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Abstract
The rapid growth of social media has led to
a rise in abusive and offensive content, espe-
cially in code-mixed languages like Telugu-
English. Detecting such content is challenging
because of transliteration, spelling variations,
informal writing styles, and frequent switch-
ing between languages. This paper presents
a hybrid deep learning model for abusive con-
tent detection in Telugu-English code-mixed
comments. A pretrained transformer model,
DeBERTa, is used to generate contextual em-
beddings, which are further processed through
parallel Multi-Channel CNN and BiLSTM net-
works for feature extraction. The CNN captures
important local patterns and phrases, while the
BiLSTM learns sequential and contextual infor-
mation from the text. The combined features
are then used for final classification. The pro-
posed model effectively handles the linguistic
complexity of Telugu-English code-mixed so-
cial media data and improves abusive content
detection performance.

1 Introduction

Social media platforms have transformed global
communication by enabling real-time interaction
and large-scale content sharing. While these plat-
forms facilitate engagement and information ex-
change, they also enable the spread of abusive lan-
guage, abusive speech, cyberbullying, and misin-
formation. Due to the massive volume of user-
generated content produced daily, manual moder-
ation is infeasible, making automated detection
systems essential.

Artificial Intelligence (AI) and Natural Lan-
guage Processing (NLP) techniques are widely
adopted for automated abusive content detection.
However, detecting abusive language in Telugu-
English code-mixed social media text presents ad-
ditional challenges. Code-mixing refers to the
blending of two languages within a single sentence
or discourse. In Telugu-English contexts, users

frequently write Telugu words using the Roman
script, resulting in inconsistent transliterations and
spelling variations.

For example, a single Telugu word may appear in
multiple Romanized forms depending on user pref-
erence. Informal grammar, slang, repeated char-
acters, and creative spellings further complicate
tokenization and feature extraction. Additionally,
contextual ambiguity and sarcasm make it difficult
to distinguish between genuine and abusive intent.

Traditional NLP systems trained on monolingual
corpora struggle to generalize in such multilingual
and noisy environments. Therefore, robust pre-
processing techniques, effective feature represen-
tations, and contextual deep learning models are
necessary for reliable abusive content detection in
Telugu-English code-mixed data.

2 Literature Survey

Recent research in abusive content detection has
evolved from keyword-based filtering to machine
learning and deep learning approaches. Traditional
supervised models such as Naïve Bayes, Support
Vector Machines (SVM), and Logistic Regression
rely on feature engineering techniques like n-grams
and TF-IDF representations. These methods pro-
vide strong baseline performance but often fail to
capture contextual nuances in complex language
settings.

Deep learning models, including CNNs and
LSTMs, improve performance by learning hier-
archical representations of text. More recently,
transformer-based architectures such as BERT,
XLM-RoBERTa, and IndicBERT have demon-
strated superior performance in multilingual and
low-resource scenarios. These models leverage
subword tokenization and self-attention mecha-
nisms to capture contextual dependencies and han-
dle spelling variations.

However, Telugu-English code-mixed abusive
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Figure 1: Hybrid transformer–CNN–BiLSTM architecture.

detection remains underexplored due to limited an-
notated datasets, transliteration variability, and mor-
phological complexity of Telugu. This gap high-
lights the need for domain-specific preprocessing
and fine-tuned multilingual transformer models tai-
lored to code-mixed environments.

3 Methodology

3.1 Preprocessing

Preprocessing was performed to ensure textual con-
sistency and quality before model training. Telugu-
English code-mixed social media text often con-
tains noise, informal expressions, spelling varia-
tions, and inconsistent transliterations. Therefore,
multiple normalization steps were applied. Missing
values, URLs, emojis, and extra whitespace were
removed during data cleaning. Special symbols and
unnecessary punctuation marks were eliminated to
reduce noise. Common Telugu-English stopwords
were filtered out to minimize redundancy and en-
hance discriminative learning.

To address lexical inconsistency, variant
spellings and abusive term synonyms were stan-
dardized to maintain uniform representation across
samples. Furthermore, after data augmentation,
native Telugu script was converted back into Ro-
manized Telugu script to ensure consistent feature
extraction and compatibility with the model tok-
enizer. These preprocessing steps ensured uniform
textual representation and improved interpretability
and downstream classification performance.

3.2 Dataset Augmentation

To improve linguistic diversity and model robust-
ness, data augmentation techniques were applied.

The final augmented dataset consists of 49,910
comments, providing broader coverage of both abu-
sive and non-abusive expressions. Augmentation
included synonym substitution, controlled word in-
sertion and deletion, and generation of spelling and
dialectal variants commonly observed in Telugu-
English code-mixed social media text. These tech-
niques simulate natural user behavior and enhance
the model’s ability to generalize to unseen varia-
tions of abusive language.

3.3 Model Architecture

The proposed model integrates transformer-based
contextual embeddings with convolutional and re-
current neural networks to capture both local and
global linguistic patterns. A multilingual trans-
former encoder first converts input text into con-
textualized embeddings, capturing semantic rela-
tionships and multilingual characteristics of code-
mixed data.

The contextual embeddings are then passed
through a Convolutional Neural Network (CNN)
layer to extract local n-gram and phrase-level pat-
terns using convolution and max-pooling opera-
tions. In parallel, a Bidirectional Long Short-Term
Memory (BiLSTM) network processes the embed-
dings to capture long-range sequential dependen-
cies by analyzing text in both forward and back-
ward directions.

The outputs from the CNN and BiLSTM layers
are concatenated to form a rich fused representa-
tion that combines local lexical features and global
contextual information. This fused feature vector is
passed through a fully connected dense layer with a
Sigmoid activation function to perform binary clas-
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sification and predict whether the input comment
is abusive or non-abusive.

This hybrid architecture enables effective model-
ing of contextual semantics, phrase-level patterns,
and sequential dependencies, making it well-suited
for abusive content detection in Telugu-English
code-mixed social media text.

4 Experiment

This section presents the experimental configura-
tion, dataset details, and evaluation metrics used
to assess the performance of the proposed abusive
content detection model for Telugu-English code-
mixed social media text.

4.1 Experimental Setup

All experiments were conducted using Jupyter
Notebook, which provides an integrated environ-
ment for coding, visualization, and model evalua-
tion. The models were implemented using the Ten-
sorFlow framework with Keras as the high-level
API for constructing neural network architectures.

The proposed hybrid architecture integrates a
multilingual transformer encoder with CNN and
BiLSTM layers. Transformer-based models such
as XLM-RoBERTa and IndicBERT were used to
generate contextual embeddings. The dataset was
divided into 75% training data and 25% testing
data to ensure reliable evaluation of generalization
performance.

The models were trained using binary cross-
entropy loss with the Adam optimizer. Early stop-
ping was employed to prevent overfitting and en-
sure stable convergence.

4.2 Dataset

The dataset consists of Telugu-English code-mixed
social media comments annotated for abusive (abu-
sive) and non-abusive (non-abusive) categories.
The data contains transliterated Telugu text written
in Roman script along with English words, reflect-
ing realistic informal online communication.

After preprocessing and augmentation, the final
dataset contains a total of 49,910 comments. The
class distribution of the final augmented dataset is
shown in Table 1.

The augmented dataset provides improved lin-
guistic diversity and balanced representation of abu-
sive and non-abusive expressions, enabling better
generalization of the classification model.

Table 1: Final Augmented Dataset Distribution

Class Label Number of Samples
Non-abusive 0 23,342
Abusive 1 26,568
Total 49,910

4.3 Performance Metrics
The models were evaluated using standard clas-
sification metrics, including accuracy, precision,
recall, and F1 score.

1. Accuracy:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

2. Precision:

Precision =
TP

TP + FP
(2)

3. Recall:
Recall =

TP
TP + FN

(3)

4. F1 Score:

F1 = 2 ·
(

Precision · Recall
Precision + Recall

)
(4)

Here, TP denotes True Positives, TN denotes
True Negatives, FP denotes False Positives, and
FN denotes False Negatives. Since abusive con-
tent detection may involve class imbalance, macro-
averaged F1 score is emphasized to ensure fair
performance evaluation across both classes.

5 Results

This section presents the quantitative evaluation
and analytical insights of the proposed hybrid ar-
chitecture for abusive content detection in Telugu-
English code-mixed text.

5.1 Quantitative Performance
To evaluate the impact of different embedding back-
bones combined with additional feature extraction
layers, we compare transformer-based contextual
encoders integrated with parallel CNN–BiLSTM
modules. The CNN component captures local
phrase-level patterns, while the BiLSTM models
long-range contextual dependencies.

Table 2 reports the performance metrics on the
test dataset.
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Table 2: Performance Comparison of Embedding Backbones with Parallel CNN–BiLSTM Feature Extraction

Embedding Layer Feature Extraction Accuracy Precision Recall F1-score
mBERT CNN–BiLSTM 0.86 0.86 0.86 0.86
IndicBERT CNN–BiLSTM 0.87 0.87 0.86 0.87
DeBERTa CNN–BiLSTM 0.97 0.97 0.97 0.97

Among the evaluated configurations, DeBERTa
combined with parallel CNN–BiLSTM layers
achieves the highest performance across all met-
rics, reaching an F1-score of 0.97. mBERT and
IndicBERT provide competitive yet comparatively
lower performance, indicating that contextual em-
bedding strength plays a crucial role in modeling
code-mixed abusive expressions.

5.2 Discussion

The performance gap between DeBERTa and the
other embedding backbones highlights the impor-
tance of enhanced contextual representation for
noisy and transliterated social media text. Telugu-
English code-mixed data often contains inconsis-
tent spelling patterns, informal grammar, and im-
plicit abusive intent. Stronger attention mecha-
nisms and refined positional encoding strategies
appear to better capture such linguistic variability.

The consistent alignment between precision and
recall for DeBERTa suggests balanced classifica-
tion behavior without overfitting toward either abu-
sive or non-abusive classes. This balance is critical
in abusive content detection, where false negatives
may allow harmful content to pass undetected, and
false positives may incorrectly flag benign content.

Furthermore, the integration of CNN and BiL-
STM layers contributes to improved robustness by
simultaneously capturing short abusive phrases and
broader contextual meaning. The results confirm
that hybrid feature extraction combined with ad-
vanced transformer embeddings significantly en-
hances performance in low-resource, code-mixed
environments.

6 Conclusion

This paper addressed the problem of abusive con-
tent detection in Telugu-English code-mixed social
media text. We proposed a hybrid architecture
that combines transformer-based contextual em-
beddings with parallel CNN and BiLSTM layers
to effectively capture both local lexical cues and
long-range contextual dependencies.

Experimental results demonstrate that the em-

bedding backbone plays a critical role in perfor-
mance. Among the evaluated models, DeBERTa
integrated with CNN–BiLSTM feature extraction
achieved the best overall results, significantly out-
performing other transformer backbones. The bal-
anced precision and recall values indicate stable
and reliable classification behavior across abusive
and non-abusive classes.

The findings confirm that integrating strong con-
textual encoders with complementary feature ex-
traction mechanisms enhances robustness in han-
dling transliterated, noisy, and morphologically
complex code-mixed data.

7 Future Work

Although the proposed approach achieves strong
performance, several research directions can fur-
ther improve abusive content detection in code-
mixed environments. Future work can focus
on domain-adaptive pretraining using large-scale
Telugu-English social media corpora to better cap-
ture dialectal variations and evolving abusive ex-
pressions.

Additionally, advanced fusion strategies such as
attention-based feature interaction may improve
integration between CNN and BiLSTM representa-
tions. Exploring lightweight transformer variants
could also support real-time deployment in large-
scale moderation systems.

Extending the task to multi-class abusive catego-
rization and applying cross-lingual transfer learn-
ing across other Indian code-mixed languages are
promising directions. Incorporating explainability
techniques will further enhance transparency and
trust in automated content moderation systems.
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