRIS X v v X v X
Yogeswaran & Morr, 2022 X X X | v | X X X X X v X X v X
2022
Jiménez-Mijangos et 2022 Vx| x| VIV IV IV IV |V X X X v X
al., 2022
Aleem et al., 2022 2022 v X X X v X vV | V| v v X v X
Proposed work 2024 VAR VAN VAN BV AN VAN VA IV VAN IV v v v v
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2.7 Open Datasets

The effective development of computer algorithms for the detection of anxiety and
depression requires access to a wide range of well-structured datasets. These datasets
serve as the foundation for creating and assessing ML and DL models. They provide
researchers with a variety of choices for experimentation because they differ in terms of
the number of characteristics and tuples. This work presents a thorough overview of the
many open datasets for depression and anxiety identification in Table 2.8. This section
answers research question 11. This compilation provides information on the resources
that are easily available to the scientific community to promote future research on this

important topic.

38



6¢

Table 2.8: Various open datasets available for detecting depression and anxiety

S. NO. | Dataset Name Dataset Link Dataset Size (N) The period of data Psychological Instrument Used
collection

1 Wanting to seek help https://borealisdata.ca/da 1414 From December 2020 until | Score for past-week depression,
during the pandemic for taset.xhtml?persistentId=d March 2021 past-year suicidal ideation,
mental health and substance |0i:10.5683/SP3/DXFGAZ comorbidity, disability, stress,
use concerns among the and general and mental health
LGBTQI2S+ young adults assessments
dataset.

2 COVID Isolation on Sleep https://www.openicpsr. 842 March 28, 2020, to April 29, | To determine whether healthcare
and Health in Healthcare org/openicpsr/project/12 2020 professionals’ sleep, emotions,
Workers 7081/version/V1/view?pat and health-related behaviors are

h=/openicpsr/127081/fcr: affected, 29 questions are asked.
versions/V1&type=project

3 Dataset of the COVID-19 https://doi.org/10.1016/j. 8387 April 28, 2020, to May 14, NA
lockdown survey conducted |dib.2021.107700 2020
by GIPEyOP in Spain

4 Dataset of the COVID- https://doi.org/10.1016/j. 1175 September 23, 2020, to NA

19 post-lockdown survey
conducted by GIPEyOP in
Spain

dib.2021.107763

October 14, 2020

Continued on next page
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Table 2.8 continued

S. NO. | Dataset Name Dataset Link Dataset Size (N) The period of data Psychological Instrument Used
collection
5 Covid Impact Survey https://www.covid-impact. 17764 April 20, 2020 to April 26, | Covid Impact Survey
org/ 2020 and May 4, 2020 to
May 10, 2020
6 Self-perceived loneliness https://doi.org/10.5522/04 | Wave 1 (n =435), Wave 2 (n = 263) | April 17, 2020 to July 31, IPAQ-SF, Pittsburgh Sleep
and depression during the /20183858 2021 Quality Index, CASES,
Covid-19 pandemic: a two- Sleepiness Scale, LQ, CHAOS,
wave replication study GAD-7, PHQ-9, aggression and
personality questionnaires
7 mental-health-dataset https://github.com/Hu-Li/ 5108 June 1, 2020 to June 7, 2020 | SCL-90, SAS, SDS, MMPI, EPQ,
mental-health-dataset 16PF
8 Covid Impact Survey https://www.covid-impact. 8790, 8975, 7506 April-June 2020 COVID-19 Impact Survey
org/
9 Cross-sectional survey pone.0277238.s002.dta 2756 July 2020 to October 2020 | PHQ-4
10 | cross-sectional survey https://discover.schlesing 6021 May 2020 to December 2020 | 9 anxiety and depression
ergroup.com/covidl9-menta questions
1-health.html
11 The Mental Health of https://osf.io/87vgs/ 1576 April 21, 2021 to June 1, Self-rated mental health

Canadian Workers During

COVID-19 Pandemic

2021

Continued on next page
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Table 2.8 continued

S. NO. | Dataset Name Dataset Link Dataset Size (N) The period of data Psychological Instrument Used
collection
12 | Pregnancy and Mental https://doi.org/10.7910/DV 3569 August to November 2020 PHQ-9, GAD-7
Health Data during COVID- | N/FCDGEB
19
13 OSMI Mental Health in Tech | https://bitbucket.org/Gowr 1433 2016 to 2021 63 mental health questions
Survey iSrinivasa/mental-health-1i
n-tech/src/main/
14 | Depression-Repository https://github.com/Sabab31 604 April and August 2020 BDC
/Depression-Repository
15 | National Health and https://www.cdc.gov/nchs/n 5398 NHANES 2013-2014 SF-20, PHQ-9
Nutrition Examination hanes/index.htm
Survey (NHANES)
16 | cross-sectional survey https://doi.org/10.1371/jo 476 May 6, 2020 to May 12, PHQ-9, GAD-7

urnal.pone.0238162.s001
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2.8 Applications of ML and DL in Mental Health
Diagnosis

Applications of ML and DL offer benefits in the diagnosis of mental health, including
automation, early detection, personalisation, and many other aspects that can combine
a multitude of sources that have become more comprehensive and better traditional
approaches to achieving and improving the sheer depth and substance of knowledge in

this area. This section answers research questions 8 and 10.

2.8.1 ML Models Used for Detecting Depression and Anxiety

The goal of computer science is to provide guidelines and practices that allow a
computer to study on its own and acquire knowledge [205]. ML transforms data into
input for applications and algorithms that give them the ability to carry out activities
that humans could complete. Over time, this data makes machines more accurate
and helps them work better [201]. The three main recognized categories of ML are
reinforcement learning, unsupervised learning, and supervised learning. This section
answers research question 12. The typical workflow of any ML model contains Data
Processing, Modelling, and Deployment.

For instance, accuracy values of 86% for anxiety and 84% for depression have been
obtained in a comparison between DT, RF, and XGBoost by [48]. Irfan et al. [99] have
found very high performance of GB, XGBoost, KNN, RF, DT, and LightGBM models;
however, it should be noted that their study was performed on Saudi Arabian healthcare
workers. DT, NB, RF, and SVM have been compared in the work of Bhatnagar et
al. [24], achieving 78.9% accuracy with RF, but limited to a smaller data set. Similar
findings on the comparison of several ML classifiers have been obtained in the work of
Kumar et al. [128] and Mitravinda et al. [162]

Moreover, there are some constraints found in the reviewed articles. Smaller or
homogeneous sample size, limited geography, subjective measures, and variations
in measurement approaches could influence the validity and applicability of the
models developed. As an example, Kundu et al. [129] used RF to predict mental

health outcomes and found some limitations regarding sample size and non-response,
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whereas Qasrawi et al. [188] showed potential ML performance in depression and
anxiety screening; however, their results were constrained due to a limited dataset
and incomplete screenings. This indicates that even high ML classification accuracy
does not guarantee robustness of the ML model when detecting mental disorders.
The section given below discusses various preprocessing techniques used in previous
studies. Tables 2.9 and 2.10 shows an overview of ML models used to identify mental

health issues.

2.8.1.1 Pre-Processing Algorithms

Pre-processing methods are essential for improving data quality because they reduce
noise, remove redundancy, and convert raw data into a format that is appropriate for

training and evaluating machine learning models.

Linear Discriminant Analysis (LDA): It is a statistical method for classifying data
and reducing dimensionality in ML and statistics. It determines a linear feature
combination that best divides two or more classes or groups in a dataset for tasks like

pattern recognition and classification. LDA was proposed by R. Fischer in 1936 [70].

Principal Component Analysis (PCA): Dimensionality reduction is typically
achieved in data analysis and ML using the statistical technique known as PCA. A
dataset is transformed into a new coordinate system with orthogonal new axes (principal
components) that are arranged by how much variance they explain. By identifying the
most crucial details, cutting down on background noise, and supporting feature selection

or visualization, PCA facilitates the simplification of complex data [153].

Synthetic Minority Oversampling Technique (SMOTE): SMOTE is a data
augmentation technique used in ML that pays special attention to class imbalance in
classification tasks. By interpolating between real cases, it creates artificial examples
from the minority class such that the distribution of classes will finally balance out.
This could be a crucial tool for helping machine learning learn from the minority class

in order to enhance the classifier’s performance on potentially uneven datasets [41,42].
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2.8.1.2 Feature Engineering Methods

By converting unprocessed data into discriminative and meaningful features, feature
engineering significantly improves the accuracy, efficiency, and generalisation of ML

models.

SelectKBest One of the famous feature selection methods in ML is SelectKBest,
which scores the value of each feature in a dataset to choose the top “k” features
according to a predetermined scoring system. Using SelectKBest during preprocessing
allows for more accurate and efficient selection of pertinent features within ML models,

thus removing less useful variables to curtail dimensionality [134].

Particle Swarm Optimization (PSO) PSO is an optimisation algorithm that draws
inspiration from the way flocks of birds and schools of fish behave naturally. PSO
iteratively looks for the optimal solution in a problem space using a population of
potential solutions known as "particles.” Each particle moves with a velocity based on
its experience and the surrounding particles’ experiences [120]. Feature selection via
PSO allows selection of the most relevant and informative characteristics, improving

model performance and reducing dimensionality [255].

Maximum Relevance Minimum Redundancy (mRMR) mRMR focuses on em-
phasizing the most important and distinctive information while trying not to overlap
or have similarity between features selected. By selecting a feature that are more
pertinent and nonredundant, it aids in being able to improve model performance and

reduce complexity [266].

Boruta Borutais anapproach used in ML to find and rank the most important features
from a given dataset. It does so by comparing the importance of each feature in a dataset
against a set of "shadow” features that are randomly created. A real feature is deemed
important enough to be included in the ultimate subset of the feature if it can outperform
its corresponding ’shadow” versions significantly. In this method, Boruta emphasizes
the most informative aspects of the data and ignores the less important ones, thus

improving model accuracy [229].
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RELIEFF RELIEFF stands for Relief-F, which is an algorithm used by ML tasks
for data classification. It applies the process of how useful each feature is to the class
labels of the dataset while predicting the value of the significance of each feature.
RELIEF assigns a weight or score to each attribute in order to indicate its importance
in discriminating between classes. The task of classification seems more relevant in
the case that weights associated with a feature are relatively high compared to when

their weights happen to be relatively low [118].

Feature Importance Ranking Measure (FIRM) FIRM approach s, in fact, a feature
selection technique mainly applied to ML in order to examine and rank the relative
contribution of each characteristic in a dataset. The goal of FIRM is to determine
which characteristics have the biggest impact on the performance of a particular task

or model [271].

Recursive Feature Elimination (RFE) It trains the model iteratively, until it has
removed all the least important features, in order to reach the required number of
selected features or a desired level of performance. RFE is particularly very useful
when you have to handle high-dimensional datasets or you just need to identify the

significance of features automatically [87].

Shapley Additive Explanation (SHAP) SHAP, or Shapley Additive Explanation,
is an approach in both ML and explainable AI that attempts to shed light on
feature contributions to the prediction given by a model. This is a namesake of
the cooperative game theory concept called Shapley values, which determines how
much each participant contributes to the success of a coalition. You can now rank the
features that are in your model in terms of how much each one impacts predictions after
including SHAP values in your model. The more a feature impacts predictions, the

more it would be considered to contribute to the decisions made by the model [147].

Markov Blanket A Markov blanket of variables in a probabilistic model is such that
while it is conditionally independent of all other variables in the model, it contains all
the information sufficiently adequate to predict another specific variable. It simplifies

the demanding probabilistic inferences and reasoning processes by keeping intact the
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direct influences and the dependencies of the target variable. Additionally, Markov
blankets can be utilised in feature selection to identify the most pertinent features for a

given target variable [119].

CorrelationAttributeEval It is a feature selection method that ranks and assesses
features according to how well they correlate with a dataset’s target variable or class

labels. This kind of feature selection makes use of filters [78].

Pearson’s Correlation During feature selection, features are ranked according to
their linear relationship to the target variable using Pearson’s correlation coefficient.
It then selects further, more robust linear relationships that are incorporated into the

model, thus making the calculation smoother and model interpretability easier [211].

FP-Growth Feature selection techniques such as FP-growth are applied to pattern
mining that reveals frequent patterns of feature combinations that correlate with the
target variable. These patterns are thus considered when features have to be picked to
model over, which helps in discovering and retaining meaningful feature sets for ML

tasks [89].

2.8.1.3 Supervised Learning Classifiers

Supervised learning classifiers are machine learning algorithms that use labelled
training data to anticipate the correlations between input features and class labels.
New data instances are predicted into the established classes by the trained classifiers.
Some examples of supervised learning classifiers are LR, DT, SVM, KNN, and NN.
This section has been critically discussed in section 2.8.1. The section given below
discusses various ML techniques used in previous studies. Tables 2.9 and 2.10 shows
an overview of ML models used to identify mental health issues.

The application of supervised machine learning classifier techniques to the diagnosis
of depression, anxiety, stress, and other mental health disorders has been studied before.
Different researchers have looked at individual classifiers as well as their ensembles,
and some of the most common types of such classifiers used include RF, SVM, DT, LR,

KNN, and boosting. This variation in the claimed performance is due to the difference
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in data sets, sample sizes, subjects, features, target states, and test methodologies
employed. Thus, it may not be possible to compare the performance measures stated

in different studies.

Naive Bayes (NB) An NB Classifier is a straightforward ML method that divides data
into groups or classes using the Bayesian principle. The NB Classifier is predicated on
the idea that, given the class value, the attribute values are independent of one another.

If the traits are interconnected, their effectiveness can be affected [89].

KNN KNN is a technique that finds new records by merging other historical data with
the K most current historical data. To identify the K nearest neighbours, calculate the
distance between the new sample and the training sample. Next, assess the category of
the new sample and compare it with the categories of each neighbour. The new sample

will also fall into the same category if all of the neighbours do [253].

KNN and Adaptive KNN Models K-Nearest Neighbour (KNN) is a widely used
supervised learning algorithm that has attracted attention in healthcare because of
its simplicity, adaptability, and effectiveness in classification tasks. The exponential
growth of ML in healthcare has advanced the detection, diagnosis, and prognosis
of diseases [40]. Conventional diagnosis often involves laboratory examinations,
imaging technologies, and expert clinicians, which can be time-intensive, costly, and
difficult to access in some developing communities [215]. Consequently, ML-based
approaches have emerged as useful tools for computer-based and data-driven medical
diagnosis [108].

KNN has been applied to the diagnosis of various diseases, including cancer,
diabetes, cardiovascular diseases, and infectious diseases [130,146,167,203]. For breast
cancer screening, KNN has been used to distinguish between benign and malignant
tumors using histopathological images, mammography data, and gene expression
patterns [45]. Similarly, KNN has been applied to diabetes prediction using risk
indicators such as blood glucose, Body Mass Index (BMI), and insulin resistance. In
cardiovascular disease diagnosis, KNN has been employed to classify patients using

Electrocardiogram (ECG) signals, blood pressure, and lipid profiles [116, 130,218].
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KNN has also been investigated for infectious disease detection, including COVID-
19, tuberculosis, and malaria [146, 190, 195]. During the COVID-19 pandemic, KNN
was applied to symptom-based classification, CT scan analysis, and risk assessment.
For tuberculosis detection, KNN has been used with chest X-ray images and sputum-
related data, while malaria diagnosis has involved classification of infected and non-
infected samples from microscopic blood smear images [116,190]. These applications
demonstrate the flexibility of KNN across different healthcare datasets and classification
problems.

Compared with DL algorithms, KNN can be applied to relatively small datasets
without requiring extensive model training or large computational resources. This
characteristic makes KNN relevant to healthcare applications where data availability
may be limited because of privacy concerns, data collection difficulties, or other
practical constraints. KNN has therefore also been investigated for automated mental
health screening and classification [65].

However, conventional KNN relies on a fixed distance metric and is sensitive to the
local distribution of data. These limitations can affect its classification performance
when datasets contain heterogeneous features or complex relationships. In mental
health assessment, psychometric instruments provide quantitative measurements of
psychological characteristics, but the resulting data may exhibit variability, nonlinear
relationships, and differences among individuals. Consequently, the effectiveness of a
fixed-distance KNN model may be limited when applied to such datasets.

Several modifications of KNN have been proposed to address the limitations of
the conventional approach. These include Ensemble KNN, Weight-adjusted KNN,
and Fuzzy KNN, which attempt to improve classification by incorporating multiple
classifiers, feature or instance weighting, or fuzzy membership mechanisms [54, 92,
112]. Although these approaches address some limitations of conventional KNN,
challenges related to generalization, sensitivity to data distribution, model complexity,
and computational requirements remain.

Overall, the existing literature demonstrates the applicability of KNN in healthcare
and its potential for classification using relatively small datasets. = However,
comparatively limited research has investigated adaptive distance mechanisms for

KNN-based depression and anxiety prediction using standardized psychological
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assessment instruments. In particular, there is a need for approaches that can
dynamically adapt the distance measure according to the local characteristics of the
data rather than relying solely on a fixed distance metric. This gap motivates the
investigation of an ASKNN approach for depression and anxiety prediction presented

in Chapter 6.

SVM SVM is a kind of machine learning method that uses a hypothesis space
composed of the high-dimensional feature space of a linear function. These systems are
trained using a learning approach based on optimisation theory that considers learning

bias. The idea behind SVMs is to find the best hyperplane for classification. [102].

DT Inclassification tasks, where the objective is to predict categorical labels or class
memberships, DTs are frequently utilized. The input space is divided into regions
by the DT algorithm, and each region is assigned a unique class label. Particularly
helpful are jobs like sentiment analysis, spam identification, and medical diagnosis.
With hierarchical, sequential structures that recursively partition the data, DT provides
a means to describe the rules that underlie the data [168]. The main objectives of DTCs
are: 1) to accurately classify the training sample as much as feasible; 2) to classify
unknown data with the highest potential accuracy, which generalizes beyond the training
sample; 3) to be simple to update as additional training samples are available; 4) and

have as simple a structure as possible [200].

Classification and Regression Trees (CART) It is used for tasks involving both
classification (categorizing data) and regression (forecasting numerical values). To
produce predictions, data is recursively divided into subsets according to the most

important characteristics [240].

C5.0 (5.0 is a sophisticated DT method that improves on the ID3 algorithm in
several ways and is frequently used for classification jobs. It can handle categorical

and continuous data and chooses attributes based on information gained [180].

CTREE The DT algorithm CTREE was created specifically for categorical data. It

can be used in cases where attribute values are not continuous since it builds DTs using
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statistical methods appropriate for discontinuous, non-numeric variables [95].

DT Ensemble Learning Within ensemble approaches like RF and Gradient Boosting,
DTs are frequently utilized as the basic learners. In this situation, several DTs are joined
to build more robust and precise models. RF is an illustration of a set of DTs used for
both regression and classification. Bagging and boosting are the two basic categories

into which the ensemble approaches can be divided.

Bagging The process of bagging entails producing several predictor iterations and
aggregating them to produce an aggregated predictor. The aggregate determines the
average of each number when generating a numerical prediction. On the other hand,
when predicting a category, it determines the most common choice by a plurality vote.
By generating bootstrap replicas of the training set and employing them as fresh training
sets, several iterations are produced. Tests conducted on actual and simulated data sets
have demonstrated that bagging may lead to substantial enhancements in accuracy.
This enhancement has been noted in other situations, such as subset selection in linear
regression and the use of regression trees and categorization. One crucial component
is the prediction approach’s instability. If the act of perturbing the learning set leads
to substantial alterations in the generated predictor, then the technique of bagging can

enhance the accuracy [31].

RF The subject of categorisation has made extensive use of this ensemble learning
approach. Several DTs are built within an RF model; each DT serves as a classifier and
generates an output. By reducing variance and increasing bias, the generic bagging
method used by the RF classifier improves model performance. The category with the
most votes is chosen as the final output by the RF algorithm, which aggregates the

results of all classifications [32].

Bagged CART method The bagged CART approach applies bootstrap aggregation
(bagging) on DTs (usually CART) in an ensemble setting. It creates a large number
of unique DTs, each trained on a different collection of data, and then aggregates their
predictions. This technique reduces variation and enhances the model’s accuracy and

stability by averaging out individual tree biases [31].
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Boosting A set of DTs is iteratively constructed using an ensemble learning method
known as “boosting with DTs.” Every tree in the succession is trained to correct the
mistakes of its predecessors, with a focus on misclassified cases. Until the required
level of accuracy is reached or a predefined number of trees is reached, this iterative
process is continued. Combining the individual predictions of each tree in the sequence
results in the final forecast. Boosting is a widely applicable technique that enhances

the accuracy of any learning system.

Gradient Boosting Gradient Boosting is a boosting ensemble technique for
generating DTs one after the other. Every tree corrects the errors of the one before it,

focusing on the incorrectly classified cases [169].

Extreme Gradient Boosting (XGBoost) XGBoost can be described as a scalable
ML system for tree boosting. Through the use of significantly fewer resources than

current methods, XGBoost scales beyond billions of examples [44].

Adaptive boosting (AdaBoost) One of the ML algorithms is called AdaBoost. To
create a more effective learning algorithm, it may be combined with different learning
algorithms. It builds a learning method with stronger classifiers by combining it with

weak classifiers [74].

LightGBM Another gradient-boosting framework with an eye toward efficiency and
the capacity to handle huge datasets is LightGBM [111].

CatBoost A gradient boosting method created specifically to complement categorical

features [6].

Logistic Regression (LR) A type of regression known as logistic regression uses a
logistic function to forecast the likelihood that an event will occur. Similar to other
types of regression analysis, LR uses a set of predictor variables that can either be

numeric or categorical in nature [228].
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2.8.1.4 Supervised Learning Regressors

In order to predict numerical results based on labelled training data, supervised learning
regressors are frequently employed to model the relationship between input features

and continuous target variables.

Linear Regression To put it simply, linear regression is the process of creating a
statistical model that, given one or more independent variables, features, predicts one
dependent variable, the target. A linear connection is used to make a forecast about the
target variable, symbolized with the graphical representation of a straight line. Find
the line that minimizes the discrepancy between the anticipated values and the actual

data points as an ideal fit [157].

Lasso Regression A feature selection and prediction method called Lasso regression
places restrictions on the parameters that lead the variable reduction coefficients to
approach zero. Finding the subset of characteristics that reduces the prediction error

for a certain response variable is the aim of lasso regression [19,239].

Neural Network Regression An ML technique called neural network regression uses
artificial neural networks, which are made up of many interconnected neurons or units,
to carry out regression tasks. It is particularly suited for applications like predicting
stock prices, home prices, or any other problem where the objective is to estimate a
real-valued output since it learns from data patterns to forecast continuous numeric

values [223].

Elastic Net Strongly linked predictors likely to be in or out of the model collectively,
which is encouraged by the elastic net’s grouping effect. When there are many more

predictors (p) than observations (n), the elastic net is especially helpful [273].

Support Vector Regression (SVR) SVR s characterized by kernel utilization, sparse
solutions, and VC control of the margin and support vector count. SVR is a valuable
technique for accurately predicting functions with real-valued outputs. SVR utilizes

a symmetrical loss function that imposes equal penalties on both overestimation
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and underestimation errors. This characteristic makes SVR a supervised learning

technique [13].

Decision Tree Regression (DT Regression) DT can be utilized for regression tasks
even though they are typically connected with classification. DT predicts continuous
numerical values rather than discrete class labels in regression. For applications like
estimating housing values based on characteristics like size, location, and number of

bedrooms, DT regression is useful [142].

Ridge Regression It modifies the traditional linear regression cost function by
adding a penalty term that discourages the model from assigning excessively large
coefficients to predictor variables. Reducing the impacts of multicollinearity and

avoiding overfitting makes the model more resilient and broadly applicable [160].

2.8.1.5 Unsupervised Learning

Without using labeled results, an algorithm using unsupervised learning examines and
explores data to discover hidden patterns, structures, or groups. To find important
information in datasets, techniques like clustering and dimensionality reduction are

used.

K-Means Clustering The approach, which iteratively updates the centroids to reduce
within-cluster variance, assigns each data point to the cluster with the nearest centroid.
For tasks like customer segmentation, image reduction, and data preprocessing, K-

Means is frequently utilized [90].

K-Means++ Clustering K-Means++ applies a probabilistic approach to select an
initialization for centroids much more likely to yield a good final clustering solution
compared to random initialization. With this method, the sensitivity of an initial

placement of centroids in traditional K-Means has been reduced [161].

Agglomerative Hierarchical Clustering This is an agglomeration method in which
apoint is taken as a separate cluster first and then merges progressively with other points

based on similarity. The hierarchical form generated using this bottom-up approach,

53



commonly visualized as a dendrogram, displays how groups are nested into each other.
Agglomerative clustering allows you to select the number of clusters at varying levels

of detail and is useful for discovering hierarchical associations in data [30].

Gaussian Mixture Model (GMM) The GMM method of clustering presumes that
the data points actually belong to a composite of several Gaussian distributions. Every
such Gaussian has some mean and covariance matrix, and their combination would
represent the distribution of the data points. By this GMM clustering, a single data
point may belong to multiple clusters, because it is possible for a data point to be
probabilistically distributed amongst several clusters. It is somewhat flexible and can
easily identify clusters of all sizes and orientations, and it works better if the data is

produced from underlying Gaussian components [193].

Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) BIRCH
is an excellent clustering algorithm, especially designed for massive datasets. The data
is organised into a hierarchical tree structure, with each node in the tree denoting a
cluster. To save memory usage, data summaries are created within each node and also
reduce computational complexity. Such a method is indispensable while dealing with
high-dimensional data or while applying clustering over streaming data, where data is

continuously arising [249].

Spectral Clustering The eigenvalues and eigenvectors of a similarity matrix, which
are frequently obtained from pairwise similarities between data points, are used in
spectral clustering. Contrary to conventional techniques, spectral clustering is good for
locating clusters that may not have a straightforward geometric shape and can capture
complicated, non-linear correlations between data points. When working with data
where conventional distance-based measures might not be effective, it is especially

helpful [250].
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Table 2.9: Year-wise previous studies that used ML-based techniques for mental health detection

S. Previous Models used Results Advantages Challenges
NO. | Work
1 [143] | SVM, SVR, RF, Lo- | The best models are SVRand RR | 1. The study makes use | 1. ML models lack
gReg, RR (e.g., R2 for SVR and RR: 0.56, | of a longitudinal dataset. | generalizability due to de-
95% CI: 0.45, 0.64 and 0.45, | 2. The study looked at | mographic focus. 2. Fu-
0.63, respectively) and SVM and | several machine learning | ture studies should include
LogReg (AUPRC: 0.76, 95% CI: | algorithms and empha- | diverse demographics.
0.69, 0.81) sised the significance of
model interpretability and
feature selection.
2 [48] DT, RF, and XG- | XGBoost anxiety accuracy = | 1. Shows ML models’ | 1. Only tree-based ML

Boost

86%, depression accuracy =

84%, insomnia accuracy = 81%

value in predicting mental

health for stakeholders.

models used
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S. Previous Models used Results Advantages Challenges

NO. | Work

3 [99] Gradient Boosting | DT, GB, XGB accuracy for | 1. Most algorithms | 1. Results are specific to
(GB), Extreme | depression and anxiety=100% achieved over 99% ac- | Saudi Arabian healthcare
Gradient Boosting curacy, demonstrating ef- | workers. 2. More valida-
(XGBoost), KNN, fectiveness in detecting | tion with diverse datasets
RF, DT, and anxiety and depression. and real-world testing is
Light Gradient needed.
Boosting  Machine
(LightGBM)

4 [24] DT, NB, RF, SVM RF achieved maximum accuracy | 1. Potential for accurate | 1. Small dataset

=78.9%

identification of students at
high risk of serious mental

collapse.
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S. Previous Models used Results Advantages Challenges
NO. | Work
5 [162] | LR, DT, RF, | LR, DT, RF, CNN, AdaBoost, | 1. The findings of the | 1. Small dataset
KNN, AdaBoost, | XGBoost, and GB achieved ac- | study will assist companies
XGBoost, GB, K- | curacies of 91.414%, 85.353%, | in identifying workplace
Means clustering, K- | 91.414%, 89.898%, 88.383%, | issues that affect mental
Means++ clustering, | 93.434%, and 93.939%, respec- | health and in putting into
Partition around | tively. practice effective interven-
medoids tions for employee well-
being.
6 [128] | DT, RF, NB, SVM, | SVM depression accuracy = | 1. Rajyoga meditation has | NA

and kNN algorithms

94.9%, stress accuracy = 97.4%,

and anxiety accuracy = 97.8%.

been demonstrated to im-

prove pandemic resilience.
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S. Previous Models used Results Advantages Challenges

NO. | Work

7 [55] RF and LASSO RMSE = 0.300 for all datasets 1. Clear nonlinear rela- | 1. Unexpected social iden-
tionships between predic- | tity interactions were not
tors and outcomes were | uncovered. 2. Non-linear
found through ML. correlations in outcomes

crucial for comprehending
mental health issues.

8 [22] LASSO, RF, XG- | NA 1. Predicted COVID- | 1. Small sample size
Boost, and SVM 19 concern in older U.S. | affected analyses and self-
models adults. 2. Used sociode- | reported data validity

mographic data and signs
of depression as predictors.

9 [129] | RF RF accuracy = 86% 1. Effectively identifies | 1.  Small sample size.
individual predictors and | 2. Missing responses.
interactions that are statis- | 3.  Pandemic effects on
tically significant. risk variables were not

discussed.
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S. Previous Models used Results Advantages Challenges

NO. | Work

10 [140] | ANN model ANN accuracy = 90.0%. 1. Interventions in mental | 1. Self-report scales may
health are essential for | introduce biases. 2. Ho-
enhancing well-being. 2. | mogeneous demographics
In clinical practice, a | limit generalizability.
potential screening device.

11 [38] SVR and MLR mod- | MSEs for the SVR performances | 1. Data-driven approach | 1. Analysis is preliminary

els were 2.04 and 2.29 for the train- | explores physical and men- | with limited datasets. 2.

ing and test data, respectively.
For the MLR, MSEs were 1.97
and 2.39 for the training and test

data, respectively.

tal aspects. 2. Shows
U-shaped trajectories for
managing expectations and

support.

Cross-sectional vs. lon-
gitudinal designs restrict
depth. 3. Individual-level
variable effects are unclear.

4. UK-centric focus limits

generalizability.
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S. Previous Models used Results Advantages Challenges
NO. | Work
12 [171] | Svm, knn SVM accuracy = 80%, whilstthe | 1. Virtual Cognitive be- | 1.  Limited feature se-
kNN accuracy = 83%. havioral therapy provides | lection may affect how
ways to deal with various | complete the model is.
behavioral disorders. 2. Small sample sizes
have an impact on the
generalizability and overall
data representation.
13 [245] | ML models for clas- | A sensitivity of 79% and a | 1. Clinical and sociode- | 1. Because of the limited

sification (LDA and
SVM) and regres-
sion (linear regres-

sion and SVR)

specificity of 88% are used to
predict suicidal thoughts. SVM
and SVR yielded the most

optimal outcomes.

mographic data can predict
OCD symptom changes.
2. ML aids in identifying
high-risk patients for opti-

mal care.

sample size, phone-based
examinations, and lack
of information on drugs
and co-occurring illnesses,

care must be taken when

extrapolating results.
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S. Previous Models used Results Advantages Challenges
NO. | Work
14 [185] | Pattern regression | PTSD Model: Twofold CV: | 1. The evaluation of trau- | 1. The sample may
analyses, Linear | R=0.35, 1r2=0.12, NMSE = | matic incidents, especially | not represent all Brazil-
epsilon-insensitive 0.96, P=0.001. Fivefold CV: | connected to the COVID- | ian healthcare profession-
support vector | r=0.34, r2=0.12, NMSE = 0.90, | 19 pandemic. als, and confounders like
machine (e-SVM) | P=0.001. Depressive Symptoms work experience and job
regression Model: Two-fold CV: r=0.36, roles could affect results.
12=0.13, NMSE =0.90, P=0.001. 2. Future validation
Fivefold CV: r=0.38, r2=0.15, should use an independent
NMSE = 0.86, P=0.001. sample.
15 [188] | SVM, KNN, NB, | For depression, the Gradient | 1. To facilitate fo- | 1. Small dataset, incom-
RF, NN, DT, and GB | Boosting accuracy was 83.3% | cused preventive inter- | plete assessments, incon-
and the RF accuracy was 83.2%; | ventions, ML can as- | sistent model performance
for anxiety, it was 82.9% and | sist in screening high- | across demographics, and
81.3%. risk pregnant/postpartum | ethical issues.
women for anxiety and
depression.
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S. Previous Models used Results Advantages Challenges

NO. | Work

16 [144] | Penalized L, SVM, | Average AUROC: 0.595 (95% | 1. This study’s goal is | 1. The results may not

NN, RF, and GB. CI:  0.35-0.808), Accuracy: | to use passively acquired | apply to other regions or

0.567 (95% CI: 0.39-0.74), | data to create a burnout | physician cohorts because
MAE: 0.602 (95% CI: 0.412- | screening tool. the study was carried out in
0.826). Temporal Features: a single university medical
MAE: 0.596 (95% CI: 0.391- center with a limited num-
0.826), AUROC: 0.581 (95% ber of trainee physicians.
CI: 0.343-0.790). 2. Response bias

17 [26] FP-growth DT with an anxiety model and | 1. The association prin- | 1. The DT findings were

algorithm, DT

DT with a depression model both
achieved an accuracy of 68.72%

and 68.68%, respectively

ciples of frequent pattern
mining provide relevant

patterns.

not significantly impacted
by feature selection via

pattern mining.
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S. Previous Models used Results Advantages Challenges

NO. | Work

18 [131] | CART, C5.0, RF, | CART mean accuracy =0.77 1. Self-report bias is | 1. Unbalanced sample
CTREE, GBM, lessened by ML models | in terms of demographics
Treebag using simple demographic | from COVID-19 and gen-

inputs. der. 2. It was impossible
to use many assessment
techniques.

19 [64] lasso and elastic net | Elastic net accuracy = 64.93% 1. Bivariate analyses | 1. Early pandemic data
algorithms, SVM, linked COVID-19 anxi- | from China limit general-
random forest, ety to perceived mortality | izability.
extreme gradient threat
boosted regression

20 [93] SVR and Gradient | RMSE of up to 16.6% 1. The literature on | 1. Low retention and small

Boosting Regression

(GBR) and

COVID-19 benefits from
a multimethod approach

using scales, analytics, and

ML.

sample sizes reduce study
power. 2. Future valida-
tion with larger samples is

necessary.
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S. Previous Models used Results Advantages Challenges
NO. | Work
21 [159] | elastic net penalized | elastic net AUC = 77% 1. Understanding mech- | 1. Small dataset
logistic regression anisms and risk factors is
necessary for recovery and
tailored treatment.
22 [127] | DT, SVM, kNN, and | NB accuracy = 92.15% 1. The study recognizes | 1. There was only
LR various causes of psycho- | one week of the study’s
logical trauma from the | longitudinal follow-up. 2.
pandemic and lockdowns. | Negative impacts may not
represent the whole range
of psychological experi-
ences.
23 [5] linear regression | NA 1. Text messaging aids | 1. Attrition bias possible
model in mental health strategy | from incomplete final eval-

dissemination.

uations.
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S. Previous Models used Results Advantages Challenges
NO. | Work
24 [212] | RF, DT, SVM, LR, | DT acc = 67.28%, LR acc 1. ML assists in mak- | 1. Small dataset

NB, kNN, Percep-
tron, and GBM mod-

els

67.47%

ing personalized medical
decisions and stress risk
identification. 2. Model
appropriate for experts in
public health and psy-
chiatry. 3. Enables
the identification of people
who are susceptible to

mental disease.




Previous Models used Results Advantages Challenges

Work

[252] | XGBoost model XGBoost model accuracy = | 1. The application of | 1. Small sample size limits
80%. the XGBoost model in | representation. 2. No
institutional and pandemic | dataon participants’ family
contexts is discussed. COVID-19 exposure. 3.
Family exposure could in-
dependently affect anxiety

levels.
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Apart from classifier selection, there are other methods that some researchers
used such as feature selection and feature engineering methods in order to determine
informative features and lower the dimensions of mental health datasets. Methods such
as Random Forest based feature importance, RFE, ReliefF, MRM, SelectKBest, SHAP,
Markov Blanket, and correlation methods have been used in conjunction with different
ML classifiers.

For example, Tuan et al. [244] applied RFE and ET with KNN, MLP, and SVM
and reported an accuracy greater than 98.4% using SVM. RezaPour et al. [194]
investigated multiple ML classifiers with RFE and reported 96.32% accuracy using
RF with SMOTE. Nayan et al. [170] used ReliefF with LR, RF, SVM, LDA, KNN, and
NB and reported accuracies of 89.76% for depression and 93.09% for anxiety using RF.
Zulfiker et al. [274] combined mRMR, SelectKBest, and SMOTE with different ML
models and reported promising classification performance, demonstrating the potential
benefit of combining feature selection with data-balancing strategies

However, the reviewed studies use different feature-selection techniques, datasets,
feature sets, and validation strategies, making it difficult to determine whether the
reported performance improvements are attributable to the feature-selection method,
the classifier, or the characteristics of the dataset. In addition, several studies rely
on cross-sectional data, small samples, online surveys, or geographically restricted
populations [61, 121,238]. Feature importance and explainability approaches such
as RF-based feature ranking and SHAP have also been used to identify influential
predictors and interpret model decisions [58,63,176]. However, the use of different
feature representations and evaluation procedures remains a challenge for meaningful
comparison across studies.

Therefore, further investigation is required to understand the contribution of feature
selection and feature weighting methods to reliable depression and anxiety detection.
Table 2.10 summarises previous research that used ML models and feature selection

methods to identify mental health issues.
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Table 2.10: Year-wise previous studies that used ML-based mental health detection along with feature selection

S. Referenb&’[odels used Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

1 [47] DT, RF, and XG-/MLR and XGBoost|XGBoost anxiety accu-|1. Investigated depression|1. Need for dataset analy-

Boost models were fed fea- |racy=86% depression ac- | variables post-COVID-19. |sis from other countries to

ture selection tech-|curacy= 84%, insomnia|2. Introduced a quantum |generalize findings.
niques based on quan- | accuracy= 81% annealing approach for fea-
tum annealing (QA) ture selection.

2 [267] | AdaBoost Classifier, | RFECV algorithm Adaboost depression ac-|1. Incorporated sociode- | 1. For cross-site val-

Ridge Classifier,
CatBoost Classifier,
Light Gradient
Boosting Machine,
and standard ML

classifiers

curacy= 0.7917

mographic, psychological,
and epidemic-related fac-

tors into the model.

idation, a large, diverse
sample is crucial but hard

to achieve globally.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges
NO. sults)
3 [63] | XGBoost, Random forest feature | AdaBoost ~AUC  =|1. The MLP-based model | 1. Limited generalizability
AdaBoost, NB, |importance ranking |72.96%, NB AUC =|exhibited the highest AUC |and potential biases from
KNN, SVM, RF, and 76.37%, and RF AUC = | and satisfactory accuracy. |sample demographics and
LR. 78.27% convenience.
4 [244] |KNN, MLP, and|RFE and ET SVM accuracy ¢ 0.984 |1. Integrating indicators|1. Focus on recovered
SVM aims to improve under-| COVID-19 patients limits
standing and tailor mental | generalizability
health therapies.
5 [150] |DT, kNN, and NB |Feature = importance | KNN has an accuracy of | 1. The methodology|1. Decision Tree offers
applied 92.32% included both negative and | better latency but less ac-

positive questions, along

with weekly records,

curacy than KNN; compar-
ing algorithms is complex

and resource-intensive.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

6 [149] |XGBoost, RFE SVM accuracy=79% for| 1. Initial effort to|l1. Certain crucial at-
AdaBoost, NB, suicide predict suicidal tendencies | tributes may have been
KNN, SVM, RF, and in Bangladeshi university | omitted from the Adaboost
LR. students using ML. forecasting model.

7 [121] |J48 DT, SVM Random forest feature | SVM accuracy =100% | 1. Enhancing student|1. COVID-19 restrictions

importance ranking mental well-being through | limited data collection to
targeted policies and inter- | online methods.
ventions.

8 [46] quantum annealing |quantum  annealing | The top 10 features were | 1. Analyzed longitudinal | 1. Key characteristics,
(QA)-based (QA)-based identified by QA with an | data from 16 South Korean | like specific diseases, were
optimization, MLR, |optimization, accuracy of .750 MLR|areas. 2. Considered |missing. 2. Generaliz-
and XGBoost MLR and XGBoost|and XGBoost algorithms | geographical factors in|ability is limited to South

algorithms analysis. Korea.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

9 [238] |SVM, RF, LR, and|XGBoost model XGBoost accuracy for|1. The study used|1. The cross-sectional de-
XGBoost depression and anxiety =| 19 features for efficient|sign limits causation con-

0.89 and high-performing clin- |clusions. 2. Downsam-
ical screening. pling reduced accuracy.

10 [194] DT, Multinomial | RFE SMOTE RF = 96.32 1. Aimed to help|l. For complicated and
LR, NB, RF, healthcare facilities im-|accurate models, more
Gradient Tree prove staff mental health |diverse data from more
Boosting, XGBoost, during COVID-19. places is required.
kNN, SVM, NN,
and CatBoost

11 [58] |Light Gradient | SHAP NA 1. Novel use of ML |1. Limited understanding
Boosting Machine, and visualizations to find | of long-term outcomes due
GradientBoost, and trends. 2. Covered health- | to no follow-up.
RF care workers’ roles during

the initial pandemic.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

12 [137] |EN, SVR, GBRT, |EN An ensemble classifier|1. Identifies risks a week | 1. Small dataset

ensemble classifier achieves up to 85.2% |in advance.
accuracy.

13 [61] |RF,SVM Feature importance Depression RF acc =|1. Could help health au-|1. Different baseline data
68%, Anxiety RF acc|thorities with public health | approaches made compar-
= 75%, Obsessive and |initiatives for disadvan-|isons difficult. 2. Small
Compulsive Symptoms | taged groups. sample size and lack of
SVM acc = 71%, Belief baseline data limit repre-
Symptoms SVM accu- sentativeness.
racy = 92%.

14 [43] |LR with LASSO Feature ranking Resilience AUC = 0.83|1. Longitudinal data cap-|1. Small sample size 2.

and chronicity AUC =
0.85

ture heterogeneity and sug-
gest adding post-disaster

WOITY.

LGMM may misidentify
group numbers due to skew

and kurtosis.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

15 [219] |gradient tree boost- | The SMILE scale was | Spanish sample Elastic|1. Implications for tar-|1. Cross-sectional design
ing, RF, and elastic |examined as an inde-|Net accuracy = 0.79, |geted strategies to reduce |limits causal inference.
net pendent lifestyle Brazilian sample accu-|impact.

racy = 0.76

16 [174] |RF, MLP, XGBoost, | ReliefF XGBoost model accu-|1. Highlighted the ben-|1. Broad diagnostic cate-

LR, SVM, KNN, DT racy = 69.47% with 40 |eficial effects of family |gories limited understand-
features. relationships and coping |ing of specific disorders.
mechanisms.

17 [170] |LR, RF, SVM, LDA, | ReliefF depression RF acc =|1. Highlighted the ben-|1. Cross-sectional design

kNN, and NB

89.76%, and anxiety RF
acc = 93.09%

eficial effects of family
relationships and coping

mechanisms.

prevents causal link iden-
tification. The lockdown
led to challenging data
collection and the use of

online surveys.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

18 [176] |multivariable = LR |SHAP Positive factors: mean-|1. Japan’s first COVID-| 1. Exploratory design

model ing in life, spouse, trust| 19 happiness study with |limits causal link establish-

in neighbors, and female | 25,000+ participants. ment. Results may not
gender. Negative factors: generalize to other nations
poor health, income anx- or non-pandemic contexts.
iety, psychiatric diseases,
and isolation.

19 [8] SVM and J48 DT CorrelationAttributeEval48 obtained 93.50% ac- | 1. Researchers advise | NA
curacy for three classes|Saudi Arabian decision-

and 95.66% accuracy for

two classes.

makers to use this model
when preparing their men-

tal health care services.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

20 [14] |GBM, RF, DT,|RF RF ACC=0.71 1. Demographic, socioe-| 1. Only a depression
SVM, NN, RG, LS conomic, behavioral, and |diagnosis was used in the
and EN epidemiological variables | study.

can be used in ML models
to quickly screen for and
diagnose mental health
problems.

21 [37] | Gradient-boosted MRMR First Wave sensitivity =|1. Longitudinal approach |1. Small sample size; self-
decision trees and 76.5% and a Second revealed PMDD onset fac- |report evaluation; and data
the SHAP Wave specificity = 77.8% | tors during pandemics. only up to 2020.

22 [199] |INB, LR, RF, and|Markov blanket RF ACC in April 2020 =] 1. Interpretable ML | 1. The cross-sectional
SVM .89 revealed complex correla- |design limited tracking of

tions between predictors of

anxiety and depression.

long-term mental health

changes and link direction.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges
NO. sults)
23 [187] |REF, regression trees |random forest, regres- | NA 1. The study discovered|1.  The cross-sectional
sion trees risk variables for psycho- |design lacked causal clar-
logical distress by examin- |ity, and selection bias,
ing how they interact. and identifying distress
triggers was a challenge.

24 [268] |DT, LR with | LR with LASSO Gradient-boosting  tree| 1. Multifold cross-|1.  Large sample sizes
LASSO, RF, and model accuracy = 0.829 |validation with 2,574 sam- |and diverse ethnicities are

gradient-boosting

tree

ples and 1,187 events
prevents overfitting, while
predictive performance is
assessed with a separate

test dataset.

crucial for cross-site model
validation, but achieving
global diversity is chal-

lenging.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

25 [255] |GCBA, IGCBA Global Chaos Bat|IGCBA-BPNN-4 accu-|1. According to experi-|1. IGCBA reduces input

Back Propagation | racy = 92.55%. mental findings, IGCBA- |dimensions but doesn’t op-
Neural Network BPNN outperforms cur- | timize BPNN parameters.
rent approaches.

26 [97] |XGBoost SHAP, PCA XGBoost model 12=0.39 | 1. The study used a rep-|1.  The cross-sectional
resentative Canadian sam- |design limited long-term
ple and revealed complex | mental health tracking
anxiety-depression corre-
lations with ML.

27 [105] |RF, NB, and LR Markov blanket RF and SVM accuracy =|1.  The study enhances|1. Results are specific
80%, while NB and LR | Al comprehensibility for|to the USA. 2. The
accuracy = 77% population-level forecast- |dataset is insufficient for

ing. deep analysis.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

28 [173] | ANFIS Linear Correlation ANFIS stress accuracy =| 1. Priority is given|l. A detailed discussion
80% to prediction optimization |on the predictor explaining

and feature selection. ability is not given.

29 [192] |LR Correlation analysis |LR depression accuracy |1. ML techniques like|1. The small sample size
= 73.5% and anxiety|SMOTE, AIC, multivari- |limited the investigation
accuracy = 81.42% ate LR, and ROC curves|of school wvariation; the

boost scientific rigor and |Chi-square test showed no
reliability. urban-rural differences.

30 [235] |Ensemble  Binary | Feature extraction Ensemble classifier ac-|1. Predictive performance|1.  The reliability and

Classifier, SVM, DT, curacy for PHQ-9 =|is improved by combining |sensitivity of the ensemble
ANN, KNN 95.4% the classification approach |system must be tested
with binary ground truth. |using additional datasets.

Continued on next page
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LModels used

S. Referen Feature Engineering | Results (Best Model Re- | Advantages Challenges

NO. sults)

31 [274] |KNN,  AdaBoost, mRMR, SelectKBest, | AdaBoost with | 1. This study looked forthe | 1. Using BDC as the gold
GB, XGBoost, SMOTE SelectKBest accuracy =|most frequent contributing | standard for depression is
Bagging, GB, 92.56% variables to depression. a research flaw. 2. No
Bagging, and biological markers were
AdaBoost included.

32 [71] LR, SVM, NB, RF |CFS roc area for|1. Pandemic stress levels|1. Online hiring may miss

Logistic=0.782,
SVM=.697,
Bayes=.776, RF=.776

Naive

were higher than in non-

emergency situations.

disadvantaged communi-
ties. 2. The sample was
mostly educated, young

individuals.




Fig. 2.10 shows the most used models in the studies using a pie chart. The following
graph illustrates the variety of approaches used in the field by representing several ML
models. Along with less well-known models like LASSO, NB, and XGBoost, it
includes well-known models like RF, SVM, DT, kNN, LR, and Gradient Boosting.
There are also more specialized models, including AdaBoost, CatBoost, and CART, to
name a few. This collection of models demonstrates the wide range of methodologies

present in the ML field.

LightGBM

Most used ML models

Multinomial Logistic
Regression

linear regression model

Ensemble ML algorithm AdaBoost Others

MNeural Metworks

Elastic Net Regression

Gradient Tree Boosting

m Random Forest m SVM m Decision Trees

= kNN B logistic regression B Gradient Tree Boosting
m LASS0 m Maive Bayes m X5Boost

M Elastic Net Regression B Neural Metworks M Ensemble ML algorithm
= linear regression model = AdaBoost = LightGBM

Mutinomial Logistic Regression B Others

Figure 2.10: Depiction of the most used ML models.

2.8.2 DL Models Used for Detecting Depression and Anxiety

Due to their ability to automatically extract complex patterns from data, DL techniques
have drawn a lot of attention in recent years. As a result, they are highly successful at
diagnosing anxiety and depression.

Previous studies have explored DL and neural network-based approaches for
automated mental health detection using different populations and data sources. For

example, [25] compared LSTM with SVM, ADA Boost, RF, K-NN, LR, and MLP and
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reported 100% accuracy using LSTM; however, such a high accuracy raises concerns
regarding possible overfitting and requires validation using diverse and independent
datasets. [73] used MLP and reported an average MSE of 0.5300, although the use of
data collected primarily during the COVID-19 pandemic may limit the generalizability
of the findings. Similarly, [86] compared ANN with SVM, DT, and RF and reported
98% accuracy using SVM, while the study noted comparatively lower performance
of ANN due to variation within the dataset. [109] investigated LR, KNN, DT, RF,
Bagging, and DNN, with LR, DT, and Bagging achieving 100% accuracy; however, the
study highlighted concerns related to individual variability, demographic and cultural
differences, and data privacy and bias. These studies demonstrate the potential of neural
network and DL-based approaches for mental health detection, while also indicating
the need for sufficiently representative datasets, robust validation, and consideration of
generalizability. A summary of DL models used for detecting mental health issues is
presented in Table 2.11. Due to their ability to automatically learn complex patterns
and representations from data, DL techniques have attracted considerable attention in
the field of automated mental health assessment. Previous studies have explored neural
network and DL-based approaches for detecting depression and anxiety using diverse
populations, data sources, and modelling strategies.

For example, [25] compared LSTM with SVM, AdaBoost, RF, K-NN, LR, and
MLP and reported 100% accuracy using LSTM. Although this result demonstrates the
potential of LSTM for mental health prediction, such exceptionally high performance
may indicate overfitting and therefore requires validation using diverse and independent
datasets. Fong et al. [73] used an MLP-based approach and reported an average MSE
of 0.5300 for predicting anxiety and depression. However, the dataset was collected
primarily during the COVID-19 pandemic, which may limit the generalizability of
the findings to other periods and populations. Similarly, Gupta et al. [86] compared
ANN with SVM, DT, and RF and reported 98% accuracy using SVM. Their findings
showed comparatively lower performance of ANN, indicating that DL performance
may be sensitive to dataset variability and characteristics. Kaman and Vajpai [109]
investigated LR, KNN, DT, RF, Bagging, and DNN for depression prediction among
Indian IT workers, with LR, DT, and Bagging achieving 100% accuracy. However,

the authors highlighted challenges related to individual variability, demographic and

81



cultural differences, data privacy, and potential bias.

Overall, these studies demonstrate the potential of DL and neural network-
based approaches for automated depression and anxiety detection. However, the
reported results vary considerably across datasets, populations, data sources, and
evaluation settings. In particular, some studies report exceptionally high classification
performance, while others demonstrate that dataset variability can adversely affect
DL models. Furthermore, existing studies have predominantly focused on specific
populations or data sources, and comparatively limited work has systematically
compared multiple DL architectures using consistent datasets and standardized
psychological assessment instruments. These limitations highlight the need for a
controlled comparative evaluation of DL models for depression and anxiety assessment,
which is addressed in Chapter 4. The major DL techniques relevant to this research are

described below.

CNN CNNs are composed of neurons that, like traditional artificial neural networks,
undergo optimization through learning. Every individual neuron will persistently

receive input and perform a computational task, similar to a scalar [177].

ANN Modelled after biological neural networks, ANNs excel in finding patterns
and meaning in complicated data. For issues that are too complicated to be resolved
using conventional methods, they are frequently employed in a variety of scientific
domains. Neurons from three different types of layers—input, hidden, and output
layers—make up ANNs. Because ANNs work well with nonlinear problems, they have

been effectively used to identify anxiety and sadness [247].

Deep Neural Network (DNN) In comparison, deeper neural networks have learned
high-level characteristics with more complexity and abstraction [231]. Deep Neural
Networks have shown outstanding levels of predicting accuracy that may be comparable

to that produced by a human’s ability.

Deep Convolutional Neural Network (DCNN) Deep architectures often outperform
shallow structures when taking on challenging learning issues. The layer-wise stacking

of numerous linear and non-linear processing units enables the learning of complicated
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representations at various levels of abstraction. Deep CNNs may perform at a level
comparable to humans by learning the invariant representations if given enough training

data [114].

RNN AnRNN is any network whose neurons engage in bidirectional communication.
Sequential and time-series data may be used to extract features and long-term
dependencies using RNNs. At least one link between every non-linear unit in the stack
of non-linear units of the RNNs forms a directed cycle. Any dynamical system may
be modelled by an RNN with the right training; nevertheless, long-term dependency

learning is a major problem for RNN training [114].

LSTM A particular kind of RNN, which is called LSTMs, was created to deal
with the vanishing gradient issue that arises when creating models with long-range
dependencies. They preserve memory cells that have the capacity to hold data
for extended periods of time. As a result, they are able to record the long-term

interdependencies of sequential data, which enhances the accuracy of estimates [10].

Tabnet With the use of attentive mechanisms and gradient-based learning, TabNet is
a DL network for tabular data that can collect a variety of high-dimensional data and
identify which attributes are crucial for producing predictions that are both accurate

and understandable [10].
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Table 2.11: Comparative analysis of prior DL-based studies for depression and anxiety

detection

No.

Reference

Models Used

Best Model /
Result

Task Type

Advantages

Challenges

[25]

LSTM,
AdaBoost,

SVM,
RF,
K-NN, LR, MLP

LSTM accu-
racy = 100%

Classification

LSTM
demonstrated
strong  potential
for automated
mental health
detection and may
support timely
of

health

identification
mental

conditions.

The reported

100% accuracy
raises concerns
regarding  possible
overfitting and
requires  validation
using diverse
and independent

datasets.

[73]

MLP

Average
MSE =
0.5300

Regression

Robust validation

and  exploratory
data analysis
enhance the
reliability of
the findings.
Quantitative

attributes  provide
useful information
for analysing
mental health

during crises.

The dataset was
collected primarily
during the COVID-
19 pandemic,
which may limit
generalizability  to
other periods and

populations.

Continued on next page
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No.

Reference

Models Used

Best Model /
Result

Task Type

Advantages

Challenges

[86]

ANN, SVM, DT,

RF

SVM accu-

racy = 98%

Binary Clas-

sification

HuDA_COVID
the
of

highlights
potential
computational
approaches for
analysing  mental
health
the

19

during
COVID-
pandemic
and addressing
psychological

needs.

High variability

within the
dataset resulted
in comparatively
lower performance
of the DL model,
particularly ~ ANN,
than traditional ML

approaches.

[109]

LR, KNN, DT,

RF,
DNN

Bagging,

LR, DT,
Bagging =

100%

Binary Clas-

sification

Automated
depression
prediction can
support early
identification,

reduce assessment
time, and assist
mental health

intervention.

Automated models

may not capture
complex individual
cases. Classifier
performance

may

vary  across

demographic  and
cultural contexts.

Data privacy and

potential bias
require careful
consideration.

Leveraging a chord diagram given in Fig. 2.11, it visualizes the intricate connections

between authors and the specific ML and DL techniques they’ve employed in their research,

offering a comprehensive view of their contributions in the realm of this research. Fig. 2.12

shows how ML and DL can be used to detect anxiety and depression.
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Figure 2.11: A chord diagram demonstrating the author’s relationship to DL and ML
approaches.
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Figure 2.12: The application of ML and DL for depression and anxiety detection.

2.8.3 Hybrid ML and DL Models for Depression and Anxiety

Training Model ~ —————

Supervised Learning Classifiers
Naive Bayes Classifier
kNN Classifier =
SVM
Logistic Regression
oT

1.CART 2.(50 3.CTREE

DT Ensemble Learning

1. Bagging 2. Boosting

RF Gradient Boosting

Bagged CART  XGBoost
AdaBoost
LightGBM
CatBoost

Detection

Depression and anxiety detection have been widely investigated using various approaches.
Social media, text, and audio data have been used for detecting mental health problems. Another
approach is the use of standardized psychological assessment instruments for the detection of
depression and anxiety.

complementary strengths and improve predictive performance. Table 2.12 summarizes existing

Depressionand Anxiety Classification

T

Supervised Learning Regressors
Linear Regression
Lasso Regression

Neural network regression

Elastic Net =
SVR .
DT Regression

Ridge Regression

- Performance Evaluation

U

Unsupervised Learning

Deep Learning

K-Means Clustering

K-Meanst+ Clustering

GMM
BIRCH

Spectral Clustering

studies that have employed hybrid models for mental health detection.
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Table 2.12: Overview of existing approaches in mental health assessment using hybrid

models
S. No. | Reference Models Used Method Results

1 [248] CNN and LSTM models in a | Social media Accuracy = 92%
hybrid model

2 [152] CNN and LSTM models in a | Text + audio Accuracy = 80%
hybrid model

3 [115] Hybrid model using TF- | Twitter tweets Accuracy = 99.4%
IDF feature extraction and
Logistic Regression as the
classification algorithm

4 [272] Multi-Aspect Depression De- | Social media Accuracy = 89.5%
tection with Hierarchical At-
tention Network (MDHAN)

5 [202] Hybrid CNN-SVM Social media Accuracy = 68%

6 [138] Hybrid CNN and Long Short- | Text + audio Accuracy =96.125%
Term Memory (LSTM) model

7 [7] Hybrid Random Forest (RF) | Psychological in- | Accuracy = 74%
and Artificial Neural Network | strument
(ANN) model

8 [262] DT + KNN and RF + NN | Psychological in- | DT + KNN Accu-
hybrid models strument racy = 86.69%; RF

+ NN Accuracy =
93.54%%

2.9

Impact of Dataset Size on Machine Learning Model

Performance

This section examines pertinent research on the connection between dataset size and ML model

performance. It highlights key studies, their contributions, and the gaps addressed by the present

research.

Sordo and Zeng

[222] examined the relationship between classification accuracy and

sample size. Their study used NB, SVM, and DT on a dataset of 8,500 text quotes from

Brigham and Women’s Hospital, focusing on patients’ smoking status. Their results, which

demonstrated a favourable correlation between training set size and classification accuracy,

were consistent with earlier studies. As the dataset increased, both SVM and DT demonstrated

notable improvements in performance, indicating more stable and reliable learning.

The work done by Imlawi and Alsharo [98] looked at how estimation methods affected
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sample distribution variance, concluding that resampling methods exhibited lower variance
when approximating classification accuracy. Further research has also suggested that larger
datasets may help reduce the influence of assessment strategy choices on variance.

Similarly, the study by Dyar and Ytsma [60] supports the notion that increases in dataset
size minimize the effect of differences in evaluation strategies. Their work demonstrated
that prediction accuracy on unprocessed data consistently improved with larger training sets,
indicating increased model robustness.

Shahinfar et al. [214] used an image dataset to thoroughly examine the performance of DL
models with gradually increasing per-class (species) sample numbers. Their study provided
valuable insights into how incremental growth in class-level data affects training stability and
overall accuracy.

Similarly, Stockwell and Peterson [227] investigated how sample size affects species
distribution models’ accuracy. Their work highlighted how insufficient samples can significantly
limit predictive performance, particularly in ecological modeling scenarios. Table 2.13

compares related work and their limitations.
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Table 2.13: Comparative analysis of related work and their limitations

tribution of Mexi-
can Birds

modeling methods based on
sample size and environmen-
tal variables for improved
prediction accuracy.

Authors Dataset Contributions Limitations

[222] Text Quotes Increasing sample size leads|Classifier performance can be
to improved performance by |negatively affected by limited
overcoming local fluctuations |training cases, especially in
and stabilizing accuracy. complex classification tasks.

[98] Census Income|Resampling techniques ef-|Resampling may be com-

Dataset fectively reduce variance in|putationally expensive and
performance estimation, es-|not practical in time-sensitive
pecially with smaller datasets |or resource-limited environ-
(100-500 samples). ments.

[60] Chemical Predic-|Highlights the importance of|Small training sets may lead

tion Data (Rock|specifying training and testing|to overfitting and poor gener-

Samples) sample sizes to accurately|alization.
assess model performance
and prevent overfitting.

[214] Image Dataset  |Identifies a logarithmic rela-|Challenges include incorrect
tionship between model per-|labels, imbalanced samples,
formance and the number of|image quality variations, and
training images. camera trap inconsistencies,

affecting robustness.

[227] Atlas of the Dis-|Emphasizes selecting suitable|Logistic regression models

show unpredictable accuracy
depending on environmental
variable choice.

2.10 Evaluation Metrics

A range of performance measures is used to evaluate how well models predict anxiety and

depression. ML and DL models employ evaluation metrics such as Fl-score, AUC-ROC,

Precision, Recall, Sensitivity, Accuracy, and Specificity. Nonetheless, statistical study requires

metrics like Mean, Standard Deviation, Mean Square Error, and Root Mean Square Error. This

section gives answers to research question 9.

Mean (1)

The mean value is obtained by dividing the total of all the values in a data collection by the

total number of items [141]. It is given by the following equation:
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o Z{'\lei

Where:
* The overall number of data points is V.

* Each distinct data point is represented by x;.

Standard Deviation (o)

The standard deviation is a statistical tool used to quantify the variance or dispersion in a set of
data points. It offers a means of comprehending how dispersed or grouped the data values are

around the mean of the data collection [141]. It is given by the equation:

1 Y s
o" Ni:l(Xi_u)

* The overall number of data points is V.

Where:

* Each distinct data point is represented by x;.

* u is the data set’s mean (average).

Mean Square Error (MSE)

The expression can be defined as the total number of data points divided by the sum of the
squared discrepancies between the predicted and actual target variables [94]. It is given by the
equation:
1 & AN 2
MSE = (1~ )
i=1

Where:

MSE stands for Mean Squared Error.

* nis the total number of data points or observations.

* ¥, reflects the i-th data point’s actual (observed) value.
« ¥; shows the expected result for the i-th data point.
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Root Mean Square Error (RMSE)

The RMSE is equal to the square root of the MSE. The MSE is assessed in the square of the
target variable, whereas the RMSE is quantified in the same units as the target variable. Because
of the way it is formulated, MSE effectively penalizes greater errors more harshly, much like

the squared loss function it comes from [85,94,208]. It is given by:

1 & N
~Y (%)’
n;i3

RMSE =

Where:

RMSE is the Root Mean Square Error.
* nis the total number of data points or observations.
* ¥; represents the actual (observed) value for the i-th data point.

« ¥; represents the predicted value for the i-th data point.

Accuracy

The percentage of successful hits about the total number of classifications is known as accuracy
[18,196]. The accuracy, defined as the ratio of correct forecasts to the total number of
predictions, is determined by considering the number of false-positive (FP), false-negative (FN),

true-positive (TP), and true-negative (TN) predictions.

TP+TN
TP+FN+TN+FP

Accuracy =

Precision

Positive predictive value (PPV), which is another term for precision. It is the estimation of the

precise proportion of correctly identified events among the favorably classified instances [82].

TP

P . . _ T
TeC1S10n TP+ FP

Recall

Recall quantifies the model’s capacity to identify positive samples [82,241]. The recall is

calculated using the number of FP, FN, and TP:
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TP

Recall = ——
TP+ FN

F1-score

F1 score measures the accuracy of a model. It is the mean of the accuracy and recall rating of
a model. Accuracy- it is a measure that calculates how often the model actually makes good
predictions over the whole dataset [186]. The F1-score is another useful measure to be used in
the evaluation of how the models will perform over datasets with imbalanced class distributions.

It is calculated by the ratio of recall and precision:

2 x Precision x Recall _ 2xTP

F1-score = — =
Precision + Recall 2xTP+FP+FN

Specificity

The percentage of genuine negatives that the test accurately detects is known as specificity [9].

TN

SpeCIﬁCIty = m

Matthew’s Correlation Coefficient (MCC)

The mean corrected correlation (MCC) is one metric used to evaluate the performance of binary
classification models. This metric accounts for true positives, true negatives, false positives, and
false negatives. MCC yields one number with +1 indicating that the model would make totally
perfect predictions, 0 indicating that the model would make completely random predictions,
and -1 showing an utter discrepancy between the predictions and the actual results.Thus, MCC
makes it possible to assess a model’s performance, particularly in datasets that are unbalanced

and have different class sizes [156].

(TN x TP)— (FN x FP)

MCC =
(FP+TP)(FN+TP)(TN +FN)

AUC-ROC

The average sensitivity of a test across all likely specificity values, or vice versa, is called a

ROC curve. The overall diagnostic efficacy of a test can be evaluated using the AUC measure.
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The range of accepted values is from 0 to 1, with O indicating a test that is entirely erroneous

and 1 indicating an entirely accurate test [151].

2.11 Post-Pandemic Mental Health Crisis

Pandemics have historically had profound and long-lasting effects on society. Past global health
crises, such as the HIN1 Swine Flu, HIV/AIDS, SARS, Ebola, and Zika virus outbreaks, have
not only strained healthcare systems but also reshaped perceptions of contagious diseases and
their broader societal consequences.

Human Immunodeficiency Virus (HIV) attacks CD4 cells, which are crucial for the immune
system. This significantly impairs the body’s ability to combat opportunistic infections, such
as tuberculosis, fungal infections, bacterial infections, and various cancers [258]. Individuals
who are HIV-positive or at risk often experience heightened mental health issues [191]. Thus,
HIV impacts mental health across diverse populations, extending its effects beyond the immune
system.

Severe Acute Respiratory Syndrome (SARS) severely affected healthcare workers as the
virus rapidly spread in hospital settings, which was first identified in November 2002 in
Guangdong Province of China. Research during the SARS outbreak highlighted significant
psychological distress among healthcare professionals due to their frontline roles [158].

The global spread of Influenza HIN1 (Swine Flu) in 2009 posed significant challenges
to healthcare systems. Reactions to pandemics often include stockpiling supplies and altering
travel plans. Observations showed varying responses, with Malaysians displaying higher anxiety
and Europeans underestimating HIN1 mortality, indicating a need for better communication
about the flu vaccine [80].

The first Ebola epidemic happened in remote rainforest villages in Central Africa. However,
the West African Ebola outbreak from 2014 to 2016 was unprecedented, covering Guinea, Sierra
Leone, and Liberia, and had the highest case and mortality counts [257]. The West African
Ebola outbreak from 2014 to 2016, the most severe since the virus was first discovered, had
profound effects on mental health. Research in Sierra Leone revealed significant depression,
anxiety, and PTSD among survivors, medical professionals, and affected families [103].

The Zika virus, which can cause congenital Zika syndrome, including microcephaly,
is predominantly transmitted by Aedes mosquitoes, which are active during the day [259].
Pregnant women are at risk from the Zika virus, which is spread by Aedes mosquitoes and

can result in congenital Zika syndrome, which can include microcephaly. The widespread
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fear and panic among pregnant women globally highlight the virus’s extensive psychological
impact [69].

These historical pandemics underscore the complex challenges infectious diseases present
and emphasize the importance of preparedness and support networks.

Long-term mental health issues have replaced short-term psychological anguish as a result of
the COVID-19 pandemic’s substantial and ongoing rise in mental health disorders worldwide.
Emerging evidence indicates a rise in conditions such as depression, anxiety, PTSD, and
sleep disturbances across diverse populations, including individuals who were not directly
infected [11].

Post-pandemic mental health outcomes have been particularly severe among vulnerable
groups such as healthcare workers, students, elderly individuals, and those experiencing
economic or social instability. Studies suggest that psychological symptoms often persist
long after recovery, indicating that mental health impacts are not merely immediate reactions
but part of a prolonged post-COVID syndrome [11].

A key observation across the literature is the widespread use of standardized psychometric
tools such as PHQ-9, GAD-7, and DASS-21 for assessing mental health conditions, as shown
in Fig. 2.13. Although these instruments offer trustworthy clinical benchmarks, they mostly
depend on self-reported data and frequently overlook more comprehensive contextual elements
including social isolation, environmental stressors, and digital behaviour patterns. This restricts
their capacity to offer a thorough comprehension of the dynamics of mental health in the post-

pandemic age.

Frequency

Tool

Figure 2.13: Frequency of different mental health assessment tools utilized in chosen
studies for the assessment of post-COVID-19 psychological symptoms.

Furthermore, existing studies predominantly employ traditional statistical methods,
including regression analysis and hypothesis testing, which are effective for identifying
associations but lack the capability to model complex, high-dimensional data. As a result,
there is limited focus on predictive and real-time assessment of mental health conditions.

Importantly, there is a notable underutilization of ML and DL techniques in post-pandemic

95



mental health research [11]. Given their ability to process large-scale, multi-modal data and
enable early detection and personalized interventions, these approaches present a significant
opportunity for advancing mental health assessment.

Therefore, the post-pandemic context highlights the need for data-driven, scalable, and
real-time mental health monitoring systems. The employment of ML-based techniques in this
study, which aims to improve the precision and efficacy of mental health prediction models, is

directly motivated by this gap.

Summary

Two of the most common mental health conditions, depression and anxiety, were thoroughly
reviewed in this chapter, along with the computational methods used for their automated
diagnosis. It began by outlining the fundamental concepts, including the types, risk factors, and
clinical manifestations of these disorders, highlighting the influence of genetic, neurochemical,
traumatic, and psychosocial factors on their development.

A detailed overview of traditional screening and diagnostic techniques was provided,
covering psychological instruments, neuroimaging methods such as MRI, EEG, HRV, facial
expression analysis, biological markers, and social media-based sentiment analysis. Among
these, self-report psychological instruments such as PHQ, BDI, GAD, and DASS were identified
as widely used due to their practicality and validated effectiveness across diverse populations.

The chapter further presented a structured and systematic review of ML and DL approaches
for mental health assessment, with particular emphasis on studies conducted during and
after the COVID-19 pandemic. A wide range of models, including traditional classifiers,
ensemble techniques, and deep learning architectures, were critically examined in terms of
their methodologies, data sources, feature engineering strategies, and performance evaluation
metrics.

This chapter highlighted a number of important obstacles despite notable progress,
such as problems with data quality, class imbalance, model interpretability, overfitting, and
generalisability across datasets. These drawbacks show that more reliable, scalable, and
effective methods for predicting mental health are required.

Overall, this chapter establishes a strong theoretical and methodological foundation for the
present research by integrating domain knowledge with existing computational techniques. The
insights derived from this chapter help identify critical research gaps and directly motivate the

development of the proposed models and experimental framework presented in the subsequent
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chapter.
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Chapter 3

Unveiling the Impact of Dataset Size on
Machine Learning Models for Anxiety
and Depression Prediction amid the
COVID-19 Pandemic: Determining
Optimal Data Collection Thresholds

3.1 Introduction

This chapter examines how dataset size affects ML models’ ability to identify anxiety and
depression during the COVID-19 epidemic. While previous chapters establish the relevance
of ML in mental health assessment, this chapter specifically examines how variations in data
availability affect model accuracy, robustness, and generalizability.

Using multiple mental health survey datasets, this chapter evaluates the performance of DT,
RF, SVM, and KNN classifiers across progressively increasing dataset sizes. Data slicing and
augmentation techniques are employed to simulate realistic data collection scenarios.

This chapter’s main goals are to find practical criteria for accurate mental health prediction
and to spot patterns in model performance as the dataset size grows. Fig 3.1a provides a
visual depiction of the suggested study project. The critical review presented in Section 2.9
identified a gap in systematically examining the influence of dataset size on ML-based anxiety

and depression prediction. Accordingly, this chapter investigates the effect of varying dataset
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sizes on the performance of multiple ML models using consistent experimental settings. The
insights derived from this analysis provide guidance for effective data collection strategies and

inform the development of more advanced models presented in subsequent chapters.

b. Provisional Diagnosis of GAD-7

2 Visual representation of propesed research work.

= o
€. Provisional Diagnosis of PHO-9

Figure 3.1: a Visual representation of proposed research work, b Provisional diagnosis
and severity of GAD-7 & Figure 1c Provisional diagnosis and severity of PHQ-9

3.2 Proposed Methodology

To ensure generalizability and scalability, four ML models were applied across three different
datasets as explained in Table 3.1. In addition to standardised psychological tests like the PHQ-9
and GAD-7 as explained in detail in section 2.5, which gauge the degree of anxiety and sadness

associated with the COVID-19 epidemic, all datasets included demographic data.

3.2.1 Datasets Used

We used three datasets in this work, collected by Islam et al. [100], Qasrawi et al. [188],
and Carollo et al. [38]. The GAD-7 and PHQ-9 tests were utilised in every study to gauge
participants’ levels of anxiety and depression. Higher levels of depression and anxiety were
reported across participants. Table 3.1 describes the characteristics of the datasets in detail.
Tables 3.2, 3.3 and 3.4 present anonymized illustrative snapshots of the datasets used in this
study, showing representative feature variables, questionnaire responses, derived scores, and

corresponding class labels for supervised learning.
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Table 3.1: Description of datasets used

S. |Reference Size (N) Dataset Link Description Psychological Instru-
No. ments
1 [100] 476 https://doi.org/|Clinical survey data of GAD-7 and PHQ-9
10.7910/DVN/N5BU students questionnaire
JR
2 [188] 3569 https://datavers|Clinical survey data of|GAD-7 and PHQ-9
e.harvard.edu/da|pregnant and postpar-|questionnaire
taset.xhtml?pers|tum women
istentId=doi:10.7
910/DVN/FCDGEB
3 [38] 435 https://rdr.ucl. |Respondents from the| GAD-7, PHQ-9, and
ac.uk/articles/d|UK and Greece during |self-perceived loneli-
ataset/Self-Perce|the first lockdown ness scores
ived_Loneliness_
and_Depression_D
uring_the_COVID-1
9_Pandemic_a_Two
-Wave_Replicatio
n_Study/20183858
Table 3.2: Anonymized Illustrative Snapshot of the Open-Source Dataset D1
Age|Sex| GAD1|GAD2|GAD3|GAD Score|GAD Class PHQ1 | PHQ2|PHQ3|PHQ Score PHQ Class
2511 1 1 1 7 2 1 1 1 5 2
211 0 0 0 1 1 0 0 0 1 1
2212 3 3 3 19 4 3 1 3 25 5
20| 2 1 1 0 6 2 3 1 0 9 2
191 1 0 0 5 2 1 0 1 9 2
21| 2 0 0 0 0 1 2 0 0 2 1
23 11 0 0 0 3 1 3 0 1 5 2
Table 3.3: Anonymized Illustrative Snapshot of the Open-Source Dataset D2
f_id |Preg.|Anx.1|Anx.2|Anx.3|Anx.4|Anx.5|Anx.6|Anx.7 |Anx. Score|Anx. Class|Dep.1|Dep.2|Dep.3|Dep.4 |Dep.5|Dep.6|Dep.7 | Dep.8| Dep.9|Dep. Score Dep. Class
2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
3 2 0 0 3 2 3 3 1 12 1 2 1 1 0 0 0 2 0 0 6 1
4 2 0 0 0 0 1 0 0 1 0 1 0 1 1 0 0 1 0 1 5 1
5 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
6 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 2 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 3.4: Anonymized Illustrative Snapshot of the Open-Source Dataset D3

Country

LoneTot

CASEStot

PHQtot| PHQ Class GADtot| GAD Class

SleepTot BeliefTot| ModActDiff | CHAOStot

pq22|RPQtot| MildActDiff [ MildAct TimeDiff

United Kingdom of Great Britain and Northern Ireland

18

15 9

11 39 -3 20

16 -7 -180

United Kingdom of Great Britain and Northern Ireland

47

6 18

10 37 12

2 6

United Kingdom of Great Britain and Northern Ireland

53

8 6

9 33 13

United Kingdom of Great Britain and Northern Ireland

44

1 2

13 39

United Kingdom of Great Britain and Northern Ireland

54

25 17

8 36

United Kingdom of Great Britain and Northern Ireland

49

9 4

11 34

United Kingdom of Great Britain and Northern Ireland

38

13 18

10 39

IS ] PN

United Kingdom of Great Britain and Northern Ireland

47

2
1
1
0
2
1
1
0

olw|o|e|o|—=|n|=

4 1

YIRS N EA FN A

11 40

KA ESI PN IS PN S IS

%)
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3.2.2 Mental Health Assessment

The GAD-7 scale was used to measure anxiety, and the PHQ-9 scale was used to detect
depression as explained in detail in section 2.5. The GAD-7 is a widely used self-report
instrument for assessing the severity of generalized anxiety disorder symptoms [226]. Itis a
simple and practical tool that helps mental health professionals and primary care physicians
diagnose and monitor anxiety symptoms.

The GAD-7 can be used for initial screening, determining the severity of anxiety symptomes,
monitoring treatment progress, and tracking symptom changes over time.

The seven items on the GAD-7 correspond to common symptoms of anxiety disorders. Each
question asks about the frequency of specific anxiety-related symptoms experienced during the
previous two weeks. Respondents rate each item on a scale from 0 to 3, where 0 indicates “not
at all” and 3 indicates “nearly every day.” Similar to the PHQ-9, each item contributes a score
between 0 and 3, yielding a total score ranging from O to 21.

For this work, anxiety levels were categorized as follows:

¢ None—minimal: < 5

Mild: 5-9
e Moderate: 10-14

e Severe: > 15

Figure 3.1b summarizes the provisional diagnosis associated with the GAD-7 scale and the
corresponding “Anxiety Class” used as the output variable for the ML models.

A common self-report tool for determining a person’s degree of depression symptoms is
the PHQ-9 [123]. The nine items on it ask how frequently a certain set of depression symptoms
occurred over the previous two weeks; each item is graded from O (not at all) to 3 (almost every
day). The overall score is between 0 and 27. Depression severity levels were categorised as
mild (5-9), moderate (10—14), moderately severe (15—-19), and severe (> 20) for the purposes
of this work. Figure 3.1c summarizes the provisional diagnosis of the PHQ-9 scale and the

corresponding “Depression Class” used as the output variable for the ML models.

3.2.3 Data Slicing and Data Augmentation

In the present work, datasets of different sizes, ranging from N=100 to N=1500, were constructed

using data slicing and augmentation techniques. Data slicing was conducted through random
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sampling, wherein, for each target sample size, A subset of the data was chosen at random.
In the cases where the target sample size was smaller than the available data, straightforward
random sampling was done. On the other hand, data augmentation was applied when the target
sample size was greater than the data that was available. To get the required sample size for
data augmentation, the original dataset’s random samples were duplicated. This involved the
repetition of the whole dataset several times until it reached close to the target size. After
which, any deficit in reaching the exact sample size was completed by random sampling (See

Algorithm 1).

Algorithm 1: Data Slicing and Augmentation

Input: Original dataset D, Target sample sizes S

Output: Augmented datasets D1, D2, ..., Dk

for Si in S:

if Si <= n:

Di <- random_sample(D, Si)

else:

num_repeats <- Si // n

remainder <- Si % n

Di <- concatenate(repeat(D, num_repeats), random_sample(D, remainder))

return D1, D2, ..., Dk

For the data-slicing experiments, datasets of sizes (N = 100,200, ...,1500) were generated
by randomly sampling observations from each original dataset. A fixed random seed
(random state=42) was used to ensure reproducibility. Each sample size was generated
independently and was not intentionally constructed as a nested subset. When the requested
sample size exceeded the number of available observations, resampling was used to obtain
the required dataset size. Five-fold cross-validation was used across various subgroups to
reduce the possibility of bias. This makes it easier to evaluate how augmentation affects model

performance in a reliable way.

3.2.4 Data Preprocessing and Predictive Modelling

The datasets used in this work typically have a large number of missing, inconsistent, and
superfluous variables. Therefore, in order for ML models to handle the data, data cleansing is

required. Missing qualities for PHQ-9 and GAD-7 surveys were supplanted with 0, accepting
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the absence of the side effect. The training data set has chosen the goal variables known as
the anxiety class and the depression class in order to forecast mental health problems. In this
undertaking’s underlying stage, an underlying trial is conducted, utilizing an 80 — 20 split.
Here, 80% of the information fills in as the preparation dataset, while the leftover 20% fills in
as the testing dataset. The acquired experimental outcomes are the foundation for performance
evaluation. In this work, precision, recall, accuracy, and the F1 score are computed using
the classification report. By methodically examining the optimal hyperparameters that would
enhance the models’ performance, we improved the methods used to construct the models. We
have done a grid search for each model, using cross-validation techniques to consider a range
of various hyperparameters; these have included the maximum depth in DT, the number of
neighbors in KNN, and even the number of estimators in RF. From the Grid Search CV, we
were able to pick the final set of parameters that gave the best trade-off between accuracy and

overfitting. Hyperparameters selected for each classifier are summarized in Table 3.5.

Table 3.5: Hyperparameters for each classifier

Model |Hyperparameters Tuning
DT  |max_depth =5
min_samples_leaf = 75
SVM |[C=0.1

kernel = rbf’

gamma = ’scale’

random_state = 10
CNN [n_neighbors = 2
RF n_estimators = 100

min_samples_leaf = 50

3.2.4.1 Machine Learning Algorithms Used

Four supervised machine learning algorithms—DT, SVM, KNN, and RF—were used in
this study to predict anxiety and depression. These models were thoroughly described in
Section 2.8.1.3. The DT algorithm is a non-parametric technique that creates a hierarchical
tree structure of nodes and leaves by recursively dividing the dataset according to criteria that
maximise information gain or minimise variance [168]. SVM is very useful in high-dimensional
spaces; in this work, an RBF kernel with a regularisation value C = 0.1 and gamma = ’scale’ was
employed. SVM looks for the best hyperplane that divides data points of various classes [102].

Euclidean distance is frequently employed to gauge similarity, and in this case, k = 2 was
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used. The KNN method classifies a new instance based on the majority class of its nearest
neighbours [253]. In order to increase generalisation and decrease overfitting, RF, an ensemble
learning technique, combines several DTs. In this work, 100 trees with at least 50 samples per

leaf were used [32].

3.2.5 Evaluation Metrics

To assess the predictive performance of the ML models in this work, we employed standard
evaluation metrics commonly used in classification tasks. These metrics were defined in detail
in Section 2.10. The metrics used include accuracy, precision, recall, and F1-score.

Together, these metrics offer a thorough understanding of how well the models identify
anxiety and depression, and they serve as the foundation for evaluating the effectiveness of the

four machine learning models used in this chapter.

3.3 Statistical Analysis of Model Performance

The statsmodels package (version 0.14.1) and the Python programming language were used to
perform statistical analysis. The survey responses were analyzed and visualized using scripts
written in Python. The ANOVA test is done, which calculates how dataset size influences the
performance of different ML models while predicting anxiety and depression. To ascertain
whether the mean value for the performance metrics—accuracy, precision, recall, and F1-
score—across various dataset sizes differs significantly, the ANOVA test was used.

Hypotheses Formulation:

* Null Hypothesis (H0): “There is no significant relationship between the size of the
dataset and the performance of ML models in terms of accuracy, precision, recall, and

F1-score.”

* Research Hypothesis (H1): “As the size of the dataset increases, the performance of

ML models improves in terms of accuracy, precision, recall, and F1-score.”

Then, for every model, the respective p-values were calculated along with F-statistics to
judge the significance of observed differences in performance metrics. An F-statistic is a
measure of the ratio of variance explained by the model to unexplained variance. When the
p-value is smaller than the predetermined significance level o = 0.05 and the F-statistic is high,

it indicates that performance improves dramatically with increasing dataset size.
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3.4 Results

Different ML models were used to assess the psychological well-being appraisals across dataset
sizes from 100 to 1500. Four ML models are analysed to determine their predictive skills,
accuracy, precision, recall, and F1-score. This demonstrates the models’ ability to accurately
classify anxiety and depression classes, identify genuine positives, avoid false negatives, and
optimise recall and precision. Utilizing these markers offers a customized evaluation of how

well a model performs based on the objectives and important aspects of the application.

3.4.1 Performance of Dataset 1 for GAD-7 and PHQ-9

Using GAD-7 and PHQ-9 data, the study evaluated how well ML classifiers predicted anxiety
and depression levels, as shown in Table 3.6. Initially, the classifier’s performance was not
very good, with accuracies varying from 0.15 to 0.6. Precision, recall, and F1 scores showed
that it was difficult to predict anxiety levels using the given data. As the number of samples
grew, the classifiers got better, with SVM and RF consistently performing better than DT and
kNN. When N was 200, the results improved, and the accuracy varied from 0.38 to 0.73. All
classifiers achieved high accuracies, often exceeding 0.8, when N was 400 or more. On the other
hand, especially with smaller sample sizes, kNN showed greater recall but poorer accuracy.
This indicates that anxiety levels based on GAD-7 scores may be accurately predicted by ML
algorithms, enabling early identification and management. DT fared worse than other classifiers,
particularly in terms of accuracy and recall. This demonstrates that ML algorithms may be
able to predict anxiety levels based on GAD-7 scores with accuracy, enabling early detection
and intervention. A comparison of performance metrics GAD-7 and PHQ-9 for dataset 1 is

depicted in Fig. 3.2.
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GAD-7 and PHQ-9 Results for Dataset-1
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Figure 3.2: Comparison between the performance metrics of GAD-7 and PHQ-9 on
varied dataset sizes for Dataset-1

The findings of the PHQ-9 questionnaire show that different ML classifiers perform
differently in terms of predicting depression severity. All classifiers performed poorly with
accuracies averaging 0.2 at a sample size of 100. The misclassification rates of ML models
across different dataset sizes were calculated Table 3.7 for dataset 1. It has been observed
that at a smaller sample size, the model lacks the power to learn meaningful patterns from
the little data available. So, the misclassification rate was higher at a lower sample size.
However, a decrease in the same has been observed as the sample size increases. Performance
improved progressively as the sample size grew, with accuracy spikes noted at certain sample
size increments. When compared to DT and kNN, SVM and RF consistently showed greater
accuracies and other performance indicators at N=300. Although its precision was lower, KNN
demonstrated competitive recall performance, indicating a propensity for more false positive
predictions. Lower performance indicators for DT suggest that it is not as good at capturing
intricate linkages in the PHQ-9 data.

It seems that many classifiers have distinct performance measures, emphasising how
important it is to select models that are appropriate for the specific characteristics of the data.
High predicted accuracy and the ability to capture non-linear correlations are the strengths of
SVM and REF, although kNN could be more appropriate in situations where high recall is more
important than precision. Because DT has intrinsic limits when processing non-linear patterns,
it might not be as appropriate for complicated datasets like PHQ-9.

According to the plateau effect, additional increases in sample size may not significantly

enhance predictive accuracy at a certain point. This emphasizes how important it is to optimize

sample size, taking into account real-world factors like available resources and the desired
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degree of forecast accuracy.
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Table 3.6: Performance of Dataset—1 for GAD-7 and PHQ-9 using different machine learning models.

Sample Size (N)

DT SVM kNN RF

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec Fl1

GAD-7 Results for Dataset-1

N=100

N=200

N=300

N=400

N=500

N=600

N=700

N=800

N=900

N=1000

N=1100

0.15 0.04 0.25 0.07 0.15 0.04 0.25 0.07 0.60 0.64 0.61 0.61 0.15 0.04 0.25 0.07

0.45 0.21 0.36 0.26 0.53 0.70 0.43 0.42 0.73 0.76 0.70 0.71 0.38 0.09 0.25 0.14

0.50 0.37 0.52 0.41 0.70 0.83 0.61 0.64 0.82 0.85 0.79 0.81 0.53 0.56 0.48 0.40

0.65 0.61 0.63 0.59 0.81 0.87 0.82 0.80 0.82 0.85 0.83 0.83 0.59 0.73 0.54 0.53

0.65 0.67 0.69 0.67 0.87 0.91 0.84 0.85 0.90 0.91 0.90 0.90 0.77 0.85 0.71 0.74

0.61 0.71 0.60 0.61 0.86 0.91 0.81 0.84 0.85 0.87 0.85 0.86 0.76 0.80 0.76 0.77

0.61 0.65 0.57 0.59 0.87 0.91 0.87 0.87 0.93 0.94 0.94 0.93 0.79 0.81 0.76 0.77

0.60 0.68 0.55 0.57 0.86 0.90 0.82 0.85 0.90 0.91 0.91 0.91 0.67 0.78 0.66 0.66

0.70 0.72 0.69 0.70 0.89 0.92 0.87 0.88 0.92 0.93 0.91 0.92 0.78 0.85 0.76 0.78

0.67 0.71 0.65 0.67 0.89 0.91 0.86 0.88 0.90 0.91 0.90 0.90 0.80 0.85 0.78 0.80

0.75 0.78 0.75 0.74 0.89 0.92 0.88 0.89 0.93 0.94 0.92 0.93 0.80 0.85 0.78 0.80
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Sample Size (N)

DT SVM kNN RF

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec Fl1

N=1200

N=1300

N=1400

N=1500

0.69 0.67 0.66 0.66 0.91 0.93 0.89 0.91 0.97 0.97 0.97 0.97 0.82 0.87 0.80 0.82

0.65 0.69 0.63 0.65 0.89 0.92 0.86 0.88 0.95 0.95 0.95 0.95 0.76 0.82 0.72 0.76

0.73 0.74 0.70 0.71 0.95 0.96 0.93 0.94 0.96 0.96 0.95 0.96 0.84 0.87 0.81 0.83

0.73 0.72 0.72 0.72 0.91 0.93 0.88 0.89 0.96 0.96 0.96 0.96 0.84 0.88 0.82 0.84

PHQ-9 Results for Dataset-1

N=100

N=200

N=300

N=400

N=500

N=600

N=700

N=800

0.20 0.04 0.20 0.07 0.20 0.04 0.20 0.07 0.55 0.64 0.63 0.58 0.20 0.04 0.20 0.07

0.38 0.14 0.37 0.19 0.38 0.12 0.22 0.14 0.68 0.73 0.75 0.70 0.45 0.17 0.26 0.20

0.60 0.42 0.53 0.46 0.57 0.42 0.39 0.36 0.72 0.71 0.75 0.71 0.55 0.31 0.52 0.37

0.46 0.39 0.54 0.40 0.55 0.39 0.46 0.41 0.64 0.71 0.71 0.68 0.57 0.61 0.57 0.56

0.59 0.46 0.58 0.50 0.70 0.66 0.58 0.57 0.68 0.71 0.69 0.67 0.58 0.73 0.56 0.56

0.67 0.69 0.67 0.68 0.68 0.65 0.62 0.61 0.68 0.71 0.71 0.70 0.67 0.79 0.67 0.65

0.63 0.66 0.64 0.64 0.76 0.77 0.65 0.67 0.71 0.77 0.73 0.74 0.69 0.77 0.66 0.63

0.67 0.71 0.65 0.67 0.74 0.77 0.66 0.67 0.76 0.78 0.77 0.76 0.71 0.79 0.72 0.74
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Sample Size (N)

DT SVM kNN RF

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec Fl1

N=900

N=1000

N=1100

N=1200

N=1300

N=1400

N=1500

0.61 0.67 0.58 0.61 0.78 0.80 0.72 0.74 0.79 0.84 0.80 0.80 0.74 0.84 0.74 0.75
0.57 0.67 0.56 0.56 0.78 0.79 0.70 0.72 0.79 0.81 0.80 0.80 0.73 0.77 0.72 0.73
0.66 0.68 0.63 0.65 0.83 0.82 0.77 0.78 0.86 0.87 0.85 0.86 0.79 0.80 0.74 0.75
0.83 0.87 0.82 0.84 0.90 0.92 0.91 0.91 0.90 0.92 0.91 0.91 0.76 0.80 0.76 0.76
0.67 0.71 0.64 0.66 0.86 0.88 0.85 0.86 0.95 0.96 0.96 0.96 0.76 0.78 0.75 0.75
0.59 0.62 0.58 0.59 0.90 0.92 0.89 0.90 0.93 0.94 0.94 0.94 0.73 0.78 0.73 0.74

0.68 0.67 0.68 0.67 0.87 0.90 0.86 0.88 0.94 0.95 0.96 0.95 0.72 0.76 0.72 0.72
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Table 3.7: Misclassification rates of machine learning models across different dataset sizes for Dataset—1.

GAD-7 Dataset—1 Misclassification Rates PHQ-9 Dataset—1 Misclassification Rates

Sample Size (N)

DT SVM kNN RF DT SVM kNN RF
N=100 0.85 0.85 0.40 0.85 0.80 0.80 0.45 0.80
N=200 0.55 0.47 0.27 0.62 0.62 0.62 0.32 0.55
N=300 0.50 0.30 0.18 0.47 0.40 0.43 0.28 0.45
N=400 0.35 0.19 0.18 0.41 0.54 0.45 0.36 0.43
N=500 0.35 0.13 0.10 0.23 0.41 0.30 0.32 0.42
N=600 0.39 0.14 0.15 0.24 0.33 0.32 0.32 0.33
N=700 0.39 0.13 0.07 0.21 0.37 0.24 0.29 0.31
N=800 0.40 0.14 0.10 0.33 0.33 0.26 0.24 0.29
N=900 0.30 0.11 0.08 0.22 0.39 0.22 0.21 0.26
N=1000 0.33 0.11 0.10 0.20 0.43 0.22 0.21 0.27
N=1100 0.25 0.11 0.07 0.20 0.34 0.17 0.14 0.21
N=1200 0.31 0.09 0.03 0.18 0.17 0.10 0.10 0.24

N=1300 0.35 0.11 0.05 0.24 0.33 0.14 0.05 0.24
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Sample Size (N)

GAD-7 Dataset—1 Misclassification Rates PHQ-9 Dataset—1 Misclassification Rates

DT SVM kNN RF DT SVM kNN RF

N=1400

N=1500

0.27 0.05 0.04 0.16 0.41 0.10 0.07 0.27

0.27 0.09 0.04 0.16 0.32 0.13 0.06 0.28




3.4.2 Performance of Dataset 2 for GAD-7 and PHQ-9

The efficacy of machine learning classifiers in predicting anxiety levels across various sample
sizes is demonstrated by the GAD-7 and PHQ-9 findings for Dataset-2, as shown in Table 3.8.
A comparison of performance metrics GAD-7 and PHQ-9 for Dataset-2 is depicted in Fig. 3.3.
All classifiers performed poorly with a sample size of 100, with accuracies ranging from 0.2 to
0.75. Table 3.9 shows misclassification rates of ML models across different dataset sizes for
dataset 2. The same effect of decreasing misclassification rates on increasing the sample size
has been observed for dataset 2, as seen in dataset 1. Compared to DT and KNN, SVM and RF
consistently showed greater accuracy and performance metrics. As the sample size grew, this
pattern persisted, with SVM and RF continuing to dominate in predicted accuracy. DT exhibited
lower performance metrics, indicating its limitations in capturing complex relationships within
the GAD-7 data.

Even though KNN did well in terms of recall, its accuracy was lower, suggesting a tendency
to make more incorrect positive predictions. DT’s performance indicators indicated a lag,
highlighting its limited ability to detect non-linear correlations in the GAD-7 data. As per
the plateau effect, further increases in sample size may not substantially improve predictive
accuracy beyond a certain point. This underscores the importance of optimizing prediction
performance using available data by adjusting model designs and selecting features, and by
choosing the right sample size based on practical factors.

The findings from Dataset-2’s PHQ-9 survey show how effectively ML models can forecast
levels of depression. Across a sample of 100, all models showed moderate performance,
with accuracy levels between 0.65 and 0.8. All of the classifiers improved their performance
noticeably as the sample size increased. At N=300, RF and SVM consistently outperformed
DT and kNN, showing higher accuracies and better overall performance. DT’s performance
measures had limitations in identifying complex correlations observed in the PHQ-9 data when
compared to other methods.

Although its accuracy was lower, KNN demonstrated competitive recall performance,
indicating a propensity for more false positive predictions. The fact that DT underperformed in
performance metrics suggests that it has a limited capacity to identify non-linear correlations.
The results show a plateau effect, which implies that increases in sample size beyond a certain
point would not result in appreciable gains in prediction ability. To maximize prediction
performance within the restrictions of the available data, researchers must concentrate on fine-

tuning model topologies, feature selection, and other components of the work. This emphasizes
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the significance of optimizing sample size based on practical concerns.

GAD-7 and PHQ-9 Results for Dataset-2
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Figure 3.3: Comparison between the performance metrics of GAD-7 and PHQ-9 on
varied dataset sizes for Dataset-2
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Table 3.8: Performance of Dataset-2 for GAD-7 and PHQ-9 using different machine learning models.

DT SVM kNN RF

Sample Size (N)

Acc Prec Rec Fl1 Acc Prec Rec F1 Acc Prec Rec Fl1 Acc Prec Rec Fl

GAD-7 Results for Dataset—2
N=100 0.20 0.04 0.20 0.07 0.75 0.25 0.33 0.29 0.80 0.41 0.44 0.42 0.75 0.25 0.33 0.29
N=200 0.45 0.17 0.26 0.20 0.68 0.23 0.33 0.27 0.80 0.49 0.50 0.49 0.68 0.23 0.33 0.27
N=300 0.55 0.31 0.52 0.37 0.78 0.34 0.34 0.33 0.82 0.39 0.38 0.38 0.78 0.44 0.34 0.35
N=400 0.57 0.61 0.57 0.56 0.91 0.58 0.63 0.60 0.91 0.83 0.75 0.78 0.94 0.60 0.66 0.63
N=500 0.58 0.73 0.56 0.56 0.94 0.46 0.48 0.47 0.90 0.95 0.80 0.85 0.90 0.44 0.45 0.44
N=600 0.67 0.79 0.67 0.65 0.90 0.58 0.64 0.60 0.88 0.90 0.68 0.73 0.92 0.59 0.64 0.61
N=700 0.69 0.77 0.66 0.63 0.87 0.43 0.46 0.44 0.89 0.95 0.88 0.91 0.87 0.43 0.45 0.44
N=800 0.71 0.79 0.72 0.74 0.92 0.44 0.49 0.46 0.94 0.97 0.95 0.96 0.92 0.44 0.48 0.46
N=900 0.74 0.84 0.74 0.75 0.89 0.42 0.49 0.45 0.90 0.90 0.81 0.84 0.89 0.42 0.48 0.44
N=1000 0.73 0.77 0.72 0.73 0.88 0.41 0.49 0.44 0.91 0.89 0.70 0.76 0.87 0.41 0.47 0.43
N=1100 0.79 0.80 0.74 0.75 0.88 0.41 0.48 0.44 0.88 0.89 0.73 0.79 0.89 0.42 0.47 0.44
N=1200 0.76 0.80 0.76 0.76 0.90 0.43 0.48 0.45 0.88 0.64 0.55 0.58 0.89 0.42 0.47 0.44
N=1300 0.76 0.78 0.75 0.75 0.86 0.42 0.48 0.44 0.88 0.88 0.64 0.69 0.85 0.41 0.46 0.43
N=1400 0.73 0.78 0.73 0.74 0.89 0.43 0.49 0.45 0.86 0.89 0.71 0.77 0.90 0.43 0.49 0.46
N=1500 0.72 0.76 0.72 0.72 0.90 0.55 0.51 0.50 0.89 0.87 0.64 0.70 0.87 0.41 0.45 0.43
PHQ-9 Results for Dataset—2

N=100 0.65 0.16 0.25 0.20 0.65 0.16 0.25 0.20 0.80 0.51 0.45 0.43 0.65 0.16 0.25 0.20
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DT SVM kNN RF

Sample Size (N)

Acc Prec Rec FlI Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec Fl
N=200 0.70 0.24 0.40 0.27 0.62 0.12 0.20 0.15 0.75 0.53 0.57 0.54 0.62 0.12 0.20 0.15
N=300 0.78 0.27 0.38 0.30 0.77 0.26 0.35 0.29 0.78 0.58 0.42 0.44 0.75 0.25 0.33 0.28
N=400 0.80 0.29 0.39 0.32 0.80 0.29 0.39 0.32 0.89 0.74 0.64 0.67 0.79 0.28 0.37 0.31
N=500 0.83 0.41 0.47 0.43 0.80 0.30 0.40 0.33 0.85 0.82 0.59 0.64 0.79 0.29 0.38 0.32
N=600 0.81 0.41 0.48 0.44 0.78 0.29 0.39 0.32 0.85 0.71 0.59 0.62 0.77 0.28 0.36 0.31
N=700 0.78 0.39 0.44 0.41 0.78 0.30 0.40 0.33 0.83 0.71 0.57 0.60 0.76 0.28 0.37 0.31
N=800 0.82 0.49 0.55 0.52 0.81 0.30 0.39 0.33 0.88 0.70 0.59 0.63 0.81 0.33 0.39 0.35
N=900 0.83 0.50 0.52 0.51 0.81 0.31 0.39 0.34 0.87 0.71 0.63 0.65 0.81 0.31 0.38 0.34
N=1000 0.80 0.47 0.51 0.48 0.78 0.31 0.39 0.34 0.83 0.73 0.58 0.63 0.77 0.30 0.37 0.33
N=1100 0.78 0.48 0.51 0.48 0.78 0.34 0.41 0.36 0.84 0.75 0.62 0.66 0.78 0.32 0.38 0.34
N=1200 0.77 0.41 0.44 0.42 0.81 0.37 0.43 0.39 0.84 0.76 0.62 0.66 0.80 0.36 0.41 0.38
N=1300 0.78 0.50 0.53 0.51 0.77 0.37 0.45 0.40 0.79 0.71 0.57 0.61 0.76 0.36 0.42 0.38
N=1400 0.81 0.51 0.57 0.54 0.82 0.43 0.51 0.46 0.82 0.72 0.62 0.66 0.78 0.37 0.43 0.40
N=1500 0.80 0.58 0.61 0.57 0.86 0.44 0.50 0.47 0.85 0.77 0.62 0.67 0.80 0.36 0.40 0.38
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Table 3.9: Misclassification rates of machine learning models across different dataset sizes for Dataset—2

GAD-7 Dataset—2 Misclassification Rates PHQ-9 Dataset—2 Misclassification Rates

Sample Size (N)

DT SVM kNN RF DT SVM kNN RF
N=100 0.80 0.25 0.20 0.25 0.35 0.35 0.20 0.84
N=200 0.55 0.32 0.20 0.32 0.30 0.38 0.25 0.88
N=300 0.45 0.22 0.18 0.22 0.22 0.23 0.22 0.75
N=400 0.43 0.09 0.09 0.06 0.20 0.20 0.11 0.72
N=500 0.42 0.06 0.10 0.10 0.17 0.20 0.15 0.71
N=600 0.33 0.10 0.12 0.08 0.19 0.22 0.15 0.72
N=700 0.31 0.13 0.11 0.13 0.22 0.22 0.17 0.72
N=800 0.29 0.08 0.06 0.08 0.18 0.19 0.12 0.67
N=900 0.26 0.11 0.10 0.11 0.17 0.19 0.13 0.69
N=1000 0.27 0.12 0.09 0.13 0.20 0.22 0.17 0.70
N=1100 0.21 0.12 0.12 0.11 0.22 0.22 0.16 0.68
N=1200 0.24 0.10 0.12 0.11 0.23 0.19 0.16 0.64

N=1300 0.24 0.14 0.12 0.15 0.22 0.23 0.21 0.64
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Sample Size (N)

GAD-7 Dataset-2 Misclassification Rates PHQ-9 Dataset—2 Misclassification Rates

DT SVM kNN RF DT SVM kNN RF

N=1400

N=1500

0.27 0.11 0.14 0.10 0.19 0.18 0.18 0.63

0.28 0.10 0.11 0.13 0.20 0.14 0.15 0.64




3.4.3 Performance of Dataset 3 for GAD-7 and PHQ-9:

Interesting trends in the predicted efficacy of ML classifiers across a range of sample sizes are
shown by the GAD-7 findings for Dataset-3, as shown in Table 3.10. All classifiers performed
moderately with a sample size of 100, with accuracies ranging from 0.3 to 0.55. Table 3.11
shows misclassification rates of ML models across different dataset sizes for dataset 3. The same
effect of decreasing misclassification rates on increasing the sample size has been observed for
Dataset 3, as seen in Datasets 1 and 2. Fig. 3.5 and Fig. 3.6 depict misclassification rates for MLL
models for GAD-7 and PHQ-9, respectively. The efficacy of DT, SVM, and RF in capturing
the underlying patterns in the GAD-7 scores was demonstrated by their near-perfect accuracy,
precision, recall, and F1-score at N=300. Reduced kNN performance metrics point to issues
with the GAD-7 data’s complexity. All classifiers performed well as the sample size grew,
with DT, SVM, and RF consistently surpassing kNN on a range of criteria. A comparison of

performance metrics GAD-7 and PHQ-9 for Dataset-3 is depicted in Fig. 3.4.

GAD-7 and PHQ-9 Results for Dataset-3
GAD-7 Accuracy GAD-7 Precision GAD-7 Recall GAD-7 F1-Score
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Figure 3.4: Comparing the GAD-7 and PHQ-9 performance measures on various sizes
of Dataset-3

The PHQ-9 findings for Dataset-3 demonstrate how the prediction effectiveness of ML
classifiers varies with sample size. With accuracies ranging from 0.2 to 0.6, all classifiers
performed poorly when there was a sample size of 100. All classifiers, however, performed
better as the sample size reached 300; DT, SVM, and RF all received good marks. These models
were better able to capture the underlying patterns in the PHQ-9 scores with a moderately sized
dataset. As the sample size increased, further improvements were observed across all classifiers.
SVM and RF consistently achieved near-perfect performance at larger sample sizes (N=600 and
above), demonstrating their ability to reliably predict anxiety and depression levels using the

GAD-7 and PHQ-9 questionnaires, respectively.
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Figure 3.5: Comparative analysis of misclassification rates for different machine
learning models for GAD-7
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Figure 3.6: Comparative analysis of misclassification rates for different machine
learning models for PHQ-9
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Table 3.10: Performance of Dataset-3 for GAD-7 and PHQ-9 using different machine learning models

Sample Size (N)

GAD-7 Results for Dataset—3 PHQ-9 Results for Dataset—3

DT SVM kNN RF

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

N=100

N=200

N=300

N=400

N=500

N=600

N=700

N=800

N=900

N=1000

N=1100

0.30 0.07 0.25 0.12 0.35 0.09 0.25 0.13 0.20 0.05 0.25 0.08 0.15 0.04 0.25 0.07

0.75 0.38 0.50 0.42 0.48 0.12 0.25 0.16 0.50 0.20 0.40 0.27 0.40 0.20 0.27 0.21

0.93 0.65 0.75 0.69 0.38 0.10 0.25 0.14 0.60 0.24 0.40 0.30 0.65 0.40 0.53 0.43

0.94 0.67 0.75 0.70 0.38 0.09 0.25 0.14 0.88 0.51 0.60 0.54 0.75 0.43 0.50 0.46

0.92 0.66 0.75 0.70 0.53 0.19 0.28 0.22 0.83 0.52 0.60 0.55 0.76 0.45 0.53 0.48

0.97 0.95 0.96 0.95 0.48 0.15 0.26 0.18 0.97 0.76 0.80 0.78 0.82 0.58 0.60 0.58

1.00 1.00 1.00 1.00 0.46 0.16 0.26 0.19 0.96 0.74 0.80 0.77 0.83 0.61 0.65 0.63

1.00 1.00 1.00 1.00 0.42 0.15 0.26 0.17 0.94 0.74 0.80 0.76 0.89 0.65 0.71 0.68

1.00 1.00 1.00 1.00 0.51 0.20 0.29 0.23 0.93 0.72 0.80 0.75 0.87 0.62 0.66 0.64

1.00 1.00 1.00 1.00 0.55 0.23 0.30 0.26 0.93 0.72 0.80 0.75 0.87 0.62 0.66 0.64

1.00 1.00 1.00 1.00 0.49 0.21 0.29 0.24 0.95 0.74 0.80 0.76 0.93 0.71 0.78 0.74
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Sample Size (N)

GAD-7 Results for Dataset—3 PHQ-9 Results for Dataset-3

DT SVM kNN RF

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec Fl1

N=1200

N=1300

N=1400

N=1500

1.00 1.00 1.00 1.00 0.53 0.24 0.31 0.26 0.95 0.87 0.87 0.86 0.95 0.73 0.78 0.75
1.00 1.00 1.00 1.00 0.46 0.20 0.30 0.24 0.95 0.91 0.91 0.91 0.90 0.70 0.76 0.72
1.00 1.00 1.00 1.00 0.50 0.23 0.32 0.26 0.98 0.96 0.96 0.96 0.91 0.70 0.76 0.73

1.00 1.00 1.00 1.00 0.51 0.48 0.35 0.30 0.97 0.94 0.93 0.92 0.93 0.89 0.93 0.91
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Table 3.11: Misclassification rates of machine learning models across different dataset sizes for Dataset—3

GAD-7 Dataset—3 Misclassification Rates PHQ-9 Dataset—3 Misclassification Rates

Sample Size (N)

DT SVM kNN RF DT SVM kNN RF
N=100 0.70 0.65 0.45 0.65 0.80 0.40 0.60 0.85
N=200 0.25 0.52 0.38 0.52 0.50 0.72 0.32 0.60
N=300 0.07 0.62 0.40 0.38 0.40 0.52 0.42 0.35
N=400 0.06 0.62 0.40 0.38 0.12 0.59 0.35 0.25
N=500 0.08 0.47 0.33 0.17 0.17 0.51 0.42 0.24
N=600 0.03 0.52 0.21 0.18 0.03 0.52 0.27 0.18
N=700 0.00 0.54 0.26 0.14 0.04 0.56 0.32 0.17
N=800 0.00 0.58 0.25 0.10 0.06 0.53 0.30 0.11
N=900 0.00 0.49 0.21 0.07 0.07 0.56 0.22 0.13
N=1000 0.00 0.45 0.14 0.07 0.07 0.56 0.22 0.13
N=1100 0.00 0.51 0.16 0.05 0.05 0.53 0.15 0.07
N=1200 0.00 0.47 0.10 0.05 0.05 0.51 0.13 0.05

N=1300 0.00 0.54 0.08 0.04 0.05 0.54 0.10 0.10
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GAD-7 Dataset—3 Misclassification Rates PHQ-9 Dataset—3 Misclassification Rates

Sample Size (N)

DT SVM kNN RF DT SVM kNN RF
N=1400 0.00 0.50 0.05 0.04 0.02 0.55 0.07 0.09
N=1500 0.00 0.49 0.03 0.03 0.03 0.52 0.04 0.07




3.4.4 Results of Statistical Analysis on Model Performance

The survey responses were statistically analyzed using the ANOVA test, which quantifies the

improvement in performance metrics as the dataset size increases, as shown below in Table 3.12.

Table 3.12: Significant p-values (at the 5% level) and F-statistic from ANOVAs of
effects of dataset size on performance metrics

GAD-7 ANOVA Test Results
Metric Accuracy Precision Recall F1 Score
Model F Statistic P value F Statistic P value F Statistic P value F Statistic P value
DT 16.22 <0.01 3.30 0.04 1248 <0.01 622 <0.01
SVM 3873 <0.01 6759 <0.01 3255 <001 4120 <0.01
kNN 547 <001 5.12 0.03 7.04 <001 499 0.01

RF 4.48 0.04 590 <0.01 6.26 0.01 4.72 0.02
PHQ-9 ANOVA Test Results
Metric Accuracy Precision Recall F1 Score

Model F Statistic P value F Statistic P value F Statistic P value F Statistic P value
DT 1026 < 0.01 4.38 0.02 901 <0.01 525 <0.01
SVM  25.16 <0.01 2221 <0.01 2223 <0.01 2097 <0.01
kNN 5.28 0.03 9.17 <0.01 12775 <001 6.73 <0.01
RF 13.79 <0.01 13.04 <0.01 1457 <0.01 1098 <0.01

Together, the F-statistic and p-value values demonstrate statistically significant correlations
between model performance metrics and dataset size. Since the null hypothesis predicted that
there would be no meaningful correlation between the size of the dataset and the model’s
performance, it is rejected in this instance.

To strengthen the statistical analysis presented in this thesis, the assumptions underlying
the parametric analysis were subsequently examined. In particular, the Shapiro—Wilk test was
used to assess the normality of the performance observations. The Shapiro—Wilk test indicated
significant departures from normality in few cases therefore, Friedman test was used to further
assess the results. The Friedman test was used to compare the three datasets at corresponding
sample-size levels. Significant differences were observed for all classifiers and performance
metrics for both PHQ-9 and GAD-7 (p ; .05). For PHQ-9, the Friedman x? statistic values
ranged from 10.964 to 22.068, while for GAD-7 they ranged from 6.533 to 26.678 as shown
in Table 3.13. However, the Friedman test assesses differences among datasets and does not

directly determine the direction of the relationship between dataset size and performance.
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Table 3.13: Friedman Test Results for PHQ-9 and GAD-7

Scale Model Accuracy Precision Recall F1-score

x> p X p X p X p

PHQ-9 DT  20.035 < 0.001 14.271 < 0.001 21.655 < 0.001 18.345 < 0.001
PHQ-9 SVM 20.800 < 0.001 22.068 < 0.001 22.068 < 0.001 20.933 < 0.001
PHQ-9 KNN 20.800 < 0.001 10.964 0.004 20.793 < 0.001 19.356 < 0.001
PHQ-9 RF 20.133 < 0.001 19.356 < 0.001 18.610 < 0.001 19.172 < 0.001
GAD-7 DT  24.966 < 0.001 20.276 < 0.001 22.448 < 0.001 24.138 < 0.001
GAD-7 SVM  20.414 < 0.001 24.400 < 0.001 26.678 < 0.001 24.400 < 0.001
GAD-7 KNN 10.897 0.004 10.034 0.007 16.933 < 0.001 16.933 < 0.001
GAD-7 RF 9.254 0.010 6.533 0.038 6.759 0.034 6.933 0.031

Note: a0 =0.05. The Friedman test compares the three datasets at corresponding sample-size levels.

Therefore, Spearman rank correlation with Holm adjustment was used as the primary non-
parametric analysis to examine the association between dataset size and model performance.
Linear regression was additionally used to quantify the change in performance per 100 additional
observations, together with R? and 95% confidence intervals for the slope.

As summarized in Table 3.14, PHQ-9 showed significant positive associations in 37 of
48 model-dataset—-metric combinations after Holm correction, comprising 6/12 for Accuracy,
10/12 for Precision, 10/12 for Recall, and 11/12 for F1-score. For GAD-7, 35 of 48 combinations
were significant, comprising 8/12 for Accuracy and 9/12 for each of Precision, Recall, and F1-
score. Overall, 72 of 96 combinations (75%) showed a significant positive association with
dataset size. The relationships were generally stronger for Dataset 1 and Dataset 3, whereas

Dataset 2 showed weaker or non-significant associations in several cases.
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Table 3.14: Summary of Spearman Rank Correlation Between Dataset Size and Model
Performance After Holm Adjustment

GAD-7 Spearman Correlation Results

Model Dataset Accuracy Precision Recall F1 Score

DT  Dataset 1 T T T T
Dataset 2 T T T 0
Dataset 3 0 T T 0

SVM Dataset 1 T T T 0
Dataset 2 ns ns ns ns
Dataset 3 ns T T T

kNN Dataset 1 T T 1T 1T
Dataset 2 ns ns ns ns
Dataset 3 T T T T

RF  Dataset 1 T T T T
Dataset 2 ns ns ns ns
Dataset 3 T T T 0

PHQ-9 Spearman Correlation Results

Model Dataset Accuracy Precision Recall F1 Score

DT  Dataset 1 ns T T T
Dataset 2 ns T T T
Dataset 3 T T T T

SVM Dataset 1 T T T T
Dataset 2 ns T T T
Dataset 3 ns ns ns ns

kNN Dataset 1 T T T T
Dataset 2 ns ns ns T
Dataset 3 T T T T

RF  Dataset 1 T T T T
Dataset 2 ns T T T
Dataset 3 T T T T

The regression results generally supported the positive trends identified by Spearman
correlation. For example, PHQ-9 DT-Dataset 3 Accuracy increased by approximately 3.77
percentage points per 100 additional observations, while KNN-Dataset 3 and RF-Dataset 3
also showed strong positive relationships. Regression was used as complementary evidence to
quantify the magnitude of change rather than as the primary inferential test.

Statistical Analysis was appropriate because the performance observations for the different

models were obtained repeatedly across the same set of sample-size conditions. Thus, the
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observations across sample sizes were not treated as completely independent, and the repeated-
measures design accounts for the dependence among measurements obtained under the same
experimental conditions. The data trend supports that as the dataset size increases, the ML

models’ performance improves for many metrics and models with low p-values.

3.5 Discussion

This section discusses the analysis of the results of GAD-7, PHQ-9, and the statistical test
(ANOVA) across three different datasets. Various ML classifiers such as DT, SVM, kNN, and
RF were assessed for their predictive performance using sample sizes ranging from N=100 to

N=1500.

3.5.1 GAD-7 Results

Sample size affected the classifiers’ ability to predict GAD-7 accurately in all datasets. For
instance, in Dataset-1, small samples made it hard for classifiers to achieve good levels of
precision and accuracy. Thus, predicting anxiety levels using the GAD-7 questionnaire is not
simple in a small dataset. In essence, SVM and RF outperformed others significantly as sample
sizes increased, especially above N=500. Thereby, when working on larger data sets, SVM
and RF classifiers can capture more details about the measurement of anxiety by the GAD-7
questionnaire. The same trend was evident in Dataset-2, which indicated that higher sample
sizes were associated with superior performance of SVM and RF classifiers. Notably, for
these classifiers, nearly flawless results were obtained with large sample sizes (N=1000 and
above), hence their reliability in accurately predicting anxiety levels from the use of the GAD-7
questionnaire. Therefore, this means that if given enough data, ML classifiers may be able to
understand subtleties about assessing anxiety via GAD-7.

In Dataset 3, both SVM and RF classifiers had a better performance on this data, in
comparison with other classifiers, showing similar behavior for a range of sample sizes. It
should be mentioned that these classifiers did a reasonable job of predicting anxiety levels
based on the GAD-7 questionnaire. In terms of prediction accuracy, they performed about as
well as they could have for a bigger sample size of N=600 and up. These findings suggest that
SVM and RF can improve the anxiety assessment process and enable the development of more

sophisticated intervention strategies.
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3.5.2 PHQ-9 Results

The analysis of the results of PHQ-9 across all three datasets also revealed interesting variations
in prediction accuracies for different sample sizes. The initial trouble of the classifier in Dataset-
1 to achieve high accuracy and precision with a smaller number of samples showed the difficulty
of accurately predicting levels of depression using the PHQ-9 questionnaire for a small dataset.
However, SVM and REF classifiers performed better as the sample sizes increased, especially
around N=300. Larger sample sizes (N=800 and above) have achieved almost perfect recall,
accuracy, precision, and F1 scores.

Similar patterns were also present in Dataset 2, in which SVM and RF classifiers
outperformed all others at both the set minimum sample size and all higher sample sizes.
It should also be noted that almost perfect prediction accuracy was shown by the classifiers at
larger sample sizes (N=600 and above). This can be taken to mean that the PHQ-9 questionnaire
was able to accurately predict depressive levels.

The performance across different sample sizes in both the SVM and RF classifiers of
Dataset-3 was excellent. At N=1000 and above, they achieved an almost perfect classification
report. This is indicative of how ML classifiers, especially SVM and RF, are capable of
enhancing the evaluation of depression, enabling the development of more focused treatment
approaches.

All dataset/algorithm combinations experienced overfitting at some point of increasing

dataset size.

3.5.3 Statistical Results

This work emphasizes that the size of a dataset is especially important in the performance
enhancement of ML models adopted for assessment related to mental health. For the GAD-7
dataset and PHQ-9 dataset, our ANOVA study shows distinct relationships between dataset size
and the fluctuation of several performance indicators, including accuracy, precision, recall, and
F1-score across multiple models. The SVM model performs best when the dataset is larger, as
seen by the highest F-statistics and lowest p-values across all measures. This result also agrees
with the intuition that larger datasets can capture more diverse patterns, which should translate
into better generalization and improved model performance. Also, the gain from the latter two

datasets was for all other models, too, statistically significant.
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3.5.4 Cross-Validation analysis

5-fold cross-validation results are presented in Table 3.15. All of the models’ cross-validation
scores have been found to rise with dataset size, indicating that the models are doing well in
terms of generalisation, as shown in Fig. 3.7 and Fig. 3.8. The characteristics of Datasets 1 and 2
differ from those of Datasets 3 used in our work (Table 3.1). We also repeated the approach on
the Wine dataset to ensure generalisability ”(https://www.kaggle.com/datasets/yasserh/wine-
quality-dataset)”, and similar results were obtained, as attached in Table 3.16. The similarity in
results for datasets 1, 2, 3, and the Wine dataset indicates that variation in the performance of
classifiers is not totally dependent on the characteristics of GAD-7 and PHQ-9, but is mainly
dependent on the dataset size taken. Larger sample sizes yield better classifier performances

consistently, the model learns the pattern efficiently, and generalizes well.
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Figure 3.7: Comparative analysis of cross-validation scores for different machine
learning models for GAD-7

To summarize the results, the findings of this work have great implications concerning
mental health diagnostics, especially in times of pandemics. During pandemics and in general
global crises, traditional care in the mental health field is constrained due to limited resources,
increased demand, and social distancing measures.

ML models can serve to help bridge gaps in care delivery, especially for the underserved
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Figure 3.8: Comparative analysis of cross-validation scores for different machine
learning models for PHQ-9

or areas lacking real mental health infrastructure, by enabling rapid, remote assessment. The
integration of ML tools with existing telehealth platforms could support the timely identification
of individuals at risk, helping healthcare systems prioritize interventions and improve outcomes.
During pandemics, where stressors such as isolation, economic uncertainty, and health anxieties
are pervasive, the use of ML-based diagnostics can alleviate the psychological impact through
early detection and scalable screening solutions.

Further, the potential of SVM and RF classifiers maintaining peak performance across
datasets attests to the generalizability of these methods and therefore lends these solutions
greater flexibility and potential for adoption in wider contexts beyond pandemics, into routine

screening programs of mental health or other public health crises.
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Table 3.15: CV scores of all datasets for GAD-7 and PHQ-9 using different machine learning models

GAD-7

Sample Size (N)

DT SVM kNN RF

DI D2 D3 DI D2 D3 D1 D2 D3 D1 D2 D3

N=100

N=200

N=300

N=400

N=500

N=600

N=700

N=800

N=900

N=1000

N=1100

0.32 0.74 0.44 0.33 0.74 0.44 0.80 0.81 0.57 0.31 0.74 0.44

0.43 0.86 0.78 0.51 0.74 0.48 0.76 0.84 0.58 0.37 0.74 0.51

0.53 0.88 0.90 0.74 0.82 0.47 0.81 0.86 0.66 0.56 0.71 0.69

0.59 0.85 0.90 0.82 0.89 0.45 0.81 0.86 0.66 0.66 0.87 0.69

0.60 0.84 0.90 0.85 0.89 0.46 0.83 0.87 0.72 0.69 0.87 0.80

0.63 0.84 0.96 0.88 0.88 0.48 0.88 0.88 0.76 0.70 0.87 0.84

0.64 0.88 1.00 0.88 0.88 0.49 0.90 0.88 0.78 0.73 0.87 0.85

0.64 0.86 1.00 0.90 0.88 0.50 0.90 0.89 0.80 0.74 0.87 0.87

0.66 0.88 1.00 0.91 0.88 0.52 0.93 0.89 0.82 0.77 0.87 0.92

0.65 0.88 1.00 0.92 0.88 0.54 0.91 0.89 0.86 0.76 0.87 0.94

0.68 0.87 1.00 0.92 0.88 0.54 0.96 0.89 0.91 0.79 0.87 0.94
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GAD-7 (continued)

Sample Size (N)

DT SVM kNN RF

D1 D2 D3 DI D2 D3 DI D2 D3 D1 D2 D3

N=1200

N=1300

N=1400

N=1500

0.68 0.86 1.00 0.94 0.88 0.54 0.97 0.89 0.96 0.80 0.88 0.96

0.69 0.87 1.00 0.93 0.89 0.54 0.98 0.88 1.00 0.80 0.87 0.97

0.71 0.88 1.00 0.93 0.89 0.57 0.99 0.88 1.00 0.80 0.87 0.96

0.71 0.87 1.00 0.94 0.89 0.56 1.00 0.90 1.00 0.81 0.87 0.97

PHQ-9

N=100

N=200

N=300

N=400

N=500

N=600

N=700

0.31 0.65 0.31 0.31 0.65 0.53 0.63 0.84 0.48 0.31 0.74 0.31

0.33 0.74 0.52 0.35 0.66 0.32 0.65 0.79 0.57 0.32 0.74 0.44

0.48 0.76 0.54 0.54 0.72 0.33 0.69 0.83 0.54 0.42 0.71 0.74

0.50 0.77 0.83 0.64 0.79 0.34 0.68 0.83 0.57 0.54 0.87 0.75

0.56 0.82 0.83 0.68 0.81 0.45 0.69 0.83 0.62 0.65 0.87 0.77

0.61 0.80 0.95 0.71 0.79 0.47 0.74 0.83 0.67 0.66 0.87 0.81

0.60 0.80 0.94 0.74 0.79 0.48 0.77 0.83 0.71 0.71 0.87 0.89
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GAD-7 (continued)

Sample Size (N)

DT SVM kNN RF

D1 D2 D3 DI D2 D3 DI D2 D3 D1 D2 D3

N=800

N=900

N=1000

N=1100

N=1200

N=1300

N=1400

N=1500

0.61 0.80 0.94 0.77 0.79 0.50 0.80 0.84 0.74 0.72 0.87 0.88
0.62 0.82 0.94 0.79 0.79 0.48 0.82 0.84 0.80 0.73 0.87 0.90
0.63 0.82 0.94 0.81 0.79 0.48 0.84 0.83 0.80 0.73 0.87 0.90
0.65 0.81 0.94 0.82 0.78 0.50 0.88 0.84 0.92 0.74 0.87 0.93
0.65 0.81 0.96 0.85 0.80 0.51 0.92 0.84 0.98 0.74 0.88 0.91
0.65 0.83 0.97 0.87 0.81 0.51 0.95 0.84 1.00 0.76 0.87 0.92
0.65 0.83 0.97 0.87 0.83 0.51 0.98 0.84 1.00 0.77 0.87 0.93

0.67 0.83 0.99 0.89 0.83 0.52 1.00 0.84 1.00 0.78 0.87 0.93




Table 3.16: Performance of wine dataset for different machine learning models

Sample Size (N) DT SVM kNN RF

Accuracy Precision Recall Fl-score CV score Accuracy Precision Recall Fl-score CV score Accuracy Precision Recall Fl-score CV score Accuracy Precision Recall Fl-score CV score

9¢l

N=100 0.4 0.13 0.33 0.19 0.4 0.4 0.13 0.33 0.19 0.4 0.8 0.83 0.82 0.81 0.82 0.4 0.13 0.33 0.19 0.4
N=200 0.85 0.86 0.85 0.86 0.83 0.4 0.13 0.33 0.19 0.39 0.85 0.89 0.86 0.86 0.845 0.8 0.8 0.75 0.76 0.81
N=300 0.9 0.9 0.9 0.9 0.89 0.33 0.11 0.33 0.17 0.4 0.9 0.9 0.9 0.9 0.9 0.97 0.97 0.97 0.97 0.97
N=400 0.9 0.91 0.92 0.91 0.9 0.42 0.26 0.33 0.24 0.38 0.92 0.93 0.93 0.93 0.94 0.95 0.95 0.96 0.96 0.96
N=500 0.92 0.92 0.93 0.92 0.9 0.4 0.27 0.33 0.24 0.4 0.93 0.94 0.91 0.92 0.99 1 1 1 1 0.98
N=600 0.92 0.92 0.93 0.92 0.9 0.4 0.27 0.33 0.24 0.4 0.93 0.94 0.91 0.92 0.99 1 1 1 1 0.97
N=700 0.92 0.92 0.92 0.92 0.93 0.54 0.39 0.46 0.41 0.5 1 1 1 1 1 0.98 0.97 0.98 0.98 0.98
N=800 0.9 0.91 0.92 0.91 0.93 0.51 0.36 0.42 0.37 0.51 0.98 0.98 0.97 0.98 1 0.99 0.98 0.99 0.99 0.99
N=900 0.93 0.95 0.93 0.93 0.94 0.56 0.39 0.46 0.41 0.52 1 1 1 1 1 1 1 1 1 1

N=1000 0.92 0.94 091 0.92 0.95 0.55 0.37 0.44 0.4 0.51 1 1 1 1 1 1 1 1 1 0.99
N=1100 0.93 0.92 0.94 0.93 0.95 0.55 0.37 0.48 0.41 0.52 1 1 1 1 1 0.99 0.98 0.99 0.99 0.99
N=1200 0.92 0.94 0.92 0.92 0.95 0.51 0.36 0.47 0.39 0.53 1 1 1 1 1 0.99 1 1 1 0.99
N=1300 0.94 0.94 0.95 0.94 0.95 0.53 0.37 0.49 0.41 0.55 1 1 1 1 1 1 1 1 1 0.99
N=1400 0.95 0.95 0.97 0.96 0.96 0.55 0.37 0.48 0.41 0.55 1 1 1 1 1 0.99 0.99 0.99 0.99 0.99
N=1500 0.97 0.97 0.97 0.97 0.96 0.53 0.36 0.47 0.41 0.55 1 1 1 1 1 0.98 0.98 0.99 0.98 0.99




3.5.5 Limitations

It is essential to accept some limitations of our work, such as the explicit population under
investigation, the assumption of questionnaire validity, and the likelihood of bias in the datasets.
The varied performance of dataset-3 could be because of the absence of questions in the dataset
for GAD-7 and PHQ-9. Further exploration could investigate different information sources and
other emotional well-being evaluation instruments for a more extensive understanding.

Online-based methods of data collection may also have caused biases, such as self-selection
bias, where those who are more at ease with their use of technology or perhaps apprehensive
about their mental states might have reported higher rates. In addition, those with active anxiety
or depression may have been more likely to participate in such studies, biasing the sample toward
higher symptom severity and limiting generalizability to the general population.

It’s vital to take note that while artificial intelligence can be a significant guide in diagnosing
depression and anxiety, it shouldn’t supplant the skill of psychological well-being experts. All
things considered, it can act as a significant screening device, distinguishing people who might
profit from additional clinical evaluation and conduct. When developing and implementing
such models in healthcare settings, ethical concerns and the privacy of patients are also of the

utmost importance.

3.6 Summary

This chapter used data from the GAD-7 and PHQ-9 questionnaires to investigate how dataset
size affects machine learning models’ ability to detect anxiety and depression. Three separate
datasets with sample sizes ranging from N=100 to N=1500 were used for experimental
assessments using DT, SVM, KNN, and RF classifiers. Precision, Accuracy, recall, F1-score,
cross-validation, and statistical significance testing were used to evaluate performance.

The findings show that model reliability and generalisation are significantly influenced by
dataset size. Across all datasets, classifier performance improved consistently as the sample size
increased, with SVM and RF models showing superior scalability and robustness. Performance
stabilization was observed beyond specific dataset thresholds, indicating a plateau effect where
further increases in data yielded marginal improvements. Statistical analysis using ANOVA
confirmed that the observed performance gains with increasing dataset size were statistically
significant, particularly for the SVM model.

Cross-validation analysis further validated the generalizability of the models, with consistent
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performance trends observed across multiple datasets, including an external benchmark dataset.
These findings indicate that classifier performance is influenced more by dataset size than by
the specific characteristics of the psychological assessment instruments.

Overall, this chapter provides empirical evidence for identifying minimum dataset size
requirements necessary for stable and reliable ML-based mental health prediction. The
insights gained highlight the importance of adequate data collection strategies and motivate
the development of advanced and hybrid modeling approaches, which are explored in the

subsequent chapter.
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Chapter 4

Exploring Deep Learning
Architectures for Mental Health

Assessment: A Comparative Analysis

4.1 Introduction

Using standardised psychological questionnaires, this chapter investigates the use of DL
architectures for automated anxiety and depression assessments. Building upon the ML-based
analyses presented in the previous chapters, this chapter investigates whether DL models can
capture more complex, non-linear relationships within mental health data and thereby improve
predictive performance.

Because DL approaches can learn hierarchical feature representations, they are especially
well-suited for analysing high-dimensional and structured data. These models have the ability
to find subtle patterns in questionnaire replies that conventional machine learning techniques
would miss in the context of mental health assessment. This chapter focuses on analysing
anxiety and depression using information from proven screening tools such as the GAD-7 and
PHQ-9.

Five DL architectures—NN, CNN, RNN, LSTM networks, and TabNet—are used and
assessed for multiclass categorisation of anxiety and depression severity levels in order to do
this. In terms of prediction accuracy, robustness, and generalisation capacity, the comparative
analysis seeks to evaluate each model’s advantages and disadvantages. The comparative analysis

seeks to evaluate each model’s advantages and disadvantages in terms of prediction accuracy,
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robustness, and generalisation capacity. The results of this chapter advance knowledge of the
function of deep learning in mental health diagnostics and offer guidance for the creation of
better and hybrid modelling techniques in later chapters. The critical review presented in
Section 2.8.2 identified a gap in the systematic comparative evaluation of DL architectures for
anxiety and depression prediction. Accordingly, this chapter investigates the performance of
multiple DL models using consistent datasets and experimental settings. The results of this
chapter advance knowledge of DL’s function in mental health diagnostics and offer guidance

for the creation of enhanced and hybrid modelling techniques in later chapters.

4.2 Proposed Methodology

To achieve generalizability and scalability, we applied four DL models on three datasets.

4.2.1 Datasets Used

The first dataset was gathered by Islam et al., and their findings highlight the psychological toll
of the epidemic by showing a considerable prevalence of elevated anxiety and sadness [100].
High levels of depression and anxiety were found among the participants, with 15% of the 476
students reporting moderately severe depression and 18.1% reporting severe anxiety. According
to Carollo et al.’s analysis of the second dataset, which included 435 respondents in the first wave,
it may be especially important to address two symptoms when implementing lockdown limits:
self-perceived loneliness and sad symptoms [38]. Qasrawi et al. gathered the third dataset,
which included measurements of maternal depression and anxiety among 3569 expectant and
recent mothers [188]. Moderate to high levels of depression were reported. Table 4.1 provides
an overview of the datasets used in this work. All these studies employed a traditional approach
to detecting mental health problems using binary classification, paving the way for deeper
analysis of the mental health problems using DL. Detailed characteristics and anonymized
illustrative snapshots of these datasets are provided in Chapter 3 (Table 3.2, Table 3.3 and
Table 3.4).

Table 4.1: An overview of the datasets utilised in earlier research.

Reference Dataset Size DL Models used?
[100] N =476 X
[38] N =435 X
[188] N = 3569 X

140



4.2.2 Mental Health Assessment

In addition to collecting demographic information from respondents, each dataset administered
tests like the PHQ-9 and GAD-7 to measure the level of anxiety and depression caused by
COVID-19, as explained in detail in section 2.5. PHQ-9 and GAD-7 questions were fed into
ML models and the output variable was ’depression_class” and “anxiety_class”. “anxiety_class”
measured the severity of anxiety with values ranging from 0 to 2, 0 meaning no anxiety to 2
meaning severe anxiety. Similarly, “depression_class” measured the severity of depression

ranging from O to 2, 0 meaning no depression to 2 meaning severe depression as seen in

Fig. 4.1.

Anxiety and Depression Severity Levels

Severity Levels
[ None-minimal
[ Moderate
El Severe

Severe -

Moderate -

Severity Levels

None-minimal

T T
Anxiety Depression

Figure 4.1: Score-Based Distribution of Anxiety and Depression Severity Levels

4.2.3 DL Models

The assessment of psychological instruments that will revolutionize the capacity to predict
anxiety and hopelessness will heavily rely on DL. DL can then analyze complexities in data
to predict with better accuracy and profile more personalized insights. DL can aggregate
multi-sourced data to offer a more holistic picture of mental health.

In this chapter, five DL models—NN, CNN, RNN, LSTM networks, and TabNet were
employed for the prediction of depression and anxiety. These models were discussed in detail
in 2.8.2. Table 4.2 summarizes a succinct analysis of the benefits, drawbacks linking various

DL techniques and Table 4.3 provides details of configuration and hyperparameters of the DL
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models.

Table 4.2: Advantages and disadvantages of the models used to forecast anxiety and
sadness

Model |Strength Weakness

NN Can learn complex |Can be prone to

relationships overfitting

CNN |Can automatically |[May require
learn features specialized hardware

for training

RNN |Handles sequential | Struggles with long-
data well term dependencies
LSTM |Effective for time |Can be slower to
series forecasting |train than simpler
RNNs

TabNet|Can handle high- |May require
dimensional data |hyperparameter

tuning for optimal

performance

Table 4.3: Configuration and hyperparameters of the deep learning models

Model |Architecture / Units |Activation Optimizer |Batch /|Regularization  /
Epochs Early Stopping
NN Dense: 9 —-5—3 ReLU, ReLU,|Adam Default /5 |None / No
Softmax
CNN |ConvlD: 32, k =3 —|ReLLU, ReLU,|Adam Default /3 |None / No
Dense: 6 — 3 Softmax
RNN |SimpleRNN: 9 —|RelLU, ReLU,|Adam Default /5 |None / No
Dense: 6 — 3 Softmax
LSTM [LSTM: 9 — Dense:|RelLU, ReLU,|Adam Default /3 |None / No
2—3 Softmax
TabNet |Default configuration |Default Default 20/ 10 Default / Patience =
10

4.2.4 Evaluation metrics

The accuracy with which a model can complete a task determines its performance. Each
DL model’s performance during training and evaluation on the three datasets was evaluated

separately using accuracy, F1-score, precision, and recall. Moreover, a thorough analysis of the
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outcomes is conducted using the AUC-ROC. Common classification tasks focus on precision

and recall measures. These metrics were defined in detail in 2.10.

4.3 Results

The results for the five DL on the three different datasets bring out very important observations
on their performance and the nature of the datasets, as shown in tables 4.4, 4.5, 4.6,4.7, 4.8 and

4.9.

4.3.1 Analysis of DL models on Dataset 1

Results for dataset 1 in DL models were not very variable in the prediction of anxiety and
depression, as shown in Fig. 4.2 The accuracy was highest for LSTM and RNN models, with
accuracy more than 0.9 in the case of both conditions being taken into consideration: anxiety
and depression. LSTM: anxiety - 0.91, depression - 0.89; RNN: anxiety - 0.91 and depression
- 0.88, as shown in Tables 4.4 and 4.5. The CNN also exhibited well, having accuracy ratings
between 0.79 and 0.81 for depression and anxiety, respectively. The accuracies for the NN and
TabNet models were average, with better performance for depression prediction. While both
NN & TabNet showed high precision for depression, their recall of anxiety prediction was poor.
Figs. 4.3 and 4.4 display the confusion matrix that shows how well the DL. models performed

on Dataset 1 for the categorisation of anxiety and depression, respectively.

Table 4.4: Analysis of DL models on dataset 1 for anxiety

Dataset 1 Anxiety|Accuracy |Precision|Recall| F1-score
NN 0.74 0.85 0.59 | 0.64
CNN 0.81 0.88 0.71 0.75
RNN 0.91 0.93 0.88 | 0.89
LSTM 0.91 0.93 0.88 | 0.89
TabNet 0.84 0.89 0.77 0.8
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Table 4.5: Analysis of DL models on dataset 1 for depression

Dataset 1 Depression|Accuracy |Precision|Recall| F1-score
NN 0.76 0.9 0.6 0.65
CNN 0.79 0.82 0.69 | 0.72
RNN 0.88 0.88 0.87 | 0.87
LSTM 0.89 0.89 0.92 0.9
TabNet 0.93 0.95 0.89 | 091

Anxiety Metrics for Dataset 1 Depression Metrics for Dataset 1
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0.90
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Figure 4.2: Performance of DL models for anxiety and depression on dataset 1.
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Figure 4.3: Performance of DL models for depression on dataset 1 using the Confusion
Matrix.
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Figure 4.4: Performance of DL models for depression on dataset 1 using the Confusion
Matrix.
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4.3.2 DL model performance using Dataset 2

The evaluation of DL models in Dataset 2 were very different compared to Dataset 1, as shown
in Fig. 4.5. The best-achieved accuracy of the CNN was about 0.9 for anxiety and 0.82 for
depression, as shown in Tables 4.6 and 4.7. The TabNet model also demonstrated good
performance, specifically for anxiety prediction: accuracy equal to 0.9, precision 0.87. The
RNN and LSTM models generated lower accuracy for both conditions. While the LSTM model
gave a moderate accuracy for depression, the poorest performance of all measures was that of
the RNN model. Compared to Dataset 1, the NN also showed reduced accuracy in Dataset
2, with an accuracy of 0.69 for anxiety but 0.9 for depression. Figs. 4.6 and 4.7 present the
confusion matrix illustrating the performance of the DL models for anxiety and depression

classification, respectively, on Dataset 2.

Table 4.6: Analysis of DL models on dataset 2 for anxiety

Dataset 2 Anxiety| Accuracy |Precision|Recall| F1-score
NN 0.69 0.59 0.6 0.59
CNN 0.9 0.93 0.78 | 0.82
RNN 0.59 0.39 044 | 041
LSTM 0.85 0.58 0.63 0.6
TabNet 0.9 0.87 092 | 0.89

Table 4.7: Analysis of DL models on dataset 2 for depression

Dataset 2 Depression|Accuracy |Precision|Recall | F1-score
NN 0.9 0.6 0.65 0.76
CNN 0.82 0.69 0.72 | 0.79
RNN 0.88 0.87 0.87 | 0.88
LSTM 0.89 0.92 0.9 0.89
TabNet 0.78 0.77 0.81 0.77
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Figure 4.5: Performance of DL models for anxiety and depression on dataset 2.
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Figure 4.7: Performance of DL models for depression on dataset 2 using the Confusion

Matrix.

4.3.3 Performance analysis of DL models on Dataset 3

On Dataset 3, many DL models were pretty accurate in their prediction of anxiety and depression.

More specifically, RNN and LSTM did very well with an accuracy above 0.95 in both conditions:

RNN: anxiety/depression—0.95; LSTM: anxiety/depression— 0.95, as Tables 4.8 and 4.9

show. The CNN showed excellent performance, with accuracy above 0.93 in anxiety and major

depression. Another interesting observation is that the accuracy was high in the case of models

based on neural networks and TabNet for depression, but relatively lower in the case of anxiety

prediction as shown in Fig. 4.8. Figs. 4.9 and 4.10 present the confusion matrix illustrating
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the performance of the DL models for anxiety and depression classification, respectively, on

Dataset 3.

Table 4.8: Analysis of DL models on dataset 3 for anxiety

Dataset 3 Anxiety|Accuracy Precision|Recall F1-score
NN 0.93 0.6 0.62 | 0.61
CNN 0.95 0.62 0.64 | 0.63
RNN 0.95 0.62 0.64 | 0.63
LSTM 0.95 0.62 0.65 0.63
TabNet 0.93 0.61 0.63 0.62

Table 4.9: Analysis of DL models on dataset 3 for depression

Dataset 3 Depression|Accuracy |Precision|Recall | F1-score
NN 0.94 0.93 0.86 | 0.88
CNN 0.93 0.93 0.76 | 0.79
RNN 0.96 0.92 092 | 0.92
LSTM 0.95 0.94 094 | 0.94
TabNet 0.93 0.88 0.89 | 0.88
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Figure 4.8: Performance of DL models for anxiety and depression on dataset 3.
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Figure 4.9: Performance of DL models for depression on dataset 3 using Confusion
Matrix.
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CNN and LSTM had outstanding results for anxiety, where in all datasets, the accuracy was

high. Some variability was depicted by RNN; it showed a higher accuracy of 95% in Dataset

3 but lower in Dataset 2. TabNet and CNN performed well for depression prediction; their

accuracies vary as per the specification in Fig. 4.11.
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Evaluation of the accuracy of many DL models for anxiety in

comparison. b. Evaluation of the accuracy of many DL models for depression in

comparison.

4.4 Discussion

Performance metrics for CNN, LSTM, NN, RNN, and TabNet models on three datasets;

additional validation on the AUC-Roc curve is shown.

148

Generally, CNN does well in all



cases, LSTM and RNN do well but only in random instances, while NN uniformly does well
but is lower in performance. As mentioned earlier, very high performance was seen across
all three datasets, meaning that LSTM and RNN can go up to almost perfect scores as shown
in Fig. 4.12. This work also found that CNN and TabNet were powerful in discriminating
the prediction of depression across diverse datasets, as shown in Fig.4.13. LSTM and TabNet
revealed very competitive performance, especially in Classes 1 and 2. NN and RNN had
variable performance across classes. On Dataset 2, TabNet showed very strong performance,
while CNN and LSTM were only moderate in performance. On Dataset 3, CNN, and TabNet
did not drop performance for Class 1 and Class 2, while RNN continued to output variable yet

with considerably high accuracy.

Figure 4.12: Evaluating the ability to predict depression using ROC Curves for Anxiety
across all datasets using Radar Plot

— o
Radar Chart A for Dataset1 Depicting AUC ROC Values for Anxiety Radar Chart B for Dataset2 Depicting AUC ROC Values for Anxiety Radar Chart C for Dataset3 Depicting AUC ROC Values for Anxiety =% N‘SNTM
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Figure 4.13: Evaluating the ability to predict depression using ROC Curves for Anxiety
across all datasets using Radar Plot

4.5 Summary

Using data from standardised psychological questionnaires, this chapter provided a thorough

analysis of DL architectures for the assessment of anxiety and depression. Five DL
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were systematically analyzed across three independent datasets to examine their predictive
capabilities and robustness.

The experimental results demonstrated that DL models are capable of achieving high
predictive performance in mental health assessment tasks. CNNs demonstrated robust and
consistent performance on all datasets, demonstrating their efficacy in identifying discriminative
patterns in questionnaire-based data. Recurrent models, including LSTM and RNN, achieved
near-perfect performance in several instances; however, their results showed variability across
datasets and class distributions. TabNet emerged as a particularly competitive model, especially
in its ability to discriminate between different severity classes of depression, indicating its
suitability for tabular mental health data. In contrast, traditional neural networks displayed
relatively consistent but comparatively lower performance, emphasizing the advantages of
more advanced architectures.

The AUC-ROC analysis further validated the discriminative power of the DL models,
confirming their effectiveness in distinguishing between multiple severity classes of anxiety
and depression. Performance variations across datasets underscored the influence of dataset-
specific characteristics on model behavior, reinforcing the importance of selecting and tuning
models based on data properties rather than relying on a single architecture.

Overall, the findings of this chapter demonstrate that DL approaches offer substantial
advantages over conventional ML methods for mental health assessment, particularly in handling
complex and high-dimensional questionnaire data. However, the observed diversity between
models emphasises the need for more investigation into interpretability-driven techniques,
ensemble strategies, and hybrid architectures. These insights provide a strong foundation for
the subsequent chapter, which focuses on advanced and hybrid intelligence-based approaches
aimed at improving robustness, transparency, and clinical applicability of automated mental

health assessment systems.
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Chapter 5

Enhancing Mental Health Diagnosis
with DA-TabSVM: A Multi-Class
Hybrid Approach for Detecting

Depression and Anxiety

5.1 Introduction

The need for precise, scalable, and data-driven mental health assessment tools has been
highlighted by the rising incidence of anxiety and depression, especially in the wake of COVID-
19. While earlier chapters demonstrated the effectiveness of traditional ML models and DL
architectures for mental health prediction, each approach exhibits inherent limitations when
applied independently. Conventional ML models often struggle to capture complex, nonlinear
feature interactions, whereas DL models, despite their expressive power, may suffer from
reduced interpretability and sensitivity to dataset characteristics.

This chapter focuses on hybrid intelligence-based models that use the complementary
advantages of traditional ML and DL techniques to address these issues. Hybrid models offer a
balanced framework by combining the interpretability and robustness of traditional algorithms
with the representational capacity of DL architectures. Table 5.1 lists the comparison of hybrid
models with traditional ML and DL models. Such integration is particularly valuable for mental
health assessment, where questionnaire-based data are structured, high-dimensional, and often

exhibit subtle interdependencies across features.
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In this chapter, improved hybrid classification models, including DT+KNN and RF+NN, are
evaluated for the prediction of depression and anxiety across multiple datasets. Furthermore, a
novel hybrid architecture, termed DA-TabSVM, is introduced. This model integrates TabNet’s
capability for handling tabular data with the strong generalization and decision boundary
optimization of SVMs, enabling effective multiclass classification of mental health conditions.

The proposed models are evaluated using standardized psychological instruments, namely
the GAD-7, PHQ-9, and SCL-90, across three independent datasets. The objective of this
chapter is to assess whether hybrid modeling strategies can achieve superior predictive accuracy,
robustness, and generalizability compared to standalone ML and DL approaches. The findings
presented in this chapter contribute to advancing hybrid intelligence frameworks for reliable

and clinically relevant mental health assessment.

Table 5.1: Hybrid Model Comparison with Conventional ML and DL Models

Traditional ML DL Models

Aspect

Hybrid Models

Models

Advantages of Hybrid ML
Models

Model Structure

Integrates the ad-
vantages of many
ML/DL methods.

Uses a single ML
algorithm (e.g.,
SVM, KNN).

Relies
neural
(e.g.,
RNN).

on deep
networks
CNNs,

Hybrid models leverage com-
plementary strengths, improv-
ing overall performance.

Performance

Often  achieves
higher accuracy
and robustness.

May struggle with
complex patterns
or data variations.

Can achieve high
accuracy but
requires large
datasets.

Hybrid models can out-
perform single models by
integrating diverse learning
methods.

Flexibility

Adaptable to dif-
ferent types of
data and tasks.

Limited by the
characteristics of
the chosen algo-
rithm.

High adaptability
but computation-
ally intensive.

Provides flexibility by com-
bining algorithms suited for
specific data characteristics.

Interpretability

Better
interpretability
by combining
interpretable
models.

Generally inter-
pretable depend-
ing on the algo-
rithm.

Often lacks inter-
pretability due to
complex architec-
tures.

Balances performance and
transparency by integrating
interpretable ML with high-
performing DL models.

Computational
Cost

Balanced cost due
to selective model
combination.

Generally  low
to moderate,
depending on
complexity.

High
computational
cost, especially
for large models.

Offers a balance between
performance and efficiency,
unlike resource-intensive DL
models.

Data
Requirements

Can optimize
performance even
with smaller
datasets.

Performance
degrades
significantly

with limited data.

Requires

large datasets
for optimal
performance.

Reduces data constraints by
utilising the advantages of
both ML and DL techniques.

Overfitting Con-
trol

Better control
of overfitting
through  model
blending.

Susceptible  to
overfitting if not
tuned properly.

High risk of
overfitting
without
sufficient data or

regularization.

Combines models with differ-
ent biases, reducing overfit-
ting risk.

The studies summarized in Table 2.12 indicate that hybrid models have been explored
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using diverse data sources and combinations of ML and DL techniques. However, the
reported results vary considerably across datasets, data sources, model combinations, and
experimental settings. For example, the reported accuracy ranges from 68% for the hybrid
CNN-SVM approach [202] to 99.4% for the TF-IDF and Logistic Regression approach [115].
Furthermore, most existing studies rely on social media, textual, audio, or multimodal data,
whereas comparatively fewer studies have investigated hybrid approaches using standardized
psychological assessment instruments. The limited use of psychological assessment data and the
variation in model combinations indicate a need for further investigation of hybrid approaches
for structured depression and anxiety assessment. The chapter is, therefore, meant to give a
novel model that raises the performance of the hybrid models. It integrates new approaches and
techniques so that it will raise the performance metrics of the already available hybrid models

and present an improved model for predicting mental health conditions.

5.2 Proposed Methodology

In detailing the study design, data collection techniques, and analysis procedures to present and
interpret findings, the methodology provides an organised strategy and tools used to realise the

goals of this work.

5.2.1 Dataset Used

The first dataset was gathered by Islam et al., and the findings highlight the psychological toll of
the epidemic by showing a notable prevalence of elevated anxiety and sadness [100]. Out of 476
students, 15% reported moderately severe depression and 18.1% severe anxiety, revealing high
levels of depression and anxiety among the participants. Qasrawi et al. gathered the second
dataset used in this study, which assessed maternal anxiety and depression in 3569 pregnant
and postpartum women [188]. While 22.4% and 7.7% of people, respectively, reported having
moderate to high levels of anxiety, 11.6% and 8.7% of people, respectively, reported having
moderate to high levels of depression. The third dataset was gathered by [255] in order to use the
SCL-90 scale to forecast medical personnel’s mental health, as explained in detail in section 2.5.
Table 5.2 discusses the datasets used in this work. This work proposed DA-TabSVM, a new
hybrid model, which integrates TabNet and SVM to further uplift the performance quality in
mental health assessment for the accurate detection of anxiety and depression from complex

datasets. Anonymized illustrative snapshots of the first two datasets, are presented in Chapter 3
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(Table 3.3 and Table 3.4, respectively). These snapshots illustrate the representative features,

questionnaire responses, derived scores, and class labels used for supervised learning. Since

the dataset 3 is newly introduced in this chapter, an anonymized illustrative snapshot of this

dataset is presented in Table 5.3.

Table 5.2: Description of datasets used

S.No. | Reference | Dataset Size Hybrid Models used?
1 | [100] N=476 X
[188] N=3569 X
3 | [255] N=5108 v

Table 5.3: Anonymized Illustrative Snapshot of the Dataset 3

Facility Gender|Nationality|Profession| Work Area| Years Exp.|S1[S2[S3]S4]S5]S6]S7| ANXIETY|LEVEL_ANXIETY|DEPRESSION]|
LEVEL_DEPRESS

2 2 [ 2 ] 1] 1 |t [3[3]3]1]2]2]2] 16 | 3 | 501 ]
2
2 2 [ 2 ] 2 [ v | 1 JoJoJo[t[i]t]o] 3 ] 1 \ 52 \
2
2 L2 ] 2] 1 |t [3[3]3]3]3]3]2] 20 | 3 \ 54 |
2
2 2 [ 3 ] 2 [ v ] 1 [3]3]3]3]3]3]2] 20 | 3 \ 52 \
2
2 T 1 |t Jrififz[i]z]r]3] 1oz | 3 \ 54 |
2
2 2 [ v ] 2 [ 3 ] 1 Ja[ufi]t]i]ofo] 6 ] 2 \ 37 \
1

5.2.2 Mental Health Assessment

Anxiety was measured using the GAD-7 scale, while depression was identified using the PHQ-9

scale as explained in detail in section 2.5. The SCL-90 scale was used by dataset 3.

5.2.3 ML Algorithms

In this chapter, classical supervised ML models, namely, DT, SVM, KNN, and RF, were

employed as part of the proposed hybrid framework for depression and anxiety prediction.

The theoretical foundations, working principles, advantages, and limitations of these models

have already been discussed in detail in Section 2.8.1.3. Here, these algorithms are utilized

to establish baseline learning behavior and to capture structured patterns from psychometric

survey data within the hybrid approach.
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5.2.4 DL Models

To enhance representational learning and capture complex nonlinear relationships, DL models,
including NN, CNN, RNN, LSTM, and TabNet, are integrated into the hybrid framework. The
detailed architectures and learning mechanisms of these models were presented in Section 2.8.2.
In the current chapter, these DL models are applied to learn higher-level abstractions from the
data and to complement traditional ML models by improving robustness, generalization, and

predictive performance.

5.2.5 Hybrid Models

In order to enhance prediction performance and generalisation capacity, a hybrid model will
combine the capabilities of several machine learning models. The various model combinations
in a hybrid method aim to capitalise on the distinct advantages of each component model while
effectively eliminating their weak links. By effectively eliminating each component model’s
weak points, the various model combinations in a hybrid method aim to capitalise on its own

advantages.

5.2.5.1 DT+KNN

To enhance classification performance, Yadav and Bokhari (2024) employ a hybrid model
comprising DT and KNN, [262]. To find and model the patterns and connections between
features and the target variable, first train a DT classifier. The use of these predictions from the
DT as features for the next KNN model is based on both the training and test data. The output
of the predictions from the DT is reshaped and fed for training in a KNN Classifier for the final
prediction. The KNN model will operate based on the specified number of neighbours and
leaf size for determining its classification decision. The accuracy of the final forecasts and the
creation of a classification report will thus serve as a gauge of this hybrid approach’s efficacy.
This hybrid method uses the merits of both models: handling complex boundaries in decisions
by the DT and the local information by KNN to improve prediction. This approach should
provide better accuracy of classification by using the different advantages of each model,
and hence is more likely to provide a robust solution to the problem of classification being

undertaken. The hybrid function is:

f(x) = kNN(DT (x)) (5.1)
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where DT (x) is the output of the DT model used as input features for KNN.

Table 5.4: Hyperparameters for DT+kNN
Model| Hyperparameters

DT max_depth: 10

kNN |n_neighbors: 5, leaf_size: 1

5.2.5.2 RF+NN

In order to enhance classification problem performance, a hybrid approach is created in this
study by combining RF and NN models provided by Yadav & Bokhari, 2024 [262]. An RF
classifier will first identify intricate linkages and patterns in the dataset. A NN with dense
layers and ReL.U activations that enables the model to learn from the output of these probability
estimates in refining classification tasks will also be created. The RF’s output yields class
probability estimates that are used as input features for the neural network. Additionally, a
NN with thick layers and ReLLU activations will be created so that the model can improve
classification tasks by learning from the output of these probability estimates. The Adam
optimiser and sparse categorical cross-entropy as the loss function will be used to create the
model. The model will be trained over 20 epochs to optimise its parameters on the output
features provided by the RF. It is appropriate for multi-class classification tasks. Lastly, the
hybrid model’s performance is evaluated by forecasting the test set’s class probabilities, which
are subsequently transformed into class labels using the argmax function. The classification
report provides detailed information on how accurate and performant the model is, showing how
the combination of RF and NN methodologies can leverage their individually unique strengths

in leading to a more robust and accurate classification outcome. The hybrid function is:

f(x) = NN(RF (x)) 5.2)

where RF (x) generates probabilities fed into a Neural Network for final classification.
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Table 5.5: Hyperparameters for RF+NN
Model| Hyperparameters
RF random state: 5
NN  |Dense Layers: [64, 32, 3]
Activation Functions: [ReLU, Softmax]

Optimizer: Adam
Loss Function: Sparse Categorical Crossentropy
Epochs: 20

5.2.5.3 DA-TabSVM

The approach is based on creating a hybrid model from the predictions of two different ML
techniques: TabNet and SVM [265]. First of all, train TabNet Classifier on the training data;
due to the attention mechanisms applied, it works well on complex and structured data. Then,
generate probabilistic predictions. It is trained together with an SVM model, which has high
performance in high-dimensional spaces and gives its own set of probabilistic predictions. The
combination of these predictions concatenates to a new feature space, merging with the strengths
of these models. A Logistic Regression model will then be trained on this combined feature set
to make the final classification as shown in Fig. 5.1. By utilising the complementary capabilities
of TabNet and SVM, this stacking enables the final estimator to achieve potentially better overall
model performance. This hybrid model’s efficacy is assessed using the test set. This work shows
how the hybrid model can integrate predictions stemming from diverse algorithms in a way
that improves classification accuracy and comprehensively assesses the performance through

the classification report. The hybrid function is:

f(x) =LR([TabNet(x),SVM(x)]) (5.3)

where TabNet(x) and SVM(x) are the respective model outputs combined and classified
with Logistic Regression.

The two base learners in the DA-TabSVM framework employ distinct optimization
objectives. TabNet is trained using a multiclass classification loss, represented by the cross-
entropy objective:

N C
LrapNet(0) = — ; Z,lyic log pic (5.4)

1

where N denotes the number of training samples, C denotes the number of classes, y;.
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represents the true class indicator, and p;. denotes the probability predicted by TabNet for class
C.
The SVM base learner uses a margin-based objective, commonly expressed using the hinge

loss:

1 N
Lsvm = 5 |[w]* +C Y max (0.1 - yi(w'x; +b)) (5.5)
i=1

where w and b represent the SVM parameters, C controls the regularization strength, and
the second term penalizes observations that violate the desired classification margin.

The two objectives are optimized independently rather than jointly. TabNet and SVM are
trained separately to generate their respective probabilistic predictions. These predictions are
subsequently concatenated to form the meta-level feature space, which is provided to the Logistic
Regression model for final classification. Thus, the two loss functions are not simultaneously
optimized within a common objective, and no direct conflict between the TabNet and SVM

objectives arises during the training of the base learners.

==
Dataset

Stacking Model

(Logistic Regression)

SVM Classifier

Figure 5.1: Proposed DA-TabSVM architecture.

Table 5.6: Hyperparameters for DA-TabSVM
Model |Hyperparameters
SVM |probability: True
TabNet|max_epochs: 5, batch_size: 20,

virtual_batch_size: 12, patience: 10

In the current work, the best hyperparameters for each model are identified through a

systematic search using GridSearchCV. This is the best setting of parameters for the DT+kNN
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model according to the search: the maximum depth in the DT was set to 10, and KNN was
configured with 5 neighbors and a leaf size of 1, as shown in Table 5.4.

For RF+NN, a random state of 5 in the RF was considered for optimization, with a Neural
Network architecture that had dense layers of sizes 64, 32, and 3, with ReLU and Softmax as
activation functions, respectively, as shown in Table 5.5. Using the Adam optimiser and the
Sparse Categorical Cross-entropy loss function across 20 epochs was the ideal configuration.
For the DA-TabSVM model, the SVM was set to output probabilities, and TabNet tuned the
parameters with a maximum of 5 epochs, batch size of 20, virtual batch size of 12, and set
patience at 10 as shown in Table 5.6. The GridSearchCV did the thorough hyperparameter
tuning that had to be done to ensure each configuration within this model setting was optimized
to the best performance. Table 5.7 gives an algorithm for the working of the proposed hybrid

models.
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Table 5.7: Algorithm of working of Hybrid Models

Hybrid Models (DT+KNN/RF+NN)

DA-TabSVM

Input: Training data: (X,y)
Test data: (Xiesr, Vrest)

Input: Training data: (X,y)
Test data: (Xiesr, Vrest)

Output: Classification accuracy

Output: Classification accuracy

1.

. Generate Features:

Steps:

Split Data: Create training and
validation sets from the training
data.

Train ML Model 1: Create ML
Model 1 and train on the training
set.

Predict class
labels using ML Model 1; reshape
predictions for ML. Model 2.

Train ML Model 2: Train ML Model
2 on ML Model 1 predictions and
original labels.

Make Predictions: Predict labels for
the test data.

Evaluate Performance: Calculate
accuracy; optionally, generate clas-
sification report.

. Train

. Evaluate Hybrid Model:

. Split Data: Divide training data into

training and validation sets.

. Train TabNet: Create TabNetClassi-

fier (tabnet_model), train with early
stopping, evaluate on testing data.

SVM: Create
SvC (svm_model) with
probability=True; train on training
data.

. Create Stacking Ensemble: Create

StackingClassifier (hybrid_model).

. Define base estimators: (’tab-
net’, svm_model) and (’svm’,
svm_model).

. Set final estimator: LogisticRegres-

sion; stack_method="predict_proba’.

. Train Hybrid Model: Fit the hybrid

model using training data to train it.

Make
predictions based on test data,
compute accuracy, and produce a
categorisation report.

5.2.6 Evaluation metrics

The accuracy with which a model can complete a task determines its performance. Each model’s
performance during training and evaluation on the three datasets was evaluated separately using
accuracy, Fl-score, precision, and recall. Moreover, a thorough analysis of the outcomes is

conducted using the AUC-ROC. Common classification tasks focus on precision and recall

measures. These metrics were explained in detail in Section 2.10.
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5.3 Results

In this section, the results of the proposed model are discussed.

5.3.1 Performance analysis of ML and DL models on Depression

Variations in accuracy, precision, recall, and Fl-score are found when comparing the
performance of certain conventional ML and DL models for depression prediction on three
datasets. With accuracies of 0.98, 0.98, and 0.99 for Datasets 1, 2, and 3, respectively, the SVM
outperformed conventional models, as Table 5.8. While doing this, SVM also maintained high
precision and recall, hence making it one of the top-ranked traditional models. RF followed
closely with accuracies within a range of 0.97 to 0.98, hence proving its strength in many
classification tasks. Similarly, KNN outdid others with the accuracies of 0.97, 0.96, and 0.97 on
these datasets, though with somewhat variable recalls to fully capture all the relevant instances.
NN showed good performances, especially on Datasets 2 and 3 with 0.97 and 0.99 accuracies,
respectively, although that of Dataset 1 is relatively lower, which stands at an accuracy of
0.90. In contrast, DT and TabNet models are weaker, presenting a low accuracy with several

oscillations among the datasets as shown in Fig. 5.2.
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Figure 5.2: ML model’s performance in detecting depression (a) Accuracy; (b)
Precision; (c) Recall; (d) F1-score

By combining the best aspects of several available algorithms, hybrid models fared better
than others. As demonstrated in Fig. 5.3, the RF+NN hybrid model outperformed all other
models, producing accuracy values of 0.95, 0.97, and 0.98 on the three datasets, respectively.
This is because it combines RF’s robustness in handling features with the capability of NN
for modeling complex relationships. Precision and recall levels rise as a result, achieving
a favourable balance between the two. Computational DT+kNN hybrid ensured that the
accuracies for DT and kNN stood at 0.88, 0.94, and 0.95, respectively, which attested to
an effective synergy between the simplicity and interpretability of DT with the instance-based

learning of KNN.
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Figure 5.3: Comparison of the performance of hybrid models in identifying depression.

Particularly noteworthy was the proposed DA-TabSVM hybrid, which delivered highly
consistent high performance, achieving the highest accuracies of 0.97, 0.99, and 0.99 across
all datasets. This hybrid effectively combined strong SVM classification with adaptive
feature selection in TabNet, thereby enhancing its depression case identification with high
interpretability and precision. The superior recall rates further underlined the effectiveness of
the hybrid in the minimum misclassification cardinal for a clinical application where missing
true cases have great consequences. Fig. 5.4 displays the confusion matrix that shows how well

the DA-TabSVM model performs for depression classification across all datasets.
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Figure 5.4: Performance of DA-TabSVM for depression using Confusion Matrix.
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Table 5.8: Performance analysis of all the models to detect depression.

Model Dataset 1 Dataset 2 Dataset 3
Accuracy Precision Recall F1-score | Accuracy Precision Recall F1-score|Accuracy Precision Recall F1-score

DT 0.80 0.78 0.83 0.80 0.94 0.89 0.91 0.90 0.94 0.86 0.85 0.86
SVM 0.98 0.97 0.99 0.98 0.98 0.98 0.97 0.97 0.99 0.97 0.99 0.98
RF 0.98 0.99 0.96 0.97 0.97 0.97 0.95 0.96 0.97 0.96 0.92 0.94
KNN 0.97 0.97 0.96 0.96 0.96 0.96 0.91 0.93 0.97 0.96 0.93 0.94
NN 0.90 0.91 0.87 0.89 0.97 0.96 0.93 0.95 0.99 0.97 0.95 0.96
TabNet 0.80 0.83 0.75 0.78 0.93 0.92 0.86 0.88 0.93 0.86 0.81 0.83
DT+kNN 0.88 0.89 0.84 0.87 0.94 0.89 0.88 0.88 0.95 0.90 0.86 0.88
RF+NN 0.95 0.97 0.91 0.94 0.97 0.97 0.96 0.96 0.98 0.96 0.93 0.94
DA-TabSVM| 0.97 0.97 0.96 0.97 0.99 0.99 0.98 0.98 0.99 0.97 0.98 0.98




5.3.2 Evaluation of ML and DL models’ performance in relation
to anxiety

The three datasets provided are used to report the accuracy, precision, recall, and F1 score of
classical models in predicting anxiety. It is noted among the traditional models that the SVM
showed higher accurate performance, with 0.98, 0.99, and 1.00 for Datasets 1, 2, and 3 as
shown in Table 5.9. The SVM exhibited high values of precision and recall in classifying. The
RF algorithm also resulted in good results, with accuracy ranging from 0.97 to 0.98 across
the datasets, showing that it is also capable of properly handling the anxiety data complexity.
KNN has also shown good performance, where accuracy ranged between 0.95 and 0.98, with
a recall that fluctuated a bit, thus showing a possible weak point in catching all anxiety cases
consistently. NN showed performances in the range of good-performance Dataset 3 with an
accuracy of 1.00, but was much less consistent in Dataset 1 and Dataset 2, with accuracies of 0.89
and 0.98, respectively. The DT and especially the TabNet models had more humble results,
showing less precision and recall, with the TabNet model revealing poor performance—in
particular, in Dataset 2—underlining the difficulty of identifying anxiety with good reliability
as shown in Fig. 5.5.

Hybrid models, on their part, however, tend to perform better by combining the strengths
of two algorithms. The RF+NN hybrid model returns high results: 0.88, 0.97, and 0.98 across
the three datasets as shown in Fig. 5.6. This hybrid leverages effectively the ability of RF in
managing diverse feature sets and NN in modeling complex patterns toward enhanced precision
and recall compared to individual models. However, it was competitive with accuracies of 0.84,
0.97, and 0.96, respectively. This illustrates the ability to be balanced in interpretability and
performance through the combination of the rule-based structure of a DT and instance-based
learning from KNN.

Especially, the DA-TabSVM hybrid reached the best accuracies: 0.97, 0.99, and 1.00 in
such datasets. This hybrid model combined SVM’s strength in being able to classify effectively
and TabNet’s adaptive feature selection to result in high precision and recall. The DA-TabSVM
model consistently performed in all datasets, thus really underlining robust and flexible character
when dealing with fine-grained features harboring the essence of anxiety data, hence obtaining
higher recall and precision than the other models. Fig. 5.7 presents the confusion matrix

illustrating the performance of the DA-TabSVM model for anxiety classification on all datasets.
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Figure 5.5: Comparison of ML models’ performance to detect anxiety (a) Accuracy;
(b) Precision; (¢) Recall; (d) F1-score.
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Figure 5.7: Performance of DA-TabSVM for anxiety using Confusion Matrix.
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Table 5.9: Performance analysis of all the models to detect anxiety.

Model Dataset 1 Dataset 2 Dataset 3
Accuracy Precision Recall F1-score | Accuracy Precision Recall F1-score|Accuracy Precision Recall F1-score

DT 0.87 0.82 0.91 0.86 0.97 0.80 0.84 0.82 0.98 0.95 0.91 0.93
SVM 0.98 0.99 0.95 0.97 0.99 0.95 0.95 0.95 1.00 0.99 0.95 0.97
RF 0.97 0.98 0.94 0.96 0.98 0.98 0.90 0.94 0.98 0.98 0.91 0.94
KNN 0.95 0.92 0.93 0.92 0.96 0.89 0.93 0.91 0.98 0.98 0.91 0.94
NN 0.89 0.89 0.87 0.87 0.98 0.87 0.87 0.87 1.00 0.98 0.98 0.98
TabNet 0.86 0.86 0.82 0.84 0.95 0.62 0.63 0.63 0.95 0.85 0.80 0.82
DT + kNN 0.84 0.79 0.82 0.80 0.97 0.93 0.91 0.92 0.96 0.90 0.94 0.92
RF + NN 0.88 0.91 0.83 0.86 0.97 0.98 0.89 0.92 0.98 0.95 0.96 0.96
DA-TabSVM | 0.97 0.97 0.96 0.97 0.99 0.99 0.92 0.95 1.00 0.97 0.96 0.96




5.4 Discussion

Overall, the findings show that hybrid models, which combine complimentary strengths to
improve accuracy, precision, recall, and F1 scores, typically outperform classic ML and DL
models. Hybrids represent a more balanced approach; thus, they are the most effective in
complex tasks such as anxiety prediction, where subtle pattern understanding is needed along
with reliable classification. The performance of the hybrid models are higher on both datasets,
standing for their potential to become a significant, though powerful avenue for the assessment
of mental health beyond a model’s traditional application.

The suggested hybrid approach consistently achieved the greatest degree of precision,
accuracy, recall, and Fl1-score, outperforming or matching traditional ML and other hybrid
models, according to the performance analysis of the DA-TabSVM model in identifying
depression and anxiety using three datasets. The performance of DA-TabSVM reached up
to 97% in terms of accuracy on Dataset 1, 99% on Dataset 2, and 99% on Dataset 3 for
depression detection and similarly high when detecting anxiety with a range reaching up to an

accuracy of 100% on Dataset 3, as shown in Fig. 5.8 and Fig. 5.9.

Performance on Dataset 1 Performance on Dataset 2 Performance on Dataset 3

—e— DT +KNN —e— DT +KNN —e— DT +KNN
RF + NN RF + NN RF + NN
—e— DATabSVM —e— DATabSVM —e— DATabSVM
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Figure 5.8: Comparison of accuracy of hybrid models’ performance to detect depression
(a) Dataset 1; (b) Dataset 2; (c¢) Dataset 3

RF+NN and DT+kNN demonstrated competitive performances, with RF+NN’s maximum
accuracy reaching 98% on Dataset 3. However, for the most part, these models were less
consistent than DA-TabSVM, especially in precision and recall. As the relative comparison
goes, the embedding of TabNet with SVM lets DA-TabSVM be uniquely privileged in terms of
enhanced feature learning and classifications, hence returning overall improved performances
on mental health assessment.

A comparison of the hybrid models, such as DT+KNN and RF+NN, using three datasets,
tells a lot about their performances concerning the baseline results by Yadav & Bokhari, 2024,

as shown in Table 5.10. First is the fact that on Dataset 1, both DT+KNN and RF+NN had an
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Performance on Dataset 1 Performance on Dataset 2 Performance on Dataset 3
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RF + NN RF + NN RF + NN
—e— DATabSVM —e— DATabSVM —e— DATabsVM

Figure 5.9: Comparison of accuracy of hybrid models’ performance to detect anxiety
(a) Dataset 1; (b) Dataset 2; (c¢) Dataset 3

accuracy of 0.88, outperforming 0.8669 as reported by Yadav & Bokhari. That is to say, the
models proposed in this work are slightly improved from the baseline in the current dataset. In
Dataset 2, RF+NN outperformed DT+KNN, with an accuracy of 0.97 against the 0.94 accuracy
of DT+KNN. Both outdid the baseline reported by Yadav & Bokhari with an accuracy of
0.9354, which means there was an improvement with the ensembles implemented here. Dataset
3 reinforces the fact that RF+NN yielded an accuracy of 0.98 while DT + KNN had an accuracy
of 0.95. Compared to a baseline accuracy of 0.95 by Yadav & Bokhari, DT + KNN realizes this,
while RF+NN presents an appreciable boost for this dataset. In summary, these results point to
the high performance of the RF + NN hybrid model, which, particularly, enhances the accuracy
across the datasets concerning both DT + KNN and baseline findings as shown in Fig. 5.10.
Three models, DT+KNN, RF+NN, and DA-TabSVM, have shown heterogeneous effective-
ness in detecting depression and three classes for three different datasets. AUC-ROC scores
showed that the performance of the DT+KNN model was consistent, where all its performances
ranged between 0.86 and 0.98, with the highest performance of Class 0 in Dataset 2 being 0.98,
as shown in Table 5.11. On the contrary, RF+NN, as well as DA-TabSVM manifested optimal
stability in all three classes across the datasets, wherein a perfect score of 1.00 was achieved.
The scores for the detection of anxiety were all high, with minor variation across datasets in
DT+KNN at 0.89 to 1.00, while RF+NN and DA-TabSVM retained near-perfect scores across
all classes and datasets. This suggests that RF+NN and DA-TabSVM perform better in terms of
accuracy and robustness in the detection of depression and anxiety across various data settings,
even though DT+KNN performs well, as shown in Table 5.12. Fig. 5.11 and Fig. 5.12 depict

pictorial representations of AUC-ROC curves for depression and anxiety, respectively.
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Table 5.10: Accuracy Comparison of Hybrid Models DT+kNN and RF+NN

Dataset |DT+KNN|RF+NN|Yadav & Bokhari, 2024
Dataset 1| 0.88 0.88 0.8669
Dataset 2| 0.94 0.97 0.9354
Dataset 3| 0.95 0.98 0.95

DT + kNN Accuracy RF + NN Accuracy

1.0+ - 0.9800
0.9700
0.9400 0.9500 0.9354
0.8800 0aG6s 0.8800

0.8 1

0.2+

0.0 T T T T T T T T
Dataset 1 Dataset 2 Dataset 3 Yadav & Bokhari (2024) Dataset 1 Dataset 2 Dataset 3 Yadav & Bokhari (2024)

Figure 5.10: Comparison of accuracy across DT+KNN and RF+NN.

Table 5.11: AUC-ROC Comparison of Hybrid Models for Depression

Class DT+KNN RF+NN DA-TabSVM
Dataset 1|Dataset 2|Dataset 3 |Dataset 1|Dataset 2|Dataset 3 |Dataset 1|Dataset 2|Dataset 3
Class 0] 0.86 0.98 0.92 1 1 1 1 1 1
Class 1| 0.88 0.93 0.88 0.97 1 1 1 1 1
Class2| 0.91 0.87 0.90 0.98 1 1 1 1 1

Table 5.12: AUC-ROC Comparison of Hybrid Models for Anxiety

Class DT+KNN RF+NN DA-TabSVM
Dataset 1|Dataset 2|Dataset 3 |Dataset 1|Dataset 2|Dataset 3 |Dataset 1|Dataset 2|Dataset 3
Class 0] 1.00 0.97 0.95 0.99 1 1 0.99 1 1
Class 1| 0.98 0.96 0.93 1 1 1 1 1 1
Class 2| 0.99 0.89 0.96 1 1 1 1 1 1

71
Figure 5.11: Comparison of hybrid models” AUC-ROC scores for depression detection.
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Figure 5.12: Comparison of hybrid models’ AUC-ROC scores for anxiety detection.

5.5 Summary

Using data from standardised psychological assessments, this chapter provided a thorough
analysis of hybrid intelligence-based models for the automated diagnosis of anxiety and
depression.The chapter examined the efficacy of merging complementing algorithms to improve
prediction performance and resilience, building on the shortcomings found in single ML and
DL techniques.

Three separate datasets from the GAD-7, PHQ-9, and SCL-90 instruments were used to
assess improved hybrid models, notably DT+KNN and RF+NN, in addition to a novel hybrid
architecture, DA-TabSVM. The experimental findings demonstrated that hybrid approaches
consistently achieved superior performance compared to traditional models, with DA-TabSVM
exhibiting the most stable and accurate results across datasets and mental health conditions. The
integration of TabNet’s feature learning capabilities with the classification strength of SVMs
enabled effective multiclass prediction while maintaining high recall, accuracy, precision, and
F1-scores.

Overall, this chapter demonstrates that hybrid intelligence frameworks provide a strong and
trustworthy method for assessing mental health, especially when handling complicated, high-
dimensional questionnaire data. The findings demonstrate the value of algorithmic synergy in
enhancing robustness and generalisation across a variety of datasets. These findings provide a
solid basis for later chapters that delve deeper into sophisticated modelling techniques meant to
improve the interpretability, transparency, and practicality of automated mental health diagnostic
systems. These observations provide a solid basis for the next chapters that go deeper into
sophisticated modelling techniques meant to improve the interpretability, transparency, and

practicality of automated mental health diagnostic systems.
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Chapter 6

A Novel Adaptive Sigma KNN Model
for Depression and Anxiety Detection

Following the COVID-19 Pandemic

6.1 Introduction

Building upon the findings of the previous chapter, which demonstrated the effectiveness of
hybrid models such as DA-TabSVM for mental health classification, this chapter introduces a
novel ASKNN model to address the remaining limitations related to neighborhood sensitivity,
local data heterogeneity, and classification stability.

Although the hybrid models explored earlier improved predictive performance and
generalization capability, challenges associated with adaptive neighborhood learning and
local decision optimization continued to affect classification performance in heterogeneous
psychometric datasets.

Because ML-based methods can identify intricate patterns in vast amounts of psychological
and behavioural data, they have become attractive substitutes for automated mental health
screening in recent years. Among these approaches, instance-based learning algorithms
such as the KNN classifier have gained attention because of their simplicity, interpretability,
and effectiveness on tabular medical datasets. However, conventional KNN methods suffer
from several limitations, including sensitivity to noise, uniform treatment of neighbors, and
dependence on fixed distance parameters, which can negatively affect classification performance

in heterogeneous mental health data.
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The critical review presented in Section 2.8.1.3 identified limitations in conventional
KNN and existing KNN-based approaches, particularly the use of fixed distance measures
for heterogeneous psychological assessment data. This chapter presented a novel ASKNN
model intended to enhance multi-class categorisation of anxiety and depression severity levels
in order to address these issues. The proposed approach dynamically adjusts the influence of
neighboring instances using an adaptive sigma parameter, enabling better handling of local
data density variations and enhancing classification stability. Because ASKNN uses adaptive
neighbourhood weighting, in contrast to conventional KNN variations, it is especially well-
suited for complicated and unbalanced mental health datasets.

This chapter presents a comprehensive evaluation of ASKNN using both self-collected
and publicly available mental health datasets. The model’s performance is assessed using
standard evaluation metrics, along with rigorous statistical validation through non-parametric
significance testing and effect size analysis. By systematically comparing ASKNN with
multiple KNN-based variants, this chapter aims to demonstrate the effectiveness of adaptive
neighborhood learning for mental health classification and to establish ASKNN as a robust
alternative for automated depression and anxiety detection.

The results of this chapter assist the creation of data-driven tools that are in line with
international public health agendas and advance machine learning approaches for accurate and

comprehensible mental health evaluation.

6.2 Proposed Methodology

The approach utilised in this work is described in this section, along with the dataset,
preprocessing procedures, suggested model, evaluation measures, and statistical analytic

methods used to gauge model performance.

6.2.1 Datasets Used

To assess the effectiveness of the suggested ASKNN model, a primary dataset was gathered for
this work. To increase the work’s validity and generalisability, other benchmark datasets were

also used.
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6.2.1.1 Proposed Dataset

To assess the effectiveness of the suggested ASKNN model, a primary dataset was gathered
for this work. A survey took place between August 2022 and February 2023. Online forums,
blogs, and social media groups of university students were sent links to anxiety and depression
questionnaires. No payment or compensation was requested, and informed consent clarified

the aim of the work to determine the prevalence of anxiety and depression post-pandemic.

Ethics All methods were carried out according to relevant guidelines and regulations.
All experimental protocols were approved by the Ethics Committee of the Department
of Software Engineering at Delhi Technological University, Delhi, India (Approval ID:
DTU/SE/2024/MOM/01). The research was carried out in compliance with the requirements
provided by the Checklist for Reporting Results of Internet ESurveys (CHERRIES) [67].

Informed consent was obtained from all participants before their inclusion in this work.

Data Collection Instruments Standardized psychometric scales, including the BDI and
BAI, were used to measure depression and anxiety symptoms as explained in detail in section 2.5.
The range of the overall score is 0 to 63. The total scores were divided into four groups as
shown in Fig. 6.1 and Fig. 6.2. The tentative diagnoses for BDI and BAI are included in Table
6.1 and 6.2, respectively. Although these tools have shown validity and reliability in a variety

of populations, the sample used in this study explicitly validated their psychometric qualities.
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Figure 6.1: BDI score ranges and depression severity levels.
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Figure 6.2: BAI score ranges and anxiety severity levels.

Table 6.1: A provisional diagnosis of BDI

BDI Score Depression Severity

0-9 Minimal Level of Depression
10-18 Mild Depression

19-29 Moderate Depression

30-63 Severe Depression

Table 6.2: A provisional diagnosis of BAI

BAI Score Anxiety Severity

0-7 Minimal Level of Anxiety
8-15 Mild Anxiety

16-25 Moderate Anxiety

2663 Severe Anxiety

The dataset includes multiple features corresponding to questionnaire responses, where each
feature represents a specific psychological indicator. The responses were encoded numerically
to facilitate computational analysis and ML model training.

The gathered dataset is the main source for assessing the suggested model’s efficacy under

actual circumstances, guaranteeing contextual applicability and relevance.

Study type and population English-literate Indian college and university students who

were at least eighteen years of age were given a web-based cross-sectional survey. Excluded
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were students who were not enrolled in any Indian educational institution. Two surveys were

administered: one for anxiety and one for depression.

* Depression responses: 1596 received, 1552 included in the analysis (Table 6.3).

* Anxiety responses: 1356 received, 1355 included in the analysis (Table 6.4).

The sample is significant based on the sample size calculation:

x=2Z(c/100)2r(100 —r) (6.1)

Where 1 is the estimated percentage of the population that exhibits the characteristic of
interest, (100 - r) is the percentage of the population that does not exhibit the characteristic,
Z(c/100) is the Z-score linked to the desired confidence level, and x is the necessary sample
size [68]. Approximately 412.3 million students are presently enrolled in higher education in
Delhi [2]. We employed a sample of 1356 respondents with a 50% response distribution, a 5%
margin of error, and a 95% confidence level in order to account for this demography. With an
additional 10 to 15% non-respondent error, the minimum sample required for 95% confidence
would be 384, bringing the total to 423 to 442. Our sample is therefore noteworthy since 1356 >
442. Fig. 6.3 and Fig. 6.4 depict how many responses were received for each category (0,1,2,3)

for every question from the BDI and BAI surveys, respectively, using a circos plot [126].
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Table 6.3: Results of questions based on the BDI

NOT AT ALL SEVERAL DAYS MORE THAN HALF DAYS NEARLY EVERY DAY
BDI Questions N=1552 Yo %o Yo %o
=0 =1 =2 =3

Sadness 794 51.16 591 38.08 83 5.35 84 541
Pessimism 907 58.44 408 26.29 159 10.24 78 5.03
Past Failure 875 56.38 383 24.68 223 14.37 71 4.57
Loss of Pleasure 761 49.03 540 34.79 178 11.47 73 4.7
Guilty Feelings 859 55.35 536 34.54 104 6.7 53 3.41
Punishment Feelings 1078 69.46 330 21.26 62 3.99 82 5.28
Self-Dislike 1029 66.3 309 19.91 139 8.96 75 4.83
Self-Criticalness 834 53.74 468 30.15 166 10.7 84 5.41
Suicidal Thoughts or Wishes 1306 84.15 170 10.95 33 2.13 43 2.77
Crying 1053 67.85 216 13.92 86 5.54 197 12.69
Agitation 925 59.6 434 27.96 107 6.89 86 5.54
Loss of Interest 752 48.45 517 33.31 186 11.98 97 6.25
Indecisiveness 929 59.86 421 27.13 110 7.09 92 593




6L1

NOT AT ALL SEVERAL DAYS MORE THAN HALF DAYS NEARLY EVERY DAY
BDI Questions N=1552 %o %o %o %o
=0 =1 =2 =3

Worthlessness 1103 71.07 275 17.72 117 7.54 57 3.67
Loss of Energy 798 51.42 548 35.31 132 8.51 74 4.77
Changes in Sleeping Pattern 569 36.66 640 41.24 249 16.04 94 6.06
Irritability 955 61.53 446 28.74 88 5.67 63 4.06
Changes in Appetite 776 50 531 34.21 148 9.54 97 6.25
Concentration Difficulty 651 41.95 537 34.6 268 17.27 96 6.19
Tiredness or Fatigue 821 52.9 521 33.57 129 8.31 81 5.22
Loss of Interest in Sex 1272 81.96 155 9.99 59 3.8 66 4.25




Figure 6.3: BDI Response Analysis Using Circos Plot
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Table 6.4: Results of questions based on the BAI

1-Mildly, but it didn’t

2-Moderately — it wasn’t

3-Severely - it bothered

BAI N=1355 0-Not atall| Yo %o Yo Yo
bother me much pleasant at times me a lot

Numbness or tingling 841 62.07 358 26.42 121 8.93 35 2.58
Feeling hot 725 53.51 378 27.9 167 12.32 85 6.27
Wobbliness in legs 915 67.53 273 20.15 133 9.82 34 2.51
Unable to relax 587 43.32 418 30.85 247 18.23 103 7.6

Fear of worst happening 501 36.97 378 27.9 320 23.62 156 11.51
Dizzy or lightheaded 759 56.01 381 28.12 171 12.62 44 3.25
Heart pounding / racing 713 52.62 389 28.71 197 14.54 56 4.13
Unsteady 816 60.22 349 25.76 138 10.18 52 3.84
Terrified or afraid 721 53.21 403 29.74 163 12.03 68 5.02
Nervous 491 36.24 468 34.54 278 20.52 118 8.71
Feeling of choking 1021 75.35 209 15.42 92 6.79 33 2.44
Hands trembling 936 69.08 277 20.44 102 7.53 40 2.95
Shaky / unsteady 941 69.45 278 20.52 99 7.31 37 2.73
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1-Mildly, but it didn’t

2-Moderately — it wasn’t

3-Severely — it bothered

BAI N=1355 0-Notatall| Y% %o Yo %o
bother me much pleasant at times me a lot

Fear of losing control 809 59.7 325 23.99 147 10.85 74 5.46
Difficulty in breathing 968 71.44 247 18.23 98 7.23 42 3.1

Fear of dying 1022 75.42 205 15.13 74 5.46 54 3.99
Scared 821 60.59 360 26.57 119 8.78 55 4.06
Indigestion 811 59.85 349 25.76 145 10.7 50 3.69
Faint / lightheaded 975 71.96 272 20.07 73 5.39 35 2.58
Face flushed 984 72.62 255 18.82 85 6.27 31 2.29
Hot / cold sweats 847 62.51 332 24.5 121 8.93 55 4.06




Figure 6.4: BAI Response Analysis Using Circos Plot

6.2.1.2 Benchmark Datasets used

Table 6.5 provides a general overview of the datasets used in this study, including those
specifically related to anxiety and depression as well as other medical illnesses for comparison.
The table contains important information such as dataset names, number of features used,
dataset sizes, and respective sources where available. Our main datasets (D1a and D1b) target
depression and anxiety, with 21 features and sample sizes of 1,552 and 1,356, respectively.
Furthermore, public datasets (D2a—D5b) for depression and anxiety are provided for model
comparison. The datasets differ in feature number and sample sizes, from the smaller ones such
as D4a (N=435) to the larger ones such as D5a (N=5,108).

Furthermore, we incorporate additional medical benchmark datasets (D6-D13) for

conditions such as diabetes, heart disease, chronic renal disease, breast cancer, and appendicitis
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to assess the generalisability of the suggested approach. The datasets are of varying sizes
and complexities, with feature numbers between 5 and 24 and sample sizes between 106 and
802. We can evaluate the adaptability of the suggested model for uses other than mental health
prediction thanks to the incorporation of these datasets. Since more features typically produce
more interesting data for predictive modelling, the number of features used in each dataset
is carefully chosen to give valuable analysis. Larger datasets help improve model training
and generalization, whereas smaller datasets are helpful for testing performance in low-data
situations.

Our dataset is the main object of this work, providing real-world evidence for depression
and anxiety in students. The use of publicly available datasets also adds more strength to
the evaluation, allowing for solid comparisons. The incorporation of medical datasets also
emphasizes the generalizability of the suggested approach in healthcare prediction tasks. Table
6.5 provides an overview of these datasets, clearly describing their main features and sources.

Tables 6.6 and 6.7 present anonymized illustrative snapshots of the primary depression and
anxiety datasets (D1a and D1b), respectively, showing representative demographic attributes,
questionnaire responses, derived scores, and corresponding classes used in ML. models in this
work. Detailed characteristics and anonymized illustrative snapshots of other datasets are

provided in Chapter 3 and 5 (Table 3.2, Table 3.3, Table 3.4 and Table 5.3).
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Table 6.5: Overview of datasets employed in this work, comprising primary depression and anxiety datasets, open-source benchmark datasets,

and other medical datasets for comparative work

S. No. | Reference | Dataset Name Number of features used | Dataset Size | Link
Dla [12] Depression 21 N=1552 |https:
//www.nature.com/article
s/s41598-025-24252-9
DI1b [12] Anxiety 21 N=1356 https:
//www.nature.com/article
s/s41598-025-24252-9
D2a [100] Depression 9 N=476 https://dataverse.harvar
d.edu/dataset.xhtml?pers
istentId=doi:
10.7910/DVN/N5BUJR
D2b [100] Anxiety 7 - -

Continued on next page
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Table 6.5 continued from previous page

S. No.

Reference

Dataset Name

Number of features used

Dataset Size

Link

D3a

[188]

Depression

9

N=3569

https://dataverse.harvar
d.edu/dataset.xhtml?pers
istentId=doi:

10.7910/DVN/FCDGEB

D3b

[188]

Anxiety

D4a

[38]

Depression

14

N=435

https:
//rdr.ucl.ac.uk/articles
/dataset/Self-Perceived
_Loneliness_and_Depressi
on_During_the_COVID-19_
Pandemic_a_Two-Wave_Repl

ication_Study/20183858

D4b

[38]

Anxiety

14

D5a

[252]

Depression

13

N=5108

https://github.com/Hu-L

i/mental-health-dataset

Continued on next page
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Table 6.5 continued from previous page

S. No. | Reference | Dataset Name Number of features used | Dataset Size | Link

D5b [252] Anxiety 9 - -

D6 [148] Diabetes 8 N=768 https://www.kaggle.com/d
atasets/abdallamahgoub/d
iabetes

D7 [104] Heart Attack 13 N=303 https://www.kaggle.com/d

Possibilities atasets/nareshbhat/healt
h-care-data-set-on-heart
-attack-possibility
D8 [197] Chronic Kidney 24 N=400 https://archive.ics.uci.
Disease edu/dataset/336/chronic+
Preprocessed kidney+disease
D9 [220] Pima Indians 8 N=767 https://www.kaggle.com/d
Diabetes atasets/uciml/pima-india
ns-diabetes-database

Continued on next page
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Table 6.5 continued from previous page

S. No.

Reference

Dataset Name

Number of features used

Dataset Size

Link

D10

[269]

Breast Cancer

5

N=569

https:
//www.kaggle.com/dataset
s/merishnasuwal /breast-c

ancer-prediction-dataset

D11

[254]

Appendicitis

N=106

https:
//www.kaggle.com/dataset

s/timrie/appendicitis

D12

[66]

Mammographic

N=802

https://www.kaggle.com/d
atasets/overratedgman/ma

mmographic-mass-data-set

D13

[4]

Wine

13

N=178

https://archive.ics.uci.

edu/dataset/109/wine




Table 6.6: Anonymized Illustrative Snapshot of the Primary Depression Dataset D1a

Age| Sex |(Student| Family Type (D1|D2|D3|D4 D5 /D _Score D _Class
34 |Female 1 Joint Family [ 1 | O 112 20 2
20 | Male 1 Nuclear Family| 0 [ 0 | - | 2 | 3 15 1
21 | Male 1 Nuclear Family| 0 [0 [ 1 |0 | O 7 0
20 |Female 1 Nuclear Family| 0 [ 0 {0 | 0 | O 0 0
20 | Male 1 Nuclear Family| 1 [0 | 1 | 0 | 2 17 1

Table 6.7: Anonymized Illustrative Snapshot of the Primary Anxiety Dataset D1b

Age| Sex |(Student| Family Type A1|/A2|A3|A4|AS5|A Score|A _Class
21 | Male 1 Nuclear Family| 0 [0 |2 | 1| 2 26 3
20 | Male 1 Nuclear Family| 0 [ 1 {0 |0 | O 1 0
20 | Male 1 Nuclear Family| 0 [0 [0 | 0| O 5 0
19 | Male 1 Nuclear Family| O [ 1 |1 |2 |3 20 2
20 |Female 1 Nuclear Family| 0 [ 0 | 1 | 2 | 1 12 1

6.2.2 Mental health assessment

We used standardised psychological questionnaires from a variety of datasets, including the
BDI, BAI, GAD-7, PHQ-9, and SCL-90, to assess participants’ mental health conditions as
explained in detail in section 2.5. The process of self-reporting using these measures is
commonly employed in clinical practice and research to measure symptoms of depression,
anxiety, and general psychological distress. The input variables are standardized psychological
tests like BDI, BAI, GAD-7, PHQ-9, and SCL-90 subscale scores that quantify symptoms
of depression, anxiety, and overall psychological distress. The outcome variable evaluates
the seriousness of mental health disorders, classifying people by standardized cutoffs into no
mental health disorders, mild, moderate, or severe depression and anxiety. Among these, BDI
and BAI were used for primary data collection in this work, while the remaining instruments

were considered through benchmark datasets collected by other researchers.

6.2.3 Psychometric Validation

The Python programming language and the statsmodels package (version 0.14.1) were used for

the statistical analyses of the exploratory factor analysis and confirmatory factor analysis. All
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survey responses were visualized and analyzed using custom Python scripts. The following

were done to ensure the reliability and validity of the scale:

* Exploratory Factor Analysis (EFA): Kaiser Meyer Olkin (KMO) measure and Bartlett’s
Test verified factorability. Principal axis factoring with Promax rotation identified latent

factors [39].

* Confirmatory Factor Analysis (CFA): Confirmed EFA factor structure using model fit
indices: Normed Fit Index (NFI), Goodness-of-Fit Index (GFI), and Adjusted Goodness-
of-Fit Index (AGFI), with acceptable thresholds > 0.90 [175].

* Reliability Analysis: Internal consistency is evaluated using Cronbach’s alpha; values

> 0.80 are deemed acceptable [96].

6.2.4 Predictive Modeling using KNN and its variants

In this chapter, we compared the performance of ASKNN with multiple KNN variants, including
weighted KNN and fuzzy KNN, to evaluate their effectiveness in mental health prediction. The

following subsections provide an overview of each variant and its key modifications.

6.2.4.1 KNN

KNN labels a point according to the majority vote of its closest neighbors based on a distance
measure, like Euclidean distance [253] as explained in detail in section 2.8.1.3. The ease of
KNN is one of its primary strengths, as it has no training phase and can be used directly on
the data. KNN has its challenges, particularly in high-dimensional data, because of the curse
of dimensionality, where the distance between points becomes less significant. Furthermore,
KNN is not very effective when working with huge datasets because it requires computing the
distance between the query point and every other data point in the dataset for each prediction.
KNN also has difficulties with noisy data and unbalanced classes, where the distribution of

classes is not even.

6.2.4.2 AKNN

AKNN is a modified version of the basic KNN algorithm, where the impact of every neighbor is
dynamically modified according to some properties of the data. This makes the model flexible
to adapt to different data distributions and hence more flexible than the basic KNN [230].

In AKNN, the weights of the neighbors are usually modified depending on their proximity or
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some other factors, for example, the data point density in the surrounding areas. The closer
neighboring points are assigned higher weights, which will emphasize the most salient data
points in regression or classification tasks. This modification helps the algorithm concentrate
on the most relevant neighbours, increasing classification accuracy and robustness, and is
especially helpful when the dataset has complicated, non-uniform distributions. AKNN does
very well on data with varying data density across environments or when the data patterns are

changing from region to region.

6.2.4.3 FKNN

FKNN is an extension of the regular KNN algorithm implemented with a system of fuzzy logic
for classification purposes. While the traditional KNN assigns a hard class label based on the
majority of nearest neighbours, FKNN provides membership values that show how much a data
point belongs to any class [112]. This probabilistic approach proves useful when data points are
not separable in a linear fashion and boundaries of classes are indistinct. Taking the uncertainty
into consideration and allowing for a data point to be part of multiple classes with different
levels of membership, FKNN can make more nuanced predictions, particularly where classes
intersect or when data is noisy. This method increases the model’s stability, especially under
real-world settings where hard class boundaries are non-existent, say in medical diagnostics or

natural language processing.

6.2.4.4 KMKNN

KMKNN is a hybrid method that employs K-means clustering to integrate with the KNN
algorithm. With this method, KNN is applied to the centroids of clusters found by the K-means
algorithm rather than raw data points [45]. This minimizes the computational expense of the
KNN algorithm by minimizing the number of calculations involving the distance because the
K-means clustering minimizes the data to a series of centroids to represent the major features of
the data. KMKNN performs best when the data is naturally grouped since it takes advantage of
the structure determined by the clustering algorithm. It can make the classification process more
efficient and scalable, especially with large sets of data, by using centroids to represent multiple

points that possess similar characteristics as opposed to treating every point in isolation.
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6.2.4.5 WKNN

WKNN is one of the standard KNN variations, whereby each one of the closest neighbors
contributes through the weighting under certain criteria such as proximity, weights, or belonging
to aclass [130]. They are given larger weights and so receive increased impact when predicting
or classifying a point. By modifying the weights, the algorithm can lessen the impact of
noisy or meaningless neighbours, making predictions more reliable and accurate. This method
enhances the efficacy of KNN by better representing the value of each neighbour, especially
in cases where the data contains noise or exceptions. The algorithm may lessen the influence
of noisy or irrelevant neighbours by changing the weights, which improves the accuracy and
consistency of predictions. WKNN is most useful in unbalanced datasets, where the number of
data points in some of the classes is skewed, either being much higher or much lower, allowing
the model to give more focus to the minority class and generally improving the classification

accuracy.

6.2.4.6 GMDKNN

GMDKNN is a special form of KNN that changes the default distance function used to measure
proximity among points. Unlike relying solely on Euclidean or Manhattan distances, this method
employs the generalized mean (or power mean) distance, a more general distance function. The
generalised mean can be used with different distance measures, depending on the type of data
and sensitivity level. The algorithm can control the impact of various features or dimensions
in the dataset by using the generalized mean, which makes it more appropriate for complex or
heterogeneous data. This adaptation is more flexible and can improve performance when the

usual distance measures cannot capture the patterns in the data [81].

6.2.4.7 MKNN

MKNN is an extension of the simple KNN algorithm that considers not only the proximity
between data points but also their mutual similarity. In this approach, two data points are
neighbors if they are proximal to each other and have a mutual similarity, which can be measured
in terms of similarity measures like cosine similarity or correlation [54]. This similarity strategy
for mutual similarity can enhance the quality of nearest neighbors by focusing on those that are
not only nearest in distance but also have considerable relationships between themselves, thereby
enhancing predictions. MKNN is useful in practice where relationships of data points are based

on similarity rather than being geometric, e.g., collaborative filtering for recommendations or
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in-text classification.

6.2.4.8 EKNN

Several KNN classifiers (or other ML models) are combined to create EKNN, which produces a
final prediction. The method makes use of the ensemble learning idea, which involves training
several models separately and combining their output, frequently by averaging or voting [92]. In
KNN, an ensemble approach may involve the merging of predictions of multiple KNN models
with differing values of K, distance functions, or sets of features. This helps to reduce the
variance and bias of individual models to yield better and more stable predictions. EKNN is
particularly well-suited for noisy data or imbalanced class cases as it takes advantage of the

strengths of different models to exhibit greater generalization and reduce overfitting hazards.

6.2.4.9 ASKNN

Here, we introduce ASKNN, an extension of the basic KNN algorithm that includes an adaptive
weighting mechanism depending on the local concentration of points. The ASKNN performs
better than the standard KINN because it adjusts the influence of each neighbor based on how
densely or thinly the points are distributed in the feature space. In the following, we describe

the key aspects of the ASKNN algorithm.

* Local Density Calculation

The principle of the ASKNN algorithm is to compute the local density around each
test point. Local density is a measure of the proximity of neighbors to one another in
feature space. For each test sample, the algorithm estimates the inverse distance to the
k-nearest neighbors, which serves as a measure of how proximal or remote the neighbors
are. Local density is then defined as the inverse of the mean distance and impacts the

adaptation of the sigma parameter governing neighbor weighting.

The formula for local density:

1
d1+8+d2+8+

density = (6.2)

Where d; are the distances to the nearest neighbors, and € is a small constant to avoid

division by zero.

This step creates a dynamic measurement of how tightly clustered the neighboring points

are around the query point. If the neighbors are close together, the calculated density
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will be great; otherwise, if the neighbors are more spread out, the density will be low.
This local density information serves as an approximation for calculating the ”spread”
of data around the test point, which is used later to scale the influence of neighbors in

the classification step.
Adaptive Sigma Adjustment

Once the local density has been computed, it is used to adjust the value of sigma. Sigma
controls the spatial extent of the Gaussian function that is used to compute the weights
of a neighbor. A larger local density (i.e., nearer neighbors) results in a smaller value
for sigma, so each neighbor’s weight is more localized. A smaller local density (i.e.,
a sparse neighborhood) results in a large sigma, so any individual neighbor contributes

very little.

The formula for adaptive sigma:

(o)}

—_— 6.3
density 4 € ©.3)

Oadaptive =

Where oy is a base sigma parameter, and € is a small constant to avoid division by zero.

The motivation for adaptive sigma is to make the smoothness of the Gaussian kernel
vary according to the local data distribution. In high-density areas, we want sharp
kernels (small sigma) to highlight near neighbors, while in low-density areas, flat kernels
(large sigma) are used to prevent overfitting to individual points. This adaptation makes

ASKNN perform similarly to a locally sensitive classifier.

The use of a dynamically adaptive ¢ is motivated by the varying density of observations
across the feature space. A static global o applies the same smoothing scale to all regions,
although different neighborhoods may have different inter-point distances. ASKNN
therefore adapts ¢ according to the local neighborhood of each query point. Dense
regions result in a smaller o, providing more localized weighting, whereas sparse regions
resultin alarger o, providing smoother weighting. Computationally, ¢ is recalculated for
each query point from its local neighborhood density, enabling the Gaussian weighting
mechanism to adapt to local data characteristics rather than using a single fixed scale

across the feature space.
Weight Calculation

For every test sample, the neighbor weights are calculated with a Gaussian kernel. The

adaptive sigma is used to transform the distance between a test sample and its neighbors,
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assigning higher weights to closer neighbors and lower weights to farther ones. The

weight of every neighbor is calculated as:

2
weight = exp (—d> 6.4)

2
2 Gadaptive

This weight captures the closeness of a neighbor, with closer neighbors having greater

weights, and distant ones having lower influence.

This process ensures that neighboring contributions are not equal, as in standard KNN,
but weighted by distance and local data density. Using the Gaussian function, ASKNN
smoothly diminishes the influence of farther neighbors, making the classification result

more insensitive to outliers or sparse samples.

Classification

Based on the weighted voting process, the method generates a projected class label for
the test sample after calculating the weights for the KNN. Each class label is given a
score, which is the total of the weights of the neighbours who cast votes for that specific
class. The class with the greatest cumulative score chooses the projected label for the

test sample.

Predicted class:

) . 4
J i€neighbors

§ = argmax ( Y wl) (6.5)

where w; is the weight assigned to each neighbor, and w; is the class label.

Unlike unweighted KNN, where all neighbors have the same impact, ASKNN enables
strong neighbors to dictate the outcome through increased weights as shown in Fig. 6.5.
This leads to improved class separation, particularly in imbalanced or heterogeneous

datasets.
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Figure 6.5: Adaptive neighborhood in ASKNN.

6.2.4.10 Advantages of Adaptive Sigma KNN

Adaptive to Local Density: Unlike classical k-NN techniques, which employ a constant weight
(most often uniform) for all neighbors, Adaptive Sigma KNN tunes the weight according to the
local concentration of the data points. This makes the neighbors’ influence proportional to the
density of the neighborhood surrounding the query point.

Improved Performance in Sparse Data: Where the data is sparse, the model addresses the
absence of proximate neighbors by diminishing the influence of far-away neighbors and making
the classification more resilient.

Better Flexibility: The adaptive sigma mechanism makes the model more versatile and
performs better on datasets with different densities, particularly where there are imbalances in
classes or diverse feature spaces.

Table 6.8 presents a comparative overview of KNN and its variants, focusing on their
important features and advantages. The summary facilitates the understanding of how the
various modifications of the basic KNN method contribute to the improvements in different

contexts.
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Table 6.8: Summary of KNN Variants and Their Key Characteristics

KNN Variant Ref Description Dataset Used Accuracy Key Features Benefits

KNN [246] | Majority voting of | Benchmark dis- | 76.35 (Heart Attack) | No training phase; | Easy to implement;
nearest neighbors | ease datasets simple; distance- | good for small
for classification. based datasets

AKNN [246] | Adaptive KNN | Benchmark dis- | 73.64 (Heart Attack) | Weighted Flexible; works for
with dynamic | ease datasets neighbors; adapts | non-uniform data
neighbor to distribution
weighting.

FKNN [112] | Fuzzy logic-based | IRIS, 91-96% Probabilistic mem- | Handles
classification TWOCLASS bership;  handles | overlapping
with membership ambiguity classes; robust
values. to noise

KMKNN [246] | K-means clustering | Benchmark dis- | 39.86 (Heart Attack) | Uses centroids; re- | Scalable; efficient

combined with
KNN using

centroids.

ease datasets

duces dataset size

for large datasets
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KNN Variant Ref Description Dataset Used Accuracy Key Features Benefits

WKNN [23] | Weighted KNN | Haberman 0.70 Weight adjustment; | Better for imbal-
based on distance | dataset reduces noise im- | anced datasets
or importance. pact

GMDKNN [81] Generalized mean- | UCI datasets 87.76 £ 6.52 Flexible distance; | Adapts to diverse
based distance met- feature tuning data; improves ac-
ric. curacy

MKNN [54] |Uses mutual sim- | ILPD, Glass 85.92% (Glass) Similarity Improves
ilarity along with metrics; mutual | prediction
proximity. relationships reliability

EKNN [23] | Ensemble of mul- | Haberman 77% Multiple models; | Reduces variance;
tiple KNN classi- | dataset voting/averaging improves stability
fiers.

ASKNN Proposed | Adaptive KNN us- | 13 datasets Up to 98.6% Dynamic weighting | Robust to noise and

ing sigma parame-

ter.

using sigma

complex patterns




6.2.5 Data Preprocessing and Predictive Modelling

For prepping the dataset for predictive modeling, some important data preprocessing steps were
undertaken. Missing value imputation was done first to manage incomplete data and ensure
dataset integrity. Categorical variables were one-hot encoded as required.

For predictive modeling, several KNN-based classifiers such as ASKNN, AKNN, FKNN,
KMKNN, WKNN, GMDKNN, MKNN, and EKNN were used. The models were executed with
the k parameter varying from 1 to 10, and the performance was determined based on chosen
metrics. Using Grid Search Cross-Validation (Grid Search CV), hyperparameter tweaking was

done to find the best ASKNN configuration to get the best model performance.

6.2.6 Evaluation Metrics

The KNN variations are tested for performance using common measures, including accuracy
and classification reports. The model is applied to a dataset with labeled ground truth, and
predictions are measured against the ground truth. While the classification report includes F1-
score, precision, and recall for each class, accuracy is determined by the percentage of properly
categorized samples. Additionally, 5-fold cross-validation is employed to further examine the

results. These metrics were defined in detail in Section 2.10.

6.2.7 Statistical Analysis of Performance of ASKNN

The statistical analysis was conducted using the Python programming language and the
statsmodels package (version 0.14.1). Python programs were used to analyze and visualize
the survey results. To determine the statistical significance of the performance differences,
we used the Wilcoxon signed-rank test to compare ASKNN with other KNN-based models
on four crucial assessment metrics: recall, accuracy, precision, and Fl-score. The statistical
significance was determined using the significance threshold of & = 0.05. Additionally, Cohen’s

d and Clift’s Delta were calculated to show the size of performance disparities.

6.3 Results

This section reports the experimental results, covering statistical analysis, psychometric

validation, and model performance evaluation.
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6.3.1 Experimental Findings of the Dataset

This section presents the experimental findings, including descriptive statistical analysis,

psychometric validation, and the performance evaluation of the proposed ASKNN model.

6.3.1.1 Descriptive and Statistical Analysis of the Dataset

Among the 1552 participants, 46.9% of respondents suffered from a minimal level of depression,
28.4% of respondents suffered from mild depression, 17.4% of respondents suffered from
moderate depression, and 7.3% of students suffered from severe depression, as represented
by Fig. 6.6a. Out of 1355 participants, 44.2% of students had minimal anxiety, 23.4% of
students suffered from mild anxiety, 18.7% of students were diagnosed with moderate anxiety,
and 13.7% of students suffered from severe anxiety, as represented by Fig. 6.6b. Table 6.9 and
Table 6.10 present the descriptive and factor analytic findings for the BDI and the BAI items,
respectively. The BDI items generally yielded moderate means and adequate variability, with
some items having positive skewness. In a similar vein, the BAI items, though predominantly
marked by low to moderate mean values, evidenced high skewness and kurtosis for some items,

suggesting that very few participants reported severe symptoms of anxiety.

aPrevalence and severity of Depression in students after the COVID-19 pandemic b. Prevelance and severity of Anxiety in students after the COVID-19 pandemic
46.9% B
B Minimal Level of Depression I Minimal Level of Anxiety
B Mild Depression 40 . Mild Anxiety
40 BN Moderate Depression W Moderate Anxiety
Severe Depression Severe Anxiety
- =30
830 28.4% £
T g 5
= -] 23.4%
& 5 20 18.7%
i 20 17.4% b .
13.7%
10
10 7.3%
o
Minimal Mild Moderate Severe Minimal Mild Moderate Severe

Category of Depression Category of Anxiety

Figure 6.6: a Prevalence and severity of depression in students after the COVID-19
pandemic b Prevalence and severity of anxiety in students after the COVID-19 pandemic
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Table 6.9: Descriptive Statistics and Factor Analytic Results for BDI Items

Item| M | SD | 95% CI | h®> | FL |Skewness|Kurtosis
1 ]0.52]0.764|0.48-0.56|0.427|0.653| 1.403 | 1.305
2 10.71]0.91 |0.67-0.76|0.278/0.528| 1.095 | 0.204
3 10.47|0.772/0.43-0.51|0.455(0.674| 1.548 | 1.519
4 10.9]0.954/0.85-0.95/0.469(0.685| 0.724 | -0.551
5 | 1.1 [1.029/1.04-1.15]0.447]0.669| 0.442 | -1.028
6 10.63]0.825|0.59-0.67|0.499|0.706| 1.121 | 0.373
7 10.7|0.865/0.66-0.75/0.522(0.723| 0.998 | 0.031
8 10.58/0.824/0.53-0.62/0.561(0.749| 1.333 | 0.952
9 10.69| 0.87 |0.64-0.73|0.556|0.746| 1.105 | 0.342
10 1.02/0.957|0.97-1.07/0.485/0.696| 0.563 | -0.703
11 {0.36/0.717]0.32-0.40/0.478|0.691| 2.035 | 3.468
12 |0.44]0.758|0.40-0.48|0.513|0.716| 1.727 | 2.299
13 |0.43]0.746|0.39-0.47|0.597|0.773| 1.748 | 2.416
14 0.62/0.884|0.57-0.67|0.547/0.739| 1.293 | 0.675
15 0.42/0.758|0.38-0.46/0.452/0.672| 1.839 | 2.663
16 |0.38/0.764|0.34-0.42|0.359/0.599| 2.114 | 3.721
17 10.56]0.816|0.52-0.61| 0.49 | 0.7 | 1.404 | 1.241
18 |0.58/0.824|0.54-0.63/0.396|0.629| 1.3 0.843
19 {0.39/0.707|0.35-0.42/0.519/0.721| 1.962 | 3.472
20 |0.38(0.707]0.34-0.42|0.507|0.712| 1.929 | 3.215
21 10.55(0.819]0.50-0.59|0.417|0.646| 1.453 | 1.319

CI confidence interval, FL factorial loads, h?> communalities, M mean, SD standard deviation
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Table 6.10: Descriptive Statistics and Factor Analytic Results for BAI Items

Item| M | SD | 95% CI | h®> | FL |Skewness|Kurtosis
1 ]0.65/0.812]0.61-0.69|0.424|0.651| 1.326 | 1.43
2 10.62]0.862|0.58-0.66| 0.44 [0.663| 1.29 | 0.775
3 10.67|0.885/0.63-0.72/0.394(0.628| 1.088 | 0.12
4 10.72]0.845]0.68-0.76|0.423| 0.65 | 1.038 | 0.369
5 10.58]0.763|0.54-0.62|0.443|0.666| 1.329 | 1.463
6 10.45/0.803/0.41-0.49|0.339]0.582| 1.923 | 3.039
7 10.52/0.848/0.48-0.57|0.526|0.725| 1.559 | 1.464
8 [0.68] 0.87 |0.63-0.72/0.487(0.698| 1.165 | 0.52
9 10.24]0.624|0.20-0.27|0.387]0.622| 3.056 | 9.35
10 0.63]1.052|0.58-0.68/0.315/0.561| 1.434 | 0.523
11 0.58/0.845|0.54-0.63| 0.46 0.678| 1.459 | 1.409
12 10.76]0.893|0.72-0.80|0.491/0.701| 1.015 | 0.179
13 0.59| 0.86 |0.55-0.63/0.481/0.694| 1.451 | 1.314
14 0.44/0.786|0.40-0.48/0.576/0.759| 1.807 | 2.444
15 0.67/0.824(0.63-0.71/0.572|0.756| 1.197 | 0.886
16 |0.91]0.873|0.87-0.96|0.358/0.599| 0.712 | -0.204
17 10.52]0.779(0.48-0.56|0.484|0.695| 1.574 | 2.058
18 {0.72/0.876|0.68-0.76/0.391]0.625| 1.132 | 0.535
19 {0.88/0.908|0.83-0.92|0.468|0.684| 0.741 | -0.382
20 |0.66(0.839]0.62-0.70|0.557|0.746| 1.24 | 0.916
21 | 0.3 0.737]0.27-0.34|0.166|0.408| 2.578 | 5.811

CI confidence interval, FL factorial loads, h?> communalities, M mean, SD standard deviation

6.3.1.2 Correlation and Reliability Analysis

Pearson correlation analysis was used to determine the most relevant features that correlate with
depression and anxiety scores. On the BDI, the highest positive correlations (r > 0.6) were
seen with sadness, pessimism, crying, indecisiveness, and self-dislike. There were moderate
correlations (r = 0.5 to 0.6) with loss of pleasure, self-criticalness, and agitation. Also, for the
BAI, symptoms like inability to relax, fear of worst happening, heart thumping, nervousness, and
feeling frightened were strongly correlated (r > 0.6), while numbness, wobbliness, dizziness,
and fear of losing control were moderately correlated. The symptom ’fear of dying’ was the

least correlated. Fig. 6.7 and Fig. 6.8 highlight significant anxiety and depression factors.
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Figure 6.8: Significant Anxiety Factors

Cronbach’s alpha was computed for both the total scores and each of the identified subscales
in order to evaluate the scales’ internal consistency. Table 6.11 shows Cronbach’s alpha values,
reflecting very good overall reliability for both BDI (¢ = 0.93) and BAI (o = 0.95). The
subscales further reflected high internal consistency, with alpha values between 0.83 and 0.89,

indicating the construct reliability of the extracted factors from both inventories.
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Table 6.11: Cronbach’s Alpha for Total and Subscales of BDI and BAI
Measure Cronbach’s Alpha (Total) Subscale 1 o Subscale 2 o Subscale 3 «
BDI 0.93 0.83 0.87 0.84
BAI 0.95 0.86 0.89 0.86

6.3.1.3 Factor Analysis (EFA and CFA)

Table 6.12 presents the findings of factor analyses. For BDI, two factors accounted for 56.72%
of the variance, whereas three factors for BAI accounted for 53.67%. Both measures showed
superb sampling adequacy as evidenced by KMO values greater than 0.9 and Bartlett’s test
results that were significant at p < 0.001. Fit statistics from CFA, such as Comparative Fit
Index (CFI), Tucker-Lewis Index (TLI), NFI, GFI, and AGFI, were all higher than the generally
applied standards (> 0.9), and Root Mean Square Error of Approximation (RMSEA) was less
than 0.08, establishing good model fit.

Table 6.12: EFA and CFA Summary for BDI and BAI
Measure No. of Factors Total Variance Explained (%) KMO Bartlett’s Test (x2, p) CFI TLI RMSEA NFI GFI AGFI
BDI 2 56.72 092 730.41,p<0.001 0.910.89 0.078 0.910.92 09
BAI 3 53.67 097 608.17,p < 0.001 0.91 0.89 0.078 0.94 0.94 0.92

The factor loading structures and latent-observed variable relationships are visually
represented in Fig. 6.9 for BDI and Fig. 6.10 for BAI These results confirm the adequacy and

validity of the factor structures for both BDI and BAIL
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Figure 6.9: CFA path diagram for BDI that displays factor loadings and correlations
between latent variables and observable items.
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Figure 6.10: CFA path diagram for BAI that displays factor loadings and correlations
between latent variables and observable items.
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6.3.2 Model Performance Evaluation Across All Datasets

The performance of the suggested ASKNN model is next assessed once factor analysis has
confirmed the dataset’s validity and reliability. The performance comparison between ASKNN
and conventional KNN variations on important metrics, including Accuracy, Precision, Recall,
F1-score, and AUC-ROC is shown in this subsection. To determine the model’s generalisability,
it was tested using BAI and BDI datasets as well as additional medical data.

ASKNN performed better on all the measures with enhanced classification accuracy and
stability. Cross-validation was used to confirm consistency, and the Friedman and Wilcoxon
signed-rank tests were used to assess statistical significance. Additionally, impact size metrics
(Cohen’s d and Cliff’s Delta) were used to gauge the improvements. The findings, presented in
tables and figures, emphasize ASKNN’s efficiency in mental health classification, making it a

promising predictive diagnostics tool.

6.3.2.1 Accuracy

The accuracy scores depict the performances of various KNN variants on classification tasks.
Table 6.13 displays the accuracy scores of multiple KNN-based models on several datasets,
including our ASKNN model.

Our ASKNN demonstrates higher accuracy than regular KNN and other alternatives on
the majority of the datasets evaluated. Particularly, on Dla and D1b (our main datasets for
depression and anxiety detection), ASKNN performs with 91% and 85% accuracy, respectively,
compared to KNN (87% and 73%), as depicted in Fig. 6.11. Similar patterns are evident in
benchmark datasets like D3a and D5b, where ASKNN achieves 97% and 99% accuracy,

respectively.
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Table 6.13: Accuracy of various KNN implementations on multiple datasets, such as
depression, anxiety, and general medical datasets.

Dataset| KNN|A KNN | FKNNKMKNN |WKNN | GMDKNN| MKNN EKNN| ASKNN

Dla 0.87| 0.88 | 0.90 0.48 0.89 0.22 0.84 | 0.62 0.91

DI1b 0.73 | 0.84 | 0.84 0.23 0.85 0.59 0.80 | 0.63 0.85

D2a 0.80| 0.56 | 0.91 0.82 0.45 0.92 0.89 | 0.88 | 0.90

D2b 091 0.61 | 042 0.62 0.57 0.90 0.87 | 0.89 | 091

D3a 090 | 097 | 0.96 0.30 0.93 0.94 096 | 0.80 | 0.97

D3b 090 | 096 | 0.96 0.30 0.87 0.90 0.94 | 0.81 0.95

D4a 0.75| 0.87 | 0.83 0.53 0.59 0.61 0.83 | 0.70 0.87

D4b 0.71] 0.79 | 0.80 0.44 0.56 0.65 0.77 | 0.76 0.82

D5a 095 098 | 0.98 0.78 0.86 0.90 096 | 0.82 | 0.98

D5b 098] 097 | 0.98 0.75 0.83 0.90 0.96 | 0.88 0.99

D6 0.68| 0.74 | 0.66 0.65 0.70 0.69 0.74 | 0.65 0.71

D7 0.82| 0.69 | 0.67 0.55 0.55 0.69 0.70 | 0.66 | 0.84

D8 097 | 0.66 | 0.71 0.63 0.71 0.99 0.62 | 0.59 1.00

D9 0.68 | 0.75 | 0.66 0.63 0.65 0.69 0.74 | 0.65 0.72

D10 092] 0.84 | 0.89 0.84 0.77 0.89 093 | 0.92 0.94

DI11 0.86 | 0.77 | 0.77 0.44 0.84 0.81 0.77 | 0.77 0.86

D12 0.75| 0.81 | 0.81 0.51 0.81 0.80 0.80 | 0.77 0.81

D13 0.72| 0.69 | 0.81 0.26 0.80 0.80 0.78 | 0.81 0.94
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Figure 6.11: Accuracy comparison of different KNN variants across multiple datasets.

Among other alternatives, FKNN, WKNN, and GMDKNN have competitive performance in
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certain situations but vary significantly across datasets. KMKNN has overall lower performance,
particularly on mental health datasets, suggesting its inability to work effectively on high-
dimensional tabular data. EKNN techniques exhibit modest gains but do not consistently
surpass ASKNN. Overall, these results demonstrate that ASKNN provides a more stable and
high-performing approach for depression and anxiety detection, making it a promising technique

for mental health classification tasks.

6.3.2.2 Precision

Higher precision scores indicate a model’s capacity to avoid false positives, which is critical
for the diagnosis of anxiety and depression. Precision is a critical metric in the classification
of mental health conditions since it is the ratio of correctly diagnosed positive instances to all
projected positive cases. Higher precision scores indicate a model’s capacity to avoid false
positives, which is essential for the diagnosis of anxiety and depression. Precision values for
several KNN-based models in various datasets, along with our ASKNN approach, are displayed
in Table 6.14.

The findings illustrate that ASKNN is consistently outperforming in terms of precision in the
majority of datasets. In D1a and D1b (our main datasets for depression and anxiety detection),
ASKNN performs with 92% and 86% precision, respectively, outperforming conventional KNN
(89% and 77%) as illustrated in Fig. 6.12.
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Table 6.14: Precision scores for different KNN variants over different datasets.

Dataset| KNN|A KNN | FKNNKMKNN |WKNN | GMDKNN| MKNN EKNN|ASKNN
Dla 0.89| 0.9 0.92 0.12 0.89 0.24 0.88 | 0.57 0.92
D1b 0.77| 0.86 | 0.86 0.06 0.85 0.56 0.82 | 0.62 0.86
D2a 0.8 | 048 0.9 0.83 0.31 0.93 0.89 | 0.94 0.89
D2b 092] 046 | 0.26 0.21 0.4 0.89 0.84 | 0.95 0.89
D3a 091 097 | 0.96 0.1 0.89 0.91 0.96 | 0.51 0.97
D3b 0.84| 092 | 0.88 0.1 0.68 0.58 0.95 | 0.57 0.9
D4a 0.78 | 0.9 0.84 0.18 0.54 0.62 0.84 0.5 0.9
D4b 0.72| 0.81 | 0.81 0.15 0.49 0.66 0.81 | 0.51 0.82
D5a 096 | 097 | 0.98 0.26 0.78 0.86 096 | 0.74 0.97
D5b 098 | 0.97 | 0.96 0.25 0.79 0.89 096 | 091 0.98
D6 0.66| 0.72 | 0.64 0.33 0.67 0.66 0.72 | 0.82 0.68
D7 0.82| 0.69 | 0.67 0.27 0.27 0.69 0.7 0.7 0.84
D8 097 | 0.65 | 0.72 0.57 0.7 0.99 0.61 | 0.54 1
D9 0.66 | 0.74 | 0.64 0.57 0.33 0.66 0.72 | 0.82 0.7
D10 092] 0.86 | 0.89 0.9 0.81 0.89 0.93 | 094 0.95
D11 0.82| 0.73 | 0.73 0.57 0.8 0.75 0.73 | 0.73 0.92
D12 0.76 | 0.82 | 0.81 0.76 0.81 0.8 0.8 0.77 0.81
D13 0.69| 0.68 | 0.78 0.09 0.8 0.8 0.74 | 0.79 0.94
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Figure 6.12: Precision comparison of different KNN variants across multiple datasets.

Comparable improvements are seen in benchmark datasets like D3a and D5b, where

ASKNN performs with 97% and 98% precision, respectively. Among other KNN variants,
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FKNN, GMDKNN, and MKNN perform well in certain datasets but are not as uniformly high-
performing as ASKNN. KMKNN, however, performs poorly in most datasets, with much lower
precision values, especially on mental health datasets, reflecting its poor performance in these
cases. EKNN methods provide modest gains but still fail to surpass ASKNN. Overall, these
results further support the effectiveness of ASKNN on mental health classification problems,
specifically depression and anxiety detection. The model persistently outperforms traditional

KNN and its variants, as it is a viable option for precision-oriented classification tasks.

6.3.2.3 Recall

Recall measures a model’s ability to correctly identify positive cases, making it a crucial metric
in the classification of mental health. Larger recall values are indicative of improved capacity to
capture truly positive cases, which is especially important in depression and anxiety detection,
where failing to capture positive cases has severe implications. The findings in Table 6.15
demonstrate a detailed comparison of recall scores for different KNN-based models, including
the proposed ASKNN, over different datasets.

The findings show that, on all but two datasets, ASKNN consistently outperforms the other
KNN variations in terms of recall values. For example, in the D1a and D1b datasets (anxiety
and depression detection), ASKNN obtains a recall of 0.86 and 0.79, respectively, surpassing
regular KNN, which registers 0.82 and 0.69. The same trend is found in other datasets, including
D3a, where ASKNN has 0.92 recall, and D5b, where it has 0.96 recall. In D8, ASKNN also
has a perfect recall of 1.00, reflecting its high performance in classifying all positive cases as

depicted in Fig. 6.13.
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Table 6.15: Recall scores for different KNN variants over different datasets, establishing
the enhanced effectiveness of ASKNN at accurately identifying positive cases.

Dataset| KNN|A KNN|FKNN|KMKNN| WKNN | GMDKNN| MKNN| EKNN/ASKNN
Dla 0.82] 0.8 0.86 0.25 0.84 0.21 0.78 | 0.39 0.86
DIb 0.69| 0.77 | 0.79 0.29 0.79 0.48 0.73 | 0.49 0.79
D2a 0.8 | 039 | 091 0.84 0.32 0.9 0.88 | 0.81 0.89
D2b 091 035 | 0.27 0.33 0.36 0.88 0.85 | 0.81 0.90
D3a 0.74| 094 | 0.93 0.33 0.84 0.84 0.89 | 0.54 0.92
D3b 0.7 | 089 | 0.88 0.33 0.65 0.6 0.71 | 0.46 0.84
D4a 071 0.85 | 0.81 0.33 0.53 0.58 0.83 | 0.57 0.85
D4b 0.62] 0.71 | 0.81 0.33 0.44 0.56 0.72 | 0.58 0.82
D5a 0.88 ] 0.94 | 0.95 0.33 0.61 0.72 0.9 0.42 0.93
D5b 09 ] 091 | 0.93 0.33 0.48 0.67 0.89 | 0.51 0.96
D6 0.61| 0.72 | 0.65 0.5 0.67 0.66 0.69 | 0.51 0.68
D7 0.83| 0.69 | 0.67 0.5 0.5 0.69 0.71 | 0.64 0.84
D8 098 | 0.67 | 0.74 0.54 0.72 0.99 0.62 | 0.54 1.00
D9 0.61| 0.72 | 0.65 0.54 0.5 0.66 0.69 | 0.51 0.67
D10 09 | 081 | 0.88 0.79 0.7 0.88 0.92 0.9 0.92
DI11 0.77| 0.64 | 0.64 0.59 0.69 0.62 0.64 | 0.64 0.75
D12 0.76 | 0.81 | 0.82 0.5 0.81 0.79 0.8 0.77 0.81
D13 0.67| 0.67 | 0.78 0.33 0.8 0.8 0.74 0.8 0.95
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Figure 6.13: Recall comparison of different KNN variants across multiple datasets.

6.3.2.4 Fl-score

The F1 score, a crucial performance metric that balances recall and precision, offers a
more accurate evaluation of a model’s capacity to classify both favourable and unfavourable
circumstances. A high F1 score indicates that the model is performing well in terms of correctly
identifying positive events and preventing false positives. The F1 scores of many KNN-based
models, including ASKNN, for identifying anxiety and depression across several datasets, are
displayed in Table 6.16.

As seen from Fig. 6.14, ASKNN exhibits competitive performance with F1 scores usually
being at par with or even higher than other variants of KNN. For instance, in dataset Dla
(depression detection), ASKNN is at an F1 score of 0.88, narrowly behind FKNN (0.88), but
way ahead of KMKNN (0.16), which fails to accurately classify the data. The same pattern is
observed in D1b, where the F1 score of ASKNN is 0.82, which is greater than that of KNN
(0.71) and KMKNN (0.09).
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Table 6.16: F1 scores of different KNN-based models on different datasets.

Dataset| KNN|A KNN | FKNNKMKNN |WKNN | GMDKNN| MKNN EKNN|ASKNN
Dla 0.85| 0.84 | 0.88 0.16 0.86 0.16 0.82 | 0.38 0.88
D1b 071 0.8 0.81 0.09 0.81 0.46 0.76 | 0.51 0.82
D2a 0.8 | 0.39 0.9 0.81 0.3 0.91 0.88 | 0.86 0.89
D2b 091 032 | 0.26 0.26 0.34 0.88 0.85 | 0.86 0.89
D3a 0.78 | 0.95 | 0.95 0.16 0.86 0.88 0.92 | 0.52 0.94
D3b 0.75] 09 0.88 0.15 0.66 0.59 0.75 | 0.48 0.87
D4a 0.72 ] 0.87 | 0.82 0.23 0.53 0.6 0.83 | 0.53 0.87
D4b 0.64| 0.74 | 0.81 0.2 0.44 0.59 0.74 | 0.54 0.82
D5a 091 095 | 093 0.29 0.67 0.77 093 | 043 0.95
D5b 093 | 094 | 0.94 0.29 0.53 0.73 092 | 0.55 0.97
D6 0.61| 0.72 | 0.64 0.4 0.67 0.66 0.7 0.41 0.68
D7 0.82| 0.69 | 0.67 0.35 0.35 0.69 0.7 0.62 0.84
D8 097 | 0.65 | 0.71 0.53 0.7 0.99 0.61 | 0.54 1.00
D9 0.61| 0.73 | 0.64 0.53 0.4 0.66 0.7 0.41 0.68
D10 091] 0.83 | 0.89 0.81 0.72 0.89 0.92 | 091 0.93
D11 0.79| 0.65 | 0.65 0.44 0.73 0.64 0.65 | 0.65 0.79
D12 0.75| 0.81 | 0.81 0.35 0.81 0.79 0.8 0.77 0.81
D13 0.67| 0.67 | 0.78 0.14 0.79 0.79 0.73 | 0.78 0.94
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Figure 6.14: F1-Score comparison of different KNN variants across multiple datasets.

ASKNN has the highest F1 of 0.94 in the D3a dataset for anxiety detection, clearly showing

how it performs strongly within this dataset. Other algorithms like KNN (0.78) and FKNN
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(0.95) are also very strong, yet the performance of ASKNN is superior. Similarly, within the
D5a dataset, ASKNN obtains a 0.95 score, which beats regular KNN (0.91) as well as models
like WKNN (0.67).

In general, the findings show that ASKNN is a robust and high-performing model in terms
of F1 score on many datasets. It shows that ASKNN can effectively trade off precision with

recall, rendering it a good candidate for detecting depression and anxiety.

6.3.2.5 5-Fold Cross Validation

It can be seen from Fig. 6.15; Table 6.17 that the ASKNN is constantly attaining competitive
accuracy values for the majority of datasets. For example, in D5a (0.9699+0.0054), D5b
(0.9639+0.0035), and D3a (0.964940.0046) datasets, ASKNN is exceptionally high in terms
of accuracy when compared to other forms of KNN models. Specifically, D8 exhibits an
exceptionally high value of 0.9969+0.0065 for ASKNN, indicating its exceptional performance
on specific types of data.

Contrary to this, KMKNN traditional models reflect lower accuracy values, with a majority
of the datasets registering figures in the range of 20-40% (e.g., D1a, D2a, D3b), pointing out the
inadequacies of using this method with the data under consideration. On similar lines, WKNN,
though better than KMKNN in certain cases, still lags behind ASKNN in datasets such as D2a,
D5a, and D5b. The usefulness of ASKNN in identifying patterns in the data is demonstrated
by the fact that FKNN and MKNN produce moderate accuracy in select datasets but fall short
of ASKNN in the majority of datasets. The EKNN also shows good performance in certain
datasets (D5b, D6), but still lags behind ASKNN in other datasets.

In conclusion, the findings indicate that ASKNN not only yields greater accuracy than KNN
in its traditional and advanced forms, but also offers strong performance in a variety of datasets,

and thus, it is a promising method for detecting depression and anxiety in the context of hand.
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Table 6.17: 5-fold cross-validation mean accuracy scores and standard deviation for various KNN-based models.

Dataset AKNN FKNN KMKNN WKNN GKNN MKNN EKNN ASKNN

Dla 0.8531+£0.02430.8647+0.0265(0.2042+0.0572|0.8490£0.0143|0.2200+0.0212{0.8118+0.0173 |0.59344+0.0124 |0.8602+0.0286
D1b 0.8192-+0.02520.831740.0190(0.1926+0.1078|0.8421£0.0193|0.5900+0.0212{0.7572+£0.0174 |0.603740.0215|0.8325+0.0092
D2a 0.5640+0.05460.9177+0.0081 |0.8065+0.0867 |0.4500£0.0274|0.6029+0.0302|0.8908+£0.0386|0.8621+£0.0222|0.8976+0.0151
D2b 0.6108+0.0075|0.4610+0.0251 {0.6235+0.0046|0.5700£0.0265 |0.6260+0.0205 | 0.9404£0.0269 |0.8828+0.0212|0.9362+0.0116
D3a 0.9649-+0.00460.964940.0045|0.5460+0.1316|0.2102£0.0792|0.9366+0.0090{0.9513£0.0070 |0.7982+0.00930.9586-£0.0071
D3b 0.9524+0.00540.952740.0071{0.6202+0.1649|0.2180£0.2550|0.9025+0.0082{0.9431£0.0028 |0.8198+0.0142|0.9535£0.0077
D4a 0.7954+0.052010.7885+0.0291|0.24834+0.1571 |0.2600+0.0228|0.6109£0.0646 | 0.7379+£0.0493|0.6782+0.0335|0.8027+0.0366
D4b 0.7655+0.0336|0.774740.02030.3822+0.1414|0.2758+£0.0953 |0.6644+0.0662 | 0.7632+£0.0481 |0.72414+0.0304 | 0.7728+0.0583
D5a 0.9699-+£0.00540.971040.0036{0.7838+0.0092|0.3055+0.2636 |0.9064+0.0080{0.9617£0.0025 [0.820110.0090|0.9679£0.0058
D5b 0.9639+0.0035]0.9759+0.0041|0.7570+0.0146 |0.3178+0.2562|0.8982+0.0091|0.9571£0.0072|0.7982+0.0093|0.9726+0.0071
D6 0.7292+0.0134|0.6836+0.0182{0.3913+0.1176|0.7266£0.0206 |0.7164+0.0219{0.7226£0.0364 |0.6575+0.0095|0.7521£0.0353
D7 0.6500+£0.0624 |0.6568+0.0570{0.5445+0.0444|0.6532+0.0421|0.6170+0.0356|0.6631£0.0562 |0.6567+0.0344|0.7721£0.0371
D8 0.6725+0.03790.745040.0386 {0.6125+0.0307|0.8940£0.1223|0.9925+0.0050{0.6575£0.0236 |0.6400+0.03130.9969+0.0065

Continued on next page




GlIc

Table 6.17 continued from previous page

Dataset AKNN FKNN KMKNN WKNN GKNN MKNN EKNN ASKNN

D9 0.72924+0.013410.6836+0.0182|0.3913+0.1176|0.6944+0.0302|0.7164£0.0219|0.7226+0.0364 | 0.6575+0.0095|0.7317+0.0175
D10 0.8927+£0.03590.8769+0.0237|0.8646+0.0221|0.8692+0.0355|0.8806+0.0232{0.8734+£0.0143 |0.8788+0.0340|0.8857£0.0451
D11 0.8688+0.06710.8498+0.0527{0.2061+0.1224|0.8585+0.0638|0.87711+0.0664|0.8675£0.0597 |0.8675+0.05760.8331£0.0441
D12 0.7952+0.0110]0.7988+0.0131|0.4843+0.0406 |0.7657+0.0219|0.7962+0.0437|0.7867+£0.0389|0.7350+£0.0458 | 0.7902+0.0122
D13 0.7025+£0.05920.7364+0.0621{0.3314+0.0411|0.6636=+0.0827|0.7237+0.0836|0.6802+0.0641 |0.6462+0.0361 |0.7902+0.0122
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Figure 6.15: CV score comparison of different KNN variants across multiple datasets.

6.3.3 Performance of the ASKNN model on Primary Dataset

The ASKNN model’s performance results for classifying mental health on the BDI and BAI
datasets are shown in this section. The distribution of successfully and mistakenly categorised
cases is displayed in confusion matrices for both datasets, providing insight into the model’s
classification performance. Additionally, AUC-ROC curves are provided to assess the model’s
discriminative power for various classes. These results show how effective ASKNN is at
accurately identifying and differentiating mental diseases. These results show how effective

ASKNN is in accurately recognising and differentiating mental diseases.

6.3.3.1 Depression

The classification performance of the ASKNN model on different degrees of depression severity
was evaluated by comparing its accuracy with the BDI dataset using a confusion matrix and
AUC-ROC metrics. The confusion matrix indicates that ASKNN had high accuracy for
Class 0 (No Depression), identifying 153 cases correctly, with only a single misclassification.
Nonetheless, 14 of Class 1 (Mild Depression) were wrongly classified as Class 0, reflecting
a bit of overlap between the two groups. The model was equally good for Class 2 (Moderate
Depression) and Class 3 (Severe Depression), but there were 6 misclassifications of Class 2
cases to Class 1 and 4 misclassifications of Class 3 cases into Class 2, as illustrated in Fig. 6.16
The above misclassifications indicate that while the model excellently distinguishes between

clearly disparate depression levels, some cases around the borders still prove tricky.
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To better evaluate the performance of ASKNN, AUC-ROC values were calculated for every
class. The model performed an AUC-ROC of 0.95 for Class 0, 0.89 for Class 1, 0.92 for Class
2, and 0.91 for Class 3, as can be seen in Fig. 6.17. All these values indicate that ASKNN
performs excellently in separating Class 0 (No Depression) and Class 2 (Moderate Depression)
from others. The large AUC scores greater than 0.90 for most classes show excellent model
performance, especially in identifying cases of moderate and severe depression. Class 1 (Mild
Depression) reported a lower AUC-ROC (0.89), implying some challenges in distinguishing

between mild depression and other classes.
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Figure 6.16: Confusion matrix for depression detection employing ASKNN
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Figure 6.17: AUC-ROC curve for depression detection employing ASKNN

6.3.3.2 Anxiety

The BAI dataset was used to test the ASKNN model’s performance, and the confusion matrix
and AUC-ROC scores were used to gauge the model’s classification accuracy. We can determine
how well the model is identifying different anxiety intensity levels by looking at the confusion
matrix. ASKNN showed high accuracy for Class O (No Anxiety), classifying 127 cases correctly
with only one misclassification. But Class 1 (Mild Anxiety) showed some overlap with Class
0 since 20 cases were misclassified. Likewise, Class 2 (Moderate Anxiety) and Class 3
(Severe Anxiety) showed good classification performance, although 9 cases from Class 3 were
misclassified as Class 2, as indicated in Fig. 6.18. This shows that although the model can
distinguish between moderate and severe cases, some borderline cases can still be challenging.

To further assess ASKNN’s performance in classification, AUC-ROC values were
calculated for every class. The model obtained an AUC-ROC of 0.93 for Class 0, 0.78 for
Class 1, 0.90 for Class 2, and 0.86 for Class 3. The results show that ASKNN works amazingly

well to separate Class 0 (No Anxiety) and Class 2 (Moderate Anxiety) from the rest of the
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categories, as evidenced in Fig. 6.19 Class 1 (Mild Anxiety) had the lowest AUC-ROC of
0.78, which points to some confusion in separating cases of mild anxiety from non-anxiety
individuals. Despite this, the overall performance is satisfactory, especially for classifying

moderate and severe cases of anxiety.
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Figure 6.18: Confusion matrix for anxiety detection employing ASKNN
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Figure 6.19: AUC-ROC curve for anxiety detection employing ASKNN

These findings stress that ASKNN is an effective model for both depression and anxiety
detection, especially for cases of moderate to severe intensity, and offers substantial improvement
over the traditional distance-based classifier.

Although the ASKNN model shows robust classification performance, especially for severe
and moderate classes, misclassifying borderline cases—e.g., mild anxiety (Class 1) as no
anxiety (Class 0), or moderate anxiety (Class 2) as severe (Class 3)—has significant practical
consequences. Under/over-estimation of symptom severity in a clinical or screening setting
might be the consequence of these errors. For example, false negatives at early-stage (mild)
cases can postpone treatment, and false positives at more severe cases can result in over-referral
or treatment load. This serves to emphasize the importance of being wary when classifying
near class boundaries and supports the usefulness of employing ASKNN as a pre-screening
device rather than a sole diagnostic tool. Future applications could gain from combining clinical

judgement or threshold-based uncertainty indicators to better control such edge cases.
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6.3.4 Statistical Analysis and Significance Testing

To examine the statistical significance of performance variation among models, we ran a suite
of non-parametric tests. Overall differences among models were searched using the Friedman
test, while Wilcoxon signed-rank tests were run for pairwise tests between ASKNN and all
other KNN versions on four main evaluation criteria. Cohen’s d and Clift’s Delta were used to
measure the effect size in performance variation.

We formulated the following hypotheses:

* Null Hypothesis (Hp): There is not much difference in the performance of ASKNN
from the other KNN-based models in terms of different evaluation metrics (accuracy,

precision, recall, and F1-score). ASKNN performs as well as the other models.

* Alternative Hypothesis (H;): ASKNN demonstrates statistically significant improve-
ment in performance over other KNN-based models across evaluation metrics such as

accuracy, precision, recall, and F1-score.

6.3.4.1 Friedman Test Analysis

To identify if there are differences in performance between models, we performed the Friedman
test for Recall, Accuracy, Precision, and F1-score. The results of the test, presented in Table 6.18,
demonstrate statistically significant variations between models (p < 0.05) for all four measures.
This implies that there is at least one model that significantly outperforms or underperforms the

others.

Table 6.18: Friedman Test Results for Model Comparison

Metric |Friedman Test Statistic (y%)| p-value |Significance
Accuracy 67.78 < 0.0001]| Significant
Precision 58 < 0.0001]| Significant
Recall 68.88 < 0.0001]| Significant
Fl-score 73.06 < 0.0001]| Significant

These findings verify that model performance variation is statistically significant,

necessitating further pairwise comparison to determine which models vary most.

6.3.4.2 Wilcoxon Signed-Rank Test Results

We used Wilcoxon signed-rank tests to verify the pairwise significance of ASKNN in contrast

to other models. The p-values obtained are presented in Table 6.19.

221



Table 6.19: Wilcoxon Signed-Rank Test (p-values) Comparing ASKNN with Other

Models
Model Comparison |Accuracy |Precision| Recall |F1-score
ASKNN vs KNN 0.00043 | 0.00083 | 0.0001 | 0.00041
ASKNN vs A_KNN 0.01421 | 0.03537 | 0.01207 | 0.01346
ASKNN vs FKNN 0.0015 | 0.00213 | 0.02439 | 0.00373
ASKNN vs KMKNN | 0.00001 | < 0.0001 |< 0.0001|< 0.0001
ASKNN vs WKNN 0.00043 | 0.00029 | 0.00043 | 0.00029
ASKNN vs GMDKNN| 0.00007 | 0.00071 | 0.00002 | 0.00007
ASKNN vs MKNN 0.00104 | 0.01568 | 0.0007 | 0.00041
ASKNN vs EKNN < 0.0001 | 0.0028 |< 0.0001|< 0.0001

The Wilcoxon signed-rank test results support that ASKNN outperforms all the other KNN-
based models in Recall, Accuracy, Precision, and F1-score, with p-values all being less than
0.05. In particular, the comparison with KMKNN and EKNN produced very low p-values
(< 0.0001), which suggest a significant difference in performance as illustrated in Fig. 6.20.
These results, combined with those of the According to the Friedman test, ASKNN performs
better in classification within the parameters of the examined datasets. We reject the null
hypothesis (Hp) and conclude that ASKNN considerably outperforms the comparative KNN-
based models in this work because the majority of the pairwise comparisons show statistically
significant differences.

However, these findings are limited to the datasets and evaluation

settings used, and performance may vary across other data domains or tasks.
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Figure 6.20: Wilcoxon Signed-Rank Test (p-values) Comparing ASKNN with Other
Models

6.3.4.3 Effect Size Analysis

Although statistical significance (p-values) establishes whether differences do or do not exist,
measures of effect size like Cohen’s d and Cliff’s Delta (A) estimate the size of these differences.
High effect sizes show that not only are the improvements in ASKNN’s performance statistically
significant, but also that they are of practical significance. Table 6.20 shows the effect size values
for Accuracy, Precision, Recall, and F1-score in comparing ASKNN with other KNN-based

algorithms as shown in Fig. 6.21.

Table 6.20: Effect Size Analysis

Model Accuracy (Cohen’s d, Cliff’s A)|Precision (Cohen’s d, Cliff’s A)|Recall (Cohen’s d, Cliff’s A) | F1-score (Cohen’s d, Cliff’s A)
KNN 0.651,0.327 0.630, 0.340 0.829,0.432 0.816, 0.429
AKNN 0.855, 0.423 0.848, 0.392 0.940, 0.469 0.918, 0.432
FKNN 0.700, 0.361 0.742, 0.392 0.635, 0.324 0.716, 0.361
KMKNN 2.571,0.926 3.016, 0.907 3.236,0.935 3.544,0.957
WKNN 1.376, 0.667 1.575, 0.790 1.841, 0.799 1.814,0.818
GMDKNN 0.881, 0.457 1.080, 0.552 1.187,0.583 1.166, 0.568
MKNN 0.663, 0.364 0.633, 0.340 0.850, 0.438 0.823, 0.426
EKNN 1.423, 0.682 1.377,0.599 2.112,0.830 2.130,0.815
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Figure 6.21: An effect size analysis depicting Cohen’s d for KNN variants with ASKNN,
and b An effect size analysis depicting Cliff’s delta for KNN variants with ASKNN

6.4 Discussion

The findings of this work illustrate the efficacy of the proposed ASKNN in its ability to identify
depression and anxiety. On several measures of evaluation, compared to other traditional
KNN-based variations taken into consideration in this work, ASKNN fared better, as illustrated
in Fig. 6.22. The Wilcoxon signed-rank test findings indeed validated that the improvements
observed were statistically significant with persistently low p-values (p < 0.05), reflecting a
real difference in performance under the current experimental conditions. Furthermore, effect
size estimation via Cohen’s d and Cliff’s Delta also supported ASKNN, showing practically
significant improvements relative to the compared models. However, these results should be
interpreted in the context of the specific datasets and models used, and generalization to other
domains or data types should be approached with caution.

The analysis of effect size indicates that ASKINN performs better than the standard KNN-
based models evaluated in this work. Interestingly, it is seen that KMKNN and EKNN also
perform well but were consistently outperformed by ASKNN on the selected datasets. WKNN
and GMDKNN show moderate performance, whereas standard KNN, AKNN, and FKNN show
relatively lower effect sizes. These results imply that, in the current experimental setting,

ASKNN may improve classification accuracy for mental health detection.
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Figure 6.22: Comparison between the performance of KNN and ASKNN for various
datasets a Accuracy b Recall ¢ Precision d F1 score

Although ASKNN showed good predictive performance, one should note its computational
intensity. Benchmarking outcomes indicated that ASKNN expended significantly greater
inference time and memory than less complex models such as basic KNN, FKNN, and MKNN,
according to Table 6.21. The increase in the computational burden comes from the adaptive
weighting strategy in the model according to local density and estimation of sigma, which adds
extra computation per query. In resource-limited or real-time usage, e.g., in mobile mental
health screening applications or large-scale clinical deployments, these costs could be practical
barriers. Conversely, models such as MKNN and KMKNN achieved a superior speed-accuracy
trade-off in some datasets. Thus, although ASKNN delivers high-performance improvement,
its deployment needs to be cautiously considered in terms of existing computational resources
and application scale. The performance across datasets also varies, indicating that no model is
optimal in all environments, and that model choice should be based on both performance and

resource considerations.
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Table 6.21: Comparative theoretical overview of computational details for different
KNN-based models

Model Training Time | Inference Time Memory Requirement |Scalability | Notes

KNN Low Medium Moderate to High Moderate |Baseline; simple majority
voting

AKNN Low Low to Medium |Moderate Moderate |Adaptively selects k per in-
stance

FKNN Low High High Low Fuzzy membership increases
computation

KMKNN |Medium Medium High Low Involves clustering per class

WAKNN |Low Very High High Very Low |Inverse log weighting adds
significant inference time

GMDKNN/|Low High Moderate to High Low The custom distance function
is computationally heavy

MKNN Medium Medium Moderate Moderate |Filters training points using
mutual neighbors

EKNN High High Very High Very Low |Multiple KNNs with different
parameters aggregated

ASKNN |Low Very High High Low Adaptive local density &
Gaussian weights impact run-
time

6.5 Summary

A novel ASKNN model for the multi-class classification of anxiety and depression in the post-
COVID-19 setting was provided in this chapter. The proposed approach extends traditional
KNN by dynamically adjusting neighborhood influence through an adaptive sigma parameter,
enabling improved handling of data heterogeneity and class variability commonly observed in
mental health datasets.

Extensive experimental evaluation across multiple datasets demonstrated that ASKNN
consistently outperformed conventional KNN and its variants in terms of accuracy, F1-score,
and AUC-ROC. The observed performance gains were statistically validated using the Wilcoxon
signed-rank test, and effect size analysis further demonstrated the usefulness of the suggested
approach. The results indicate that adaptive neighborhood selection plays a critical role in
enhancing classification reliability for psychological assessment tasks.

ASKNN’s enhanced predictive performance illustrates a useful trade-off between accuracy
and economy, especially in applications where diagnostic reliability is prioritised, even though
its adaptive weighting technique results in greater processing costs.

Even while ASKNN'’s adaptive weighting technique raises processing costs, its improved
predictive performance shows a helpful trade-off between accuracy and economy, particularly

in applications where diagnostic reliability is valued.
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Chapter 7

Feature-Weighted Adaptive Kernel
KNN: A Novel Approach for
Post-COVID-19 Depression and

Anxiety Detection

7.1 Introduction

Earlier chapters of this thesis have covered the COVID-19 pandemic’s effects on mental health
worldwide in great detail, emphasising a notable increase in anxiety and depression in a variety
of demographics, especially among young adults and students. Building upon this foundation,
the focus now shifts from problem understanding to the development of more effective and
interpretable computational solutions for early detection.

As established in section 2.5 and subsequent discussions, psychometric instruments such
as the BDI and BAI remain standard tools for assessing mental health conditions. Furthermore,
Chapters 4 through 6 explored the application of various ML techniques, including SVM, RF,
and hybrid models for improving predictive performance in mental health classification tasks.
While these approaches demonstrated promising results, limitations related to interpretability,
adaptability, and feature sensitivity were consistently observed.

Among the existing methods, the KNN algorithm has been recognized for its simplicity,
transparency, and suitability for deployment in low-resource and clinical settings. However,

as critically analyzed in the previous chapter, traditional KNN suffers from two fundamental
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limitations: (i) equal weighting of all features during similarity computation, and (ii) reliance
on fixed or simplistic neighbor voting strategies. These assumptions are particularly restrictive
when applied to psychometric datasets, where questionnaire items differ significantly in their
relevance and may introduce noise or redundancy.

Motivated by these limitations, this chapter proposes an enhanced variant of KNN, termed
Feature-Weighted Adaptive Kernel KNN (FW-AK-KNN). The proposed model introduces

two key modifications:
* Incorporation of feature importance into the distance computation process
 Utilization of locally adaptive kernel-based weighting for neighbor contributions

These improvements seek to preserve the KNN framework’s intrinsic simplicity while
simultaneously increasing the model’s predicted accuracy and interpretability.

In addition to contributing to the larger goal of creating scalable, data-driven screening
systems, which is in line with global healthcare priorities like SDG 3 (Good Health and Well-
Being), this work represents a step toward more resilient and flexible machine learning solutions
for mental health prediction. The suggested method also advances the more general goal of
creating scalable, data-driven screening systems, which is in line with international healthcare

targets like SDG 3 (Good Health and Well-Being).

7.2 Proposed Methodology

By altering two crucial elements, the suggested FW-AK-KNN model is a hybrid classification

framework intended to improve the conventional KNN method:

* Distance computation

* Neighbor voting mechanism

We compared the proposed FW-AK-KNN with the standard KNN algorithm to assess the

impact of:
* Introducing feature-based weighting in distance computation

* Using locally adaptive kernel functions instead of uniform or fixed-distance voting
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7.2.1 Datasets used

To compare the performance of the introduced FW-AK-KNN model, experiments were carried
out on several benchmark datasets with a specific interest in the mental health screening task
using depression and anxiety screening scales. Other benchmark biomedical datasets, such
as heart disease, diabetes, and mammographic, were also utilized to assess generalizability as
indicated in Table 7.1. All feature sets were normalized before training models.

Tables 6.6 and 6.7 present anonymized illustrative snapshots of the primary depression and
anxiety datasets (D1a and D1b), respectively, showing representative demographic attributes,
questionnaire responses, derived scores, and corresponding classes used in ML. models in this
work. Detailed characteristics and anonymized illustrative snapshots of other datasets are

provided in Chapter 3 and 5 (Table 3.2, Table 3.3, Table 3.4 and Table 5.3).

Table 7.1: Summary of datasets used in the evaluation of FW-AK-KNN

S. No. |Reference Dataset Name #Features | Dataset Size
Dla [12] Depression 21 N=1552
DI1b [12] Anxiety 21 N=1356
D2a [255] Depression 13 N=5108
D2b [255] Anxiety 13 N=5108
D3a [188] Depression 9 N=3569
D3b [188] Anxiety 7 N=3569
D4a [38] Depression 14 N=435
D4b [38] Anxiety 14 N=435

D5 [104] |Heart Attack Possibilities 13 N=303
D6 [66] Mammographic S N=802
D7 [148] Diabetes 8 N=768
D8 (4] Wine 13 N=178

7.2.2 Mental health assessment

To determine the mental health condition of participants, we made use of standardized
psychological questionnaires from a range of datasets, namely the BDI, BAI, GAD-7, PHQ-9,

and SCL-90 as explained in detail in section 2.5.
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7.2.3 ML Algorithms

In this chapter, KNN was employed as part of the proposed framework for depression and anxiety
prediction. The theoretical foundations, working principles, advantages, and limitations of this

model have already been discussed in detail in Section 2.8.1.3.

7.2.4 Overview of the Proposed Model

FW-AK-KNN integrates feature weighting and adaptive kernel functions into the KNN

framework. The model operates in three main stages:
» Feature importance extraction
* Weighted distance computation
» Kernel-based adaptive voting

The model can more accurately represent the underlying structure of biological and

psychometric datasets thanks to this architecture.

7.2.4.1 Feature Weighting Using RF

In conventional KNN, all features are treated equally, as depicted in Figure 7.1a. However,
in real-world datasets, especially psychometric scales, certain features have higher predictive
significance.

To address this, an RF model is trained on the dataset to compute feature importance
scores, as depicted in Figure 7.1b. These scores are normalized and incorporated into the
distance metric.

The feature-weighted Euclidean distance is defined as:

d(x,x) :Z:w,-(x,-—xf)2 (7.1)

where w; represents the normalized importance weight of the i feature.
This modification ensures that more relevant features contribute more significantly to

similarity calculations.

7.2.4.2 Locally Adaptive Kernel Function

Instead of assigning equal or inverse-distance weights to neighbors, the proposed model uses

kernel functions (e.g., Gaussian, Epanechnikov, Triangular) to compute soft weights.

230



A key innovation is the adaptive computation of kernel bandwidth ¥, defined as:

(mean distance to k-nearest neighbors)? + €

¥(x) = 1 (7.2)

This enables:
* Smoother decision boundaries in sparse regions
* Sharper boundaries in dense clusters

Thus, the model dynamically adapts to local data distributions.

7.2.4.3 Kernel-Weighted Voting Mechanism

Each neighbor contributes to the final classification based on its kernel weight. The predicted
class is determined by aggregating weighted votes across all k-nearest neighbors.

This approach improves:
* Sensitivity to local patterns
* Interpretability of predictions

¢ Robustness to noise

2 Standard KNN (Uniform Voting) b Kemel KNN (Weighted Voting)

o ClssO e Classl  H TestPont

Figure 7.1: Working of KNN with FW-AK-KNN a KNN assigns equal votes b FW-
AK-KNN weighs neighbors by distance

7.2.5 Evaluation metrics

Performance was measured with Precision, Recall, Accuracy, and F1l-score, computed with
stratified train-test splits on 12 datasets. These metrics were defined in detail in Section
2.10. The model was coded in Python with custom code for adaptive kernel weighting and
feature-weighted distance. To better understand the impact of these elements on classification
performance, ablation experiments were conducted to test against several kernel functions

(Gaussian, Epanechnikov, Triangular) and gamma configurations (fixed and adjustable).
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7.3 Results

This section presents a comprehensive evaluation of the proposed FW-AK-KNN model in
comparison with the traditional KNN algorithm across multiple psychometric and biomedical
datasets. The results, summarized in Table 7.2, clearly demonstrate that the proposed model
consistently outperforms the baseline KNN in terms of Accuracy, Precision, Recall, and F1-
score, thereby validating the effectiveness of integrating feature weighting and adaptive kernel-

based neighbor voting into the classification framework.

Table 7.2: Performance comparison of the proposed FW-AK-KNN model

Dataset| Accuracy Accuracy Precision PrecisionRecall |Recall |F1- F1-
(KNN) [(FW-  |(KNN) [(FW- |(KNN) |[(FW-  |Score |Score
AK- AK- AK- (KNN) [(FW-
KNN) KNN) KNN) AK-
KNN)

Dla |0.84 0.88 0.86 0.9 0.79 0.82 0.82 0.85
DI1b (0.73 0.86 0.75 0.88 0.68 0.81 0.71 0.85
D2a |0.95 0.98 0.96 0.98 0.89 0.95 0.92 0.96
D2b |0.96 0.97 0.94 0.95 0.85 0.9 0.89 0.93
D3a [0.94 0.98 0.93 0.97 0.85 0.96 0.88 0.97
D3b (0.93 0.99 0.95 0.95 0.72 0.99 0.79 0.97
D4a |0.71 0.97 0.76 0.97 0.72 0.96 0.72 0.96
D4b (0.72 0.98 0.75 0.98 0.66 0.98 0.68 0.98
D5 ]0.66 0.69 0.65 0.69 0.64 0.69 0.64 0.69
D6 [0.77 0.78 0.78 0.78 0.77 0.78 0.77 0.78
D7 10.67 0.69 0.66 0.67 0.6 0.67 0.6 0.67
D8 (0.61 0.81 0.53 0.78 0.56 0.78 0.52 0.78

Significant performance improvements are observed in the primary psychometric datasets,
which form the core focus of this work. For the depression dataset (D1a), the proposed model
improves accuracy from 84% to 88%, along with notable gains in precision (0.86 to 0.90),
recall (0.79 to 0.82), and F1-score (0.82 to 0.85) as shown in Fig. 7.2. A more pronounced
improvement is evident in the anxiety dataset (D1b), where accuracy increases substantially
from 73% to 86%, and F1-score improves from 0.71 to 0.85. These results indicate that FW-
AK-KNN is particularly effective in handling more challenging datasets characterized by higher
variability and noise. Recall improvements in both datasets point to improved ability to detect
genuine positive cases, which is particularly important in mental health applications where

missed detections can have dire repercussions. Furthermore, the consistent increase in F1-
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score reflects a better balance between precision and recall, indicating improved classification
of subtle and moderate symptom categories that are often difficult to detect using conventional
methods.

a Accuracy b Precision

Accuracy
Precision

P )

¢ Recall

- NN 104 - NN

— FW-AKKNN

F1-Score

Recall

RN e o 9 A S S O St S Sy A
P & P P P P S F @ P P @ P P P P S F Q&

Figure 7.2: Working of KNN with FW-AK-KNN a KNN assigns equal votes b FW-
AK-KNN weighs neighbors by distance

The superiority of the proposed model is further reinforced through its performance on
additional psychometric datasets (D2a—D4b), where it achieves near-perfect classification in
several cases. Accuracy values reach up to 98-99%, with corresponding improvements in
F1-scores, demonstrating the robustness of the model across varying dataset sizes and feature
distributions. Particularly notable are the substantial improvements in datasets D4a and D4b,
where accuracy increases from 0.71 to 0.97 and from 0.72 to 0.98, respectively. These
findings demonstrate how feature weighting can effectively emphasise essential characteristics
while reducing the impact of noisy or redundant features, improving the model’s capacity for
discrimination.

In order to assess generalizability, the proposed FW-AK-KNN model was also evaluated
on standard biomedical datasets, including heart disease, mammographic, diabetes, and wine
datasets. The results indicate moderate improvements in datasets such as heart disease (0.66 to
0.69) and diabetes (0.67 to 0.69), while only marginal gains are observed in the mammographic
dataset (0.77 to 0.78). However, a significant improvement is recorded in the wine dataset,

where accuracy increases from 0.61 to 0.81 and F1-score from 0.52 to 0.78. This variation
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in performance suggests that the proposed model provides the greatest benefit in datasets with
complex feature interactions and non-linear class boundaries, where adaptive kernel weighting
and feature importance play a more critical role. In contrast, datasets with relatively simpler
structures or well-separated classes exhibit smaller performance gains.

Overall, the experimental results reveal several important trends. First, FW-AK-KNN
consistently beats the conventional KNN on all datasets, demonstrating the efficacy of
the suggested improvements. Second, it demonstrates greater improvements in datasets
characterized by feature heterogeneity, noise, and class overlap, which are typical in
psychometric data. Third, the increase in recall and Fl-score indicates improved detection
of minority and subtle classes, which is particularly important for early-stage identification
of depression and anxiety. Finally, the model exhibits strong generalizability across different
domains, indicating its applicability beyond mental health datasets.

From a practical perspective, even modest improvements in performance metrics are highly
significant in healthcare applications. Enhanced recall and F1-score directly translate to better
identification of at-risk individuals, reduced misclassification, and improved reliability of
automated screening systems. Consequently, the suggested FW-AK-KNN model improves
classification performance and helps create more efficient and scalable mental health prediction

systems.

7.3.1 Feature Contribution Analysis for Depression Detection using

FW-AK-KNN

Using the feature weighting mechanism described in the previous subsection, the proposed
FW-AK-KNN model was applied to the BDI dataset to analyze the contribution of individual
depressive symptoms. The outcomes are displayed in Table 7.3

The findings suggest that some BDI characteristics are more important in predicting
depression. In particular, Features 20, 11, and 8 exhibit the highest importance scores,
suggesting that these depressive symptoms play a dominant role as shown in Fig. 7.3.
Conversely, Feature 21 and Feature 9 show relatively lower contributions.

This variation highlights that depressive symptoms do not equally influence prediction,
and the proposed FW-AK-KNN model effectively captures these differences through adaptive
feature weighting.

Furthermore, the ability of the model to identify key contributing BDI items enhances

interpretability, making it particularly useful in mental health analysis where understanding
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Table 7.3: Feature Importance Scores for BDI-based Depression Detection using FW-
AK-KNN

BDI Feature| Importance
20 0.082085
11 0.080046
8 0.076451
14 0.067574
19 0.056134
13 0.056117
15 0.053161
3 0.051810

0.050653

17 0.049071
1 0.047382

12 0.044884
10 0.044333
18 0.038972
2 0.036595

4 0.035682
16 0.031676
5 0.028238

6 0.026832

9 0.023002

21 0.019300

symptom-level influence is essential.
This illustrates how the suggested FW-AK-KNN model addresses the interpretability issues
with conventional KNN techniques while simultaneously enhancing classification performance

and offering significant insights into symptom-level contributions for depression detection.

7.3.2 Feature Contribution Analysis for Anxiety Detection using

FW-AK-KNN

To assess each anxiety-related characteristic’s contribution, the BAI dataset was subjected to

the same feature weighting method. The outcomes are displayed in Table 7.4
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Figure 7.3: Feature Importance Analysis for Depression Detection using FW-AK-KNN

Table 7.4: Feature Importance Scores for BAI-based Anxiety Detection using FW-AK-
KNN

BAI Feature Importance

10 0.079580
8 0.073244
7 0.069770
9 0.063659
4 0.061047
5 0.061027
6 0.057505
14 0.051738
13 0.051137
17 0.048978
3 0.047646
0.045006

18 0.037465
12 0.037013
20 0.036097
15 0.034414
19 0.032637
21 0.031829
1 0.030939
11 0.028424
16 0.020843
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Figure 7.4: Feature Importance Analysis for Anxiety Detection using FW-AK-KNN

The results indicate that certain BAI features contribute more significantly to anxiety
prediction. In particular, Features 10, 8, and 7 exhibit the highest importance scores, suggesting
that these symptoms play a dominant role in determining anxiety levels as shown in Fig. 7.4.
Conversely, features such as Feature 16 and Feature 11 show relatively lower contributions.

This variation highlights that not all anxiety symptoms contribute equally to prediction,
and the proposed FW-AK-KNN model effectively captures these differences through adaptive
weighting.

Furthermore, the ability of the model to identify key contributing BAI items enhances
interpretability, making it especially valuable in mental health applications where understanding
symptom-level influence is critical.

This shows that the suggested FW-AK-KNN model addresses the interpretability issues with
conventional KNN approaches while simultaneously improving classification performance and

offering insightful information about symptom-level contributions for anxiety detection.

7.4 Discussion

By examining the effects of various kernel functions and gamma configurations, the ablation
study offers a greater understanding of the behaviour and adaptability of the suggested FW-AK-
KNN model. Despite the introduction of the adaptive gamma formulation as a crucial advance

to dynamically adapt to local data distributions, the experimental results indicate that fixed
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gamma values—particularly Y = 0.1—often yield superior performance in practice. This trend
is especially evident when using Epanechnikov and Triangular kernel functions, as demonstrated

in Table 7.5.

Table 7.5: Ablation study results on the BDI and BAI datasets using various kernel
functions and gamma values. The highest accuracy and F1-score were obtained using
the Epanechnikov kernel with a gamma value of 0.1 on both datasets.

Kernel Y |D1-D (Acc/F1/A) D1-A (Acc/F1/A)
Gaussian  |0.1]0.9068 / 0.9050 / +0.07 0.7860/0.7770 / +0.05
Epanechnikov [0.1{0.9068 / 0.9049 / +0.07 0.8007 / 0.7923 / +0.07
Triangular | 1 [0.9003/0.8990 / +0.06 0.7860/0.7779 / +0.05

Note: A = improvement over KNN (BDI baseline: 0.84 / BAI baseline: 0.73). Bold =
highest performance.

This observation does not contradict the proposed methodology; rather, it highlights the
adaptability and modular nature of the FW-AK-KNN framework. The model is designed
such that its key components, including feature-weighted distance computation, kernel-based
neighbor weighting, and gamma scaling, can be independently configured.

The ablation results further reveal that the Epanechnikov kernel with y = 0.1 achieves the
best overall performance on both depression (BDI) and anxiety (BAI) datasets, producing the
highest accuracy and F1-score improvements over baseline KNN. This suggests that, in certain
cases, a well-chosen fixed parameter may provide a more stable and effective decision boundary
compared to dynamically varying parameters, particularly when the dataset exhibits relatively
consistent local structures.

In addition to performance improvements, the proposed FW-AK-KNN model provides
valuable interpretability through its feature weighting mechanism. The analysis of feature
importance on both BDI and BAI datasets reveals that not all features contribute equally to
classification. Instead, a subset of features consistently exhibits higher importance scores,
indicating their stronger influence in determining depression and anxiety outcomes.

For the BDI dataset, features such as 20, 11, and 8 were identified as the most influential,
whereas in the BAI dataset, features 10, 8, and 7 contributed more prominently as depicted by
Fig. 7.5. This distinction highlights that depression and anxiety are characterized by different
dominant symptom patterns, despite their clinical overlap.

Because the model can automatically capture and highlight condition-specific feature
contributions, these results further verify the efficacy of the suggested feature-weighted

distance formulation. This improves classification accuracy and offers insightful information
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on symptom-level relevance, which is crucial for applications related to mental health.

[ Feature No. i Importance . Meaning
I i T s / Depression
20 0.082 freciness ~
Fatigue
11 | 0.080 Agitation
8 | 0.076 Self-Criticalness
14 | 0.067 Worthlessness
19 0.056 Ci‘:ln.centratlnn
[ Difficulty Anxiety
Feature No. Importance Meaning
10 0.079 Nervous
2 0.073 Unsteady
Heart
7 0.069 s _
poundingfracing
9 0.063 Terrified or afraid
4 0.061 Unable to relax
& Toen Fear of worst

happening

Figure 7.5: Significant Depression and Anxiety Features

Overall, the findings reinforce the strength of FW-AK-KNN as a flexible and interpretable
classification framework. Its ability to adapt through configurable components ensures
consistent performance improvements across datasets with varying characteristics. This makes
the model not only effective for mental health prediction but also robust across broader

biomedical domains, supporting its applicability as a domain-agnostic solution.

7.5 Summary

The FW-AK-KNN model for identifying anxiety and depression in post-COVID-19 envi-
ronments was introduced in this chapter. The proposed approach enhanced the traditional
KNN algorithm by incorporating feature importance into the distance computation and
introducing kernel-based adaptive weighting for neighbor contributions. The shortcomings of
traditional KNN, specifically its incapacity to manage feature heterogeneity and fluctuating data
distributions in psychometric datasets, were intended to be addressed by these improvements.
Standard performance indicators, such as accuracy, precision, recall, and F1-score, were
used to assess the model on several psychometric and biological datasets. All datasets
showed consistent improvements over baseline KNN in the experimental findings, with primary
depression and anxiety datasets showing especially notable advances. The suggested model

was more successful in identifying mild to moderate cases because it demonstrated enhanced
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ability to recognise subtle symptom patterns and achieved a better balance between precision
and memory.

Further analysis through ablation studies highlighted the flexibility of the FW-AK-KNN
framework, showing that both adaptive and fixed parameter configurations can yield strong
performance depending on dataset characteristics. This modular design allows the model to be
tuned according to specific application requirements, enhancing its robustness and applicability
across domains.

All things considered, the FW-AK-KNN model offers a practical, comprehensible, and
computationally efficient method for predicting mental health. It is appropriate for real-
world deployment because of its capacity to provide enhanced performance while preserving
simplicity, especially in settings with limited resources. Thus, the suggested method has
possibilities for future adaptations to real-time and multimodal applications and aids in the

creation of scalable, data-driven mental health screening systems.
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Chapter 8

Conclusion, Future Work & Social

Impact

In this last chapter, we summarise the main conclusions, highlight the research’s major

contributions, and talk about possible future prospects for this field of study.

8.1 Conclusion

This thesis examined automated diagnosis of anxiety and depression using machine learning,
deep learning, and hybrid intelligence models in relation to the COVID-19 pandemic. Globally,
the COVID-19 pandemic had a significant influence on psychological health, which increased
the need for trustworthy and precise methods for preliminary mental health screening. The main
aim of this research was to develop and test intelligent models to determine different levels of
depression and anxiety using standardized questionnaires like BDI and BAI

The thesis addressed this objective through three core research objectives:

1. To conduct a systematic literature review and analysis of existing research on anxiety

and depression detection employing ML and DL models.

2. To study, implement, and analyze the performance of DL/ML classification models for

anxiety and depression detection induced during COVID-19.

3. To study and analyze the impact of COVID-19 on ongoing college students employing

an improved DL/ML model for depression and anxiety detection.

To begin with, a comprehensive SLR was performed in order to detect key trends,

methodological approaches, and research gaps in COVID-19 impact studies on mental health
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analysis. The main difficulties identified were related to limited variability in data samples,
binary prediction models, and unexplored data on sustained symptoms in people with never-
affected mental health. These results served as the impetus for the development of even more
generalized models that are statistically validated and can handle multiclass classification.

Later on, the thesis went on to empirically study the impact of dataset size on traditional
ML classifiers. The findings indicated an improvement in model robustness with an increase
in dataset size until it reached saturation. While larger datasets benefited the most from
ensemble and margin-based classifiers, simpler models demonstrated acceptable performance
atmoderate data sizes. The present work makes several practical insights into the data sufficiency
requirements of mental health prediction systems.

Numerous DL model designs, including ANN, RNN, LSTM, CNN, and the TabNet
architecture, were also examined in the thesis. Testing on many datasets revealed that DL
models, such as LSTM, CNN, and TabNet, are superior to classical ML models for the job
of multi-class classification and are effective at capturing the non-linear interactions between
psychological variables.

The concept of DT+KNN, RF+NN, and DA-TabSVM models gained popularity as a solution
to the shortcomings of standalone models. Among the mentioned models, the DA-TabSVM
model performed well compared to other models because the DA-TabSVM model was able to
perform near perfectly in classifications.

In conclusion, the thesis proposed a novel model called ASKNN, a variation of traditional
KNN, which adaptively controls neighborhood influence. The proposed model ASKNN always
achieved better performance compared to different baseline versions of traditional KNN on
different evaluation metrics. The Friedman test, Wilcoxon signed-rank test, and effect size test
all supported the significance of these gains.

In addition to improving classification performance, the proposed FW-AK-KNN provides
enhanced interpretability through its feature weighting mechanism. By learning and assigning
weights to individual features, the model is capable of quantifying the contribution of each
psychometric attribute in predicting mental health conditions.

The feature contribution analysis performed on both BDI and BAI datasets revealed that
only a subset of features significantly influences prediction outcomes, with distinct dominant
features observed for depression and anxiety. This illustrates how the suggested approach can
identify symptom patterns unique to a disorder rather than treating all features equally.

Because it offers deeper insights into symptom-level relevance and promotes more educated

screening and intervention tactics, this interpretability is especially crucial in mental health
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applications. As a result, the suggested model enhances predictive accuracy while also making

mental health assessments more comprehensible and clinically significant.

8.1.1 Lessons Learnt

Based on the literature review, experimental analysis, and findings, the following key lessons

were derived:

1. Why is early mental health detection crucial? Depression and anxiety might often
go undiagnosed because of stigma and lack of access to psychiatric professionals.
Automated screening tools utilizing standardized questionnaires make it easier to detect
the conditions and help intervene in a timely manner, especially in the scenario of a

global outbreak.

2. How does dataset size influence mental health prediction models? A larger data set is
associated with low variability and stable models. But there is a threshold beyond which
the rate of growth of model performances slows down. It is thus important to determine

the most appropriate size of the data set.

3. Why are DL models effective for psychological data? Psychological inventories
are characterized by complex, non-linear interactions of symptoms. Neural networks,
specifically LSTMs, CNNs, and TabNet, capture such interactions well and outperform

traditional ML algorithms in multiclass classification tasks.

4. Why are hybrid models necessary? Hybrid models exploit the complementarity of
strengths in different algorithms. Mixing models that are interpretable with strong
classifiers enhances robustness, accuracy, and flexibility over data sets, illustrated in
the DA-TabSVM framework. Hybrid models exploit the complementarity of strengths
in different algorithms. Mixing models that are interpretable with strong classifiers
enhances robustness, accuracy, and flexibility over data sets, illustrated in the DA-

TabSVM framework.

5. How does adaptive learning improve KNN performance? The traditional KNN
suffers badly from sensitivity to distance metrics and neighborhood size. The proposed
ASKNN model, on the other hand, adjusts the neighbor’s influence dynamically for

better discrimination and stability in classification.

243



6. Why is statistical validation essential? Performance improvements must be statistically
validated by appropriate tests of significance and measures of effect size. That means
any observed gains are due to reasons other than random chance, adding strength to the

reliability of conclusions drawn from experiments.

8.1.2 Ethical Implications and Responsible Use

This is where automated mental health assessment systems raise an important ethical

consideration, considering the sensitive nature of psychological data.

8.1.2.1 Privacy Concerns

Mental health information is very private and confidential in nature. In collecting information
through questionnaires, it is important to consider all ethical requirements, such as informed
consent, use of information with clarity, volunteering to participate, and the right to withdraw
upon choice without penalty and risk. Information storage and anonymization are very important

to avoid abuse.

8.1.2.2 Potential Biases

There can be bias because of demographic representation, self-selection bias in online surveys,
and assumptions made by the algorithm. It is important to address these potential biases while

handling the data.

8.1.2.3 Responsible Use

Mental models should aid, and must never replace, professional decision-making. Itis necessary

to employ the models in a manner that ensures that results are interpreted by a professional.

8.1.2.4 Limitations

Despite all empirical performances reported in multiple models using ML, DL, and their hybrids
in this thesis, there are a number of limitations that need to be discussed. First, most of the data
in this work were collected via online self-report questionnaires like PHQ-9, GAD-7, BDI, and
BAI using online platforms and snowball sampling. This approach was certainly appropriate
and practical during the post-COVID-19 era; however, it has inherently brought certain self-

selection and sampling biases. There may be an overrepresentation of individuals who are
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either more technologically adept or concerned about their mental health, which could inflate
symptom prevalence and limit generalizability to the broader population. Although this work
used cross-validation techniques to improve the stability of models, these cannot fully remove
underlying biases in the sampling.

Second, reliance on self-reported psychological inventories adds other layers of bias,
including social desirability bias and recall bias, which may affect the accuracy of symptom
reporting and, by extension, lower predictive model performance. In addition, because all
the datasets in this work are cross-sectional, one is limited to causal inference due to the fact
that observed associations between features and mental health outcomes are correlational, not
longitudinal. This limits the ability to model symptom progression or detect early warning
signals over time.

Another limitation involves the loss of contextual richness inherent in questionnaire-based
measures. This work did not include direct clinical interviews, behavioral observations, or real-
time physiological data; thus, it might be limited in the depth of mental health characterization.
Finally, while multiple models achieved near-ceiling performance, especially with increasing
dataset sizes, such plateau effects point to lower returns beyond thresholds in data and further
highlight careful model and feature selection. Lastly, although highly advanced hybrid and
adaptive learning models like DA-TabSVM and ASKNN performed well in generalization
capabilities on given sets, further testing is required in different populations and environments
before usage on a massive scale.

An additional limitation concerns the demographic and geographical scope of the study
populations.  Since the datasets primarily comprise college and university students and
were collected predominantly from an Indian population, the findings may not directly
generalize to non-student populations or individuals from different cultural and geographical
contexts. Differences in cultural norms, social environments, educational backgrounds, and
perceptions of mental health may influence responses to psychological assessment instruments
and consequently affect model predictions. Moreover, the post-pandemic context in which
the data were collected represents a particular period of changing mental health experiences
and behavioural patterns. Therefore, the long-term applicability of the proposed models to
populations whose experiences differ from the post-pandemic context cannot be assumed
without further validation. Future research should evaluate these models using larger,
longitudinal, cross-cultural, and demographically diverse datasets, including non-student
populations, to establish their robustness and generalizability across different populations and

time periods.
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8.2 Future Work

The limitations identified above offer some valuable pointers to future studies. Firstly, there
is scope for adopting a better sampling method, like stratified random sampling, to improve
the representativeness of the findings. Moreover, participants from underrepresented groups
should be encouraged to take part in studies. A combination of clinician-conducted diagnostic
interviews and self-report inventories may help improve the validity of ground truth and end
the need to rely on subjective data. Moreover, longitudinal research should be explored to
monitor the development of depression and anxiety over time so that causal relationships and
the development of symptoms can be investigated.

Future work can also focus on conceptualizing the fusion of multimodal sources of
information, such as wearable sensor, speech, text, behavior, and physiological modalities,
which may further improve the contextual and diagnostic information. The multimodal
approach may complement the methodology of questionnaires to capture nuances of dynamic
patterns of mental health. From a modeling point of view, research work on ensemble/hybrid
models, hyperparameter optimization, and adaptive learning methods may further improve
robustness/scaling capabilities on diverse datasets. From a modeling point of view, research
work on ensemble/hybrid models, hyperparameter optimization, and adaptive learning methods
may further improve robustness/scaling capabilities on diverse datasets.

Interpretability of the models is still an important priority. Future work should consider
the application of other Al interpretability methods like SHAP or LIME. Transparencies of
the models will help improve acceptability among the practitioners of mental health. There
are other ethical considerations that should be explored by the models as they are on the
brink of being implemented. Finally, extending such proposed frameworks toward real-time or
automated screening systems and validating them in practical healthcare and community settings
could bring a significant improvement in early diagnosis, reducing delays in interventions and
contributing to global mental health aligned with the United Nations Sustainable Development

Goal 3: Good Health and Well-being.

8.3 Social Impact and Applications

The research work offered in this thesis has immense social implications, most importantly,
within the backdrop of the rising need for mental health due to the emergence and spread of

the COVID-19 pandemic. Depression and Anxiety became a major concern among all sections
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of people, cutting across age, profession, and class. This work, by the application of ML and
DL techniques for early detection and classification of anxiety and depression, contributes to
the development of scalable, data-driven mental health frameworks that can support timely
identification, intervention, and resource allocation at both the individual and societal levels.

One of the major social impacts that this research may have is that it could potentially enable
healthcare professionals and mental health practitioners to offer early screening and decision
support. Models trained on standardized psychological instruments, such as PHQ-9, GAD-7,
BDI, and BAI, could support health professionals by automatically flagging patients at high
risk, thus minimizing diagnostic delay and alleviating the pressure on mental health services.
These tools are even more valuable in resource-scarce environments where access to mental
health professionals may be a challenge during a mass disaster. These tools help in screening
candidates who require critical attention in a timely and accurate manner.

This research also holds importance from a public health policy and a huge population
surveillance perspective. The relevant authority can use the findings from the mental health
analytics of the ML approach for understanding the trend of psychological issues during a
pandemic or any other crisis. The effectiveness of analyzing large datasets makes it possible
for a policymaker to develop a strategic intervention for mental health issues and implement a
preventive program and resource allocation efficiently. In addition, insights into the connection
between the size of a given set of data and the strength of predictions made by a mental health
predictive model can be extremely useful for future survey development.

In learning institutions such as universities and colleges that were disrupted for an extended
period through online learning during the COVID-19 period, the proposed models can be
used to aid in initiatives related to monitoring student mental health. Early identification of
anxiety and depression among university and college students allows institutions to provide
preventive and intervention programs. Similarly, in work settings, most notably in a corporate
setting where there are high levels of stress, the screening process can also be implemented in
employee wellness initiatives to promote mental wellness, build a healthier corporate culture,
and all that while strictly observing confidentiality.

In terms of technology, the hybrid and adaptive models proposed in the form of DA-
TabSVM and ASKNN in this thesis show the applicability of a combination of classical ML
techniques and advanced feature learning and adaptive strategies for the development of accurate
mental health assessment tools. These models are suited for implementation into digital health
platforms, mobile applications, and web portals for mental health assessment and would require

no specialized hardware and intrusive methods of data collection for scalability to be achieved.
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Significantly, this work can be associated with the international interest in improving mental
wellness, as it adheres to SDG 3: Good Health and Well-being, advocated by the United Nations.
The goal of enhancing the accuracy and validity rates of detecting depression and anxiety can
be addressed by the proposed methodologies in reducing undiagnosed mental illness and the
escalation thereof. Most importantly, aside from the development in technology, this work
focuses on the necessary uses of artificial intelligence in improving mental health by promoting

fairness in mental health strategies utilizing data analytics.

In summary, this work shows that the accuracy, dependability, and usefulness of automated
mental health assessment systems can be greatly improved by combining interpretable feature-

weighted techniques, adaptive machine learning, and deep learning.
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Abstract

Our emotional, psychological, and social well-being are all parts of our mental health. An individual’s routine can be
disrupted and their mental is health affected by stress, despair, and anxiety. Mental health preservation and restoration
are essential for each person as well as for communities and society as a whole. The COVID-19 pandemic has triggered
a strong emotional and psychological reaction in many people, in addition to triggering a global health emergency. The
pandemic’s uncertainty, disruptions, and social changes have amplified stress, fear, and depression, which are common
responses to crises. Data collection for the COVID-19-related depression and anxiety assessment was limited to online
methods because of the ongoing pandemic. In the field of mental health evaluation, the application of machine learning
techniques has emerged as a promising strategy for identifying and grasping anxiety and depression symptoms. This paper
employed K-Nearest Neighbors (kNN), Random Forest (RF), Decision Tree (DT), and Support Vector Machine (SVM)
techniques on the prevalence of anxiety and depression among Bangladeshi university students during the COVID-19
pandemic. This paper addresses how the accuracy of predictions made by various machine learning models is affected
by the size of the datasets. The findings of this study illuminate the scalability and generalizability of different machine-
learning methods. The findings validate that how accuracy of the models has consistently and significantly improved as the
dataset size varies. The performance of classification models is further assessed using the F1 score, precision, and recall.

Keywords Machine learning - Depression - Anxiety - Dataset size - Classification - Performance analysis

Introduction

Machine learning is defined as a “Field of study that gives
computers the capability to learn without being explic-
itly programmed” (Janiesch et al., 2021; Linda n.d.). The
widespread utilization of machine learning algorithms for
analyzing large datasets, discovering patterns, and making
predictions have led to advancements and improvements in
various fields such as industries, businesses, and almost any
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organization, including government agencies, e-commerce,
telecommunications, banking, and financial services, health-
care, sales and marketing, transportation, social networking,
and many others (Sarker, 2021; Sharifani & Amini, 2023;
Sharma et al., 2021).

Considerable advancements have been observed in the
field of healthcare. Utilizing machine learning with elec-
tronic health records can produce useful insights that can be
used to streamline hospital operations, forecast the begin-
ning of disease, and improve patient risk score systems
(Callahan & Shah, 2017). It is problematic to decide how
much data is sufficient to be fed into a machine-learning
model for the interpretation of the results. Small dataset size
leads to overfitting (Hawkins, 2004). As the training data-
sets get smaller, the models have fewer examples to learn
from, increasing the risk of overfitting whereas a sufficient
dataset size results in better classification performance when
fed into machine learning models.

@ Springer
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Abstract

Epidemics or pandemics, like the current COVID-19 outbreak, present special
obstacles to society. Leaders in several nations implemented policies that restricted
social connections as a proactive attempt to stop the virus’s spread. They intended to
harness the power of social isolation as a strategy to mitigate the rapid increase in
infections, effectively curving the trajectory of contamination. Shifts in societal con-
ventions over this period have indirectly impacted the mental well-being of individ-
uals. The United Nations (UN) prioritizes mental health, aiming to reduce premature
mortality from non-communicable diseases by 2030. During the second wave of the
COVID-19 epidemic, many people experienced significant life upheavals, includ-
ing managing the death of family members, dealing with unstable employment, and
managing elevated levels of emotional and financial stress. Owing to these circum-
stances, a sizeable portion of the populace has struggled with mental health condi-
tions like anxiety, depression symptoms, PTSD, and mood disorders. In the past,
pandemics or epidemics have had indirect consequences on mental health, leav-
ing a sizable share of depressed people unidentified and untreated. Less is known
about how emotion control affects distressed people’s feelings during and after the
pandemic. By performing a thorough analysis of the existing literature, the main
goal of this study is to identify developments, limitations, obstacles, and possible
directions for future research in the field of diagnosing depression and anxiety dur-
ing and after the COVID-19 pandemic. A comprehensive analysis included sixty-
six current research that focused on identifying mental health problems related to
the epidemic. The selection criteria included studies that used psychological tools,
such self-questionnaires, to detect a range of mental health conditions. The ground-
work for tackling one key issue—the length of depression and anxiety symptoms—
is laid forth by this systematic literature analysis’s understanding of the landscape
of pandemic-related mental health disorders. This understanding can greatly aid in
developing focused prevention initiatives, which will ultimately lessen the burden of
these disorders.

Extended author information available on the last page of the article
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OPEN A novel adaptive sigma KNN
model for depression and anxiety
detection following the COVID 19
pandemic

Priyanka Arora & Sonika Dahiya®"*

Mental health disorders, such as depression and anxiety, are increasing, and thus, there is a necessity
for accurate and effective detection. K-Nearest Neighbors (KNN) and extensions have been extensively
used in disease detection. In this work, Adaptive Sigma KNN (ASKNN) is proposed, an improved
version of KNN that adapts neighbor influence dynamically with an adaptive sigma parameter,
enhancing predictive accuracy and stability in mental health classification. ASKNN is tested on

our dataset and various public mental health and benchmark medical datasets. Performance has

been measured through Accuracy, Precision, Recall, and F1-score, with cross-validation ensuring
reliability. Friedman and Wilcoxon signed-rank tests were used to evaluate statistical significance,
whereas Cohen’s d and Cliff’s Delta estimated effect size. ASKNN performed with 91.00% accuracy

for depression and 84.50% for anxiety, with precision, recall, and F1-score of 0.91, 0.87, and 0.89 for
depression, and 0.86, 0.79, and 0.82 for anxiety. AUC-ROC values additionally supported performance,
with values of 0.95-0.91 (depression) and 0.93-0.78 (anxiety) between classes. Our statistical testing
validates that ASKNN considerably surpasses baseline KNN models for all four measurements. In
addition, the research resonates with the United Nations Sustainable Development Goal (SDG) 3,
underlining the impact of artificial intelligence-based methodologies in optimizing mental health
diagnoses. By increasing depression and anxiety identification accuracy, ASKNN promotes early
intervention plans, ultimately benefiting international efforts to lower the global burden of mental
illnesses.

Keywords Mental health assessment, Depression and anxiety detection, K-Nearest neighbors, Statistical
analysis, Machine learning

The COVID-19 pandemic, which was announced by the World Health Organization (WHO) in March 2020,
has affected world health enormously by infecting millions and bringing huge mortality'. Up to February 20,
2022, there were over 421 million laboratory-confirmed cases and 5.85 million related fatalities worldwide?.
The highly contagious character of the virus, however, has created difficulties in attempts to limit its spread,
leading to waves and the development of new strains®. Besides its primary medical impact, COVID-19 has had
significant effects on mental health, such as increased rates of depression, anxiety, stress, and other psychiatric
illnesses?. Such mental health issues have been linked to factors like social isolation, fear of infection, financial
insecurities, and disruption of day-to-day life. Moreover, healthcare workers, particularly nurses, have suffered
immense psychological trauma, including post-traumatic stress disorder (PTSD), emotional exhaustion, and
moral distress due to their frontline response to the pandemic®.

Mental illnesses such as depression and anxiety have emerged as a major public health concern, with millions
of individuals being impacted worldwide®. Early and accurate identification is extremely crucial for early
intervention and treatment. However, traditional diagnosis relies heavily on clinical interviews, which can be
time-consuming, subjective, and largely unavailable in resource-constrained environments. To overcome these
challenges, machine learning methods have emerged as increasingly crucial in mental illness studies since they
can process massive data and identify advanced patterns that are associated with mental disorders’. The use of
machine learning-based methods in the diagnosis of mental illnesses has the potential for expansion of early
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Exploring Deep Learning Architectures for Mental
Health Assessment: A Comparative Analysis
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Abstract— The major consequences of the covid-19
pandemic have influenced the question of the ability of anger -
especially depression and anxiety - to dominate public
discourse. The aim of this research is to find advanced methods
of understanding, illness and situation, using deep learning
methods in the research of depression and stress. Five different
models of deep learning are defined and classified in a
motivational and anxiety framework based on three different
data sets: dataset 1 (data set from student surveys that do not
focus), dataset 2 (self-isolation and depression through
separation) and dataset 3 (depression and anxiety of significant
partners and childbirth). These models are called Neural
Networks (NN), Long Short-Term Memory (LSTM),
Recurrent  Neural Networks (RNN), TabNet, and
Convolutional Neural Networks (CNN). The interest is growing
in exploring how deep learning is used for analyzing more
complex data. Many studies have been done on the analysis of
depression and anxiety using machine learning models, mainly
for the dual classification. For the case of datasets 1 and 3,
predictions with the highest accuracies for anxiety and
depression were made by LSTM. Such results for dataset 2
were obtained using CNN. The work opens wide avenues in
demonstrating deep learning applied to multiclass
classification that could improve diagnosis and provide
personalized mental health treatment approaches.

Keywords— Depression; Anxiety; Mental Health; Deep
Learning; Performance Analysis

I. INTRODUCTION

Al-based disease detection could change the face
of medicine by using machine learning algorithms that
process medical data that is huge in quantity to understand
the patterns and trends that are difficult for human eye to
decipher [1],[2]. In artificial intelligence, machine learning
allows computers to acquire information and perform better
tasks over time without the need for programming [3],[4].
Deep learning has a capability to draw inspirations from the
composition and operation of a human brain [5], [6]. Deep
learning has great promise in identifying anxiety and
depression by evaluating data from psychological tests [7].
Patient Health Questionnaire (PHQ-9), Beck Depression
Inventory, and Generalized Anxiety Disorder 7 (GAD-7) are
some examples of typical psychological questionnaires that
can be modeled by deep learning models using network
technology. These models can handle complicated and high-
dimensional data. A self-report tool called GAD-7 is used to
assess the GAD symptoms have been persistent throughout
the previous two weeks. It gauges seven different things:
anxiety, difficulty relaxing, concern, restlessness, feeling
tense or agitated, being unable to sit quiet, and feeling

979-8-3503-7971-6/24/$31.00 ©2024 IEEE

Sonika Dahiya
Software Engineering
Delhi Technological University
New Delhi, India
sonika.dahiya@dtu.ac.in

frightened, worried, or tense [8]. A self-report tool which is
called PHQ-9 is employed to screen for, diagnose, and rank
the severity of sadness. There are 9 questions about mood,
interest in activities, eating patterns and changes in sleep
which are related to depression that have been persistent
during the past two weeks [9]. These instruments provide
for systematic and measurable assessment of the symptoms
of mental health. The data generated from these assessments
may be fed into algorithms of deep learning, which could
detect patterns and relationships that by conventional
techniques of analyses may not be observable. What makes
deep learning models very particularly appropriate for
mental health diagnostics is that they are capable of learning
from large datasets and improving predictive accuracy over
time, thus fitting well into an area where symptoms can be
nuanced and varied [10]. Only with the automation and
enhancement of this diagnostic process will deep learning
have a chance to provide with an accurate, timely, and
personalized diagnosis, with an attendant improvement in
outcomes for persons suffering from such mental health
conditions. In these regards, we are going to provide some
selected deep neural network architectures for the detection
of mental disorders like depression and anxiety. We used
five different deep-learning models in this paper—NN,
CNN, RNN, LSTM, and Tabnet—to detect depression and
anxiety from data from the psychological instruments. These
are distinct models with entirely different capabilities that
enable us to comprehend the many facets of the data and so
enhance prediction accuracy and resilience.

Research Gap: To fully understand how well different
multiclass strategies work in differentiating between anxiety
and depression, more research is needed, even though the
majority of research uses machine learning models for binary
classification in mental health analysis. Deep learning
models can be utilized to accomplish this.

II. RELATED WORK

Depression has been identified from social media,
textual data, and interviews using deep learning [11], [12],
[13], [14]. Research on using psychological methods to
assess sadness and despair employing deep learning has
been lacking. Fong et al. developed a complex neural
network to forecast anxiety and depression, which highlights
the importance of predicting mental health symptoms in
global health emergencies in the difficult times like these
[15]. In order to predict depression among Indian IT
workers, Kaman & Vajpai used both machine learning
models and deep learning models in their study [16].
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Enhancing Mental Health Diagnosis with DA-TabSVM: A
Multi-Class Hybrid Approach for Detecting Depression and
Anxiety
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Abstract

Following the COVID-19 pandemic, as individuals adapted to a new normal, the likelihood of despair and anxiety rose.
Depression's effects can be lessened by early identification, suitable treatment, and support. The Sustainable Development Goals
(SDGs) goals aim to reduce the burden of mental diseases by promoting mental health and well-being through comprehensive
health strategies, reducing inequalities, and fostering supportive environments. Lately, automatic social media depression
detection has gained attention as a promising field of study. However, we suggest a technique for using a model that learns to
answer a mental health questionnaire and utilizing it to produce population-level predictions because there is a dearth of
comprehensive annotated data. The purpose of this paper is to efficiently predict mental health conditions like depression and
anxiety using data from psychological instruments. In this study, we propose an improved hybrid model employing DT+kNN and
RF+NN which were applied on three datasets. Further, we propose a novel prediction model, DA-TabSVM, that can efficiently
predict depression and anxiety using multiclass classification. The results show that the DT+kNN hybrid model achieves a
maximum accuracy of 95% for predicting depression and 97% for predicting anxiety. Similarly, the RF+NN hybrid model
achieves a maximum accuracy of 98% for predicting depression and anxiety. The performance of DA-TabSVM reached up to
97% in terms of accuracy on Dataset 1, 99% on Dataset 2, and 99% on Dataset 3 for depression detection and similarly high
when detecting anxiety with a range reaching up to an accuracy of 100% on Dataset 3. Unlike standard strategies that may
struggle with intricate feature relationships or be less flexible when dealing with different datasets, our hybrids make use of the
complementary skills of many algorithms. Our findings demonstrate the usefulness of hybrid classifiers in mental health
evaluation, advancing our knowledge in this crucial field.
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Abstract. The COVID-19 pandemic has caused an unprecedented global health
crisis, both physically and mentally. As the world continues to deal with its con-
sequences, the mental impact of the pandemic is increasingly becoming a cause
for concern. This paper presents a systematic literature review of peer-reviewed
articles between 2020 and 2025 on the mental health effects of COVID-19, such
as depression, anxiety, and sleep problems. Data were collected from prominent
academic databases, adhering to PRISMA standards for study selection and syn-
thesis. It discusses the effectiveness and limitations of widely applied mental
health screening instruments. This work emphasizes the importance of interdisci-
plinary strategies that integrate psychological. social, and technological insights.
The results indicate an urgent need for a holistic, multi-disciplinary approach to
deal with post-COVID mental health issues. There is underutilization of machine
learning (ML) and deep learning (DL) methods in explaining and respond-
ing to these issues. Integration of ML and DL models for more precise, scalable,
and personalized mental health treatments is the need of the hour. This includes
the establishment of preventive interventions, enhanced access to mental health
care, and the incorporation of real-time monitoring systems. This paper urges a
worldwide emphasis on mental health recovery and its crucial function in personal
and societal resilience in the post-pandemic era. The crisis has brought to the fore-
front the necessity to improve mental health systems worldwide. This study aligns
with Sustainable Development Goal 3 (Good Health and Well-being), which pro-
motes increased access to mental health care, general well-being, and efficient
management of long-term psychological impacts during and after public health
emergencies.

Keywords: Post-COVID-19 Mental Health - Long COVID - Depression -
Anxiety

1 Introduction

The global outbreak of COVID-19, beyond its disastrous effect on international public
health and economies, has unleashed a simultaneous and quieter crisis, a pandemic of
mental health disorders [1]. While the initial response has primarily been to the biological

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2026
A. Swaroop et al. (Eds.): ICDAM 2025, LNNS 1607, pp. 267-284, 2026.
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