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ABSTRACT

The rise of social media platforms has led to an increase in cyberbullying and hate speech, which can have severe
consequences for individuals and communities. The detection of harmful content, especially in regional languages,
remains a significant challenge due to linguistic diversity, informal expressions, and limited datasets available for
training machine learning models. This paper proposes a hybrid deep learning and natural language processing (NLP)
model for the detection of cyberbullying and hate speech in regional languages. The model combines convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) with advanced NLP techniques such as sentiment
analysis and context-aware feature extraction. Preliminary experiments show that the proposed model achieves an
accuracy of 86.7% for hate speech detection and 82.3% for cyberbullying detection in regional language datasets.
Furthermore, the hybrid model outperforms traditional machine learning techniques by 15% in terms of precision
and recall. This approach demonstrates the potential of combining deep learning and NLP to address the challenges

of detecting harmful content in diverse linguistic environments.
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1. INTRODUCTION

The rapid growth of social media platforms has led to in-
creased online communication, which, while fostering global
connectivity, has also given rise to serious concerns related
to online harassment, cyberbullying, and hate speech. These
issues not only affect the mental health and well-being of
individuals but also contribute to the spread of toxic content,
ultimately undermining the quality of online interactions. Re-
cent studies report that nearly 40% of social media users have

experienced cyberbullying at some point [1]. This alarming
statistic highlights the need for effective systems to detect and
mitigate harmful content and ensure safer and more inclusive
online environments.

Cyberbullying and hate speech are complex phenomena that
appear in many forms, including verbal abuse, defamation,
and targeted harassment, all of which can cause lasting psy-
chological damage to victims. These forms of abuse are
further complicated by the diversity of languages and dialects
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spoken across the world. While much research has been con-
ducted on detecting cyberbullying and hate speech in widely
spoken languages such as English, there has been compara-
tively little attention to regional languages [2]. As social me-
dia usage continues to rise in non-English-speaking regions,
particularly in Asia, Africa, and Latin America, detecting
harmful online content in regional languages has become a
pressing issue [3].

Detecting cyberbullying and hate speech in regional lan-
guages presents unique challenges due to linguistic nuances,
cultural differences, and the lack of large-scale annotated
datasets for training detection models. Many regional lan-
guages do not have the same level of computational resources,
such as pre-trained models or word embeddings, that are
available for English or Spanish. Moreover, regional lan-
guages often contain colloquialisms, idiomatic expressions,
and slang that can be difficult for traditional NLP models
to interpret accurately [4]. Thus, there is an urgent need to
develop models that are not only language-agnostic but also
capable of understanding cultural and contextual aspects of
communication.

Recent advancements in deep learning and NLP have shown
promising results in detecting cyberbullying and hate speech
in common languages [5]. Techniques such as CNNs, RNNS,
and transformers have been applied to automatically detect
offensive language, enabling real-time monitoring systems
for online platforms. However, these techniques have not
been extensively tested on regional languages, which often
require tailored solutions. Hybrid deep learning approaches
that combine the strengths of multiple models may provide a
more robust solution for detecting harmful content in these
languages [6].

One promising approach involves hybrid deep learning mod-
els that combine pre-trained language models, such as BERT
and GPT, with traditional machine learning techniques. These
models can enhance detection systems by leveraging domain-
specific knowledge and language patterns from both deep
learning and NLP [7]. Incorporating transfer learning further
allows models trained on resource-rich languages to be fine-
tuned for regional languages, improving detection accuracy
even with limited training data.

Context-aware NLP techniques are also important for detect-
ing nuanced forms of hate speech and cyberbullying. Context
plays a critical role in deciding whether a statement is offen-
sive or harmful, since many expressions can be non-offensive
in one setting but abusive in another. Contextual understand-
ing has been shown to improve hate speech detection in mul-
tilingual environments [8]. This is especially valuable for
regional languages, where meanings often change according
to cultural context.

Multilingual embeddings and multilingual transformers, such
as multilingual BERT (mBERT), have opened new possibil-
ities for cross-lingual transfer learning. These models are
trained on multiple languages simultaneously, enabling them
to understand similarities and differences across many lan-
guages, including regional ones [9]. By leveraging such mod-
els, it is possible to develop a unified framework for detecting
hate speech and cyberbullying in different regional languages
without needing a separate model for each language.

The proposed approach combines hybrid deep learning ar-
chitectures and NLP techniques to detect hate speech and
cyberbullying in regional languages effectively. The system
begins with data pre-processing, followed by deep-learning-
based feature extraction and traditional NLP techniques such
as sentiment analysis and keyword extraction. This layered
approach captures both the semantic meaning of text and the
contextual nuances that are often key indicators of harmful
content.

2. LITERATURE SURVEY

The detection of cyberbullying and hate speech in various
languages, particularly regional ones, has gained significant
attention in recent years. Many existing methods rely heavily
on machine learning and NLP techniques to identify abusive
language in text data. Early research focused primarily on
English, where resources and datasets are more readily avail-
able [11]. These methods typically use supervised learning
algorithms, such as support vector machines (SVM), logistic
regression, and random forests, trained on labelled datasets
containing hateful and non-hateful content [12]. However,
these methods are often limited in their ability to handle the
linguistic complexities and cultural nuances found in regional
languages.

Recent advancements in deep learning have shown substantial
promise in detecting hate speech and cyberbullying, partic-
ularly in resource-rich languages. CNNs and RNNs have
been used to capture temporal dependencies and spatial fea-
tures in text, improving detection performance [13]. However,
these techniques often require large datasets, which are gen-
erally unavailable for regional languages. The scarcity of
high-quality annotated data in many non-English languages,
especially for social media content, remains a major obstacle
to creating robust regional-language detection models [14].

Several studies have explored transfer learning to overcome
data scarcity. Multilingual BERT and XLM-R, for example,
have achieved strong performance in NLP tasks, including
hate speech detection, across multiple languages [15]. These
models leverage pre-trained knowledge from multilingual
corpora and can perform well even with limited resources.
Nevertheless, they may struggle with languages that have
very different syntactic structures or that include considerable
slang and informal expressions, which are common in online
interaction [16].

In cyberbullying detection, research has largely focused on
identifying direct harassment such as threats, insults, and
offensive language. CNNs combined with word embeddings
such as GloVe or Word2Vec can detect explicit abuse effec-
tively [17]. More subtle forms of cyberbullying, such as
indirect threats or covert insults, require deeper contextual
understanding. Attention mechanisms have therefore been
proposed to capture contextual information and improve de-
tection of nuanced cyberbullying [18].

For regional languages, researchers have examined language-
specific challenges such as dialectal variation, code-switching,
and informal expressions. Regional-language social media
content often mixes formal and colloquial language, emojis,
and slang. Hybrid models combining traditional machine
learning and deep learning have been proposed to address
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these challenges [19]. These models use feature extraction
methods such as sentiment analysis, word embeddings, and
syntactic parsing alongside neural networks to improve de-
tection accuracy.

Another development is the use of reinforcement learning to
adapt detection models over time. Such systems learn from
feedback and update their mechanisms as new forms of harm-
ful content appear. Reinforcement learning has been used to
refine hate speech detection on social media platforms and
address the evolving nature of online abuse [20]. However,
its application in regional languages remains limited because
it requires large amounts of labelled data and a dynamic feed-
back loop.

A key challenge in detecting cyberbullying and hate speech
in regional languages is the lack of large-scale annotated
datasets. Existing English datasets have been useful for train-
ing and evaluating hate speech detection, but comparable
datasets for regional languages are sparse. Data augmenta-
tion methods, including paraphrasing, machine translation,
and synthetic data generation, have therefore been explored to
produce more diverse and representative training data. Mul-
tilingual embeddings such as fastText and mBERT can also
capture semantic relationships across languages and improve
cross-lingual NLP performance. Ethical considerations, in-
cluding bias mitigation and transparency, are equally impor-
tant because imbalanced datasets can produce unfair detection
outcomes.

3. METHODOLOGY OF PROPOSED WORK

The proposed methodology develops a hybrid deep learning
and NLP model that integrates linguistic features and con-
textual understanding for detecting cyberbullying and hate
speech in regional languages. The process begins with data
collection from regional-language social media platforms,
ensuring a diverse dataset containing insults, threats, discrim-
inatory remarks, and non-abusive examples. The collected
data undergoes tokenization, normalization, stop-word re-
moval, and noise reduction to make it suitable for machine
learning.

e
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Figure 1. Data collection and pre-processing.

The proposed system employs a combination of CNNs and
RNNs. CNNs extract features from text, capturing local
dependencies and patterns such as n-grams and word-level
semantics. RNNs, particularly long short-term memory
(LSTM) units, capture sequential and contextual dependen-
cies, which are crucial for understanding the tone and mean-
ing of abusive content. Advanced NLP techniques such as

sentiment analysis and keyword extraction are also applied to
identify emotionally charged words and phrases associated
with hate speech and cyberbullying.
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Figure 2. Feature extraction using pre-trained language models.

3.1 Convolutional Neural Network Feature Extraction

The CNN extracts features from input text by applying con-
volutional filters that capture local n-grams or patterns. The
convolution operation is expressed as:

h; = ReLU (
J

n
Wixitj-1 +b> (1
=1

where £; is the output feature at position i, W; is the filter
applied to the input text x;1 ;_1, b is the bias term, n is the
filter size, and ReLU introduces non-linearity. This equa-
tion describes the feature extraction process, where the CNN
learns filters W; to detect patterns related to abusive language

and emotional tone.
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Figure 3. CNN feature extraction for cyberbullying and hate speech
detection.

3.2 Recurrent Neural Network Sequential Learning

RNNSs capture sequential dependencies in text. For a word
sequence xp,xz,...,xr, the hidden state &, at time step 7 is
computed as:

hy = tanh(Wy,x, + Uphy—1 + by,) 2)

where /; is the hidden state at time 7, W), is the weight matrix
for the input x;, Uy, is the weight matrix for the previous
hidden state /;_1, and b, is the bias term. The RNN captures
the context of words and sentences and models how meaning
evolves over time, which is crucial for detecting nuanced
forms of cyberbullying.

3.3 Sentiment Analysis for Contextual Understanding

Sentiment analysis evaluates the emotional tone of text. The
sentiment score S(x) for a given text x is modelled as:

S(x) = sigmoid(Wyx + by) 3)

where W; is the learned weight matrix for sentiment classifi-
cation and x is the embedded or transformed input text. To

28



Journal of Cognitive Human-Computer Interaction (JCHCI)

Vol. 09, No. 02 - 2025

Figure 4. RNN sequential learning for contextual understanding.
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Figure 5. Hybrid deep learning architecture for hate speech and
cyberbullying detection.
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handle linguistic nuances in regional languages, multilingual
embeddings such as fastText and mBERT are used. These
embeddings allow the model to understand semantic relation-
ships between words in various regional languages, including
low-resource forms and slang.

3.4 Multilingual Embedding Representation

For regional languages, multilingual embeddings such as
mBERT are used. The embedding vector e(x) for a word x
in a multilingual context is computed using the pretrained
model:

e(x) = mBERT(x) “4)

where e(x) is the dense vector representation of word x in
multilingual space, capturing semantic relationships across
languages.

3.5 Final Classification

The final output is determined by combining the features
learned from the CNN and RNN layers, followed by a fully
connected layer with softmax activation to classify text into
categories such as “Hate Speech”, “Cyberbullying”, or “Non-
Abusive”. The classification layer is expressed as:

§ = softmax (Wy [hcnns hran] + by) )

where § is the predicted class, hicnn and Arnn are the feature
representations from the CNN and RNN layers, Wy is the
final weight matrix, and by is the bias term.

The model is evaluated using accuracy, precision, recall, and
Fl-score. Cross-validation is performed to ensure robust-
ness and reduce overfitting. The proposed hybrid model is
compared with traditional approaches, including SVM and
logistic regression. The final model can be integrated into a
real-time monitoring system capable of identifying and flag-
ging hate speech and cyberbullying across multiple regional
languages on social media platforms.

4. EXPERIMENTAL RESULTS AND ANALYSIS

The proposed hybrid deep learning model was evaluated on a
dataset consisting of social media posts in multiple regional
languages, including Hindi, Tamil, Bengali, and Telugu. The
dataset was manually labelled for hate speech, cyberbullying,
and non-abusive content. Performance was assessed using
standard metrics: accuracy, precision, recall, and F1-score.
Results were compared with baseline models such as SVM,
logistic regression, and a CNN-only deep learning model.

4.1 Performance Metrics

The hybrid deep learning model achieved 86.7% accuracy for
hate speech detection and 82.3% accuracy for cyberbullying
detection. Precision reached 88.2% for hate speech and 83.1%
for cyberbullying, while recall reached 85.4% and 80.9%,
respectively. The Fl-scores were 86.8% for hate speech and
81.9% for cyberbullying.

Table 1. Performance of the Proposed Hybrid Model

Metric Hate Speech Cyberbullying

Accuracy 86.7% 82.3%
Precision 88.2% 83.1%
Recall 85.4% 80.9%
F1-Score 86.8% 81.9%

The results show that the hybrid model outperforms tradi-
tional machine learning models, which achieved accuracies
of 75.4% for hate speech and 71.2% for cyberbullying. The
CNN-only model achieved 80.2% for hate speech detection
and 75.5% for cyberbullying detection, confirming the advan-
tage of integrating RNN and sentiment analysis.

4.2 Impact of Data Augmentation

Data augmentation techniques, including paraphrasing and
machine translation, were applied to expand the training
dataset. After augmentation, accuracy improved by 3.5%
for hate speech detection and 4.2% for cyberbullying de-
tection. This demonstrates the importance of augmenting
regional-language datasets, which are typically smaller and
less diverse.

4.3 Model Comparison

To assess performance gains, the proposed model was com-
pared with SVM, logistic regression, and CNN-only models
on the same test dataset. Figure 6 shows that the hybrid model
achieved the highest accuracy, precision, and recall among
the compared methods.

Table 2. Accuracy Comparison Across Models

Model Accuracy Precision Recall

Hybrid Deep Learning ~ 86.7% 88.2% 85.4%
CNN 80.2% 83.1%  79.6%
SVM 75.4% 787%  74.2%
Logistic Regression 71.2% 74.6% 70.8%

The hybrid deep learning model demonstrated superior per-
formance across all metrics. Integrating CNN for feature
extraction, RNN for sequential learning, and sentiment analy-
sis for contextual understanding allowed the model to better
capture the nuances of regional languages, including slang
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Model Comparison for Hate Speech and Cyberbullying Detection
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Figure 6. Model comparison for hate speech and cyberbullying
detection.
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Figure 7. Precision and recall comparison for hate speech and
cyberbullying detection.

and informal expressions. The hybrid approach also con-
tributed to higher recall, ensuring that more instances of hate
speech and cyberbullying were correctly identified even when
they were indirect.

Compared with traditional machine learning models, which
struggled with the complexity of regional-language data, the
hybrid model generalized better due to pre-trained multilin-
gual embeddings such as mBERT and advanced deep learning
techniques. Data augmentation also improved the model’s
ability to recognize diverse expressions of harmful content,
further increasing detection accuracy.

5. CONCLUSION

This study proposed a hybrid deep learning and NLP model
for detecting cyberbullying and hate speech in regional lan-
guages. By integrating CNNs for feature extraction, RNNs
for sequential learning, and sentiment analysis for contextual
understanding, the study developed a robust system capable
of identifying harmful content across diverse linguistic and
cultural contexts. The use of multilingual embeddings such
as mBERT enabled the model to handle regional-language
challenges including dialectal variation, slang, and informal
expression.

Experimental results demonstrate the effectiveness of the
proposed model, with an accuracy of 86.7% for hate speech
detection and 82.3% for cyberbullying detection, significantly
outperforming traditional machine learning techniques. Data
augmentation through paraphrasing and machine translation
addressed the scarcity of annotated regional-language data
and improved generalization. The hybrid approach also cap-
tures both explicit and subtle harmful content, which is essen-
tial for tackling online abuse.

The proposed methodology has important implications for
real-time monitoring systems on social media platforms,
where harmful content can be detected and flagged promptly.
The system can be adapted to various regional languages,
making it a versatile solution for a global challenge. Fu-
ture work will refine the model through adversarial training,
expand datasets to include more regional languages, and inte-
grate additional NLP techniques to improve performance on
noisy and short-form social media text.
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