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Abstract: Depression is a serious mental health
disorder that affects millions of people worldwide
and has become a major public health concern.
Early diagnosis and timely intervention are
essential to prevent severe consequences such as
social isolation, reduced quality of life, and suicide.
With the increasing popularity of social media
platforms such as Twitter, Reddit, Facebook, and
Instagram, users frequently express their thoughts,
emotions, and daily experiences online. These
digital footprints provide valuable insights into
their psychological conditions. Consequently,
Machine Learning (ML) and Deep Learning (DL)
techniques have emerged as powerful tools for
automatically analyzing social media data and
identifying patterns associated with depression,
enabling large-scale and non-invasive mental health
monitoring. This paper presents a deep learning
based approach for depression detection which is
shown to attain improved classification accuracy
compared to existing work in the domain.

Keywords: Deep Learning, Social Media Data,
Depression Machine Learning, Deep Learning,
Sentiment Extraction, Classification Accuracy.

I. INTRODUCTION
Conventional diagnostic approaches mainly depend on
clinical interviews and self-reported questionnaires,
which are often expensive, time-consuming, and
limited by the reluctance of individuals to seek
professional help. Machine Learning and Deep
Learning models have numerous applications in
depression detection and mental healthcare. They can
be used for early identification of individuals
exhibiting depressive symptoms by analyzing textual
content, posting frequency, user interactions, and
sentiment patterns [1]. Such systems assist healthcare
professionals in screening large populations and
prioritizing  high-risk  individuals for further
evaluation. Social media-based depression detection
can also support personalized treatment plans by
monitoring changes in emotional states over time.

Furthermore, these intelligent systems can be
integrated into mental health chatbots, telemedicine
platforms, and mobile applications to provide
continuous psychological support and
recommendations [2].

How Widespread Are Stress,
Depression and Anxiety?
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Fig.1. Country wide Depression Statistics

(Source:
https://www.statista.com/chart/24978/share-of-
respondents-having-experienced-mental-health-
problems-during-the-past-year/)

Public health organizations can utilize aggregated
information from these models to understand mental
health trends and formulate appropriate awareness
programs and intervention strategies [3].

Fig.2 Gender wise depression statistics
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(Source:
https://www.cdc.gov/nchs/products/databriefs/db52
7.htm)

Displacement is a psychologically stressful event. The
displaced individuals may be subject to stressful
events such as torture, rape, assassination, and even
ethnic cleansing in their home countries and
throughout their journey. Displaced survivors who
experienced multiple war events perceived multiple
negative effects of war on their life domains related to
individuals who lived in war areas. Considering the
effects, displacement may be accepted as a public
health problem and a type of disaster, as it may lead to
loss of resources, economic uncertainty, absence of
health services and  education,
compensation for fundamental human requirements,
and disintegration of public structure [4]

insouciant

Women were more likely than men to experience
symptoms of depression across all severity levels.
While there was no significant trend by age among
adults experiencing severe symptoms of depression,
adults aged 18-29 and those aged 65 and over were
most likely to experience mild symptoms of
depression. A higher percentage of adults aged 45-64
experienced moderate symptoms of depression
compared with those aged 30—44 and 65 and over.
Adults aged 18-29 were as likely to experience
moderate symptoms of depression as those aged 45—
64, but the observed differences with the other age
groups were not significant. Non-Hispanic white and
non-Hispanic black adults were most likely to
experience mild symptoms of depression, compared
with Hispanic and non-Hispanic Asian adults. Non-
Hispanic Asian adults were least likely to experience
mild, moderate, or severe symptoms of depression,
compared with Hispanic, non-Hispanic white, and
non-Hispanic black adults [5].

II. ROLE OF ML & DEEP LEARNING MODELS
FOR DEPRESSION DETECITON

Various Machine Learning and Deep Learning models
have been proposed for depression detection from
social media data. Traditional Machine Learning
approaches such as Logistic Regression, Naive Bayes,
Decision Trees, Support Vector Machines (SVM),
Random Forests, and Gradient Boosting algorithms
rely on handcrafted features extracted from text,
including term frequency, sentiment scores, and

linguistic characteristics [6]. Although these methods
have demonstrated satisfactory performance, their
effectiveness is highly dependent on feature
engineering [7]. Recent advancements in Deep
Learning have significantly improved detection
accuracy through automatic feature extraction. Models
such as Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), Long Short-Term
Memory (LSTM) networks, Bidirectional LSTMs,
Gated Recurrent Units (GRUs), and attention-based
architectures have been extensively employed for
sequential text analysis. More recently, transformer-
based models including BERT, RoBERTa,
DistilBERT, XLNet, and GPT-based frameworks have
achieved state-of-the-art results by capturing
contextual and semantic relationships within textual
data. Hybrid models combining deep neural networks
with sentiment analysis and psychological features
have further enhanced prediction performance [8].

Despite their promising capabilities, Machine
Learning and Deep Learning models for depression
detection face several challenges. Social media data
are highly unstructured, noisy, and characterized by
slang, abbreviations, emojis, and multilingual
expressions, making feature extraction and
interpretation difficult. The availability of labeled
datasets is limited, and class imbalance often affects
model performance. Privacy and ethical concerns
represent another significant challenge, as the analysis
of personal social media content raises issues related
to user consent and data security. Moreover,
depression manifests differently across individuals and
cultures, making generalization across diverse
populations difficult [9]. Deep Learning models also
require large datasets and substantial computational
resources for training. Another important challenge is
the lack of explainability in complex neural networks,
which limits their acceptance in clinical environments
where transparency and interpretability are essential.
Therefore, future research should focus on developing
explainable, privacy-preserving, and multimodal
frameworks capable of accurately detecting depression
while ensuring ethical and reliable deployment [10].

III. SUMMARY OF PREVIOUS WORK

This section presents the noteworthy contribution in
the domain of research.

Thekkekara et al. [11] proposed a deep learning
architecture with an attention mechanism on CNN-
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BiLSTM (CBA) and provide a comparative analysis to
benchmark well-known deep learning models using
the public dataset namely CLEF2017. Authors found
that along with F1 score, precision and recall it is also
vital to consider the Area under the curve - Receiver
operating characteristic curve (AUC-ROC) and
Mathews Correlation Coefficient (MCC) metrics for
evaluating depression classification models since the
MCC considers all the four values of a confusion
matrix. Based on our experiments, the CBA model
outperforms the existing state of the art model with an
overall accuracy of 96.71% and scores of 0.85 and
0.77 for AUC-ROC and MCC, respectively.

Marriwala et al. [12] proposed the CNN and bi-
LSTM models separately for depression detection. It is
also observed that Bi-LSTM has better learning rate as
compared to other models with accuracy 88% and
validation accuracy 78%. There are some parameters
such as precision, Fl-score, recall and support are
found for evaluation of models. In results, graphs for
training loss, validation loss, training accuracy and
validation accuracy are plotted. At last, by using
confusion matrix depression can be detected for
textual CNN Model, audio CNN model, LSTM model
and Bi-LSTM against true label and predicted label.

Uddin et al. [13] employed recurrent neural networks,
particularly LSTM models, to identify depressive
symptoms from large-scale social media text. Their
model achieved an accuracy of 84.2% and an F1-score
of 0.83, demonstrating the ability of sequential deep
learning models to capture long-term linguistic
dependencies.

Trotzek et al. [14] analyzed Reddit posts using CNN
and LSTM architectures with pretrained word
embeddings. Their best-performing CNN model
achieved an Fl-score of 0.86 and an AUC of 0.88,
outperforming traditional machine learning classifiers.

Chiong et al. [15] proposed an ensemble of machine
learning classifiers including SVM and Random Forest
for depression detection, reporting an accuracy of
79.6% and highlighting the effectiveness of linguistic
and sentiment-based features.

Yang et al. [16] utilized BERT-based contextual
embeddings for depression classification on Twitter
data. Their transformer-based model achieved an
accuracy of 87.9% and an AUC of 0.91, showing
strong semantic modeling capabilities.

Khan et al. [17] compared classical ML models with
deep neural networks on multilingual social media
datasets. The BiLSTM model achieved an F1-score of
0.85, significantly outperforming Naive Bayes and
logistic regression.

Shen et al. [18] introduced an attention-based
BiLSTM framework that improved interpretability
while achieving an accuracy of 88.3% and F1-score of
0.87.

Kumar [19] proposed a hybrid deep learning
framework combining CNN and LSTM architectures.
The model achieved 89.1% accuracy and an F1-score
of 0.88, demonstrating robust feature extraction.

Zhang et al. [20] employed RoBERTa for depression
detection and reported an AUC of 0.93 and F1-score
of 0.90, highlighting the superiority of transformer-
based architectures.

Qasim et al. [21] focused on detecting depression
severity levels using transformer models. Their
approach achieved a macro Fl-score of 0.82 across
multiple severity classes.

Kim et al. [22] investigated LLM-derived embeddings
for interpretable depression detection, achieving an
accuracy of 86.5% and AUC of 0.89.

IV. PROPOSED APPROACH: CONTEXTUAAL
DEEP LEARNING

The proposed approach is presented next. One of the
major challenges in contextual semantic analysis for
depression deteciton is the contextual analysis of data.
The different aspects are discussed subsequently:

2.1 Contextual Analysis

It is often difficult to estimate the context in which the
statements are made. Words in textual data such as
tweets can be used in different contexts leading to
completely divergent meanings [23].

2.2 Frequency Analysis

Often words in textual data (for example tweets) are
repeated such as

##1 feel so so so happy today!!

In this case, the repetition of the word is used to
emphasize upon the importance of the word. In other
words, it increases to its weight. However, such rules
are not explicit and do not follow any regular
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mathematical formulation because of which it is often
difficult to get to the actuality of the tweet.

2.3 Converting textual data into numerically
weighted data

The biggest challenge in using an neural network
based classifier is the fact that the any deep learning
structure with a training algorithm doesn’t work upon
textual data directly to find some pattern. It needs to be
fed with numerical substitutes. Hence it becomes
mandatory to replace the textual information with
numerical information so as to facilitate the learning
process of the neural network [24].

The system requires training for the given categories
[9]. Subsequently, the neural network model needs to
act as an effective classifier. The major challenges
here the fact that sentiment relevant data vary
significantly in their parameter values due to the fact
that the parameters for each building is different and
hence it becomes extremely difficult for the designed
neural network to find a relation among such highly
fluctuating parameters. Generally, the Artificial Neural
Networks model’s accuracy depends on the training
phase to solve new problems, since the Artificial
Neural Networks is an information processing
paradigm that learns from its environment to adjust its
weights through an iterative process [25].
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Fig.3 The deep learning structure

The deep learning structure is depicted in figure 3 and
it is basically a cascade of stacked neural networks.
Multiple hidden layers facilitate the analysis of
complex data [26].

Deep learning models do have the capability to extract
meaning form large and verbose datasets by finding
patterns between the inputs and targets. Since neural
nets directly process numeric data sets, the processing
of data is done prior to training a neural network. The
texts are first split into training and testing data
samples in the ratio of 70:30 for training and testing.

Further, a data vector containing known and
commonly repeated spam and ham words is prepared.
Text normalization is followed by removal of special
characters and punctuation marks. The cascading
weight flow is presented as [27]:

a" = @p(Pn-1- . @1{wp+b}) (1

Here,

W is the weight

b is the bias

a is the input to the final nth layer
¢ is the activation function

The proposed approach is mathematically modelled as:

The prepared data vector for training is used for
training wherein the weights are initialized randomly.
A stepwise implementation is done as:

1. Prepare two arrays, one is input and hidden unit and
the second is output unit.

Here, a two dimensional array W;; is used as the weigt
updating vector and output is a one dimensional array
Y.

3. Original weights are random values put inside the
arrays after that the output [28]

xXj = 2i=oYiWyj 2
Where,
yi is the activity level of the j™ unit in the previous
layer and
W;; is the weightof the connection between the it and
the j™ unit.

4. Next, activation is invoked by the sigmoid function
applied to the total weighted input.
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Summing all the output units have been determined,
the network calculates the error (E).

1
E=2 %y —d)? C))
Where, y; is the event level of the j™ unit in the top
layer and d; is the preferred output of the j; unit.

Implementing Back Prop:

Calculation of error for the back propagation algorithm
is as follows:

Error Derivative (E4;) is the modification among the
real and desired target [29]:

J0E

Here,
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E represents the error
y represents the Target vector
d represents the predicted output

Error Variations is total input received by an output
changed given by:

OE _ 0E  dy;
El; = X 0_y]-Xd_j =EA;yi(1-yi) (6)

X;

Here,

E is the error vector

X is the input vector for training the neural network

In Error Fluctuations calculation connection into
output unit is computed as:

_ 0B _0FE _ 0% _ py
EWij = aw;; = ax; = aw,; = EI]yl (7)

Here,

W represents the weights

I represents the Identity matrix

I and j represent the two dimensional weight vector
indices

Overall Influence of the error:

_dE _ « OE ,0xj
EA; = 5= Y5 XS =, ELW,  (8)

The partial derivative of the Error with respect to the
weight represents the error swing for the system while

training. The gradient is computed as:

9=5 ©)

ow
Here,

g represents the gradient
e represents the error of each iteration
w represents the weights.

The gradient is considered as the objective function to
be reduced in each iteration. A probabilistic
classification using the Bayes theorem of conditional
probability is given by [30]:

o PE)ean
P(-""
Here,

Posterior Probability [P (H/X)] is the probability of
occurrence of event H when X has already occurred
Prior Probability [P (H)] is the individual probability
of event H

X is termed as the tuple and H is is termed as the
hypothesis.

Here, [P (H/X)] denotes the probability of occurrence
of event X when H has already occurred.

The classification accuracy is measured based on:

1. True Positive (TP): It is indicative of
the true or correct cases of the data to be in a
particular class.

2. True Negative (TN): It is indicative
of the true or correct cases of the data not to be
in a particular class.

3. False Positive (FP): It is indicative of
the false or incorrect cases of the data to be in
a particular class.

4. False Negative (FN): It is indicative
of the false or incorrect cases of the data not to
be in a particular class.

Accuracy (Ac): It is an indicative of the accuracy of
classification of the algorithm for data classification.

Mathematically its defined as:
TP+TN
¢ TP+TN+FP+FN an

Higher classification accuracy is desirable for practical
utility of a model.

V. EXPERIMENTAL RESULTS
The experimental results are presented next:

Tokenization:

The proposed system utilizes the textual data in the
form of tweets to be analyzed based on positive,
negative and neutral tokens to be represented by -1, 0
and 1 respectively. Subsequently, the number of
tokens with polarity is also fed to the neural network
as a training parameter.

Morig hond T e widching Do larnat pore

why oy Fight that's Cancolled Figvded dedy

2y 1o take back | bams apdated version sy Ydrve &' 2l good

Tere's pooge st dridng (o pasked rest e ek ok ride?

Fig.4 Raw Data

Figure 4 presents the raw data
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Fig.5 Positive Tokens

Figure 5 presents the positive tokens.
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Fig.6 Negative Tokens

Figure 6 presents the negative tokens.
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Fig.7 Training Progress

Figure 7 presents the training progress of the model.

-Contusion Matrix
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Fig. 8 Confusion Matrix
Figure 8 presents the confusion matrix.

The classification accuracy is computed as:

A ) TP + TN
ccuracy = TP +TN + FP + FN
351+290+327 X 100 = 96.90%
351+290+327+9+10+10

Table 1. Summary of Results

Parameter Value

ML category Deep Learning
Iterations 18

Error 3.10

Accuracy 96.90
(Proposed Work)

Accuracy 78% CNN
(Previous Work) 71% Bi-LSTM

A summary of results is presented in Table 1 which
clearly indicates the superior performance of the
proposed approach compared to existing work in the
domain.

Conclusion:

It can be concluded that the growing prevalence of
depression and the widespread use of social media
have created an urgent need for intelligent and
automated depression detection systems. Machine
Learning and Deep Learning models offer
significant advantages in extracting meaningful
patterns from large volumes of social media data,
enabling early diagnosis and continuous mental
health monitoring. Although considerable progress
has been achieved through advanced neural
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architectures and

transformer-based models,

challenges related to data quality, privacy,
interpretability, and model generalization remain
unresolved. Addressing these issues will pave the
way for more reliable and ethically responsible
systems that can assist healthcare professionals and
contribute to improved mental health outcomes.
The deep learning model presented in this work is
shown to attain improved classification accuracy
compared to existing work in the domain of
research.
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