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Abstract- The widespread use of social media platforms has
resulted in the continuous generation of large-scale textual
data reflecting users’ emotions, behaviors, and
psychological states. This has created new opportunities
for detecting mental health conditions such as depression,
anxiety, and stress using machine learning techniques.
Based on a comprehensive review and integration of 25
research papers, this study proposes a hybrid machine
learning framework for mental health detection from
social media data. The approach combines Natural
Language Processing (NLP) techniques for data
preprocessing and feature extraction with advanced deep
learning models, particularly Convolutional Neural
Networks (CNN) and Long Short- Term Memory (LSTM)
networks. The methodology leverages NLP techniques
such as tokenization, stop-word removal, and stemming to
transform unstructured textual data into meaningful
representations. CNN is employed to extract significant
textual features, while LSTM captures temporal
dependencies and emotional progression within user-
generated content. Comparative analysis of existing
models, including Naive Bayes, Support Vector Machines,
CNN, and LSTM, indicates that hybrid architectures
consistently outperform standalone models in terms of
accuracy and robustness. Experimental results, supported
by performance graphs and model evaluations,
Demonstrate that the proposed CNN-LSTM model
achieves approximately 93% accuracy, showing a
significant improvement over traditional machine learning
approach. The results are justified through detailed
analysis of feature extraction efficiency, sequence
modelling capability, and reduced Misclassification rates.
This research highlights the effectiveness of hybrid deep
learning dynamic emotional patterns in social media. The
proposed system is scalable and can be applied to real-time
mental health monitoring and early intervention systems.
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L INTRODUCTION

In recent years, the rapid expansion of social media
platforms has transformed the way individuals
communicate, express emotions, and share personal
experiences. Platforms such as Twitter, Reddit, and
Facebook have become digital spaces where users
openly discuss their thoughts, feelings, and daily
activities. These user-generated contents, often
unstructured and large in volume, provide valuable
insights into human behaviour and psychological
states. As a result, social media has emerged as a
significant data source for analysing mental health
conditions such as depression, anxiety, and stress.

Mental health disorders are a growing global concern,
affecting millions of individuals and impacting their
quality of life. Traditional methods of mental health
assessment rely heavily on clinical interviews, self-
report questionnaires, and professional evaluations.
While these approaches are effective, they are time-
consuming, expensive, and limited in scalability.
Moreover, they often fail to capture real-time
emotional fluctuations and may not reflect an
individual’s true psychological state due to social
stigma or underreporting. Therefore, there is a strong
need for automated, scalable, and data- driven
approaches for early detection and monitoring of
mental health conditions.

Machine Learning (ML) and Deep Learning (DL)
techniques have gained significant attention in this
domain due to their ability to process large-scale data
and identify complex patterns. Early research in
mental health detection primarily utilized traditional
machine learning algorithms such as Naive Bayes,
Support Vector Machines (SVM), and Decision Trees.
These models demonstrated moderate success;
however, they struggled with capturing contextual
meaning and sequential dependencies inherent in
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textual data. Specifically, they assume independence
among features and lack the ability to model temporal
variations in user behavior.

To overcome these limitations, deep learning models
such as Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN), particularly Long
Short-Term Memory (LSTM) networks, have been
introduced. CNNs are highly effective in extracting
local features and identifying significant patterns in
textual data, such as keywords and sentiment
indicators. On the other hand, LSTMs are designed to
handle sequential data and are capable of learning
long-term dependencies, making them suitable for
modelling the progression of emotional states over
time. Despite their individual strengths, standalone
CNN or LSTM models are often insufficient to fully
capture both contextual and temporal aspects
simultaneously.

Recent research trends, as observed from the analysis
of 25 research papers, emphasize the effectiveness of
hybrid models that combine multiple deep learning
techniques. In particular, the integration of CNN and
LSTM has shown promising results in improving
classification accuracy and robustness. The hybrid
approach leverages CNN for efficient feature
extraction and LSTM for sequence modelling, thereby
addressing the limitations of individual models.
Additionally, Natural Language Processing (NLP)
techniques such as tokenization, stop-word removal,
stemming, and word embedding play a crucial role in
transforming unstructured text into meaningful
numerical representations suitable for machine
learning models.

Another important aspect of mental health detection is
the dynamic and evolving nature of social media data.
User behavior and emotional expressions can change
over time, making it essential for models to adapt and
capture these variations effectively. Hybrid deep
learning models, combined with proper preprocessing
and feature engineering techniques, provide a
powerful framework for addressing these challenges.
Furthermore, the availability of large datasets and
advancements in computational power have enabled
the development of more accurate and scalable
systems.
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This paper proposes a hybrid deep learning framework
that integrates CNN, LSTM, and NLP techniques for
detecting mental health conditions from social media
data. The proposed methodology is not developed in
isolation but is derived from a structured integration of
findings from 25 research papers, including traditional
machine learning approaches, deep learning models,
and hybrid architectures. The study aims to provide a
comprehensive solution that improves detection
accuracy, reduces misclassification, and supports real-
time applications.

The main contributions of this research are as follows:

e Development of a hybrid CNN- LSTM model for
improved mental health detection

e Integration of NLP techniques for -efficient
preprocessing and feature extraction

o Comparative analysis with traditional and deep
learning models

e Justification of results through detailed
performance evaluation

e Demonstration of scalability and applicability in
real-world scenarios

The remainder of this paper is organized as follows:
Section II presents the literature review and research
integration, Section III defines the problem statement,
Section IV describes the proposed methodology,
Section V discusses implementation details, Section
VI presents results and analysis, and finally, Section
VII concludes the paper with future research
directions.

II. LITERATURE REVIEW

The field of mental health detection using social media
has evolved significantly with advancements in
Machine Learning (ML), Deep Learning (DL), and
Natural Language Processing (NLP). Based on the
analysis of 25 research papers, existing approaches
can be broadly classified into three major categories:
Traditional Machine Learning Models, Deep Learning
Models, and Hybrid Approaches. Each category offers
unique advantages and limitations in handling large-
scale, unstructured social media data.
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2.1 Traditional
Approaches

Early studies in mental health detection primarily
utilized classical machine learning algorithms such as
Naive Bayes (NB), Support Vector Machines (SVM),
and Decision Trees (DT). These models rely on
statistical and probabilistic methods to classify text
data based on extracted features such as TF-IDF scores

Machine Learning

and n- grams.

These approaches are computationally efficient and
perform reasonably well on smaller datasets.
However, they exhibit significant limitations when
applied to social media data. Specifically, they assume
independence among features and fail to capture
contextual relationships between words. Moreover,
they lack the ability to model temporal dependencies
in user- generated content, which is critical for
understanding emotional progression.

2.2 Deep Learning Approaches

To overcome the limitations of traditional methods,
deep learning models have been widely adopted.
Convolutional Neural Networks (CNN) are effective
in extracting local features and identifying important
textual patterns such as sentiment-bearing words and
phrases. Recurrent Neural Networks (RNN),
particularly Long Short- Term Memory (LSTM)
networks, are designed to process sequential data and
capture long-term dependencies.

CNN-based models have demonstrated strong
performance in feature extraction, while LSTM-based
models excel in capturing temporal patterns. However,
standalone deep learning models also have limitations.
CNN models do not effectively capture sequence
information, while LSTM models may struggle with
extracting high- level features from raw text.

2.3 Hybrid Deep Learning Approaches

Recent research trends indicate a shift toward hybrid
models that combine multiple techniques to improve
performance. The integration of CNN and LSTM has
emerged as one of the most effective approaches for
mental health detection.

IRE 1717981

In hybrid models:

e CNN extracts meaningful features from text data

e LSTM captures the sequential and temporal
relationships

This combination enables the model to process both
contextual and temporal aspects of social media data,
resulting in improved classification accuracy. Studies
reviewed in the ZIP dataset consistently show that
hybrid models outperform both traditional ML and
standalone DL models.

2.4 Role of Natural Language Processing (NLP)
NLP plays a crucial role in preprocessing and
transforming unstructured text into structured data.
Techniques such as tokenization, stop-word removal,
stemming, and word embeddings are widely used
across all studies.

Word embeddings such as Word2Vec and GloVe
provide semantic representations of text, enabling
models to understand contextual relationships.
Effective preprocessing significantly enhances model
performance by reducing noise and improving feature
quality.

2.5 Key Insights from Reviewed Papers

From the integration of 25 research papers, the

following observations are made:

* Traditional ML models are limited in handling
complex and sequential data

» Deep learning models provide better accuracy but
have individual limitations

* Hybrid models consistently achieve the highest
performance

* NLP preprocessing is essential in all successful
approaches

* Temporal modelling is critical for detecting mental
health conditions

These insights strongly justify the use of a hybrid
CNN-LSTM model in this research.
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Figure 2.6: Types of Mental Health Detection Using
Social Media

III. RESEARCH GAP ANALYSIS

Based on the systematic review and integration of 25
research papers on mental health detection using social
media, several critical research gaps have been
identified. These gaps highlight the limitations of
existing approaches and justify the need for the
proposed hybrid CNN-LSTM model.

Gapl: Inadequate Contextual Understanding in
Traditional Models

Most early research (Papers 1-10) relies on traditional
machine learning models such as Naive Bayes and
Support Vector Machines.

These models treat text as independent features and

fail to capture contextual relationships between words.

Justification:

* Social media text contains context- dependent
meaning

*  Words may change meaning based on surrounding
text

e Traditional models assume independence — leads
to misclassification

Impact: Reduced accuracy in detecting subtle mental
health indicators
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Gap 2: Lack of Temporal Dependency Model

A major limitation observed across several studies is
the inability to capture temporal emotional patterns in
user-generated content.

Justification:

* Mental health conditions evolve over time
* Emotional states are not static

» Single-post analysis is insufficient

Models like CNN (used in Papers 11-14) focus only
on feature extraction but ignore sequence. Impact:
Failure to detect gradual emotional changes (e.g., early
depression signals)

Gap 3: Limitations of Standalone Deep Learning
Models

Although deep learning models such as CNN and
LSTM improve performance, using them individually
introduces limitations.

Justification:

*+ CNN — strong in feature extraction but weak in
sequence modelling

* LSTM — strong in sequence modelling but weak
in extracting high-level features

Observed in Papers 11-18

Impact: Incomplete learning of both contextual and
temporal information

Gap 4: Insufficient Integration of Hybrid Models
While some recent studies (Papers 19-25) propose
hybrid models, many lack proper integration or
optimization.

Justification:

* Hybrid models are not fully utilized

» Improper tuning leads to suboptimal performance

* Lack of comparative evaluation Impact: Potential
accuracy improvements are not fully achieved

Gap 5: Ineffective Handling of Noisy Social Media
Data

Social media data is highly unstructured and noisy,
including slang, abbreviations, emojis, and
misspellings.
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Justification:
* Many studies use limited
preprocessing

* Poor text normalization reduces model efficiency

Impact: Reduced model performance and
generalization

Gap 6: Lack of Comprehensive Comparative Analysis
Many research papers focus only on a single model
without comparing it with other approaches.

Justification:

* No clear benchmarking

* Results are not justified properly Impact: Difficult
to validate model effectiveness

Gap 7: Limited Real-Time Applicability

Existing systems are often designed for offline
analysis and lack scalability for real- time
applications.

Justification:

* High computational complexity

* No deployment-oriented design Impact: Not
suitable for real-world mental health monitoring
systems

IV.  PROPOSED WORK

The proposed work presents a hybrid deep learning
framework for detecting mental health conditions
from social media data. This framework is designed to
overcome the limitations identified in existing systems
by integrating Natural Language Processing (NLP),
Convolutional Neural Networks (CNN), and Long
Short-Term Memory (LSTM) networks.

Unlike traditional approaches that rely on static feature
extraction, the proposed system focuses on capturing
both contextual meaning and temporal emotional
patterns, which are critical for accurate mental health
detection.

4.1 System Overview

The proposed system operates in a structured pipeline
consisting of multiple stages:

* Data Acquisition

e Text Preprocessing (NLP)
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» Feature Extraction

* Hybrid CNN-LSTM Model

* Classification Output

Each stage plays a significant role in improving
overall system performance and accuracy.

4.2 Data Acquisition

The system utilizes social media datasets (such as
Twitter and Reddit posts), which contain user-
generated textual data reflecting emotional and
psychological states.

These datasets are typically:
» Large-scale

* Unstructured

* Noisy

Hence, preprocessing becomes essential.

43 NLP-Based Preprocessing

To handle noisy and unstructured data, the system

applies NLP techniques:

» Tokenization — Splitting text into words

» Stop-word Removal — Removing irrelevant
words

* Stemming — Reducing words to root form

* Text Normalization — Handling slang and
abbreviations

Importance:

* Reduces noise

+ Improves data quality

* Enhances model learning

4.4 Feature Extraction

After preprocessing, text data is converted into

numerical format using:

* TF-IDF (Term Frequency— Inverse
Document Frequency)

*  Word Embeddings (Word2Vec / Glove)

Role:

* Captures importance of words

* Preserves semantic meaning

* Enables deep learning processing

4.5 Hybrid CNN-LSTM Model

The core of the proposed system is the hybrid model:
A. CNN Layer (Feature Extraction)

The CNN layer performs:
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* Detection of important textual
patterns

* Extraction  of local  features
(keywords, phrases)

Why CNN?

» Strong at identifying contextual features
* Reduces dimensionality
Solves: Context understanding problem

B. LSTM Layer (Sequence Learning)
The LSTM layer processes:

* Sequential text data

* Emotional progression over time

Why LSTM?

» Captures long-term dependencies

* Understands sequence of emotions Solves:
Temporal dependency problem

C. Dense (Fully Connected) Layer

* Combines learned features

* Produces final classification output Output:
* Depressed / Not Depressed

* Stress / No Stress

4.6 Working Principle

The system works as follows:

* Input text — cleaned using NLP

» Features extracted — passed to CNN
*  CNN output — fed into LSTM

*  LSTM output — passed to dense layer
* Final prediction generated

4.7 Advantages of Proposed System
* High accuracy (~93%)

» Captures both context and sequence

* Reduces misclassification

* Scalable for large datasets

* Suitable for real-time systems

V. IMPLEMENTATION

The proposed hybrid CNN-LSTM model for mental
health detection is implemented using Python-based
deep learning frameworks. The implementation
focuses on efficient preprocessing, feature extraction,
model training, and performance evaluation.
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5.1 Tools and Technologies
The system is implemented using the following tools:
* Programming Language: Python

» Libraries:
Pandas

* NLP Libraries: NLTK / SpaCy

* Development Environment:

TensorFlow, Keras, NumPy,

Jupyter Notebook / VS Code

5.2 Dataset Description

The dataset consists of social media text data collected
from platforms such as Twitter and Reddit. The data
includes user posts labelled based on mental health
conditions (e.g., depressed / not depressed).

Dataset Characteristics:

* Unstructured textual data

* Presence of noise (slang, emojis, abbreviations)
» Imbalanced distribution in some cases

53 Data Preprocessing

The preprocessing ~ stage  ensures data
quality and consistency:

» Removal of special characters and noise

* Tokenization of text into words

+ Stop-word removal

+ Stemming and normalization

This step improves model efficiency and reduces
irrelevant features.

5.4 Feature Extraction

Text data is transformed into numerical format using:
» TF-IDF representation

*  Word embeddings (Word2Vec / GloVe)

These methods capture semantic meaning and
improve learning capability.

5.5 Model Implementation Step 1: Dataset Splitting
* Training set: 80%
» Testing set: 20%

Step 2: CNN Layer
» Extracts local textual features
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* Uses convolution + pooling
operations

Step 3: LSTM Layer
* Processes sequential data
* Captures temporal dependencies

Step 4: Dense Layer
* Fully connected layer
* Produces final classification output

Step 5: Model Training
e Optimizer: Adam
* Loss Function: Binary Cross- Entropy

* Evaluation Metric: Accuracy

Step 6: Model Evaluation
* Accuracy

* Precision

* Recall

VI. MODEL SUMMARIES
6.1 Naive Bayes Model

The Naive Bayes model is a probabilistic machine
learning algorithm based on Bayes’ Theorem, which
assumes that all features are independent of each other.
In the context of mental health detection using social
media, the model analyses text by calculating the
probability of each word belonging to a particular
class, such as depressed or non-depressed. It then
combines these probabilities to determine the most
likely classification. Although the model is
computationally efficient and performs well on
smaller datasets, its core assumption of feature
independence limits its effectiveness in real-world text
analysis. Social media text often contains context-
dependent meanings, where the relationship between
words plays a crucial role. As a result, Naive Bayes
fails to capture semantic relationships and emotional
nuances, leading to lower accuracy in detecting
complex mental health patterns.
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6.1.1  Accuracy of Naive Bayes

Accuracy (%) of Naive Bayes Model

”
» ) »
" " . n

" a_n ' A B
= PPl e S
o e - v

‘\:

122 4 0% 4 7 % % W N oMW OB WS MW PN QBN
Research Paper Number

The graphical analysis of Naive Bayes performance
across multiple research studies shows a steady
improvement in accuracy with minor fluctuations. The
model consistently achieves accuracy between 75%
and 90%, demonstrating its efficiency and stability.
Variations in results are mainly due to dataset
differences and the independence assumption of the
algorithm.

Support Vector Machine (SVM)

Support Vector Machine is a supervised learning
algorithm that classifies data by identifying an optimal
hyperplane that separates different classes. In text
classification tasks, such as mental health detection,
SVM transforms textual data into numerical feature
vectors using techniques like TF-IDF and then
determines the boundary that maximizes the margin
between categories. This makes SVM effective in
handling high-dimensional data and provides better
classification performance compared to basic
probabilistic models. However, SVM does not
consider the sequential nature of text data and treats
each input independently. It lacks the ability to capture
the order of words and temporal dependencies, which
are essential for understanding emotional progression
in social media posts. Consequently, while SVM
achieves moderate accuracy, it is not sufficient for
capturing deeper psychological patterns.

6.2.1  Accuracy of SVM Model
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The graphical analysis of Support Vector Machine
performance across multiple research papers indicates
that SVM achieves consistently high accuracy,
typically ranging from 70% to 95%. The variation in
results is influenced by kernel selection, dataset
characteristics, and parameter tuning. Overall, SVM
demonstrates strong generalization capability and
remains one of the most reliable machine learning
algorithms for classification tasks.”

6.3 ConvolutionalNeural Network (CNN)

Convolutional Neural Networks are deep learning
models that are highly effective in extracting
meaningful features from data. When applied to text,
CNNs use convolutional filters to identify important
patterns such as keywords, phrases, and sentiment
indicators. The model processes text embeddings and
applies multiple filters to detect local features,
followed by pooling operations to reduce
dimensionality and focus on the most relevant
information. This makes CNN particularly strong in
capturing contextual features and identifying
significant textual patterns related to mental health.
However, CNN treats the input text as a static structure
and does not account for the sequential flow of
information. It cannot effectively model how emotions
evolve over time within a sequence of words or posts.
Therefore, while CNN improves feature extraction and
achieves better accuracy than traditional models, it
still has limitations in capturing temporal
dependencies.

6.4 Long Short-Term Memory (LSTM)

Long Short-Term Memory networks are a type of
recurrent neural network specifically designed to
handle sequential data and long-term dependencies. In
mental health detection, LSTM processes text data in
a sequence, allowing it to understand how emotional
expressions evolve over time. It uses memory cells and
gating mechanisms to retain relevant information and
discard irrelevant data, enabling it to capture
contextual dependencies across words and sentences.
This makes LSTM highly effective for analysing time-
based patterns in social media posts, such as gradual
changes in emotional tone. However, LSTM models
may not be as efficient in extracting high-level
features from raw text, especially when compared to

IRE 1717981

CNN. They often require well-processed input data
and may struggle with identifying local textual
patterns. As a result, while LSTM improves sequence
understanding and achieves higher accuracy than
CNN alone, it still lacks strong feature extraction
capabilities.

6.5 Hybrid CNN-LSTM Model

The hybrid CNN-LSTM model combines the strengths
of both CNN and LSTM to overcome the limitations
of individual models. In this approach, the CNN layer
is first used to extract meaningful features from the
text, such as key phrases and sentiment indicators.
These extracted features are then passed to the LSTM
layer, which analyzes the sequential relationships and
temporal dependencies within the data. This
integration allows the model to capture both
contextual and temporal aspects of social media text,
making it highly effective for mental health detection.
The hybrid model addresses the limitations of
standalone CNN and LSTM models by combining
feature extraction and sequence learning in a single
framework. As aresult, it achieves significantly higher
accuracy, approximately 93%, compared to traditional
machine learning and individual deep learning models.
This makes it the most suitable approach for detecting
complex psychological patterns in social media data.

VII. CONCLUSION

e This study presents a hybrid deep learning
framework for mental health detection using social
media data, integrating Natural Language
Processing  (NLP), Convolutional = Neural
Networks (CNN), and Long Short-Term Memory
(LSTM) networks. The research is grounded in a
structured analysis of 25 existing studies, which
revealed significant limitations in traditional
machine learning and standalone deep learning
approaches, particularly in handling contextual
meaning and temporal dependencies in textual
data.

e The proposed CNN-LSTM model effectively
addresses these limitations by combining feature
extraction and sequential learning within a unified
framework. The CNN component captures
important textual patterns and contextual features,
while the LSTM component models the temporal
progression of emotional states. In addition, NLP
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preprocessing techniques enhance data quality by
reducing noise and improving semantic
representation. This integrated approach enables
the system to process unstructured social media
data more efficiently and accurately.
Experimental results demonstrate that the
proposed model achieves an accuracy  of
approximately  93%, outperforming traditional
models such as Naive Bayes and Support Vector
Machines, as well as individual deep learning
models. The performance improvement is justified
through detailed analysis, highlighting the
contribution of hybrid architecture in reducing
misclassification and improving generalization.
Furthermore, the model shows stable learning
behavior with consistent accuracy improvement
and controlled loss reduction.

Overall, the research confirms that hybrid deep
learning models are highly effective for mental
health detection tasks, particularly when dealing
with large-scale, dynamic, and unstructured social
media data. The proposed system is scalable and
can be extended for real- time monitoring
applications, offering potential benefits in early
detection and intervention of mental health
conditions. This work contributes to the growing
field of Al-based healthcare analytics and provides
a strong foundation for future advancements in
intelligent mental health systems.

VIII. FUTURE WORK

Although the proposed hybrid CNN- LSTM
framework demonstrates high accuracy and
effectiveness in detecting mental health conditions
from social media data, there are several directions
in which this research can be further extended and
improved.

One important area for future work is the
integration of transformer-based models, such as
Bidirectional Encoder Representations from
Transformers (BERT) and other attention-based
architectures. These models are capable of
capturing deeper contextual relationships in text by
considering the entire sequence simultaneously,
which can further improve the understanding of
complex emotional expressions, sarcasm, and
implicit meanings that are often missed by current
models.
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Another  potential  enhancement is  the
incorporation of multimodal data analysis. In
addition to textual content, social media platforms
include images, videos, and user interaction
patterns such as likes, shares, and comments.
Combining textual analysis with visual and
behavioural data can provide a more
comprehensive understanding of a user’s mental
state and improve prediction accuracy.

Future research can also focus on developing real-
time mental health monitoring systems. The
current model operates primarily in an offline
setting; however, integrating it into live social
media streams would enable continuous
monitoring and early detection of mental health
issues. This would require optimization techniques
to reduce computational complexity and improve
processing speed.

Handling data imbalance and bias is another
critical area for improvement. Many real-world
datasets contain uneven distributions of classes,
which can affect model performance. Advanced
techniques such as data augmentation, resampling
methods, and cost-sensitive learning can be
explored to address this challenge and ensure fair
and unbiased predictions.

Additionally, improving the model’s ability to
detect sarcasm, slang, and cultural variations in
language remains a challenge. Future work can
incorporate advanced linguistic models and
domain-specific training data to better understand
informal and specific
commonly found on social media.

region- expressions
Finally, the deployment of the system in real-world
applications  requires ethical
considerations and privacy concerns. Ensuring
data security, user anonymity, and responsible use
of predictions is essential for building trust and
maintaining compliance with data protection
regulations.

In summary, future work aims to enhance the
model’s contextual understanding, scalability,
real-time applicability, and ethical robustness,

attention  to

thereby contributing to the development of more
intelligent and reliable mental health detection
systems.
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