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Abstract - Depression is a critical mental health
disorder affecting millions of individuals worldwide,
often remaining undiagnosed due to limitations in
traditional clinical assessment methods. With the rapid
growth of social media platforms, large volumes of user-
generated textual data provide an opportunity for early
detection of depressive behavior. This study proposes an
intelligent transfer learning-based approach using BERT
Base Uncased for depression identification from social
media text. The model leverages deep contextualized
embeddings to capture semantic and linguistic patterns
associated with depressive expressions. The proposed
system includes data preprocessing, tokenization, model
fine-tuning, and evaluation phases. Experiments were
conducted on a benchmark dataset containing 7,731
social comments, achieving competitive
performance in terms of accuracy, precision, recall, and
F1-score. Comparative analysis demonstrates that the
BERT-based model outperforms traditional and
conventional deep learning approaches in handling
complex textual patterns. The results highlight the
effectiveness of transformer-based models for early and
reliable depression detection. Future work aims to
incorporate multimodal data such as images and voice
to further enhance prediction accuracy and robustness.
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1. INTRODUCTION

Depression is a sizeable mental contamination that impacts
hundreds of thousands of people around the sector.
Depression is characterised through loss of hobby, longer
unhappiness, and numerous emotional and bodily problems
that have an effect on each day functioning and exceptional
of existence consistent with the WHO [1], one of eight people
in the world suffer from all types of intellectual disease, and
the most of the populace is unable to utilize powerful cures.

Techniques traditionally used to diagnose despair
encompass clinical tests and questionnaires stuffed by
means of patients whose patients are met, as questions are
usually now not looking for help, rather than the entire
individual affected by depressive signs and symptoms. With
the arrival of numerous social media websites, along with X
(formerly Twitter), Instagram, Reddit, fb, and greater, we've
opened the streets to locate human conduct and moods in
actual time. People often share their ideas, feelings and
matters they do in this social media platform each day and
generate big statistics which could show statistics about
their intellectual contamination. As an end result, the
concept of using social media facts to recognize melancholy
has come to be famous. The machine learning and Deep
Learning techniques have proven to be extremely promising
in regions along with natural language processing (NLP),
predictive analytics, and photo recognition. The advanced
technologies can predict consequences very appropriately
via reading big amounts of unstructured statistics and
shooting hidden patterns. When figuring out depression the
usage of social media posts, ML and DL models can be
educated to perceive verbal data, behavioural styles, and
other signs of melancholy symptoms. Wald (RF) [7], [8], [9].
These early methods established the capability of MLS on
this area, however have been often restrained by using the
variety and complexity of human language. There are
awesome advances in the creation of deep mastering models.
To extract information from text, researchers used
complicated fashions along with the repeating neural
network (RNNS), [11], [12] and folding community (CNNS)
[13] [15] [16]. This discipline included multimodal
information [17], [18], [19] to file further enhancements,
combining text, images and user conduct to provide a more
whole information of the user's intellectual country.
Advances in learning transmission and growing overstated
language fashions have enabled a greater green and
powerful depression detection gadget. Our paper represent
the work would include having performance evaluation with
a balanced dataset as well as include more deep learning
models and incorporating advanced pre-trained word
embedding’s using GloVe and BERT to extract features

2. RELATED WORK

Recent studies have explored a variety of machine learning
and deep learning techniques for depression detection using
social media data. In study [20], an innovative BERT-RF
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feature engineering approach was introduced, combining
contextualized embeddings with probabilistic features to
enhance textual representation. Similarly, study [21]
proposed a hybrid deep learning model integrating CNN and
LSTM architectures, further improved through a Two-State
LSTM (TS-LSTM) with an attention mechanism. This model
demonstrated strong performance, achieving high accuracy,
precision, recall, and F1-score. However, its limitations
include reduced effectiveness on long text sequences and
lack of integration with advanced pre-trained models such as
ELMo and BERT.

In study [22], depression intensity classification was
performed using a labeled Twitter dataset, where multiple
transformer-based lightweight models were evaluated. The
ESG model outperformed others, including DistilBERT,
achieving an F1-score of 89% with reduced training time.
Nonetheless, the model’s applicability is limited to short-text
data such as tweets, indicating the need for training on more
diverse datasets like Reddit to improve generalization.

A hybrid machine learning framework named D2X was
proposed in study [23], utilizing sentiment analysis on social
media platform X (Twitter) data. The model integrates
Support Vector Machine (SVM) and Random Forest
techniques to process multimodal inputs such as text,
emoticons, and images. Despite its effectiveness, challenges
remain in handling heterogeneous data types and addressing
cultural and linguistic biases, as the dataset is limited to Thai
language content.

In study [24], a deep learning architecture combining CNN
and BiLSTM with an attention mechanism (CBA) was
introduced and evaluated on the CLEF2017 dataset. The
model achieved superior performance compared to existing
approaches. However, the study highlights the need for
balanced datasets, inclusion of additional deep learning
models, and the integration of advanced embeddings such as
GloVe and BERT to further enhance performance.

Study [25] proposed a novel framework leveraging fastText
embeddings, TF-IDF features, and XGBoost classifier to
distinguish between depression and suicidal content on
Reddit. While the approach improved classification accuracy
and contextual understanding, it lacks the incorporation of
diverse emotional features and multiclass classification for
varying depression intensities.

Finally, study [26] presented an attention-based BiLSTM-
CNN model for detecting depressive content in Bangla social
media text. The model achieved high accuracy and
demonstrated cross-lingual effectiveness when applied to
English data. However, limitations include higher false-
positive rates and the need for more diverse datasets,
particularly for low-resource languages.

Overall, existing research highlights the effectiveness of
hybrid and transformer-based models in depression
detection. However, challenges such as handling long-text
data, dataset diversity, cross-lingual adaptability, and
incorporation of advanced contextual embeddings remain
open for further investigation.

3. METHODOLOGY

This section outlines the generic architecture of a depression
detection system, detailing each component involved in the
process, from data acquisition to evaluation. The
architecture of the proposed model is shown below in figure
below:

Data Acquisition

(Kaggle Dataset)

!

Data Pre-processing
Text Cleaning Stop Words Removal
Normalization Tokenization
Feature Extraction
TF-IDF Word2Vec
Glove BERT
Deep Learning Models
RN LSTM
GFU BERT
Evaluation Metrics
Accuracy Precision
Recall F1-Score

Fig-1: System architecture

BERT Base Uncased is a transformer-based NLP model that
understands word context by analyzing both left and right
surroundings (bidirectional learning). Itis a smaller, efficient
version of BERT with 12 layers, 768 hidden units, 12
attention heads, and about 110 million parameters. The
“uncased” variant ignores capitalization, treating words like
“apple” and “Apple” as the same, making it suitable for tasks
where case sensitivity isn’t important.

It is pre-trained on large text datasets (Books Corpus and
Wikipedia) using two key objectives:

e Masked Language Modeling (MLM): Predicts
missing words in a sentence.

e Next Sentence Prediction (NSP): Determines if
two sentences logically follow each other.
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This pre-training allows BERT Base Uncased to perform
effectively across various NLP tasks such as text
classification, question answering, and sentiment analysis.

Basic steps for proposed BERT model includes following:

e Initialize Model
Load BERT Base Uncased model and tokenizer.

e Preprocess Text
Tokenize input, add [CLS] and [SEP], convert to token
IDs, apply padding, and create attention masks.

e Convert to Tensors
Prepare input IDs and attention masks as model
inputs.

¢ Fine-Tune Model (Optional)
Train on labeled data using a suitable loss function
and optimizer.

e Run Inference
Pass processed input through the model to obtain
logits.

e Generate Predictions
Apply SoftMax/Sigmoid and select output labels (or
spans for QA, token labels for NER).

e Post-Process Output
Convert predictions into readable format (labels,
entities, or answers).

e Evaluate
Measure performance using accuracy, precision,
recall, and F1-score.

4. RESULT

The datasets were considered from Kaggle. This dataset has
7731 comments from social media platforms in which 3900
comments are not depressed while 3831 comments are
depressed represented by 0 and 1 respectively. Distribution
of classes in dataset is shown below:

Distribution of Classes
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Fig-2: Class distribution
Confusion matrix for proposed model is shown below:
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Fig-3: Confusion matrix

Testing accuracy is shown below:

- Test Accuracy: 8.9818

precision  recall fl-score  support

8 0.931 1.080 6.9812 575
1 1.0098 0.9624  0.9803 585

accuracy 0.92318 1168
macro avg  0.9816  0.9812  0.9816 1168
ueighted avg  8.9817  @.0818  9.9818 1168

Fig-4: Classification report

Chart below represents evaluation of accuracy for
proposed model with many existing models:

Chart-1: Accuracy comparison
Comparison charé6t for precision is shown below:

Accuracy in %

9586 97.76 9534 97.76 98.1
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Chart-2: Precision comparison
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5. CONCLUSIONS

This work focuses on developing accurate models for early
depression detection using NLP techniques. We conducted a
comparative study of various RNNs and Transfer models
variants with social media text data, finding that they all
performed similarly in accuracy. However, the BERT model
variant showed slight advantages in handling large datasets
and complex phrases. Notably, Bidirectional LSTM and GRU
models slightly outperformed their unidirectional
counterparts, indicating that all NLP tasks require
bidirectional analysis. From this work, we can safely
conclude that this work contributes to more reliable and
accurate depression diagnosis models through NLP
techniques, with practical applications for mental health
support. In future, we plan to integrate multimodal data,
such as images and voice, to create more comprehensive and
accurate models for early depression detection
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