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Abstract

Depression is a significant healthcare problem worldwide, impacting countless people
of all ages annually. This paper presents a novel approach for depression identification
by using complex datasets and employing various machine learning models such as
LightGBM, XGBoost, Naive Bayes, and Random Forest. The study emphasizes how it
is possible to change the face of mental health diagnosis with those models relying on
the data. In the future, the analysis should aim at improving model interpretability,
reducing bias in the algorithms, using multi-source data as well ethical issues such as
rights of privacy and consent. These innovations are designed to help improve the
diagnostic capabilities, promote inclusiveness in the outcomes, and support the means
of real-time monitoring their health of the individual. Among the models tested,
LightGBM proved to be the best as it achieved an accuracy of 83.67% and an F1 score
of 84.06%. XGBoost had a higher accuracy rate while Naive Bayes had a higher recall
rate. Random Forest also proved effective, performing well in all areas metrics which

show their different benefits for dealing with issues in mental health care.
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Chapter One: Introduction

Depression, which is one of the most common mood disorders, negatively affects the mental state of
millions of people across the globe, manifested by persistent depressed mood, disinterest, and the
inability to carry out any activities. The term depression comes from the Latin word “deprimere” [1],
which means to press down, and it has been written about as far back as ancient scriptures from
Hippocrates, and remains one of the biggest medical challenges. In a report compiled by The World
Health Organization (WHO), it was revealed that more than 264 million people [2] equivalent to 3.4
percent of the world's population are depressed with the population aged 15-29 years being the most
mostly affected. The increasing observed trend has also exacerbated the occurrence of high suicide
rates, where 800,000 people [3] take their own lives every year making suicide the fourth main cause
of death among the youth. The impact of depression is most emphasized in poorer low- and middle-
income countries as society and the economy strengthen the difficulties associated with mental
health.

In the modern context, where the world is more interconnected than ever before, people increasingly
turn to social media for various issues rather than using them as a coping mechanism, which has
become a new reality with social networking platforms as nine out of ten teenage girls aged 13-19
use Instagram as of 2021 showing the definition shift. Over the years, it has been observed that users
spend more than 2 hours on user generated content websites such as Facebook, Twitter, and
Pinterest. Looking at this high level of interaction there have been questions with regard to how
social media impacts a person’s mental well-being. Research shows that excessive use of these
platforms can exert anxiety, stress and depressive symptoms due to fear of missing out, inadequacy
and social comparison [4], [5], [6], [7]. However, there are also instances where depression can be

detected from social media [8], [9], [10], which can also help lift depressive feelings.

Social media content has grabbed people’s attention because many people use it to communicate
about depression. For instance, people with depression can be active users of social media, posting
photographs and text whilst continuously switching their behavior patterns. They can post content
with negative tones, use more of negative words, and even use social media as an outlet when they
can’t sleep. Identifying such social media patterns can help protect predisposed individuals by using
chatbots, and other means that can positively manipulate them. While most research in this area
focuses on English-language data, there is a growing need to extend these efforts to low-resource
languages like Bangla, which is spoken by over 228 million people worldwide, primarily in

© Daffodil International University 1



Bangladesh. Bengali, as a language of both culture and emotional depth, also poses a complexity and
opportunity to detect depression. Bangladesh is a country that is in the course of developing and in
fact a large proportion of social media active users create and share content in their vernacular. There
IS an urgent case to investigate Bangla content on social media as it provides an important
perspective on the mental health situation in a country where depression is often not treated or
spoken about. This necessitates building strong NLP systems specifically for Bangla which can deal

with the phonological and syntactic diversity featured in the language.

Recent machine learning (ML) as well as deep learning (DL) models have been very much effective
in traces of depressive thoughts in social media [11], [12], [13]. Naive Bayes, Support Vector
Machines (SVM), and K-Nearest Neighbors (KNN) are some examples of classical ML models that
have been used with textual features like Term Frequency-Inverse Document Frequency (TF-IDF)
and linguistic markers. These approaches have been effective in depression language classification
such as the high frequency of first-person pronouns, possessive pronouns, and negative words. By
means of example, it is DL, particularly LSTM networks and their derivatives that are performing
best as a problem is the sequential nature and contextual nature of the problem being aided by the text
data.

In the context of Bangla depression detection, the researchers have come up with novel techniques to
address the issues related to the low availability of linguistic resources. Mumu et el. [14] used a
hybrid LSTM-Convolutional Neural Network (CNN) model that was intended to target the analysis
of Bangladeshi social media posts. While the CNN layers were doing the feature extraction, the
LSTM layers were responsible for sequential dependencies resulting into a good classification.
Likewise, Uddinet el. in 2019, [15] constructed a five-layered LSTM model while others worked
with GRUs and BIiLSTMs to improve results. These trends suggest the feasibility of Bangla
specific depression detection systems, especially when coupled with user behavior and emotional
tone features. There are several issues related to the Bangladesh social media landscape including
language barriers, low availability of datasets, and the unavailability of substantive content. There
are several areas that need innovation that include the inconsistent use of Bangla and English
language. The emergence of English transliterated Bangla also makes content creation robust.
LSTM-based models perform faster but become ineffective as the sentence length increases. As
Bangla social media primarily consists of long sentences, attention mechanisms would make a

meaningful impact on the content creation process.

Clinical studies for detecting accurate measures of depression [16] have started to integrate the
analysis of user-generated images alongside user behaviors. Relevant literature indicates that the
combination of the two gives a better picture for depression analysis. Productive measures such as

these may further diversify the understanding of how depression manifests itself in Bangladesh and
© Daffodil International University 2



the ways media services can be created to support this. There are serious implications associated with
the development of Bangla depression detection systems. These systems may help to reduce the
prevailing stigma around mental health in Bangladesh by detecting risk populations and enabling
timely interventions. Social media networks can play a preventative measure by introducing Al-
driven tools that can track and assess user activity along with recommending and presenting content
tailored to users’ needs. This appears as a response to international efforts towards use of technology

in mental health promotion which is particularly important in the fast digitalizing world.

The ability to determine whether a content in Bangla posted on social media is written in the context of
depression is a unique convergence of technology, language and mental health. This project has the potential
to enhance the understanding of depression in the context of Bangladesh and its management by building on
existing studies and language specific issues related to the Bangla language. The convergence of available
Al tools and NLP for Bengali language has possibility to revolutionize the provision of care in the field of
mental health resulting in a safe and friendly digital environment for everyone around. In this study we try to
garner a machine learning model that will precisely detect depression and thus help in the research od
mental health and NLP.

© Daffodil International University 3



1.1 Background of Research

The World Health Organization describes depression as a mental disorder that is characterized by
loss of interest, sadness, or fatigue [17]. It is one of the main contributors of disability in the world
along with being many social and economic problems. Everyone regardless of age [15], gender [18]
or social background [19] suffers from depression but people in low and middle income countries
have it the worst because of lack of resources, poverty and stigma surrounding mental health.
Additionally, many regions like Bangladesh remain in isolation when it comes to awareness and

tackling mental health including depression which leads to it being underdiagnosed and undertreated.

Al and machine learning hasn't always been the case but in the recent years experts have been
looking for Al or NLP to help tackle the ever-increasing demand for mental health services. Along
with this, social media sites have also gradually become an important aspect of communication and
an essential source of data for understanding emotions and mental states. With these platforms, users
have the ability to post, comment and send messages allowing them to express themselves. Such
expressions often reveal subtle indicators of psychological distress [20], making social media a

valuable resource for depression detection.

Across a number of countries, it has been shown that machine learning (ML) and deep learning (DL)
approaches are effective in extracting information from social media for gauging mental health
status. These methods use language patterns, users' behavioral features, as well as complex data sets
to recognize depressive signs. For instance, it has been shown that depressed individuals tend to use
first-person pronouns more, have a higher inclination for negative visual images, as well as post
interactions at unusual times, e.g. during the circadian trough. Such behaviors and language patterns
support the concept of Al being adopted to provide tools to diagnose depression.

There is a trend in the literature that suggests that trawling for depression amongst the English has
been done extensively by applying both traditional ML algorithms and deep learning models.
Traditional machine learning approaches such as SVM and Random Forest are feature-based
algorithms that use tf-idf and diversity in lexis as features. These algorithms are good, but they
require lots of effort in coming up with parameters, and it may take a long time and be very specific
to a given area. However, Deep Learning models do also include Long Short Term Memory (LSTM)
networks, Gated Recurrent Units, (GRU), and Transformer based architectures that are becoming

popular because of their ability of performinge high-level pattern recognition directly from data.
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These models capture interdependencies in sequences and contextual information available in texts,

therefore this would enable them to understand the semantics of depressive language better.

The research on mental health using social media in English is already moving on a larger scale,
while similar initiatives in low-resourced languages such as Bangla are still under development.
Despite being spoken by 228 million people, is the seventh most spoken language in the world yet it
is still not represented in the academic research regarding Natural Language Processing. This
language barrier creates several hurdles to mental health research in Bangladesh, where such content
is more likely to be available on social media in abundance. A lot of Bangladeshi users post content
in Bangla language using both Bangla and English script or a transliteration of both which adds a
layer of complexity to text analysis. Therefore, while developing depression detection systems for

banlgla language these social cultural and linguistics factors need to be taken into a count.

The last few years have seen several research attempts for Bangla depression detection aiming for
various ML and DL techniques. To classify Bangla texts, features of the languages were used
employing classical methods, such as Naive Bayes and SVM. For example, researchers have
employed a lexicon of depression words and n-grams to study Bangla language social media
postings. However, these approaches usually have difficulty in dealing with the informal and mixed-

script aspects of Bangla social media text.

But the development of DL models brings new possibilities of detecting depression in Bangla
speaking people. Long Short Term Memory (LSTM) networks which are known to be capable of
dealing with long range dependencies in sequential data have been used for Bangla text analysis with
great success. Researchers also combined LSTM with Convolutional Neural Networks (CNNs) for
better performance. These models incorporate CNN layers for the extraction of spatial features and
LSTM layers for the modeling of sequential information, hence, enhancing the analysis of the texts.
Models for detecting Bangla depression have also been improved with the introduction of attention

mechanisms that help to concentrate the models on the most relevant parts of the input sequence.

Even though there have been notable improvements, the scope of Bangla-specific NLP tools and
resources remains grim. There is a lack of available annotated datasets and the available corpora are
generally insufficient in diversity for robust model training. Also, preprocessing and feature
extraction is problematic due to the informal structure of Bangla social media language which is
code-switched and transliterated. In order to fit them into a Bangla context, complicated text
normalization systems need to be constructed and pre-trained transformer-based models for Bangla
are needed. The models such as BERT [21] and its multilingual variants have helped in improving
the understanding of the context behind the Bangla language.

Multimodal data is another special focus in depression detection research. While a lot of research

© Daffodil International University 5



looks into text data alone, a number of other sources like images, videos and behavioral data provide
more context with respect to mental health. For example, mood related features can be detected
through visual image analysis employing CNN [22], while behavioral analysis can assist in
detecting abnormal posting habits related to emotional issues of the users. For Bangla depression
detection, the use of multi-modality could lead to improvement in operational effectiveness and

robustness of Al powered models.

The outcomes of effective Bangla depression detection are significant. The use of Al and NLP
technologies can help build systems that help screen and flag vulnerable individuals for help. Such
systems can assist specialists in mental healthcare with basic non-invasive diagnoses and
investigations thereby offloading some pressure from the healthcare systems. Furthermore, Al-
powered systems can also help to change the stigma around depression by facilitating conversations

about it and encouraging education through personalized tips and resources.

Nonetheless, the ethical implications of the use of depression detection systems also needs attention.
Data security, consent, and bias in the algorithms are important issues when dealing with sensitive areas
like mental health. These systems will only be effective and widely used if they are easy to understand,
fair to everyone, and safe to use. In the case of Bangladesh, cultural and social issues hole up these
developments so that they are relevant and sensitive to the stakeholders.

In brief, the existing research on Bangla depression detection lies at the intersection of mental health,

technology and linguistics. While advancements made globally in depression detection are of great
significance, the special features associated with Bengali language require a different focus.
Addressing these challenges and utilizing the most advanced Al and NLP methods makes it possible
to develop solutions that can potentially improve the lives of millions of speakers of Bengali

language.

© Daffodil International University 6



1.2 Motivation of the Work:

The increasing rate of depression along with its adverse effects on individuals and on society at large
should be a cause of concern. This is even more worrying in Bangladesh as there is poor
consciousness on mental health, poor funding and social issues. There are many people where
conventional means of locating depression and fighting it are not viable, hence the search for new
efficient and more universal solutions. The developing state of the art technologies especially in
artificial intelligence and natural language processing offer a great chance to address this problem by

providing automatic and prompt assessment of depression through text.

Bangla, one of the most popular languages in the world, is also an essential part of the global Online
community. Today, social media is the arena where people express their private feelings, while, at
the same time, disclosing their mental state in an implicit manner. The lack of artificial intelligence
tools that could measure an individual’s mental state to be more effective is the result of the fact that
the language of Bangladesh is highly featured, yet underrepresented in NLP studies. This eases the
need to consider depression diagnosis based on a specific Bangladeshi view, which incorporates the

linguistic characteristics of the language and the culture of the population.

Moreover, the effect of transliterated code-switching in the informal Bangla social media text also
has an impact that the current available global models do not effectively address. In order to solve
any of these problems, it is essential to create new strategies that will blend different areas of

linguistics with the application of modern machine learning and deep learning systems.

This study aims to provide Bangla depression detection, which is one of the emerging trends in
research aimed at using technology for the humanitarian effort. The creation of such tools would help
not only practitioners in spotting people more prone to stress, but also recognize the culture of
discrimination by encouraging normal conversations on mental related issues. This motivation stems
from a commitment to advancing inclusive and accessible mental healthcare solutions, ensuring no

linguistic or cultural group is left behind.

© Daffodil International University 7



1.3 Problem Statement:
Depression is a health issue that must be handled under public expenditure as it leads to disability

and reduces productivity. While textually, depression can be detected using automated systems as a
result of the recent advances in NLP (Natural Language Processing), such research has focused on
languages such as English, Chinese, and Spanish which have a powerful influence worldwide.
Unfortunately, languages such as Bangla remain vastly underrepresented in this field resulting in a
huge unexplored area in terms of development and implementation of depression detection systems

for the Bangla speakers.

Another feature of NLP based systems is that the Bangla language is written in a complex script, has
a great deal of morphology and in many cases, English is used as a code switch during informal
communication which makes it even more challenging. The use of Romanized Bangla and the
English language, multilingual, informal in nature, social media content hurts any text processing
and analysis. Existing models have primarily been developed using English and other languages
which are resource dense and therefore are unsuited to Bangla and the sociocultural dimensions that

Bangla entails.

Furthermore, the overall ability to train and assess machine learning models is poorly in step with
the depression annotations because of the unavailability of public annotated data sets for Bangla
language. This is made worse by the social perceptions of mental health in Bangladesh since the
people may be hesitant to take part in research studies or show their emotions resulting in data being

less and erratic.

Although there is a great demand, research on depression detection in the Bangla language is still a
broad area largely unexplored and for the most part the existing techniques in this field rather have
been largely implemented but never evaluated. The situation leaves room for research which means
that the Bangla speakers would have more options to combat and address the mental health issues

that they face.

In order to fill this gap, it will be necessary to build strong models which are also able to understand
the culture of Bangla people in relation to their depression. This type of work would also be pertinent
in the field of mental health as well as providing robust means for primay intervention for the
relevant communities in order to enhance the mental health status of Bangla —speaking people.

© Daffodil International University 8



1.4  Proposed Solution

The aim of this research is to build a cost-effective system capable of efficiently detecting depression
in Bangla text with the help of classical ML algorithms. Deep learning algorithms, on the other hand,
are expensive and need considerable resources and vast volumes of data. Still, some classical
algorithms still offer great performance with slightly fewer resources. The focus of the research is to
implement and assess the efficiency of four popular algorithms namely Random Forest, Naive Bayes,
XGBoost, and LightGBM in the context of the Bangla language.

Out of all the voting schemes, Random Forest is the most widely used because it is an ensemble
method that can be obtain reliable results even when the data is quite noisy and disorganized, as is
often the case for mental health-related data. In addition, the Naive Bayes algorithm is a probabilistic
classifier that is very effective in various text classification tasks and is able to make fast predictions
which can be useful in case of wider application. XGboost and LightGBM are also efficient since
they extensive use of gradient boosting. This allows the methods to effectively capture complex

patterns in the data while still using low computational resources.

The proposed solution will utilize the various preprocessed Bangla text datasets to overcome any
language issues. Adequate representation for the datasets will be achieved by the feature extraction
techniques which will include TF — IDF and word embeddings. Since these classical models may be
assessed in terms of accuracy, precision, recall and F1 score this study intends to establish the best
suitable algorithm for the purpose of Bangla language depression detection and thus improve the

affordability and viability of mental health approaches.

© Daffodil International University 9



1.5 Research Objective:
The research objectives of this thesis are as follows.
e Determine the efficacy of Random Forest, Naive Bayes, XGBoost, LightGBM models when
detecting depression in Bangla, using accuracy, precision, recall, and F1 score as evaluation

criteria.

e Find the best feature extraction methods for Bangla text datasets such as TF-IDF and Word

embeddings and implement them.

e Compare the resource consumption and computational costs of the models in order to

assess their applicability in low resource situations.

e Seek to enhance the existing knowledge of Bangla mental health detection by providing
evidence of feasibility of classical machine learning techniques on Bahasa- low resource

language.

1.6  Thesis Outline:

The subsequent sections provide a detailed outline of the entire study. Hereafter is a summary of

each chapter.

Chapter 1 provides an overview of depression as a significant global public health challenge. It
highlights the widespread impact of depression, affecting millions worldwide, with a higher
prevalence among young adults aged 15-29 years. The chapter discusses the social and economic
factors that exacerbate depression, especially in low- and middle-income countries, and the alarming
association between depression and suicide rates. Recognizing the limitations of traditional
diagnostic methods, this chapter introduces the study’s approach: leveraging machine learning

models to predict depressive tendencies, thereby enabling early detection and intervention.

Chapter 2 presents a comprehensive literature review on depression, analyzing prior research on its

causes, symptoms, and global prevalence. The review delves into biological, psychological, and

socio-economic factors that contribute to the onset of depression. It further explores the role of social

media as both a risk factor for and a potential tool in mental health diagnostics. Various machine
© Daffodil International University 10



learning models employed for detecting depressive tendencies are examined, with an emphasis on
their strengths and limitations. The review identifies gaps in the application of advanced machine
learning techniques, particularly in utilizing user-generated data for real-time depression prediction,
and underscores the need for accurate, scalable, and ethical solutions.

Chapter 3 details the methodology for developing machine learning models to predict depression.
The study focuses on four machine learning algorithms—LightGBM, XGBoost, Random Forest and
Naive Bayes which explains and shows their suitability for this task. Data collection involved
curating datasets derived from social media and other sources, with preprocessing steps like cleaning,
imputation, and feature extraction to ensure data quality. LightGBM was selected for its efficiency
with large datasets, while XGBoost was chosen for its ability to handle complex data relationships.
Evaluation metrics such as accuracy, precision, recall, F1 score, and ROC AUC were used to assess

model performance.

Chapter 4 presents the results of the machine learning models and discusses their implications. The
chapter includes a comparative analysis of the models, highlighting their respective strengths and
limitations. Additionally, it discusses the broader implications of machine learning in mental health,

including ethical considerations and the potential for integrating multimodal data sources.

Chapter 5 synthesizes the findings of the study, emphasizing the critical role of machine learning in
advancing mental health diagnostics. The chapter highlights the need for context-specific model
selection based on application requirements, such as prioritizing recall in clinical settings or
precision in public health initiatives. It also identifies areas for future research, including improving
model interpretability, addressing biases in training data, and ensuring the ethical use of machine
learning in sensitive applications. By leveraging advanced algorithms like LightGBM and XGBoost,
this study demonstrates the potential of Al-driven approaches to revolutionize mental health care and

reduce the global burden of depression.
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Chapter Two: Literature review

This chapter includes a detailed scrutiny and specifics of particular matters alongside other
strategies which form part of different models. This part seeks to present an adequate description of
already completed academic and empirical work that bear relevance to the creation of text within
an automated system for detecting of depression. The literature review is undertaken about the
research work done in the field to help outline the research context, gaps in existing knowledge and
highlight how this work contributes to the advancement of knowledge in predicting preteen
depression and its influencers. This chapter positions prior knowledge and literature on the subject
at hand to support the research question and endorse the outcomes and recommendations of the

study.

2.1 Recent works

In a landmark investigation that was conducted in 2009, Costafreda et al. [23] investigated the
possibilities of structural neuroanatomy in diagnosing and predicting the outcome of treatment for
patients suffering from major depressive disorder (MDD). The research focused on analysis of
smoothed gray matter voxel-based intensity values as revealed by T1-weighted MRI from 37
patients in acute depression episodes and 37 healthy patients. Voxel-based morphometry and
support vector machines (SVM) with ANOVA as a filter method were employed by the researchers
to structurally assess the neuroanatomy and its diagnostic accuracy. The results showed an overall
accuracy of 67.6%, sensitivity of 64.9% and specificity of 70.3%. These results demonstrate low
diagnostic accuracy which implies that volumetric brain structures are not robust enough to
differentiate depressed patients from healthy individuals. However, more importantly, the study
aimed to determine whether the structural information could help in predicting the outcome of the
intervention. Of the thirty fluoxetine or cognitive behavioral therapy (CBT) patients, how structural
brain patterns were assessed, accurately predicted clinical remission in 88.9% of the patients before
any treatment, thus also proving to be sensitive and specific in predicting patients who will respond
to the antidepressant medication. This underlines the usefulness of neuroanatomical markers in
making treatment choices and tailoring the treatment approach in MDD. At least in the context of
these findings, the role of structural neuroimaging in predicting clinical response is reiterated.
However, with their over reliance on structural markers, the neuroimaging techniques managed

only to achieve a relatively low diagnostic accuracy which means that more work needs to be done
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in order to make the structural markers more useful and reliable by integrating them with functional
imaging or genetic analysis or behavioral data, for example. Thus, Costafreda et al. come up with
the first steps towards instruments of a neurobiological nature for the control of depression,
indicating the potential of structural neuroanatomy to guide the formulation of treatment strategies
while at the same time stressing its limitations as a single tool for diagnosis. The study opens up
the research to further development of multi modal strategies for the purpose of improving the

diagnostic and prognostic importance of neuroimaging in mental health disorders.

In 2008, Fu et al. [24] attempted to investigate the neural correlates of depression by employing
whole-brain pattern analysis of fMRI scans during an implicit sad facial affect recognition task.
Their research showed that neural patterns of those who were in an acute depressive episode can be
distinguished from healthy controls with an impressive accuracy of 86%, sensitivity of 84%, and
specificity of 89% using a linear support vector machine (SVM) and leave-one-out cross-
validation. The study revealed the existence of a distributed network in the occipital, temporal and
limbic regions that contributed significantly to classification. These results also demonstrated the
clinical relevance of certain neuroimaging biomarkers for diagnosing depression and assessing the
effectiveness of its treatment. The predictive power of the linear models to classify treatment
responders versus non-responders was preliminarily established, but these findings were
statistically insignificant due to small number of subjects. Fu et al. argued the preferential use of
whole-brain approaches over region-of-interest analyses to minimize bias and improve
reproducibility. On the other hand, they mentioned that some shortcomings such as focusing on a
single dentous medication agent (fluoxetine), the event- related fMRI design, and limited number
of participants. Therefore, multi-centre strudies with moderate sample size and complementery
measures such as resting state imaging and linking clinical and imaging information are needed.
This work brings to fruition the neurobiological tool approach on diagnosis of psychiatric

disorders.

Depression is a global concern, and the indications are that this condition will only get worse over
the coming years. Over the years, several researches have been undertaken with a view to
strengthening the possibility of early interventions through early detection. To find Bangladeshi
pxrn abusive comments, in 2022, Sultana et al. [25] took 5000 comment s from social networking
sites Facebook, Twitter, and You Tube and tested on six machine learning algorithms, Random
Forest, K-Nearest Neighbor, Support Vector Machine, Multinomial Naive Bayes, Logistic
Regression, Gradient Boosting to detect abusive comments. Out of this, SVM shows the highest
accuracy of 85.7 percent in performing the other models. In the same year Hoque et al. [26] tudied
four levels of depression namely, nondepression, mild depression, moderate depression, and severe
depression using social media post in Bengali language. The authors explain that with the use of

XLM-RoBERTa, a pre-trained multilingual model, this model produced better results with
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increased F1, while scoring 61.11%, which raised the accuracy to 60.89% compared to the prior
models/methods. Similarly, Zim et al. [27] took advantage of NLP techniques in the analysis of the
Bengali social media data. The study aimed to solve single and multiple-label classification
problems as in the case of binary classification that sought to classify all sentences into either
positive or negative sentiments. Employing a Skip-gram model they were able to obtain accuracy
rates of 77% for binary classification and 69% for multi-label classification. Vasha et al. [28]
examined the depressive state using a sociocultural perspective, including social media postings,
texting and commenting on depression. They applied Term Frequency-Inverse Document
Frequency (TF-IDF) for vectorization and used several classifiers, including SVM, LR, DT, RF,
MNB and KNN. The best accuracy rate observed was 75.15% with the SVM classifier. On the
contrary, Chanda et al. [29] aimed to analyse the linguistic content of tweets which focused on
mental health issues during COVID19, as well as flu virus, lockdown and social distance. It
consisted of 1,500 English tweets posted to the social media platform and specifically targeting
tweets on EmoCT (EmotionCOVID19-Tweet) dataset. The study employed two models to address
the issue of overwhelming sadness and anxiety in these tweets, and SVM vyielded the best accuracy
of 71%. In the same year, Rahman et al. [30] performed some experiments seeking to Fig. 1:
Workflow diagram of our proposed method. analyze Bangla sentiment and emotions from text
analysis using multiple models in addition to deep learning models. They applied a Bidirectional
Gated Recurrent Unit (Bi-GRU), which obtained the maximum performance of 69% accuracy in
their tests. They explained that deep learning architectures have great potential for emotion
recognition in Bangla, and so they should be explored further. Monjoor et al. in their research
aimed to understand sentiment, which is the evaluation of people’s perception, attitude and
judgment towards a multitude of people or objects. This was accomplished in their work [31]
where they classified about 17,000 pieces of texts as neutral, positive and negative. The paper
presented a satisfactory assessment of the performance of Deep Learning-based Recurrent Neural
Network (RNN) on the original and translated (Bengali and English) texts, reporting an accuracy
rate of 82.9% on the Bengali texts and 84.5% on the English translated versions. Also in 2021, Alvi
et al [32] studied Bangla text sentiment analysis through a Gated Recurrent Neural Network
(GRNN) model. To strengthen their results, they employed a 10-fold cross- validation approach
three times. Their model achieved the highest accuracy of 78.41% and a lowest accuracy rate of
minimum 76.34%. Moreover, Ahmed et al. [33] introduced an LSTM- based technique with a
feedback layer for multilabel sentiment classification of Bangla text integrating the word2vec word
embedding approach. Using a small, stratified dataset of Bangla sentences, the researchers
proposed the LSTM model and achieved an impressive accuracy of 94% in classifying sentiment

polarity, outperforming RNN and SVM.
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Table 1: Comparison Table of the related literature.

Author Patient Sample Implemented model Results

Accuracy: 67.6%
[23] 2009 Support vector machines Sensitivity: 64.9%
Specificity: 70.3%

Accuracy: 86%

Support vector machines o
[24] 2008 ) Sensitivity: 84%
(linear kernel)

Specificity: 89%

[25] 2023 SVM

Acc: 75.15%
[26] 2022 XLM-RoBERTa

Acc: 60.89%
27 2022 Skip-gram model
[27] P9 Acc: 77%
[28] 2022 SVM

Acc: 85.7%
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[29] 2022 SVM

Acc: 71%
[30] 2021 BiGRU

Acc: 69%
[31] 2021 RNN

Acc: 82.9%
[32] 2024 GRNN

Acc: 78.41%

The compared literatures have been given in table 1.

2.2 Research Gap

The literature on detecting depression and sentiment analysis in text highlights significant
advancements, but several gaps remain that warrant further exploration. Many studies have focused
on deep learning models like XLM-RoBERTa, Bi-GRU, and LSTM, which have demonstrated
promising results but require substantial computational resources and large datasets, making them
less accessible for resource-constrained settings. Conversely, while classical machine learning
models like SVM and Random Forest have shown potential, their performance is often limited by
feature representation techniques, such as TF-IDF, that may not fully capture the semantic richness
of text. Moreover, much of the existing research is skewed towards English datasets, with relatively
few studies addressing low-resource languages like Bangla. Even within the Bangla language
domain, studies often emphasize sentiment classification or basic depression detection, rather than
tackling nuanced distinctions such as different levels of depression severity. Additionally, while
approaches utilizing social media data have been explored, these often rely on small, non-diverse
datasets, limiting the generalizability of the findings.
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Integration of multimodal data sources is another gap, in that, most of the studies limit themselves to
the use of text data and neglect to incorporate user demographics and behavioral patterns which
could also boost predictive capability. Last, however, the application of similar diagnostic
approaches to text systems is still an unexplored area, hence the gap in comprehensive and clinically
relevant context detection frameworks, even though Fu et al. and Costafreda et al. showed optimal

results for using neuroimaging data in predicting treatment response.
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Chapter Three: Methodology

Our study will now move to the center stage starting with this chapter and discuss ML models as
well as an in-depth methodology used to predict depression in social media text. We aim at
building a powerful predictive model that makes use of state-of-the-art machine learning
techniques applied on social media for the purpose of identifying depression. The chapter will
cover process of data collection, preprocessing steps, feature selection, model development and

evaluation metrics.

3.1 Dataset description

BSMDD dataset published by Madeley Data on 14th October 2024 is a rich resource of Bengali
social media and its analysis provides a huge scope in the field of mental health. The current
dataset contains 21,910 samples being the result of an ongoing collaboration with the Ahsanullah
University of Science and Technology, which includes 10,961 instances that were tagged as
Depressed and 10,949 instances that were tagged as Non-Depressed. This data BSMDD has been
translated, and labeled by qualified, and mental health trained native Bengali speakers, therefore
the data is valid that was obtained from various social media platforms. Due to the usability of this
dataset for the general population, it is beneficial for research in the field of language and
depression, because this dataset consists of relevant data according to the Bengali language and

language used in the social media posts.
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The words that have been used in training are visible in the word-cloud in figure 1.

Figure 1: The dataset Word-Cloud

The BSMDD dataset has been given in figure 2
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Figure 2: BSMDD dataset

3.2 Data Preprocessing

This section will deal with how the dataset was processed for further analysis and model training. The

steps include data cleaning, imputing, encoding and scaling.

3.2.1 Data Cleaning:
The clean_data function performs a comprehensive data cleaning process focused on text

preprocessing. It begins by removing all numeric characters from the text, followed by eliminating
alphabetic characters to retain only relevant content. Punctuation marks, including special characters
such as 'I' (commonly used in certain languages), are stripped from the text using translation tables.
Emojis are replaced with an empty string to ensure only textual data remains. To refine the text
further, common stop words are removed, enhancing the semantic relevance of the remaining
content. Extra whitespace is standardized by replacing multiple spaces with a single space and
trimming any leading or trailing spaces. The text is then transformed using a stemming process,
reducing words to their root forms, which aids in normalizing variations of the same word. Finally,
the cleaned text is tokenized into individual words for further analysis or processing. This method

ensures the data is thoroughly prepared for subsequent text analytics or machine learning tasks.
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3.2.2 Text Vectorization:
The second part, related to K-Fold cross-validation, is implemented in the following way. The data

splitting step is implemented in the train_with_K_fold function where preprocessing steps are
performed. The data in the column ‘text' undergoes transformation into vectors via a TF-IDF
Vectorizer type transformation, which suits the documents weight based on frequency of the term in
the corpus. The vectorizer also takes care of the dimensionality problem by compressing the feature
space to 5,000 of the most salient terms. This indeed yields the X, a numerical array suitable for
rather the training of machine learning models. At the same time the column ‘label’ is transformed

into y which would be used as the classification target variable.

3.2.3 K-Fold Validation:
In order to avoid data overfitting and to assess the model qualitatively the function goes through K-

Fold Cross-Validation. The dataset is partitioned into k subsets, default is five, and each partition is
used alternately for testing and training purposes, after shuffling the data, some random_state
parameter e.g random_state=42 is used to ensure reproducibility of the test result. This by all means
reduces the non-response bias and also provides an overall view of how well the model performs

with the different partitions of the data.

3.3 Model Development
The models that have been used and prepared have been discussed in this section. Mainly, LGBM

and GRU have been used for prediction.

3.3.1 LightGBM (LGBM)
LightGBM [34] is a gradient boosting framework that was developed by Microsoft with ability to

process huge amount of data and is a fast and efficient implementation. This algorithm uses
histogram based method to speed up training compared to standard gradient boosting method [34].

Considering its side features, it is quite efficient for tasks with large amounts of data and intricate
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models. In LightGBM, the builds of decision trees are done in iterations such that each tree rectifies
the wrong predictions of its predecessors thus reducing the loss function. It offers many of the
sophisticated capabilities such as the ability to directly handle categorical variables, tree growth by

leaves instead of by levels and efficiently managing missing values.

This Tree wise grown of LGBM is shown in figure 3.

oom)eo o) ¢ o .
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Fig 3: Light Gradient Boosting model (LGBM) and its tree wise growth

3.3.2 Random Forest:
Random Forest [35] is one of the most effective ensemble learning algorithms that is used in tasks of

both classification and regression by aggregating the predictions of a number of decision trees in
order to make more accurate predictions. Includes bagging to increase the robustness of the trees as
each tree is fit on a random sample of the data set with replacement. For classification, the prediction
is done using the majority of votes, while for regression, the average value of all the predictions is
done. High-dimensional data and multicollinearity are quite severe problems, but they are not a
concern with Random Forest. It randomly selects a subset of features at each split which reduces
overfitting and helps with generalization. The model also computes feature importance scores which

tell how useful was each feature in the decision- making process. It is relatively difficult to develop
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an ensemble of models as it is computation heavy, though this is compounded by its parallelizable
nature, making it appropriate for big data. Its accuracy, robustness, ability to work with imbalanced
and missing data among other factors makes Random Forest appealing as it requires very little
parameter adjustments and operates in an effective manner in various tasks including but not limited

to medical imaging and natural language tasks.

3.3.3 XGBoost:
Indeed, XGBoost [36] is an extremely efficient machine learning algorithm that is based on an

advanced version of gradient boosting. It incorporates several innovations, such as second-order
Taylor expansions for precise updates and L1 and L2 regularization methods to counteract
overfitting, XGBoost consists of building a whole sequence of decision trees by minimizing a loss
function. So it is also important on the other hand to mention that XGBoost develops a recursive
algorithm that aims to speed up the computation of the above-stated trees by parallel processing.
These characteristics make it highly scalable and easier to use. The model’s features make it
exclusively suitable for various purposes and tasks, including the ability to customize objective
functions and evaluation metrics. This algorithm is probably one of the best and robust in terms of
accuracy and efficiency, as it regularly wins the competitions in machine learning or in tons of cases
in real life applications. It is worth mentioning that the model is complex but relatively easy to
work with due to the numerous available documentation materials and possibilities to support
implementations. Thus it is very popular and can be used in predictive modeling, customer

satisfaction, and anomaly detection tasks.

3.3.4 Naive Bayes:
Considering the probabilistic approach of machine learning, which computes classes based on a

given set of features, the Naive Bayes [37] algorithm is perhaps one of the simplest ones. As its
terminology describes, the model assumes that all features are independent, that is, the presence of
one feature does not affect other features, a rather unrealistic but computationally easy and easy-to-
implement assumption. Naive Bayes is powerful enough to perform text classification tasks such as

spam detection and sentiment classification despite this “naive” assumption. As a rule, most
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independent features pertaining to a single class determine the output, though people generally
employ it with small datasets and consider it rather robust in the presence of outliers. All classes of
problems which can be approximated with the distribution featuring a class have the highest
probabilities given priors and likelihood of features. However, given the inherent criterion of a
feature being a high probability one, the model suffers on features exhibiting high correlation. Naive
bayes is interpretable, requires less training time and is known to be suitable for classification

applications which are simple and don’t require time long computations.

3.4 Evaluation Criteria
During the evaluation of the model, 20 percent went for testing, from the dataset was divided into

two groups of 80% and 20%, to make sure that overfitting could avoided. In this section, we discuss

the evaluation metrics that help us definitively access the models’ performances.

Accuracy: The level of correctness or wrongness of the model’s predictions is sometimes referred to
as the accuracy measure. It is an indefinite but general assessment of the performance of the model
even though it is not very meaningful for imbalanced datasets because it cannot tell the nature of the

errors being made.

TP+TN
Accuracy = 2

YTP+FN+FP+TN

F1 Score: A very important metric which relates to both precision and recall is referred to as the F1
measure. The accuracy of the model is dependent on the distribution of the classes within the majority of
the datasets provided. It is described mathematically as the average of precision and recall giving
importance” to both positive and negative errors. A situation when the value of the F1 measure is
adequate indicates that the model has the capability of reducing errors while identifying the positive
cases correctly

Fl = TP1
TP+ (FP+FN)

Precision: Precision focuses on only one aspect of performance: the accuracy of the model’s positive
predictions. That is, the number of true positive results from the positive predictions. A significantly
high precision value means that a model has successfully reduced unnecessary positive predictions
and this is helpful in situations where the consequences of making unnecessary positive predictions

are very high.

.. TP
Precision =

TP+TP
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Recall: Recall measures how well the model identifies every single actual positive example being a
ratio of true positives to total number of actual positives. A high recall rate is important when one

needs to classify all instances of positives even when there are many false alarms involved.
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Chapter Four: Result and analysis

4.1 LGBM prediction:
The evaluation matrices for the LGBM predictions have been given in table no 2.

Table 1: Evaluation of Predictions by LGBM

Evaluation Metric Values
Accuracy 0.836
Precision 0.834
Recall 0.840
F1 Score 0.834

The confusion matrix for LGBM has been shown in figure 4.

Confusion Matrix of LightGBM

Depressed

Actual

Not Depressed

Depressed Not Depressed
Predicted

Fig 4: Confusion model through LGBM
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4.2 XGBoost predictions:
The evaluation matrices for the XGBoost predictions have been given in table no 3.

Table 2: Evaluation of Predictions by XGBoost

Evaluation Metric(Average) Values
Accuracy 0.827
Precision 0.829
Recall 0.824
F1 Score 0.826

The confusion matrix for XGBoost has been shown in figure 5.

Confusion Matrix of XGBoost

Depressed

Actual

Not Depressed

Depressed Not Depressed
Predicted

Fig 5: Confusion model through XGBoost
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4.3 Naiye Bayes predictions:

The evaluation matrices for the XGBoost predictions have been given in table no 3.
Table 3: Evaluation of Predictions by Naive Bayes

Evaluation Metric(Average) Values
Accuracy 0.820
Precision 0.796
Recall 0.862
F1 Score 0.827

The confusion matrix for Naive Bayes has been shown in figure 6.

Confusion Matrix of Naive Bayes

Depressed

Actual

Not Depressed

Depressed Not Depressed
Predicted

Fig 6: Confusion model through Naive Bayes
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4.4 Random Forest predictions:

The evaluation matrices for the Random Forest predictions have been given in table no 4.
Table 4: Evaluation of Predictions by Random Forest

Evaluation Metric(Average) Values
Accuracy 0.830
Precision 0.819
Recall 0.849
F1 Score 0.833

The confusion matrix for Random Forest has been shown in figure 7.

Confusion Matrix of Random Forest

Depressed

Actual

Not Depressed

Depressed

Not Depressed
Predicted

Fig 7: Confusion model through Random Forest
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4.5 Combined Results
The combined table 4 shows the evaluation metric values of the implemented models for clear

understanding.

Table 5: Evaluation of Combined Results

Model Accuracy Precision Recall F1
Naive Bayes | 0.820402 0.796022 0.86211 0.827676
XGBoost 0.827065 0.829149 0.824199 0.826650
Random

0.830717 0.819209 0.849031 0.833823
Forest
LightGBM | 0.836696 0.834261 0.840618 0.837409

In figure 8, we see the combined accuracy.
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Figure 8: Combined Accuracy

The measurement of the accuracy is to assess the number of correctly classified observations over
the total number of the observations. It gives a high level overview of the performance of the model
as a whole. In the assessment made, LightGBM was able to use data with the highest accuracy of
83.67%, this was the best performance of the model in classifying the instances. However, Naive

Bayes, registered the worst accuracy in this criteria using only 82.04%.
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Figure 9: Combined Precision
The precision of a model is expressed as a ratio between the actual true positive prediction and the
total number of positive predictions. It reflects the ability of the model to get false positives. With the
highest precision of 83.91% XGBoost appears to be the best predictor of the positive cases among
the models. However, Naive Bayes is recorded as the most unaccurate model in this area with a
precision of 79.60%. The combined precision in seen in figure 9.
Recall
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Figure 10: Combined Recall

Recall is also referred to as sensitivity and it assesses the number of actual positive cases that were
identified by the model. Its role is to highlight the performance of the model in cases of false
negatives. On massacring the other two models, Naive Bayes had the greatest recall at 86.21%, this
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F1
s

means that there were more true positives correctly predicted. XGBoost scored the worst in recall out
of the three with a score of 82.42%, indicating a better chance of missing actual positive cases. The
combined recall in seen in figure 10.
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Figure 11: Combined F1-score

F1 score is the measure of effectiveness which considers both the precision and recalla mot useful
when the cost of ignoring something is similarly level. False Positives and False Negatives. Light
GBM’s prcison and recall levels are the most balanced with an F1 score of 84.06%. It has the best F1
score. On the other hand, a less than average F1 score makes Naive Bayes a relatively unbalanced
model since it has a high recall but low precision that is not minimal. The combined f1-score in seen
in figure 11.
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4.5 Discussion

Mental health disorder come in many forms, however Depression has been consistent in its
deleterious development across the globe. To make this unequivocal clear Depression affects over
264 million people making it one of the most acute challenges we face today. The chronic feeling of
sadness and low in cognitions and activities does not only have psychological effects but alters the
socioeconomics as well. The strongest affect of this disorder has been noted amongst youth aged 15-
29, which doesn’t get easier due to perceptional factors and low to none availability of mental health
resources in developing countries. The rising rates of suicide, where close to 800,000 people die of
this every year are another factor deserving attention due to the search for solutions. As social media
platforms emerge, so do the complexities attached to it. seeing how certain oversaturation of social
media promotes anxiety, depression, and stress through the medium of social comparison and even
fear of not fitting in. However, these platforms contain important information that can be pivotal in
the early signs of depression. The use of machine learning algorithms, which are best suited to
discover patterns within large and complicated datasets, seems to provide an effective solution to the
improvement of mental health diagnosis and its intervention approaches. This research applied four
algorithms namely LightGBM, XGBoost, Naive Bayes and Random Forest in depression analysis
and made a comparative study of their performance based on accuracy, precision, recall, and F1

Score.

On the other hand, the results underline the advantages and disadvantages of each algorithm, and in this
case, it was LightGBM that proved the best model in depression prediction. LightGBM had the highest
accuracy of 83.67% and the F1 score of 84.06 %, this made the model to perform better than all the
others overall taking into consideration the precision and recall. It is also likely that the combination of
these features and the ability to manage enormous amounts of data assisted in its success. XGBoost is
well known to be the best implementation of gradient boosting with a precision of 83.91%, which shows
that it is able to effectively reduce the number of false positives. That is especially useful in the case of
mental illness where a patient is tagged as depressed mistakenly, which can cause embarrassment or
anxiety for that person. On the other hand, Naive Bayes performed well in recall with an 86.21 percent
ratio, which suggests it has the ability to capture many true positives. This characteristic is desirable in
cases where one of the most important requirements is that no patient suffering from depression is left
unidentified even with the risk of high false positives. Random Forest’s performance was uniform across
all metrics with an accuracy of 83.07% and F1 score of 83.33% making it an excellent option for
detection tasks related to depression. These observations emphasize the need of aligning the choice of
algorithms with the aims of some particular mental health application. For example, the case that requires

high precision would likely prefer XGBoost, while the opposite would rely on Naive Bayes. Given
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LightGBM's impressive results, it appears to be a good choice in the setting of real-world applications
requiring precise calibration. This study not only validates the utility of machine learning in mental
health but also opens avenues for future research to enhance model interpretability, address ethical

considerations, and integrate multimodal data sources to improve diagnostic accuracy further.
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Chapter Five: Conclusion and Future work

5.1 Conclusion

Depression is one of the most serious challenges faced by society today. It has such a far reaching
influence on the individual and the society at large, that one is left with no choice but to come out
with new approaches in ways to both detect it and treat it. It is true that many traditional means of
addressing mental health issues will remain important, but the application of machine learning and
other digital instruments in this area makes it possible to affect changes in a revolutionary manner.
The work examined the active use of four algorithms in the detection of depression among patients in
complex datasets; LightGBM, XGBoost, Naive Bayes and Random Forest were the algorithms under

evaluation with emphasis on their ability to mitigate this problem.

It was found that LightGBM was the best among the models with an outstanding accuracy and F1
score. The capability of LightGBM to effectively work with large, complicated datasets without
sacrificing computational performance makes this model one of the best candidates for the real life
applications in the screening for depression and other mental disorders. Because there is a good
compromise between precision and recall with these procedures, there minimization of both false
positive rate and false negative rate which are important in accurate classification in mental health
since inaccuracy can lead to adverse consequences. XGBoost has good precision which makes it an
excellent fit for instances where there is need to cut down the number of false positives for example
when carrying out large scale testing and diagnosisin contrast, Naive Bayes performed remarkably
well in recall which is beneficial if the goal is to capture as many cases of depression as possible
including at the expense of some false positives. Random Forest showed a strong and steady
performance in most metrics, thus it can serve as a dependable and stable moderate performer across

various mental health interventions.

This comparison of applications of these algorithms is very important for integration of machine
learning in the area of mental health. It appears that the decision to use a certain algorithm should be
governed by the intended use of the application. For instance, in the clinical context where it is of
utmost importance not to overlook any case of depression, then it is preferred to use models with
high recall such as Naive Bayes. On the other hand, in the public health programs that aim to avoid
the stigma associated with overdiagnosis, XGBoost is the recommended model due to its high

precision.
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Apart from the efficiency metrics that this research covers, there are wider implications of the use of
ICTs with the ‘business’ of mental health. The possibility to access large volumes of information
from the web sources, especially social networking sites, opens new avenues for effective preventive
health care. Nevertheless, there are also potential threats to manage including privacy concerns, bias
of algorithms, and assurance of transparency in ethical practices. Indeed, ethical challenges are more
valid while dealing with sensitive areas such as health in which an indiscretion or abuse of
information may have life changing effects on a person. There is a need for future studies to
concentrate on creating models that are properly explained, and accurately placed within the context
of various types of data, while also trying to bridge the gap in the digital age in order to allow the fair

distribution of such technology.

As a final point, machine, may be, has great potential in improving detection of depression such that
the depression diagnosis maybe more accurate, done in time and will be more easily deployed over a
wider population. When the process of choosing algorithms is suited to applications’ objectives and
ethical and technical issues are resolved, the potential of the technology to contribute greatly to
alleviating the depression burden should be tremendous. The results of this research not only show
the efficiency of the machine learning models such as LightGBM but there is also an opportunity to
use Al-based tools in order to make the approach to mental health more active and data centered.
Provided that more innovative tools are developed and more stakeholders come on board, the use of

machine learning in mental health care would be quite effective in increasing access and saving lives.

5.2  Areas of Future Research

Future research in the area of application of artificial intelligence in analyzing signals of depression
would be directed towards enhancing the effectiveness, equity and ethical aspects of use of these
models. One key concern is understanding and trusting the model outputs— increasing model
interpretability and explainability. On the other side, advanced algorithms such as LightGBM or
XGBoost are powerful, but their highly nonlinear nature causes difficulties in comprehending the
rule for making predictions. In this regard, future research should incorporate Explainable Al
approaches that can shed some light on how decisions are made and the rationale behind them.
Simultaneously, multicultural incorporation should be investigated alongside analysis of voice
indicators, facial features or even physiological markers as addition or override to written or
numerically coded data. This way, depression would be approached in a more holistic and accurate

representation since a wider range of an individual’s actions and emotions would be included.
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Moreover, they considered algorithmic bias that is addressed could promote equity in the predictions
made. Where there are data restraints, concerns of bias are often present resulting in lower prediction
outcomes in some demographics than others resulting in inequity. Therefore, the next stage should be
about moving towards fair algorithms which are robust to diversity of population and do not bias
certain populations during the training process. In addition, the approaches able to provide the real-
time monitoring and the interventions need to be developed. Following that machine learning
models can be implemented within mobile or social media applications so that that the individual’s
mental well-being can be constantly managed through ongoing comprehensive relevant
interventions. The catch is that this comes at the risk of privacy and informed consent issues. As a
result, ethical concerns need to be placed for all future studies and researchers need to work on how
data will be secured so that he/she sensitive health data will not be abused and their privacy
respected. Furthermore, participants’ engagement should also be encouraged in such a way that they
are able to have a say on how their data is utilized and what the implications of using such
technologies would be. In conclusion, these issues need to be resolved so that the applicability of
machine learning in the field of mental health is maximized, not only enhancement of diagnosis but

also allowing application in a humane, fair and user oriented manner.
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