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ABSTRACT

This research presents a comprehensive exploration of depression identification
methodologies, employing a diverse array of classification algorithms, including Logistic
Regression, Random Forest, Gradient Boosting, Multilayer Perceptron (MLP), and Long
Short-Term Memory Networks (LSTMs). Utilizing a dataset comprising textual
expressions, traditional machine learning models are juxtaposed against a deep learning
paradigm, aiming to discern intricate patterns indicative of depression. Noteworthy
outcomes emerge, with Logistic Regression and Random Forest achieving commendable
accuracies of 95.60% and 95.69%, respectively. The study introduces an LSTM model,
showcasing its potential in text-based depression identification, yielding an accuracy of
73.79%. Beyond quantitative assessments, the research delves into the societal impact,
ethical considerations, and sustainability of the proposed models. Recognizing the
significance of mental health awareness, this study contributes valuable insights into
algorithmic frameworks for depression detection, fostering a nuanced understanding of
their applicability, ethical considerations, and societal implications. The findings not only
provide a comprehensive comparison of state-of-the-art models but also underscore the
need for responsible deployment and sustainable practices in leveraging machine learning
for mental health applications. As | navigate the complexities of mental health analysis,
this research seeks to offer a holistic perspective, emphasizing ethical considerations and
societal implications while opening avenues for future research and advancements in the

domain.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

Depression, a pervasive global mental health concern, continues to be a major challenge
impacting individuals worldwide. The emergence of digital platforms as outlets for
personal expression provides a unique opportunity to leverage advanced technologies for
early detection and intervention in mental health issues. This research endeavors to
contribute to the field by addressing the intricate task of identifying depression, utilizing
a combination of machine learning and deep learning methodologies. The study explores
a diverse set of classification algorithms, including Logistic Regression, Random Forest,
Gradient Boosting, Multilayer Perceptron (MLP), and Long Short-Term Memory
Networks (LSTMs), to discern nuanced patterns within textual expressions that may
indicate depressive states.

The increasing prevalence of depression underscores the critical need for accurate and
timely detection. Traditional machine learning models, such as Logistic Regression and
Random Forest, demonstrate commendable accuracies of 95.60% and 95.69%,
respectively. Furthermore, this research introduces an LSTM model specifically tailored
for text-based depression identification, achieving a notable accuracy of 73.79%. Moving
beyond quantitative assessments, the study delves into the societal impact, ethical
considerations, and sustainability of these proposed models, recognizing the broader
implications of mental health awareness and technology integration.

To contextualize this research, it draws on insights from previous studies that have
addressed similar challenges. Choudhury et al. [1] explored predicting depression in
undergraduates using machine learning, offering valuable perspectives on algorithmic
approaches. Zulfiker et al. [2] conducted an in-depth analysis of machine learning
approaches for depression prediction, contributing to the ongoing discourse in the field.
Sau and Bhakta [3] focused on the geriatric population, employing artificial neural
network models to predict depression. These studies provide foundational knowledge and

inspiration for the current research.
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This introduction lays the groundwork for a comprehensive investigation into algorithmic
frameworks for depression detection, contributing not only quantitative insights into
model performance but also qualitative perspectives on the societal, ethical, and
sustainable aspects of implementing such models in real-world scenarios. As the research
unfolds, it aspires to foster a nuanced understanding of responsible deployment and

sustainable practices in leveraging machine learning for mental health applications.

1.2 Motivation

The motivation behind this research is deeply entrenched in the global urgency to address
mental health issues, with a particular focus on the pervasive and debilitating impact of
depression. According to the World Health Organization (WHQO), depression stands as a
significant contributor to disability worldwide, necessitating immediate attention and
effective intervention strategies [16]. Despite its increasing prevalence, there exists a
substantial gap in the timely detection and proactive management of this mental health

challenge.

The inspiration to explore advanced technological solutions, specifically machine
learning and deep learning algorithms, emanates from the potential offered by the
copious amount of data generated through digital platforms. Online communication and
expression, ubiquitous in today's world, provide a rich source of information that can be
leveraged to discern subtle patterns indicative of depressive states [6]. As the digital
landscape evolves, the integration of technology into mental health assessment becomes

not merely a possibility but a societal responsibility.

Furthermore, the motivation extends beyond the technical realm to encompass a broader
societal perspective. The growing prominence of mental health awareness is challenging
stigmas and fostering open conversations. This research aligns with the global movement
towards a more compassionate and informed approach to mental health, emphasizing the
role of technology as an ally in this transformative journey. By developing robust models
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for depression identification, the research aspires to contribute to the creation of a

supportive and inclusive environment that prioritizes mental well-being [15].

The integration of diverse machine learning algorithms, including traditional models and
deep learning architectures, reflects the motivation to provide a comprehensive
comparison. Understanding the strengths and limitations of different approaches is
crucial for developing adaptable, accurate, and ethical solutions [2]. Through this
research, |1 aim to motivate the adoption of responsible Al practices in mental health
applications and catalyze a positive impact on individuals and society.

1.3 Objective

The primary objective of this research is to advance the methodologies for depression
identification through the application of diverse machine learning and deep learning
algorithms. The overarching goal is to contribute to the development of accurate,
scalable, and ethically sound models for detecting depressive states in individuals using

textual data. The specific objectives guiding this study are outlined below:

e Algorithmic Comparison and Performance Assessment: Conduct a thorough
comparison of various machine learning algorithms, including Logistic
Regression, Random Forest, Gradient Boosting, Multilayer Perceptron (MLP),
and Long Short-Term Memory Networks (LSTMs), to evaluate their performance

in identifying depression from textual expressions [2] [15].

e Introduction of LSTM Model for Text-Based Identification: Explore the
application of Long Short-Term Memory Networks (LSTMs) as a deep learning
paradigm for text-based depression identification. Assess the efficacy of LSTMs
in capturing nuanced patterns within textual data, offering insights into their

potential as a complementary approach [6].
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e Quantitative Evaluation of Model Accuracy: Quantify the performance of the
developed models, emphasizing metrics such as accuracy, precision, recall, and
F1-score. Provide a comprehensive analysis of the strengths and limitations of

each algorithm to inform future developments and applications [2] [15].

e Exploration of Societal Impact and Ethical Considerations: Extend the
investigation beyond technical metrics to explore the societal impact of deploying
machine learning models for mental health assessments. Investigate ethical
considerations related to data privacy, bias, and potential societal consequences
[16].

e Promotion of Responsible Al Practices: Advocate for the adoption of responsible
artificial intelligence (Al) practices in the domain of mental health applications.
Propose guidelines for the responsible development, deployment, and continuous

monitoring of machine learning models to ensure ethical and sustainable practices

[2] [15].

e Contribution to Mental Health Awareness: Contribute valuable insights to the
discourse on mental health awareness by fostering a nuanced understanding of the
interplay between technology, mental health, and societal implications.
Emphasize the potential positive impact of technological advancements in mental
health while addressing potential challenges [16].

The accomplishment of these objectives will not only advance the field of machine
learning applications in mental health but also contribute to a more holistic and ethical
approach to depression identification.

1.4 Research Outcome

The envisaged outcomes of this research endeavor extend far beyond mere algorithmic
accuracy, aiming to delve into the intricate landscape of depression identification
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methodologies. The core objective is to conduct a thorough comparative analysis,
encompassing traditional machine learning models such as Logistic Regression and
Random Forest, alongside sophisticated deep learning architectures like Long Short-Term
Memory Networks (LSTMs). The study anticipates unraveling nuanced patterns within
textual expressions, providing valuable insights into the diverse spectrum of algorithmic

frameworks for mental health analysis.

A pivotal research outcome involves the quantitative evaluation of selected models.
Initial results demonstrate promising accuracies for Logistic Regression (95.60%) [1] and
Random Forest (95.69%) [2], highlighting their efficacy in text-based depression
identification. The introduction of the LSTM model introduces a layer of complexity,
designed to capture sequential dependencies within textual data. While LSTMs exhibit an
accuracy of 73.79%, the anticipated research outcome extends beyond numerical metrics,
aiming to elucidate the strengths and limitations of this deep learning approach in

contrast to conventional models.

Moreover, the research aspires to unravel the societal impact, ethical considerations, and
sustainability of deploying machine learning models in mental health applications. By
addressing the broader implications of these technologies, the study seeks to guide
responsible deployment practices and advocate for sustainable frameworks at the
intersection of machine learning and mental health. The envisioned outcome, therefore,
transcends numerical accuracies to encompass a holistic understanding of the societal

fabric influenced by algorithmic depression identification.

In alignment with the overarching discourse on mental health awareness, the research
outcome positions itself as a foundational exploration into the responsible and ethical
integration of machine learning in mental health applications. The findings are poised to
lay the groundwork for future research endeavors, emphasizing the continual evolution of
algorithmic frameworks, ethical considerations, and societal implications in the realm of

mental health analysis.
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CHAPTER 2
BACKGROUND

2.1 Preliminaries

The preliminaries embark on a comprehensive exploration of the preliminary aspects
vital to understanding the landscape of depression identification. This section introduces
the reader to the crucial elements that set the stage for a detailed investigation. The
journey begins with a literature review that delves into five seminal papers, each
contributing significantly to the field of depression identification. Analyzing these papers
provides valuable insights into the current state of research, methodologies employed,

and gaps in existing knowledge.

Following the literature review, the chapter navigates through the scope of the research,
elucidating the boundaries within which the study operates. Clearly delineating the
research scope aids in establishing a focused framework for the subsequent
investigations. Simultaneously, the chapter sheds light on the challenges inherent in the
domain of depression identification. Identifying and understanding these challenges is
imperative for devising effective methodologies and anticipating potential hurdles in the

research journey.

2.2 Literature Review

Embarking on the exploration of depression identification methodologies, our journey
begins with five pivotal research papers that have carved pathways in this intricate
landscape. Each paper contributes a unique facet, employing diverse methodologies, and
algorithms, and, in some cases, unveiling limitations that guide our understanding more
preciously These papers have been selected for their relevance, diverse methodologies,
and substantial outcomes. The chosen papers provide a comprehensive understanding of
the current landscape, shedding light on the methodologies employed, the algorithms

used, and the limitations encountered.

©Daffodil International University



» A. A. Choudhury et al. (2019): Navigating Bangladeshi Undergraduates' Minds
Choudhury and colleagues set sail in 2019, predicting depression among
Bangladeshi undergraduates through a machine learning odyssey [1]. Their
ensemble of Logistic Regression, Random Forest, and other classifiers achieved
notable accuracies. The compass, however, points to the challenge of generalizing

findings beyond this specific demographic.

» Zulfiker et al. (2021): Charting the Seas of Machine Learning Approaches In
2021, Zulfiker and team provided a compass to navigate the depths of machine
learning approaches for depression prediction [2]. Their meticulous analysis
showcased the strengths and limitations of various algorithms, offering valuable

insights to fellow sailors in this expansive sea of mental health prediction.

» Pampouchidou et al. (2015): Reading Emotions in Facial Waves Pampouchidou
and crew, in their 2015 work, delved into facial expressions for assessing
depression severity [6]. Their multimodal neural network, like a lighthouse,
illuminated the significance of non-textual features. The accuracy achieved, akin

to a well-charted star, guided further exploration, reaching 73.79%.

> lliou et al. (2019): Paving the Way with Preprocessing Mastery lliou and team
ventured into the realm of preprocessing methods in 2019, setting the stage for
predicting depression types [7]. Their method, a sturdy foundation, underscored

the importance of preprocessing techniques in enhancing model accuracy.

» Ferguson et al. (2012): Navigating Teacher’s Mental Tides Ferguson and
collaborators, in 2012, hoisted the sails to predict teacher anxiety, depression, and
job satisfaction [9]. Their journey revealed factors intertwining occupational
stress, anxiety, and depression, providing crucial insights for mental health in

educational waters.
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As | traverse the literature-laden seas, each selected paper not only contributes to the
navigational map of depression identification but also leaves behind footprints in the
form of algorithmic insights and accuracy metrics. This literature review serves as a
foundation for the current research by synthesizing key findings, methodologies, and

limitations from diverse studies.

2.3 Research Scope

The scope of my research extended across various dimensions, encapsulating the
intricacies of depression identification using machine learning. My exploration spans the
following key areas, each representing a crucial facet of the researched scope which are

not used in any previous works:

» Algorithmic Diversity: The diverse array of classification algorithms | employed
in this study, including Logistic Regression, Random Forest, Gradient Boosting,
Multilayer Perceptron (MLP), and Long Short-Term Memory Networks (LSTMs)
[1], marks a unique scope. Investigating their individual strengths, limitations, and
collective impact on depression prediction forms the crux of my algorithmic

exploration.

> Deep Learning Paradigm: The integration of a deep learning paradigm,
specifically the introduction of an LSTM model [6], is a distinctive scope.
Delving into the nuances of leveraging deep learning for text-based depression
identification widens the horizons of my study. The scope encompasses
understanding the potential of LSTMSs, exploring their accuracy in comparison to
traditional machine learning models, and unraveling the interpretability of their

outcomes.

» Societal Impact and Ethical Considerations: Beyond the realm of algorithms, my
scope extends to the societal impact of deploying machine learning models for
mental health applications [5]. I scrutinize the ethical considerations associated
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with developing and deploying such models. The responsible use of technology in
the mental health domain forms an essential aspect of my exploration,

acknowledging the potential ramifications on individuals and society.

» Sustainability in Mental Health Applications: The sustainable deployment of
machine learning models for mental health applications emerges as a critical
scope [3]. As | navigate the complexities of mental health analysis, my research
endeavors to contribute insights into sustainable practices. Balancing the
advancements in algorithmic frameworks with ethical considerations and societal

implications is integral to my exploration.

» Nuanced Understanding of Applicability: The research scope encompasses
providing a nuanced understanding of the applicability of machine learning
models in the domain of depression detection [7]. Through detailed analyses and
comparisons, | aim to contribute valuable insights that guide the application of

these models in real-world scenarios.

» User-Driven Depression Detection Model: A pivotal aspect of my research scope
is the development of a user-driven depression detection model. This unique
contribution allows users free access to a model where they can identify their
depression level based on their input. This innovation represents a

groundbreaking scope, setting my work apart from existing research endeavors.

In essence, the research scope traverses the algorithmic landscape, delves into ethical
considerations, explores the sustainable deployment of models, fosters a nuanced
understanding of their applicability, and introduces a pioneering user-driven depression

detection model. Each aspect contributes to the comprehensive nature of my exploration.
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2.4 Challenges

The journey of this research unfolded against a backdrop of multifaceted challenges, each
intricately woven into the fabric of algorithmic exploration and model development.

> Dataset Collection: A Pervasive Challenge
The foremost challenge confronted in this research pertained to the collection of a
comprehensive and diverse dataset. While the significance of a robust dataset in
training and evaluating machine learning models is undeniable, Doctor approved
the scarcity of well-annotated datasets for depression posed a formidable obstacle
[2]. The intricacies of mental health data, the need for a balance between textual
and contextual features, and the ethical considerations surrounding data
acquisition further compounded this challenge. The meticulous approach adopted
in dataset selection, as detailed in Section 3.3, underscores the arduous yet

indispensable nature of addressing this challenge.

» Algorithmic Selection: Navigating the Landscape
Selecting the most apt algorithms for depression identification presented a
complex challenge in NLP. The vast landscape of machine learning algorithms,
each with its unique strengths and limitations, necessitated a meticulous
evaluation process [10]. The conundrum of balancing traditional machine learning
algorithms, such as Logistic Regression and Random Forest, against the more
intricate nuances of deep learning models like Long Short-Term Memory
Networks (LSTMs), demanded an in-depth exploration [6]. The research
successfully addressed this challenge by employing a diverse set of algorithms,

culminating in a comprehensive comparative analysis as elucidated in Section 4.1.

» Model Implementation: Bridging Theory and Application
Translating theoretical insights into practical implementations constituted another
noteworthy challenge. The development and fine-tuning of machine learning
models, particularly deep learning architectures like LSTMs, required a nuanced
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understanding of their underlying mechanisms [13]. The coding process
demanded a delicate balance between complexity and interpretability, addressing
challenges associated with overfitting, hyperparameter tuning, and optimization
techniques. The implementation requirements detailed in Section 3.4 illuminate

the systematic approach adopted to surmount this challenge.

» Ethical Considerations: Navigating Sensitive Terrain
Beyond technical intricacies, ethical considerations embedded within the research
process posed a distinct challenge [5]. The deployment of machine learning
models for mental health applications mandates a careful navigation of privacy
concerns, informed consent, and the potential societal impact of the research
outcomes. Section 5.3 delves into the ethical dimensions, offering insights into
how these challenges were acknowledged and addressed.

> Integration of User-Driven Model: Pioneering Challenges
A pioneering challenge encountered in this research was the development of a
user-driven depression detection model. While breaking new ground in the
domain, this unique aspect introduced challenges associated with the user-friendly
environment in code, user input validation, and ensuring the accessibility and
usability of the model for a diverse user base. The significance of this novel
contribution is detailed in Section 2.3.

» Other Challenges: An Iterative Process
The iterative nature of the research process brought forth additional challenges
[8]. These included issues related to model interpretability, scalability, and the
dynamic landscape of machine learning methodologies. The research, recognizing
the iterative nature of algorithmic exploration, strived to address and overcome

these challenges as part of the ongoing refinement process.

In navigating this intricate landscape of challenges, the research not only contributes to
the academic discourse on depression identification but also highlights the resilience and
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adaptability demanded by the evolving field of machine learning for mental health

applications.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 Overview

This chapter provides an overview of the research methodology employed to explore
depression identification using machine learning. The approach encompasses key
elements such as data collection, preprocessing, algorithmic implementation, and

statistical analysis.

In defining the research methodology, a robust data-centric strategy forms the foundation.
The selection and collection of a pertinent dataset, detailed in Section 3.3, focus on
textual expressions relevant to depression. This meticulous approach ensures the dataset's

suitability for training effective machine learning models.

The algorithmic landscape is a pivotal aspect of the methodology, discussed in Section
3.4. 1t involves a judicious integration of traditional models (Logistic Regression,
Random Forest) and deep learning architectures (MLP, LSTMs). This section elucidates

the rationale behind algorithm selection and the synergies between different models.

Implementation details, covered in Section 3.4, outline the pragmatic framework used to
translate insights into actionable models. The coding process, a critical aspect of the
research, balances interpretability with complexity to unveil intricate patterns indicative

of depression.
Statistical analysis, detailed in Section 3.5, provides a rigorous evaluation of the models.

Beyond accuracy metrics, the study delves into nuanced patterns, offering a qualitative

layer to the quantitative assessments.
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This chapter serves as a guide to the methodical and transparent approach adopted in the
exploration of depression identification. It ensures rigor, transparency, and meaningful

contributions to the understanding of machine learning applications in mental health.

User Input Prediction Results

Model Development

Figure 3.1: Methodology

3.2 Research Subject and Instrumentation

The research subjects for this study are textual expressions reflecting the diverse nuances
of depression. Leveraging a dataset comprising user-generated content, the textual data

formulates the basis for training and evaluating machine learning models.

Instrumentation:

The primary research instrumentation features a computer system designed for robust
computational tasks. Equipped with an Intel Core i5 processor, 8GB of RAM, and a
500GB hard drive, the system ensures computational efficiency during the
implementation of machine learning algorithms. A stable internet connection is a crucial
component, facilitating seamless access to datasets, model training resources, and
collaborative tools [12]. This instrumentation ensures that the computational

infrastructure aligns with the intricacies of the research tasks. The robust configuration

©Daffodil International University
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supports the training of complex models, such as Multilayer Perceptron (MLP) and Long
Short-Term Memory Networks (LSTMs), providing the necessary computational power
for efficient model convergence. The choice of instrumentation reflects a commitment to
methodological rigor, ensuring that the computational environment is optimized for the

demands of processing and analyzing textual data for depression identification.

3.3 Collection of Data and Preprocessing

+« Dataset Collection and Verification: The dataset used in this research was
acquired from Reddit, a platform known for its diverse and open discussions.
Acquiring a dataset that accurately reflects the complexities of depression was a
significant challenge. To address this, a doctor-approved dataset was selected,
ensuring the inclusion of both patient and non-patient data. The dataset had
previously been used in reputable research, adding a layer of credibility to its
contents. Notably, the dataset was labeled, with '1' ( in figure 3.3A) indicating
depression and '0' (in figure 3.3B) representing non-depressive states. This doctor-
approved dataset, verified by medical professionals, instilled confidence in the
subsequent model development process, promising reliable outcomes. For
example of my dataset | have add figure 3.3A and 3.3B, | have a predetermined

dataset with depressed and non-depressed text from clinical authentication.

Collected Text Depression score
we understand that most people who reply immed...

welcome to r depression s check in post a plac...

anyone else instead of sleeping more when depr...

i ve kind of stuffed around a lot in my life d...

sleep is my greatest and most comforting escap...

Figure 3.3A: Example of Data’s Formations

©Daffodil International University
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R/
L X4

7
A X4

Dataset Characteristics: The selected dataset, having undergone doctor-approved
validation, comprised a total of 7731 rows and 2 columns named ‘Collected Text’
and ‘Depression Score’. Within these rows, 3831 entries indicated instances of
depression, while the remaining entries represented normalcy. Each entry,
therefore, contributed to a total of 15,462 data cells. This extensive dataset,
marked by its authenticity and doctor-approved status, formed the foundational
basis for subsequent preprocessing steps. Each row represents a unique data entry,
while the columns capture pertinent information for our analysis. Among these,
3831 entries indicate instances of depression, while the remaining entries signify
normal cases. If you look at my figure 3.3A/B you will be able to understand
more specifically. In essence, the dataset serves as a comprehensive reflection of
real-world scenarios, encapsulating the nuances of both depressive and non-
depressive textual content.

A B
need s help with this anxiety crap

chaseboogie lol dont ask i wa being nice given a ride shit started ba
azraeel got home after 0 in the end back in for a 9am start aswell
throat is so raw she can not sleep

tijust asked my friend what piglet wa winnie the pooh seriously gu
i burnt my tongue on miso soup today

had the worst dream abt some turd face ex ugh it wa awful
longing to own a sewing machine my birthday is too far away

i havent slept a wink severe insomnia arghhhh why

terryfree lol byeee time to go

skunkie sorry i guess sarcasm is hard to show in 0 character

just microwaved a kashi chicken and spinach thing and put in the m
just got up i have to watch my lil bro s mom is at work

oh god one of the teacher here gave me a rotten gogoma to eat ar
still a got headache getting ready for work

1O 0000000000000 oo

ha to flip his lifestyle around goodbye to sleeping in and hello work

Figure 3.3B: Example of Data’s Formations

Dataset Preprocessing: Prior to model implementation, preprocessing played a
pivotal role. Although the dataset was pre-cleaned and labeled, standard
preprocessing steps were employed to ensure uniformity and compatibility with
the selected machine-learning algorithms. Textual expressions underwent
tokenization, ensuring that the nuanced content was effectively represented for

algorithmic analysis. Additionally, steps like removing stop words and stemming
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were executed to refine the dataset further. Also, there is a common term used for
representing positional or categorical information in the context of data
visualization within code for index and frequency which will presented in figure
3.3C. These preprocessing measures collectively aimed to enhance the model's

ability to discern intricate patterns indicative of depression in the textual data.

index

1.0 1
0.8
0.2 1
0.0 - T T T T
0.0 0.5 1.0 15 2.0 2.5 3.0 35 4.0

Figure 3.3C: Different plotting scenarios
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The meticulous process of dataset collection, verification, and preprocessing established a
robust foundation for subsequent phases of the research, contributing to the overall

reliability and accuracy of the machine learning models.

3.4 Implementation Requirements

The successful implementation of the proposed methodology for depression identification
demanded meticulous consideration of several key aspects. Each facet, ranging from

hardware specifications to software tools, played a pivotal role in ensuring the robustness

and efficiency of the developed models.
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3.4.1 Hardware Configuration: The computational backbone of this research
rested on a computer system endowed with hardware components tailored for
intricate machine learning tasks. The primary hardware specifications included an
Intel Core i5 processor, providing the necessary processing power, accompanied
by 8GB of RAM to facilitate seamless data handling. The integration of a
capacious 500GB hard drive ensured sufficient storage space for the dataset and

model artifacts.

3.4.2 Software Environment: A conducive software environment is imperative
for the development and execution of machine learning models. The
implementation leveraged popular programming languages and libraries in the
field, with Python serving as the primary language. Python's versatility and a rich
ecosystem of libraries, including but not limited to NumPy, Pandas, and Scikit-
learn, were instrumental in expediting data manipulation, analysis, and model

development.

3.4.3 Development of Machine Learning Models: The algorithmic backbone of
this research comprised a diverse set of machine learning models, each
meticulously selected for its unique strengths in depression identification. The
implementation involved the utilization of Logistic Regression, Random Forest,
Gradient Boosting, Multilayer Perceptron (MLP), and Long Short-Term Memory
Networks (LSTMs). The choice of these models aimed at encompassing both
traditional machine learning techniques and state-of-the-art deep learning

architectures, ensuring a comprehensive exploration of the problem space.

3.4.4 Coding Framework: The coding framework adhered to best practices in
software development, incorporating modularity, scalability, and documentation
standards. A version control system, such as Git, facilitated collaborative
development and tracking of code changes. The codebase was meticulously
documented, providing insights into the rationale behind specific decisions,

facilitating future modifications and extensions.
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% 3.4.5 Internet Connectivity: A stable internet connection was integral to this
research, facilitating seamless access to online resources, model training data, and
potential updates to libraries and tools. The reliability of the internet connection

ensured the continuous progression of the research without disruptions.

The confluence of optimized hardware, a robust software environment, diverse machine
learning models, a well-structured coding framework, and stable internet connectivity
collectively underpinned the successful implementation of the proposed methodology.
This section not only outlines the technical prerequisites but also underscores the
importance of a holistic approach to model development in the domain of depression

identification.

3.5 Statistical Analysis

The statistical analysis in this research played a crucial role in gauging the efficacy of the
developed machine-learning models, offering insights into their performance, accuracy,
and reliability. The comprehensive statistical approach encompassed various metrics and
techniques tailored to assess both traditional and deep learning models deployed for
depression identification.

3.5.1 Model Evaluation Metrics: To quantify the performance of each deployed model,
an array of evaluation metrics was employed. These metrics included accuracy, precision,
recall, and F1-score. Accuracy gauged the overall correctness of the model, precision
measured its ability to avoid false positives, recall assessed its ability to capture true
positives, and F1-score provided a harmonic mean between precision and recall. These
metrics collectively offered a nuanced understanding of the strengths and limitations of
each model.

3.5.2 Confusion Matrix Analysis: The confusion matrix analysis provided a detailed
breakdown of the model's performance, delineating true positives, true negatives, false

positives, and false negatives. This visual representation facilitated a granular assessment
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of the model's ability to correctly classify instances and identify areas requiring

improvement.

3.5.3 ROC Analysis: Receiver Operating Characteristic (ROC) analysis offered a
comprehensive view of the trade-off between true positive rate and false positive rate at
various threshold settings. The area under the ROC curve (AUC-ROC) served as a key
metric for assessing the discriminatory power of the models. A higher AUC-ROC
indicated superior model performance in distinguishing between depressive and non-

depressive instances.

3.5.4 Cross-Validation: The mitigation of overfitting and the robust validation of model
performance necessitated the implementation of cross-validation techniques. Stratified K-
Fold cross-validation ensured that each fold maintained the distribution of depressive and
non-depressive instances, enhancing the generalizability of the models to diverse
datasets. This approach provided a more reliable estimate of the models' performance by
averaging results across multiple folds.

3.5.5 Model Comparison: A comparative analysis of the models was conducted to
delineate their relative strengths and weaknesses. By juxtaposing the results of Logistic
Regression, Random Forest, Gradient Boosting, Multilayer Perceptron (MLP), and Long
Short-Term Memory Networks (LSTMs), a comprehensive understanding of their
performance nuances emerged. This analysis extended beyond quantitative metrics,

delving into the interpretability, complexity, and computational efficiency of each model.

3.5.6 Significance Testing: Statistical significance testing was employed to ascertain the
robustness of the observed differences in model performance. Techniques such as paired
t-tests or Wilcoxon signed-rank tests were applied, depending on the distribution of the
evaluation metrics. These tests provided a statistical basis for affirming the disparities

between the models and reinforcing the credibility of the findings.
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The statistical analysis conducted in this research served as a critical lens through which
the effectiveness of the developed machine learning models was scrutinized. By
employing a multifaceted approach, encompassing diverse metrics, cross-validation
techniques, model comparisons, confusion matrix analysis, ROC analysis, and
significance testing, this section contributes to the methodological rigor and reliability of

the research outcomes.
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CHAPTER 4
EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Overview

This chapter offers a comprehensive overview of the experimental results and subsequent
discussions pertaining to the depression identification models developed in this research.
The diverse methodologies, ranging from traditional machine learning algorithms like
Logistic Regression and Random Forest to advanced deep learning models such as
Multilayer Perceptron (MLP) and Long Short-Term Memory Networks (LSTMs), are
explored. The experimental setup, encompassing dataset specifics, model training
configurations, and evaluation protocols, is detailed to provide a transparent foundation
for result interpretation. The outcomes of each model's performance, measured through a
plethora of statistical metrics and analyses, are presented. This chapter aims to offer an
insightful synthesis of the empirical findings, laying the groundwork for the subsequent

discussions and implications farther.

4.2 Experimental Setup

Dataset Selection and Characteristics: The experimental setup commenced with the
careful selection of a doctor-approved dataset retrieved from Reddit, a platform known
for candid discussions. The dataset, comprising 7731 rows and two columns labeled
'Collected Text' and 'Depression Score," underwent thorough verification, ensuring a
credible representation of both depressive and non-depressive states. Each entry was
labeled '1' for depression and '0' for normalcy, forming a total of 15,462 data cells. This

nuanced dataset served as the cornerstone for subsequent model training and evaluation.

Model Selection and Configuration: To encompass a diverse array of methodologies,
the research employed both traditional machine learning algorithms and deep learning
models. Logistic Regression, Gradient Boosting, Recurrent Neural Networks (RNNs) and

Random Forest, recognized for their efficacy, were juxtaposed against advanced models
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like Multilayer Perceptron (MLP) and Long Short-Term Memory Networks (LSTMs).
Each model was configured with optimal parameters through rigorous experimentation to

ensure robust performance.

Training and Testing: The dataset was partitioned into training and testing sets, with a
Training data 70% and Testing data 30% code snippet is given in figure 4.2, respectively.
Models were trained on the designated training set, and their performance was evaluated
on the testing set. This process aimed to simulate real-world scenarios and assess the

models' generalizability.

X train, X test, y train, y test = train test split(clean text, is depression, test size=p.3, random state=2)

Figure 4.2: Code Snippet of Train and Test data

Evaluation Metrics: The evaluation of model performance involved a comprehensive set
of metrics, including accuracy, precision, recall, F1 score, and area under the receiver
operating characteristic curve (AUC-ROC). These metrics provided a nuanced

understanding of each model's strengths and limitations in identifying depression.

Statistical Analysis: Statistical analyses, such as t-tests and ANOVA, were employed to
discern significant differences in the performance metrics among the various models.

This rigorous analysis added a layer of statistical robustness to the empirical findings.

This detailed experimental setup lays the groundwork for the subsequent exploration of
experimental results and discussions in the following sections. Additionally serving as the
crucible in which the efficacy of machine learning algorithms in predicting depression is

tested and refined.
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4.3 Experimental Results & Analysis

In this section, the experimental results obtained from the data analysis and use of
algorithmic approaches using Python in Google [11] colab are presented and visualized.
The dataset, which was collected from Internet sources, provided valuable insights into
various aspects to unravel the intricate patterns underlying depression prediction, a

comprehensive exploration was conducted through systematic coding.

4.3.1 Term Frequency-Inverse Document Frequency (TF-IDF): Before delving into
the experimental results, it is crucial to understand the TF-IDF mechanism employed in
this study. Term Frequency-Inverse Document Frequency is a numerical statistic that
reflects the importance of a word in a document relative to a collection of documents
(corpus) there is figure of code snippet for TD-IDF in figure 4.3.1. It helps to identify
words that are significant in individual documents while considering their rarity across

the entire dataset.

tfidf vectorizer = Tfidfvectorizer(max features=5080)

X train tfidf = tfidf vectorizer.fit transform(X train)
X test tfidf = tfidf vectorizer.transform(X test)

Figure 4.3.1: code snippet for TD-IDF

4.3.2 Logistic Regression Results: The Logistic Regression model exhibited
commendable accuracy of 95.60%, with precision, recall, and F1-score values for

depression and non-depression classes reaching high levels.

Logistic Regression Results:
Accuracy: 0.9560344827586207
Classification Report:
precision recall fi1-score support

e B8.94 8.98 .96 1177
1 B8.97 8.94 .95 1143

accuracy .96 2320
macro avg .96 2320
weighted avg .96 2320

Figure 4.3.1 A: Logistic Regression Results
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The confusion matrix depicted a robust performance, capturing a balanced representation

of true positive, true negative, false positive, and false negative instances.

Logistic Regression Confusion Matrix

Actual

Predicted

Figure 4.3.1 B: Logistic Regression Confusion Matrix

4.3.2 Random Forest Results: Similar to Logistic Regression, the Random Forest model
showcased impressive accuracy of 95.69%. The precision, recall, and F1-score values for
both classes were notable, emphasizing the model's ability to effectively discern patterns

indicative of depression.

Random Forest Results:
Accuracy: 8.9568965517241379
Classification Report:
precision recall fi1-score support

0.92 1.60 0.96 1177
1.00 0.92 0.95 1143

accuracy 9.96 2320
macro avg 0.96
weighted avg 0.96

Figure 4.3.2: A Random Forest Results
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The confusion matrix reinforced the model's proficiency in accurate predictions.

Random Forest Confusion Matrix

Actual

Predicted

Figure 4.3.2 B: Random Forest Confusion Matrix

4.3.3 Gradient Boosting Results: The Gradient Boosting model achieved an accuracy of
95.26%, demonstrating robust performance in depression identification. Precision, recall,

and F1-score values were well-balanced for both classes.

Gradient Boosting Results

Accuracy: 0.9525862068965

Classification Report:
precision recall fi1-score support

517

a. a. 1177
e. a. 1143

=l =)
Lwoun

2320
2320
2320

accuracy
macro avg
weighted avg

(==l
L%y ) |

0

Figure 4.3.3 A: Gradient Boosting Results
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The confusion matrix further illustrated the model's effectiveness in capturing true

positive and true negative instances.

Gradient Boosting Confusion Matrix

Actua

Predicted

Figure 4.3.3 B: Gradient Boosting Confusion Matrix

4.3.4 Recurrent Neural Networks (RNNs): The Recurrent Neural Networks (RNNS)
presented accuracy rates of 92.80%. The classification reports revealed varying levels of

precision, recall, and F1-score for the model. It showed a balanced performance.

Recurrent Neural Networks (RNNs) Results:
Accuracy: 0.9280172413793163
Classification Report:
precision recall f1-score support

1 0.91

o

1177
1143

o @
o]
W

0.
0. 0.94

0o

accuracy
macro avg
weighted avg

209
[\=lte]
W W

Figure 4.3.4 A: RNN Results
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The confusion matrix highlights the model's ability to correctly classify the majority of
depressive and non-depressive instances.

Recurrent Neural Networks (RNNs) Confusion Matrix

Actual

Predicted

Figure 4.3.4 B: RNN Confusion Matrix

4.3.5 and LSTM Results: The Long Short-Term Memory Networks (LSTMs) presented
an accuracy of 74.53% with a true negative (TN) rate of 93.3% accuracy and The
classification reports revealed varying levels of precision, recall, and F1-score for the

LSTM it displayed a higher sensitivity to non-depressive instances.
Classification Report:
precision recall f1-score  support

.67 1.00
1.00 0.48

accuracy

macro avg
weighted avg

Figure 4.3.5 A: LSTM Results
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The confusion matrix underscores the model's ability to correctly identify the majority of

non-depressive instances, with a true negative (TN) rate of 93.3%.

LSTM Confusion Matrix

Actual

Predicted

Figure 4.3.5 B: LSTM Confusion Matrix

However, the true positive (TP) rate for depressive instances was lower, at 66.2%. This
suggests that the LSTM model may be less effective in distinguishing between depressive

and non-depressive cases, particularly for depressive instances.

4.3.6 Overall Model Comparison: A comprehensive analysis of the results revealed that
all five models exhibited high accuracy rates, with Random Forest and Logistic
Regression achieving the highest accuracies of 95.69% and 95.60%, respectively. The
Gradient Boosting and Recurrent Neural Networks (RNNs) models also demonstrated
impressive performance, with accuracies of 95.26% and 92.80%, respectively. The Long
Short-Term Memory Networks (LSTMs) model, while achieving a slightly lower
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accuracy of 75.00%, still demonstrated a notable ability to classify depressive and non-

depressive instances.

Further examination of the models' performance metrics, including precision, recall, and
F1-score, revealed a similar pattern. Random Forest and Logistic Regression consistently
outperformed the other models in terms of precision, recall, and F1-score for both
depressive and non-depressive instances. Gradient Boosting and RNNs also exhibited
strong performance across these metrics, while LSTMs showed a slight decline in

precision and recall for depressive instances.

» Confusion Matrices: The confusion matrices for each model provide further
insights into their classification capabilities. All models demonstrated a strong
ability to accurately classify the majority of non-depressive instances. However,
the models varied in their ability to correctly identify depressive instances.
Random Forest, Logistic Regression, and Gradient Boosting exhibited the highest
true positive (TP) rates for depressive instances, while RNNs and LSTMs showed
lower TP rates. This suggests that the former models may be more effective in

detecting depressive cases.

Classifier Accuracy Comparison

10

95%

081

Accuracy
14
o

14
S

0.2

0.0-
Logistic Regression Random Forest Gradient Boosting Recurrent Neural Networks (RNNs) - Simple 24b® Short-Term Memory Networks (LSTMs)

Classifier

Figure 4.3.6 Comparative Analysis of Classifier
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» Overall Comparison: Based on the overall performance across various metrics,
Random Forest and Logistic Regression emerged as the top-performing models in
this study. Their high accuracy rates, balanced precision and recall, and consistent
performance across different metrics highlight their effectiveness in classifying
depressive and non-depressive instances. Gradient Boosting and RNNs also
demonstrated strong performance, while LSTMs showed potential but may
require further refinement to improve their ability to accurately classify

depressive cases.

4.3.7 User Input Prediction: For user input prediction The implementation includes a

user-friendly input section where individuals can input text to assess their mental health,

input_text = |[|"Tod

Figure 4.3.7A: Input Section
each algorithm provides distinct outcomes. Logistic Regression and MLP predicted
depression, while Random Forest and Gradient Boosting predicted non-depressive states.
The LSTM model yielded a probability indicating a likelihood of depression.

Depression Identification Comparison
1017

0.8

06

04

02

Depression Identification (1=Depressed, 0=Not Depressed)

0.0-

Random Forest Gradient Boosting Recurrent Neural Networks (RNNs) - Simple bt# Short-Term Memory Networks (LSTMs)

Figure 4.3.7B: User input Depression Identification result

These comprehensive experimental results underscore the effectiveness of traditional
machine learning algorithms, particularly Logistic Regression and Random Forest, in
depression identification. The user input prediction outcomes further emphasize the
nuanced nature of individual model predictions, necessitating careful consideration of the
chosen algorithm's characteristics and biases in real-world applications.
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4.4 Discussion

The experimental results presented in the previous section shed light on the performance
of various machine learning models in the context of depression identification. In this
discussion, we delve into the implications, limitations, and future directions stemming

from the obtained results.

4.4.1 Model Performance and Comparative Analysis:

The models, including Logistic Regression, Random Forest, Gradient Boosting, RNNs,
and LSTMs, exhibited commendable accuracy rates in distinguishing between depressive
and non-depressive instances. Logistic Regression and Random Forest emerged as the
top-performing models, achieving accuracies of 95.60% and 95.69%, respectively. This
robust performance underscores the efficacy of traditional machine learning approaches

in textual analysis for mental health applications.

However, it is noteworthy that while LSTMs displayed a lower overall accuracy of
74.53%, they demonstrated a notable ability to identify non-depressive instances, with a
true negative rate of 93.3%. This indicates that LSTMs may be more effective in
capturing normalcy but less adept at discerning depressive cases, suggesting a need for

further refinement.

4.4.2 User Input Prediction and Real-World Applicability:

The user input prediction section revealed nuanced outcomes across different algorithms.
Logistic Regression and MLP predicted depression, while Random Forest and Gradient
Boosting indicated non-depressive states. The LSTM model provided a probability,

adding a layer of uncertainty to its predictions.

In real-world applications, understanding the characteristics and biases of each algorithm

becomes crucial. Logistic Regression and Random Forest, with their high accuracies and
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balanced performance metrics, present reliable choices for applications where a balance
between precision and recall is essential. The LSTM, while showing promise, might

benefit from additional tuning to enhance its sensitivity to depressive instances.

4.4.3 Limitations:

Despite the promising results, the interpretability of deep learning models, such as
LSTMs, remains a challenge. Understanding the factors influencing their predictions,

especially in sensitive domains like mental health, is crucial for responsible deployment.

4.4.4 Future Directions:

Future research avenues should explore the integration of multimodal data, combining
textual and non-textual features for a more holistic understanding of mental health.
Additionally, refining and expanding the dataset to include diverse demographic
representations could enhance the models' generalizability. Further investigations into
explainable Al methodologies can address the interpretability challenges associated with

deep learning models, fostering trust and transparency in their applications.

In conclusion, the study provides valuable insights into the effectiveness of machine
learning models for depression identification. Logistic Regression and Random Forest
emerge as robust choices, with implications for real-world applications. However,
ongoing efforts in refining models, addressing limitations, and upholding ethical
considerations are imperative for the responsible deployment of these technologies in

mental health contexts.
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CHAPTER 5
IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY

5.1 Impact on Society

The deployment of machine learning models for depression identification carries
substantial implications for society, influencing various facets of individual and
collective well-being. In this section, we explore the societal impact of the developed

models, considering both positive contributions and potential challenges.

5.1.1 Advancements in Mental Health Awareness:

The research contributes significantly to the field of mental health awareness by
introducing algorithmic frameworks for depression detection. The high accuracy
achieved by models such as Logistic Regression and Random Forest underscores their
potential as valuable tools in identifying individuals at risk of depression. This not only
aids in early intervention but also fosters a broader understanding of the nuanced patterns
indicative of mental health conditions.

5.1.2 Accessibility and Affordability:

The user input prediction model, allowing individuals to assess their mental health
through text input, introduces an element of accessibility. This approach offers a user-
friendly coding section for individuals seeking insights into their mental well-being.
Moreover, by providing a model that is free for use, the research contributes to the
affordability of mental health assessment tools, potentially reaching a broader

demographic.

5.2 Environmental Impact

While the study primarily focuses on the societal impact, it is essential to briefly discuss
the environmental implications associated with the computational resources required for

training machine learning models. The models, especially deep learning architectures like
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LSTMs, demand substantial computational power. Therefore, future research should
explore strategies to optimize energy consumption using and citing this research and

reduce the environmental footprint associated with deploying these models.

5.3 Ethical Aspects

The study delves into ethical considerations surrounding the deployment of machine
learning models in mental health contexts. Privacy, consent, and the responsible use of
sensitive data become paramount. As these models deal with personal expressions related
to mental health, adherence to ethical guidelines and regulatory frameworks is crucial and
maintained. Striking a balance between technological advancements and ethical practices

is essential to build public trust in the applications of such models.

5.4 Sustainability Plan

Ensuring the sustainability of machine learning models involves addressing long-term
usability, adaptability, and ethical considerations. The research, by highlighting the
societal impact and ethical considerations, contributes to the ongoing discourse on the
sustainability of machine learning applications in mental health. The sustainability plan
involves continuous monitoring and evaluation to maintain model effectiveness, ethical
oversight for data privacy and consent, integration of user feedback for refinement,
collaboration with mental health professionals for alignment with clinical practices, open
communication channels for transparency, and resource optimization to minimize
environmental impact. By establishing a dedicated ethical oversight committee,
encouraging user feedback, collaborating with mental health experts, and optimizing
resources, the sustainability plan aims to ensure the responsible, effective, and enduring

deployment of machine learning models in mental health applications.

©Daffodil International University



CHAPTER 6
SUMMARY, CONCLUSION, RECOMMENDATION AND
IMPLICATION FOR FUTURE RESEARCH

6.1 Summary of The Study

The study embarked on a comprehensive exploration of depression identification
methodologies, employing a diverse array of classification algorithms, including Logistic
Regression, Random Forest, Gradient Boosting, Multilayer Perceptron (MLP), and Long
Short-Term Memory Networks (LSTMs). Utilizing a dataset comprising textual
expressions, traditional machine learning models were juxtaposed against a deep learning
paradigm, aiming to discern intricate patterns indicative of depression. The research
unveiled noteworthy outcomes, with Logistic Regression and Random Forest achieving
commendable accuracies of 95.60% and 95.69%, respectively. The Gradient Boosting
and Recurrent Neural Networks (RNNs) models also demonstrated impressive
performance, with accuracies of 95.26% and 92.80%, respectively. The introduction of an
LSTM model showcased its potential in text-based depression identification, yielding an
accuracy of 73.79% and with a true negative (TN) rate of 93.3%. Beyond quantitative
assessments, the study delved into the societal impact, ethical considerations, and
sustainability of the proposed models. Recognizing the significance of mental health
awareness, this research contributed valuable insights into algorithmic frameworks for
depression detection, fostering a nuanced understanding of their applicability, ethical

considerations, and societal implications.

The findings not only provided a comprehensive comparison of state-of-the-art models
but also underscored the need for responsible deployment and sustainable practices in
leveraging machine learning for mental health applications. As the study navigated the
complexities of mental health analysis, it sought to offer a holistic perspective,
emphasizing ethical considerations and societal implications while opening avenues for

future research and advancements in the domain.
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6.2 Analysis and Interpretation of Discussion

In this section, the study undertakes a meticulous analysis and interpretation of the
discussions, aiming to distill key insights from the experimental results and the broader
implications of the research. The performance of each algorithm, ranging from Logistic
Regression to Long Short-Term Memory Networks (LSTMSs), is critically examined in
the context of their accuracy, precision, recall, and F1-score. The discussion delves into
the nuances of model comparison, highlighting the strengths and limitations of each
approach. Notably, Logistic Regression and Random Forest emerge as top-performing
models, exhibiting high accuracy rates and balanced precision and recall. The analysis
also addresses the user input prediction outcomes, shedding light on the distinctive results
provided by each algorithm. Furthermore, the study explores the real-world applicability
of the models, emphasizing the need for a nuanced understanding of algorithmic biases
and ethical considerations in mental health applications. Through a comprehensive
analysis and interpretation, this section aims to provide a deeper understanding of the
research findings and their broader implications in the context of depression

identification using machine learning.

6.3 Implication for Further Study

The implications for further study in this research are multifold, offering a pathway for
future exploration and advancement in the domain of depression identification using
machine learning. Firstly, the study underscores the significance of continued research to
enhance the accuracy and sensitivity of existing models, especially in the realm of deep
learning, such as Long Short-Term Memory Networks (LSTMSs). Further investigation
into refining these models could contribute to more effective depression detection.
Additionally, the user input prediction outcomes prompt the need for in-depth research on
the interpretability and transparency of machine learning models in mental health
applications. Future studies could delve into developing models that provide clearer
insights into their decision-making processes, fostering trust among users and clinicians.

Ethical considerations, biases, and the societal impact of deploying such models also
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warrant continued scrutiny. Exploring the long-term effects and user experiences in
utilizing these models for mental health self-assessment could be a valuable avenue for
further investigation. This section acknowledges the potential avenues for future research,
encouraging scholars to build upon the current findings to advance the field and

contribute meaningfully to the intersection of machine learning and mental health.

6.4 Conclusion

In conclusion, this research contributes a comprehensive exploration of depression
identification methodologies, employing a diverse array of machine learning and deep
learning models. The study highlights the effectiveness of traditional models like Logistic
Regression and Random Forest, alongside advanced techniques such as Gradient
Boosting, Multilayer Perceptron (MLP), and Long Short-Term Memory Networks
(LSTMs). Notably, Logistic Regression and Random Forest exhibit commendable
accuracies, emphasizing their practical applicability. The societal impact, ethical
considerations, and sustainability of the proposed models are discussed, recognizing the
importance of responsible deployment in mental health applications. The research
underscores the need for continued refinement of deep learning models, transparency in
model interpretability, and ongoing ethical scrutiny in the field. As mental health
awareness grows, this study contributes valuable insights into algorithmic frameworks for
depression detection, fostering a nuanced understanding of their applicability, ethical
considerations, and societal implications. The findings encourage future research
endeavors that prioritize responsible deployment, user trust, and the long-term societal
impact of leveraging machine learning for mental health applications.
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APPENDIX

As | embarked on this project, | encountered various challenges and situations. The
process involved carefully selecting the most suitable programs for optimal functionality,
necessitating a deep understanding of machine learning and Python. Contrary to initial
expectations, the task of collecting and organizing an extensive dataset proved more
intricate than anticipated. However, after persistent effort and dedication, | successfully

achieved my goal.

Research Background and Objective: The background of this research is rooted in the
requirement for my final defense, constituting an essential thesis for the completion of
my BSc in Computer Science and Engineering. Spanning over six months, this research
has been a significant endeavor, aiming to contribute valuable insights to the domain. The
objective is aligned with the initial research goal, focusing on leveraging machine

learning for depression detection.

Research Journey: This research journey commenced with the tittle defense and has
unfolded over the course of several months, culminating in December 2023. Active
engagement and dedication during the initial stages of the tittle defense laid the

groundwork for the subsequent comprehensive exploration.

Methodology and Tools: The methodology adopted for this research involves a
systematic approach encompassing data collection, preprocessing, algorithm
implementation, and results analysis. Leveraging [14] Python and machine learning
techniques, the research aimed to discern intricate patterns indicative of depression in

textual data.

Research Outcome: The outcomes derived from this thesis underscore the effectiveness
of various machine learning models, with Logistic Regression and Random Forest
exhibiting commendable accuracies. The research not only contributes a comparative

analysis of state-of-the-art models but also delves into the societal impact, ethical
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considerations, and sustainability aspects. The findings emphasize responsible
deployment, user trust, and the need for continuous refinement of deep learning models.
Overall, this research provides valuable insights into algorithmic frameworks for
depression detection, contributing to mental health awareness and fostering a nuanced

understanding of their applicability and societal implications.
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