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Chapter 1

Introduction

1.1 Background

User mental states are represented via social networking sites like Twitter, which also record

the users thoughts and emotions. This transformation extends to fields like public health epi-

demiology, where analyzing social media has become a valuable tool for understanding mental

health trends. Anxiety and depression remain the most widespread mental health issues glob-

ally, with their prevalence growing over the last decade.(Organization, ) Social media,especially

Twitter,offers a unique glimpse into individuals mental states,and researchers have found that

analyzing tweets can provide real-time insights into shifts in mental well-being.(Choudhury,

Counts, & Horvitz, )The integration of artificial intelligence, especially natural language pro-

cessing (NLP),has opened doors to processing massive amounts of unstructured text. These

advancements make it feasible to create systems that monitor mental health at scale, offering

a practical approach to identifying and addressing mental health concerns through digital foot-

prints.

1.2 Research Motivation

Clinical interviews and self-report surveys, which are considered to be the traditional methods

of assessing mental health, have been seen as being practical, scalable, and up to date (Kessler

& Bromet, ). However, Automated systems that are based on large language models (LLMs) are

able to swiftly, scalable, and non-invasively identify mental health concerns. This is possible

because of the millions of tweets that are produced every day.This effort aims to construct a

system that can quickly detect anxiety and sadness using textual information that is readily

1 ©Daffodil International University



available to the public. This will be accomplished by overcoming the approaches that are now

in use.

1.3 Problem Statement

It is still challenging to use data from social media platforms to diagnose mental health concerns

such as anxiety and depression, despite the fact that large-scale language models (LLMs) have

improved. Text data from social media platforms is typically unorganized, which makes it

significantly more challenging to evaluate. In addition, these activities make use of datasets that

have unequal class distributions, which results in predictions and models that are less reliable.

TThere is also a trade-off between the precision of the model and the speed of the computation.

Although it is challenging, striking a balance between these two qualities is essential. The

absence of mental health databases that are tied to social media is a key cause for concern.

Because of this, the process of testing and producing models is made more complicated. As a

result of these problems, there is a pressing requirement for models that are capable of properly

and rapidly identifying feelings of anxiety and depression by utilizing this data.

1.4 Research Questions

This research seeks important answers.:

1. What are the most effective ways to fine-tune large language models for detecting anxiety

and depression using Twitter data?

2. To get an accurate binary categorization of mental health conditions, what kinds of pre-

processing and hyper-parameter optimization are required?

3. How does incorporating class weights affect a model’s ability to accurately identify mi-

nority classes in datasets with imbalanced distributions?
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1.5 Research Objectives

Research objectives are as follows:

• To fine-tune large language models (LLMs) for identifying signs of anxiety and depres-

sion from Twitter data.

• To evaluate the selected model’s performance using metrics such as accuracy, precision,

recall, and F1-score.

• Eliminating datasets(Surin, ) imbalances is accomplished by the utilization of class weights

inside the loss function.

• To help raise awareness of the use of LLM to detect mental health issues on social media

platforms.

1.6 Research Scope

This study emphasizes classifying mental health awareness based on English-language tweets.

The model will be pre-trained and then evaluated on an annotated dataset composed of tweets

indicative of anxious, depressed, and neutral states of a person’s mind. It does not develop re-

search on either multilingual datasets or multimodal approaches with images and user behavior

included. Instead, it establishes a benchmark for applications that need only textual input to

detect signs of mental health conditions.
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1.7 Thesis Organization

The thesis is structured into the following chapters:

• Chapter 1: Introduces the study’s background, motivation, problem statement, and ob-

jectives.

• Chapter 2: The purpose of this article is to provide a summary of studies on the utilization

of models to identify and explain mental health disorders by providing a literature review.

• Chapter 3: Detailed explanations of our study’s preprocessing, model adjustment, and

evaluation procedures are provided here.

• Chapter 4: Regarding the success of our model, we discuss the results.

• Chapter 5: Concludes with a discussion on findings, limitations, and recommendations

for future research.
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Chapter 2

Literature Review

The detection of mental health issues on Twitter and other websites has been improved because

to the usage of large language models (LLMs), which have enabled user-generated text analy-

sis. Twitter’s short length, user-friendliness, and ability to support multiple languages make it

an effective tool for identifying patterns related to mental health. Recently efforts have been

emphasized developing datasets, applying LLMs, and systematically reviewing their impacts,

highlighting both progress and ongoing challenges in this field.

One major focus has been the creation of high-quality datasets to support effective mental

health analysis. Skianis et al.((Skianis, Pavlopoulos, & Dogruöz, )) introduced a multilingual

dataset that assesses mental health conditions and their severity across platforms like Twitter.

This dataset facilitates cross-platform comparisons while promoting inclusivity by capturing

linguistic diversity and fostering cross-linguistic insights. Similarly, Bucur((Bucur, )) explored

LLM-generated synthetic data as a means to supplement existing datasets, particularly for de-

tecting major depression, demonstrating the value of synthetic methods in dataset enhancement.

LLMs have shown immense potential formental health detection, with research increasingly

exploring linguistic markers indicative of psychological states. For instance, Xu et al.(Xu, Yao,

Dong, Gabriel, & Yu, ) fine-tuned an LLM to predict mental health conditions, showing how

suchmodels can enhance accuracy using annotated Twitter data. Shah et al.(Shah, Gillani, Baig,

& Saleem, ) adopted a similar fine-tuning approach to detect depression in tweets, focusing on

nuanced text features specific to mental health themes.

Systematic reviews further illuminate the broader field. Guo et al.(Guo, Lai, Thygesen,

Farrington, & Keen, ) conducted an in-depth review of LLM applications in mental health,

highlighting both accomplishments and challenges. While they emphasized the promise of

LLMs in identifying disorders like depression and suicidality, their findings also pointed to
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ethical and methodological limitations that need addressing.

There are some areas of mental health that are the subject of certain study. For example,

Thamrin et al.(Thamrin & Chen, ) developed model For the purpose of identifying bipolar

disorder in Twitter data, word embeddings were improved for many domains. The application

of clinical and biological knowledge resulted in an improvement of these. Similarly, Alhamed

et al.(Alhamed, Ive, & Specia, ) examined the effects of a sad diagnosis on the language used

before and after the diagnosis. The alterations in mental health were better understood as a

result of this.

Despite the fact that there have been improvements made, there are still many problems.

There are significant ethical problems around the misuse of diagnostic tools and the safeguard-

ing of data. There are many different cultures and languages represented in the data that Twitter

collects, which makes models less universal. It is necessary to take a holistic approach that

places an emphasis on the ethical and appropriate utilization of LLM in order to address these

concerns.

The development of Large Language Models (LLMs) has revolutionized the analysis of so-

cial media data for mental health applications, particularly in detecting depression. By capital-

izing on the unique characteristics of platforms like Twitter, real-time accessibility, and diverse

linguistic content—researchers have achieved significant advancements in understanding and

identifying mental health patterns. (Shah, Gillani, Baig, Saleem, & Siddiqui, ) explores the

application of fine-tuned GPT-3.5 Turbo and LLaMA2-7B models for detecting depression on

social media. Using a robust dataset from prior research, the models were trained to identify

nuanced linguistic patterns indicative of depression, achieving a high accuracy of 96%. This

work highlights the effectiveness of adapting large-scale language models to mental health di-

agnostics, outperforming traditional methods. It emphasizes the potential for early depression

detection through real-world applications, though ethical considerations such as privacy and

bias remain challenges. Future directions include expanding to multilingual datasets and im-

proving model generalizability across demographics.

With the increasing reliance on social media as a platform for self-expression, opportunities

have emerged to analyze user-generated content for early signs of mental health conditions like

depression. Social platforms such as Reddit and Twitter, characterized by their openness and

frequent updates, provide valuable data for building automated detection systems. Recognizing

this potential, (Tavchioski, Robnik-Šikonja, & Pollak, ) explored the use of transformer-based
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models and ensemble methods for detecting depressive patterns in social media posts. The

authors fine-tuned widely-used models, including BERT, RoBERTa, BERTweet, and mental-

BERT, while also constructing ensemble configurations to enhance model performance. Tested

on datasets from Reddit and Twitter, the results demonstrated that ensemble approaches out-

performed individual transformer models, highlighting the benefits of combining classifiers for

improved accuracy. Transfer learning was also employed across datasets, showcasing the adapt-

ability of these models in diverse contexts. This work underscores the promise of transformer-

based ensembles in advancing mental health diagnostics through social media analysis. Future

directions may include addressing ethical considerations and expanding research to multilingual

datasets and other social platforms to ensure inclusivity and scalability.

In summary, LLMs are transformative tools for detecting mental health disorders through

social media analysis. While considerable progress has been made in dataset development,

model refinement, and systematic reviews, future work must tackle the ethical, cultural, and

technical challenges that persist. With sustained research and responsible practices, Mental

health monitoring can be revolutionized by LLM, which can also assist individuals in receiving

assistance at an earlier stage.

7 ©Daffodil International University



Chapter 3

Methodology

3.1 Description of Dataset

The methodology for this research follows a systematic approach that integrates experimental,

descriptive, and analytical techniques to develop and assess fine-tuned LLMmodels for detect-

ing anxiety and depression using Twitter data. The process is carefully structured to ensure

reproducibility, guiding readers through the following key steps:

• Data Preparation: Collecting and organizing relevant Twitter data to serve as the foun-

dation for analysis.

• Preprocessing: Cleaning and refining the data to remove noise and ensure suitability for

model input.

• Model Fine-Tuning: Adjusting LLMs to enhance their performance in identifying men-

tal health conditions based on the specific dataset.

• Evaluation: Measuring the model’s performance using metrics such as accuracy, preci-

sion, recall, and F1-score.

• Validation: Ensuring the robustness and reliability of the model through additional tests

and cross-validation techniques. This structured methodology ensures transparency and

provides a replicable framework for future studies in this area.
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3.2 Preprocessing Data

The datasets used for this research was sourced from Kaggle, a widely recognized platform for

datasets and data science competitions. It features tweets labeled with binary indicators: a label

of 1 signifies signs of anxiety or depression, while 0 indicates otherwise. This publicly available

dataset is titled ”combined Depression Twitter Dataset Feature Extraction” on Kaggle.(Surin, )

Among the three source files in the dataset, only mental-health.csv was utilized for this study.

The data was then split to ensure unbiased performance evaluation: 80% was allocated for

training, 10% for validation, and 10% for testing. This division helps maintain a balanced

approach to training and evaluating the model’s accuracy and reliability.

3.2.1 Preprocessing Training Data

The process of preprocessing is an essential step in the transformation of raw tweets into code

that can be read by machines. Taking the following steps:

• Cleaning Text: In an effort to make the process of data analysis more straightforward,

URLs, references, hashtags, and odd characters were eliminated.

• Data Tokenization: For the purpose of tokenizing the dataset, DistilBERT was utilized.

Through the use of thismodel, text is converted into numeric input data of the Transformer

model. Every single token entry is stuffed with 128 tokens in order to guarantee that the

dataset is consistent.

• HandlingClass Imbalance: During the process of training themodel, class weights were

incorporated into the loss function in order to correct the mismatch between the datasets.

Other studies suggest that the major class and the minority class should be given equal

weight, which is something that this modification made it possible for the model to do.

(Garcia & Wong, ).
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3.2.2 Fine-Tuning Model

MODEL DistilBERT

DESCRIPTION A lightweight, faster version of BERTwith 97%of its performance.

CONTEXTWINDOW 512 tokens

TRAINING DATA English Wikipedia and BookCorpus.

This study employed large language models (LLMs) such as DistilBERT(Sanh, Debut,

Chaumond, &Wolf, ), which is a lightweight version of BERT transformer model optimized for

efficient text classification. The fine-tuning process adapted the pre-trained DistilBERT model

to perform a binary classification task, targeting the detection of anxiety and depression. Key

steps in the process included:

• Optimizations of Hyperparameter:

• For optimal Gradient updates Learning rate was set to 2e-5

• For efficient Gpu Utilization Batch size was set to 16

• Epochs were carefully increased and set to 5

• Loss Function: The cross-entropy loss function was used for binary classification, de-

fined as:

L = − 1

N

N∑
i=1

wyi log p̂yi

Where:

• yi: sample i with true class label .

• N : Total samples number i.

• p̂yi : True class of predicted probability yi.

• wyi : weight added to the classes yi that solves imbalance.

• Training: The Hugging Face Trainer API was used to streamline the fine-tuning process

by integrating preprocessing, training, and evaluation into a seamless workflow.(Wolf,

Debut, Sanh, & Chaumond, )
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MODEL MentalBERT

DESCRIPTION A BERT-based model fine-tuned for mental health-related text
analysis.

CONTEXTWINDOW 512 tokens

TRAINING DATA Mental health forums and clinical datasets.

The study utilized LLM Models such as MentalBERT(Ji et al., ), a transformer model fine-

tuned for analyzing mental health-related text. Fine-tuning involved training the pre-trained

MentalBERT(Ji et al., ) is a pre-trained model which was trained for fine-tuning for a binary

classification task to distinguish between ”Signs of Anxiety/Depression” and ”No Signs.” Key

steps included:

• Optimizations of Hyperparameter: The Same DistilBERT Optimization were used for

this model also

• Loss Function: The cross-entropy loss function was used for binary classification, de-

fined as:

L = − 1

N

N∑
i=1

[yi · log(p̂yi) + (1− yi) · log(1− p̂yi)]

• Training: TThe Hugging Face Trainer API was used to fine-tune MentalBERT by pre-

processing, training, evaluation, logging to be flawless. The training pipeline included:

– Tokenization: Text was tokenized using the MentalBERT tokenizer with a maxi-

mum sequence length of 128 tokens.

– Dynamic Padding: The ‘DataCollatorWithPadding‘ ensured that batcheswere padded

dynamically.

– Evaluation: The model was evaluated at the end of every epoch using the validation

dataset.

– Logging: Training and evaluation logs were saved for further analysis, and the best

model was automatically saved at the end of training.
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MODEL BERTweet

DESCRIPTION A transformer model optimized for processing tweets and social
media text.

CONTEXTWINDOW 512 tokens

TRAINING DATA 850M English tweets from 2012 to early 2021.

The study utilized LLM Models such as BERTweet(D. Q. Nguyen, Vu, & Nguyen, ), a

transformer model fine-tuned for analyzing social media text, particularly tweets. Fine-tuning

involved training the pre-trained BERTweet(D. Q. Nguyen et al., ) model on a binary classifi-

cation task to distinguish between ”Signs of Anxiety/Depression” and ”No Signs.” The process

included the following key steps:

• Optimizations of Hyperparameter: The Same DistilBERT Optimization were used for

this model also. additionally Weight decay was added.

– Weight decay: for regularization to prevent overfitting it was Set to 0.01.

• Loss Function: The cross-entropy loss function was used for binary classification, de-

fined as:

L = − 1

N

N∑
i=1

[yi · log(p̂yi) + (1− yi) · log(1− p̂yi)]

Where:

• Training: The Hugging Face Trainer API was used to fine-tune BERTweet, which

streamlined the training process by:

– Tokenization: Text datawas tokenized using the BERTweet tokenizer (vinai/bertweet-base)

with a maximum sequence length of 128 tokens, ensuring consistency across inputs.

– Dynamic Padding: The DataCollatorWithPadding dynamically padded inputs

during training and evaluation for optimized memory usage.

– Evaluation: Themodel was evaluated at the end of every epoch using the validation

dataset, tracking metrics such as accuracy, precision, recall, and F1-score.

– Logging and Checkpointing: Training logs were saved, and the best model was

automatically stored at the end of training.
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• Evaluation and Visualization:

– PerformanceMetrics: The model’s performance on the test dataset was evaluated,

calculating metrics such as accuracy, precision, recall, and F1-score.

– Confusion Matrix: A confusion matrix was generated to visualize classification

results, distinguishing between ”No Signs” and ”Signs of Anxiety/Depression.”

– Loss Curves: Training and validation loss curves were plotted to assess model

convergence and identify overfitting or underfitting.
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3.3 Evaluation Metrics
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3.4 Validation

The trained model underwent evaluation on a validation set during training and was later tested

on a separate hold-out test set. Several measures were implemented to ensure robustness and

reliable performance:

• Monitoring Validation Loss: During training, validation loss was tracked to identify

potential overfitting, ensuring the model maintained generalization capability.

• ConfusionMatrixAnalysisAconfusionmatrix was utilized to assess themodel’s perfor-

mance in detecting mental health indicators. This tool provided insights into the model’s

strengths and weaknesses by breaking down true positives, false positives, true negatives,

and false negatives.

3.5 Reproducibility

In order to do the research, open-source tools such as Hugging Face Transformer and Python

are utilized.(Wolf et al., ) e.g. Scikit-learn and Pytorch. The methodology was carefully de-

signed with reproducibility in mind. To ensure other researchers can replicate the results, all

preprocessing scripts, training configurations, and evaluation metrics have been shared. This

transparency not only promotes collaboration but also strengthens the reliability and accessibil-

ity of the research findings.
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Chapter 4

Results

4.0.1 Training Performance

The DistilBERT(Sanh et al., ) model had very good training with great efficiency in process-

ing and accuracy in its performances across the different iterations. The performance improves

further because of the MentalBERT(Ji et al., ) model specialized for mental health-related texts.

Five-epoch training over both models allowed for good convergence, but it is visible that Men-

talBERT (Ji et al., )achieved slightly better stability in the training loss.

4.0.2 Validation Performance

During validation, DistilBERT(Sanh et al., ) demonstrated strong generalization capabilities

with an accuracy of 96.21%, reflecting its reliability in the task. MentalBERT(Ji et al., ), how-

ever, slightly outperformed it, MentalBERT had accuracy of 96.33%, An emphasis was placed

on the fact that it contributes to the construction of complex narratives around mental health.

Both of these models have some degree of validity loss, but MentalBERT(Ji et al., ) showed a

marginal advantage in recall, indicating better sensitivity in identifying relevant mental health

indicators.
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4.0.3 Quantitative Analysis

Metric DistilBERT (%) MentalBERT (%) BERTweet (%) Comparison
Accuracy 96.21 96.32 96.93 BERTweet highest
Precision 96.46 95.47 96.97 BERTweet highest
Recall 95.89 97.19 96.83 MentalBERT highest
F1-Score 96.17 96.32 96.90 BERTweet highest
Evaluation Loss 0.1218 0.1279 0.1047 BERTweet lowest

Table 4.1: DistilBERT, MentalBERT and BERTweet Models Performance for Comparison

4.0.4 Tracking Results

• Accuracy: It is estimated that these models are accurate 96% of the time, with BERTweet

coming out on top.

• Recall & Precision:The BERTweet Model was distinguished by its high Precison and

minimal number of false positives. In addition to having a strong recall, MentalBERT

discovered a greater number of true positives than false negatives.

• Evaluation Losses: As a result of BERTweet’s significantly lower rating loss, it is more

effective at disseminating new unseen information.

• F1-Scores: The performance of the three models was comparable, with BERTweet doing

marginally better.
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4.0.5 Training and Validation Loss

Figure 4.1: DistilBERT Loss Curves

Figure 4.2: MentalBERT Loss Curves
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Figure 4.3: BERTweet Loss Curves
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4.0.6 Visual Analysis

Figure 4.4: DistilBERT Confusion Matrix

Figure 4.5: MentalBERT Confusion Matrix
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Figure 4.6: BERTweet Confusion Matrix
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4.0.7 Results Summary

Figure 4.7: DistilBERT, MentalBERT and BERTweet’s Performance Metrics for Comparison

4.1 Discussion

• MentalBERT: This test has a high level of accuracy (97.19%), which helps identify

feelings of worry and depressionwhile also reducing the number of false negatives. While

it is more accurate than DistilBERT and BertWrite, it is (95.47%) less accurate than other

two.

• DistilBERT: The model was able to function successfully on fresh data and had fewer

false positives, as seen by its low evaluation loss (0.1218) and high accuracy (96.46%).

When compared to other models, the memory rate and F1 score are both significantly

lower.

• BERTweet: Outperformed both DistilBERT(Sanh et al., ) and MentalBERT in accuracy

(96.93%), precision (96.97%), and F1-score (96.90%). Additionally, it achieved the low-

est evaluation loss (0.1047), demonstrating excellent generalization and overall balanced

performance.

• Trade-offs: MentalBERT’s higher recall makes it ideal for applications prioritizing the

detection of true positives, such as early intervention for mental health. Meanwhile,

BERTweet offers the best overall balance of metrics, making it a strong candidate for

robust and accurate mental health monitoring.
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Chapter 5

Conclusion
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5.0.1 Recommendations for Future Work

Future research directions to improve the applicability and performance of models for detecting

mental health conditions include the following:

1. Multilingual Datasets: FTraining models on multilingual datasets could enhance global

relevance and inclusivity, addressing the diversity of linguistic expressions across cul-

tures.

2. FeaturesMultimodal: Understandingmental health difficulties and improving themodel’s

projections could be facilitated by the addition of images, videos, and user behavior.(P. Nguyen

& Lin, ).

3. DynamicThresholding: IUsing dynamic thresholds to balance precision and recall based

on the context, such as public health monitoring versus individual-level detection, could

improve practical utility.

4. Explainability(XAI): (XAI) explainable ai can improve model predictions, especially

for sensitive issues like mental health. (Doshi-Velez & Kim, ).

5. Real-Time Systems: DDeveloping systems capable of real-time monitoring would en-

able early identification and intervention formental health crises, making these toolsmore

impactful.

6. Cross-Domain Applications: Applying these methodologies to other social media plat-

forms, like Facebook or Reddit, could broaden the models’ scope and generalizability.
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5.0.2 Concluding Remarks

This study demonstrates that fine-tuned large languagemodels (LLMs) such asDistilBERT(Sanh

et al., ), MentalBERT(Ji et al., ), and BERTweet(D. Q. Nguyen et al., ) are capable of detecting

potential mental health disorders using Twitter data. The models showed exceptional perfor-

mance in terms of accuracy, recall, and F1-scores, making them highly reliable for real-world

applications. The research contributes valuable insights to the growing field of AI-drivenmental

health monitoring by offering a cost-effective and scalable approach. This enables early detec-

tion and timely interventions, which are critical for improving mental health outcomes. While

limitations persist—particularly in the language and modality constraints of the models—this

work lays a solid foundation for addressing these challenges in future studies. Ultimately, this

research highlights the transformative impact of LLMs on the evolution of mental health care.

By bridging gaps in current technologies, it represents a significant step toward fostering better

mental well-being through innovative AI solutions.
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