cuetRaptors @DravidianLangTech 2025: Transformer-Based Approaches
for Detecting Abusive Tamil Text Targeting Women on Social Media

Md. Mubasshir Naib?, Md. Saikat Hossain Shohag®, Alamgir Hossain®
Jawad Hossain! and Mohammed Moshiul Hoque®
Department of Computer Science and Engineering
Chittagong University of Engineering and Technology
{u1904089?2, u1904088°, u1704039} @student.cuet.ac.bd
alamgir.hossain.cs @ gmail.com®, moshiul_240@cuet.ac.bd®

Abstract

With the exponential growth of social media
usage, the prevalence of abusive language tar-
geting women has become a pressing issue, par-
ticularly in low-resource languages (LRLs) like
Tamil and Malayalam. This study is part of the
shared task at DravidianLangTech@NAACL
2025, which focuses on detecting abusive com-
ments in Tamil social media content. The pro-
vided dataset consists of binary-labeled com-
ments (Abusive or Non-Abusive), gathered
from YouTube, reflecting explicit abuse, im-
plicit bias, stereotypes, and coded language.
We developed and evaluated multiple mod-
els for this task, including traditional machine
learning algorithms (Logistic Regression, Sup-
port Vector Machine, Random Forest Classifier,
and Multinomial Naive Bayes), deep learning
models (CNN, BiLSTM, and CNN+BiLSTM),
and transformer-based architectures (Distil-
BERT, Multilingual BERT, XLLM-RoBERTa),
and fine-tuned variants of these models. Our
best-performing model, Multilingual BERT,
achieved a weighted F1-score of 0.7203, rank-
ing 19" in the competition.

1 Introduction

The rapid expansion of social media has trans-
formed communication, but it has also ampli-
fied the spread of abusive content, particularly
targeting women and other marginalized groups
(Priyadharshini et al., 2022b; Ghanghor et al.,
2021b). In low-resource languages like Tamil,
this issue is exacerbated by the lack of linguis-
tic tools and datasets, making automated detection
of abusive text a critical yet underexplored chal-
lenge (Chakravarthi et al., 2020; Priyadharshini
et al., 2020). Tamil, a Dravidian language spoken
by over 80 million people in South Asia, faces
unique complexities due to its rich morphology,
code-mixing tendencies, and the prevalence of im-
plicit bias, stereotypes, and coded language in on-
line discourse (Anita and Subalalitha, 2019; Sub-

alalitha and Poovammal, 2018). While prior work
has addressed abusive language detection in Tamil,
most studies focus on broad categories (e.g., hate
speech (Hossan et al., 2025), misogyny) or coarse-
grained binary classification (Sharif et al., 2021b;
Chakravarthi et al., 2022), with limited emphasis
on nuanced abuse targeting women specifically.

Social media platforms like YouTube, Facebook,
and Twitter have struggled to manually filter such
content due to its sheer volume and linguistic di-
versity (Ghanghor et al., 2021a). Existing solu-
tions for high-resource languages like English rely
heavily on transformer-based models (Kumar et al.,
2020; Sampath et al., 2022), but their efficacy in
Tamil remains understudied. Recent initiatives like
the DravidianLangTech shared tasks have spurred
progress in abusive text detection (Chakravarthi
etal., 2021; B et al., 2022), yet gaps persist in ad-
dressing gender-targeted abuse with computational
efficiency and cultural sensitivity.

This work, part of the Dravidian-
LangTech@NAACL 2025 shared task, focuses on
detecting abusive Tamil social media comments
directed at women. Besides using various ML
and DI models, We leverage transformer-based
architectures—DistilBERT, Multilingual BERT
(mBERT), and XLM-RoBERTa—to tackle
binary classification on a dataset of YouTube
comments labeled as Abusive or Non-Abusive. Our
contributions include:

* A comparative analysis of traditional machine
learning, deep learning, and lightweight trans-
former models for Tamil abuse detection.

* An evaluation of multilingual, language-
specific pre-trained models and deep
learning architectures (CNN, BiLSTM,
CNN+BiLSTM) in capturing contextual and
cultural nuances.
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2 Related Task

The detection of abusive language in low-resource
languages has gained traction in recent years,
driven by the proliferation of harmful content on
social media platforms.

Using classifiers like Logistic Regression, Sup-
port Vector Machines (SVM), and ensemble ap-
proaches, early attempts at abusive language de-
tection concentrated on high-resource languages
like English (Oswal, 2021). Traditional machine
learning approaches have been the main method
used in studies for low-resource languages like Ben-
gali and Tamil. For example, (Eshan and Hasan,
2017) used SVM with tri-gram features to clas-
sify abusive Tamil texts with 95% accuracy. A
weighted ensemble of BERT variants was also pro-
posed by (Sharif and Hoque, 2021), who created
a dataset of hostile Bengali text and achieved 93%
weighted F1-scores. However, these studies rarely
examine gender-specific abuse, instead concentrat-
ing on broad categories like hate speech and ag-
gressiveness (Sharif et al., 2021a; Aurpa et al.,
2021) or coarse-grained binary classification (e.g.,
abusive/non-abusive).

NLP jobs have been transformed by recent devel-
opments in transformer-based models, especially
for high-resource languages. (Kumar et al., 2020),
for instance, showed how effective BERT is in iden-
tifying implicit hate speech in English. However,
morphological complexity, code-mixing, and cul-
tural context make it difficult to adapt these models
to low-resource languages like Tamil (Anita and
Subalalitha, 2019). Although multilingual trans-
formers (such as mBERT and XLM-RoBERTa)
have demonstrated promise in cross-lingual tasks
(Chakravarthi et al., 2021), nothing is known about
how well they function in fine-grained abusive
language detection, particularly when focused on
women. Previous research in Devanagari script
languages, including (Jha et al., 2020), used Fast-
Text to detect hate speech in Hindi with 92% accu-
racy, and (Chopra et al., 2023) used transformers
to detect hate speech that was code-mixed between
Hindi and English. These studies highlight the po-
tential of hybrid and transformer-based approaches
but underscore the need for language-specific adap-
tations.

Existing research on Tamil abusive language de-
tection lacks focus on gender-targeted abuse and
relies heavily on traditional ML methods (Priyad-
harshini et al., 2020; Chakravarthi et al., 2022).

While (Sharif and Hoque, 2022) advanced Bengali
aggression detection using BERT variants, similar
efforts for Tamil are scarce. Our work bridges these
gaps by:

Investigating transformer models (DistilBERT,
mBERT, XLM-R) for detecting abusive Tamil
text targeting women, a fine-grained and cultur-
ally sensitive task. Benchmarking against tradi-
tional ML baselines (Logistic Regression, Ran-
dom Forest Classifier, and Multinomial Naive
Bayes) and deep learning architectures (CNN, BiL-
STM, CNN+BiLSTM) to quantify the benefits
of lightweight transformers in low-resource set-
tings. Addressing implicit bias and coded language
through contextual embeddings, a challenge high-
lighted in prior Devanagari script research (Parihar
et al., 2021; Nandi et al., 2024).

3 Task and Dataset Description

This shared task was organized to detect abu-
sive Tamil and Malayalam texts targeting women
on social media (Rajiakodi et al., 2025). The
task focused on binary classification, categorizing
texts as Abusive or Non-Abusive. We utilized the
corpus provided by the organizers of Dravidian-
LangTech@NAACL 2025 (Priyadharshini et al.,
2023, 2022a), which comprises Tamil social media
comments annotated for gender-specific abusive
content. The dataset includes comments collected
from YouTube, reflecting explicit abuse, implicit
bias, stereotypes, and coded language targeting
women. Table 1 summarizes the distribution of the
dataset across training, validation, and test splits.
While the dataset exhibits slight class imbalance,
this reflects real-world social media data where
abusive content often appears less frequently than
non-abusive interactions.

Class Train Validation Test Wrp UWp
Abusive 1236 129 305 25,585 13,181
Non-Abusive 1274 150 293 23,475 12,105
Total 2510 279 598 49,060 18,394

Table 1: Class distribution across training, validation,
and test splits, where W1 represents total words and
UWr represents total unique words.

4 Dataset Visualization

Figure 1 represents the most common words in
abusive texts in the training set, potentially indi-
cating offensive or harmful language patterns. In
contrast, Figure 2 highlights the frequent words
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in non-abusive texts, reflecting more neutral and
factual vocabulary. This analysis generated word
clouds to visualize the linguistic characteristics of
both categories, using a maximum of 200 words for
each cloud, with word sizes proportional to their
frequency.

Word Cloud - Abu5|ve Class

Figure 1: Word Cloud distribution of Abusive class

‘ Word Cloud - Non-Abusive Class

Figure 2: Word Cloud distribution of Non-Abusive class

5 Methodology

Various machine learning, deep learning, and
transformer-based models were explored to estab-
lish baselines for detecting abusive language in
Tamil comments in Figure 3. The implementation
details of the models have been open-sourced to
ensure reproducibility!

5.1 Data Preprocessing

The dataset was preprocessed to ensure quality and
consistency by removing rows with missing or in-
valid values in the "Class" column, mapping binary
labels ( "Abusive" to 1, "Non-Abusive" to 0), and
verifying the absence of NaN values. It was then
split into training and validation sets using a strati-
fied split to maintain label distribution, resulting in
a clean and balanced dataset ready for modeling.

5.2 Feature Extraction

To represent text data numerically, TF-IDF, Bag of
Words (BoW), and FastText embeddings were used.

"https://github.com/MubasshirNaib/Detecting-Abusive-
Tamil-Text

Feature Extraction Models Predictions

TF-IDF
e BoW

ML Models:
LR
SVM
RF
MNB

DL Models:

Data CNN :
sl Ldy | FastTes :

Dataset Preprocessing st e piistM ——>
CNN#BILSTM :

Transformers:

DistilBERT
mBERT

XLM-R

Figure 3: Schematic process for detecting abusive com-
ments in Tamil social media content.

TF-IDF and BoW extracted the top 5,000 features
to capture word importance and occurrences. Fast-
Text embeddings, trained on the tokenized train-
ing data with 100-dimensional vectors, provided
context-aware representations, enhancing the abil-
ity of models to capture linguistic nuances. These
methods ensured diverse and effective feature rep-
resentations for model evaluation.

5.3 Machine Learning Models

For this task, we evaluated multiple machine learn-
ing models to detect abusive comments, includ-
ing Logistic Regression, Support Vector Machine
(SVM), Random Forest Classifier, and Multinomial
Naive Bayes (MNB). By training and evaluating
these models, we compared their capabilities com-
prehensively, enabling a deeper understanding of
their strengths and suitability for the classification
task.

5.4 Deep Learning Models

For this task, we implemented three deep learn-
ing models—CNN, BiLSTM, and a hybrid
CNN+BiLSTM—for this classification. The CNN
model includes a 1D convolution layer with 128 fil-
ters and ReL.U activation, followed by max-pooling
and fully connected layers. The BiLSTM model
uses a bidirectional LSTM layer with 128 units to
capture long-term dependencies from both direc-
tions. The combined CNN+BiLSTM model inte-
grates two convolutional layers followed by a max-
pooling and BiLSTM layer, leveraging both local
feature extraction and sequential context learning.
A dropout rate of 0.5 is applied to reduce over-
fitting, and models are trained using the Adam
optimizer with binary cross-entropy loss for five
epochs, ensuring robust prediction performance.
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5.5 Transformer-Based Models

Transformer-Based models are particularly well-
suited for multilingual and cross-lingual tasks, mak-
ing them ideal for addressing abusive language de-
tection in low-resource languages like Tamil. To
tackle the shared task, we experimented with vari-
ous transformer-based architectures, including Dis-
tilBERT (Sanh et al., 2020), Multilingual BERT
(m-BERT) (Pires et al., 2019), and XLM-RoBERTa
(XLM-R) (Conneau et al., 2020). Each model was
fine-tuned on the binary classification task of identi-
fying abusive and non-abusive comments in Tamil
social media data. Here, the multilingual BERT
was fine-tuned using the following hyperparame-
ters shown in the Table 2. These hyperparameter
choices ensured a balance between convergence
and regularization, enabling the model to achieve
a weighted F1-score of 0.7203. This demonstrates
Multilingual BERT’s ability to effectively capture
nuanced patterns of abusive language while main-
taining computational efficiency.

Parameter Value
Batch Size 16
Epochs 7
Weight Decay 0.003
Learning Rate  Se-5

Table 2: Hyperparameters used in the best model

6 Results and Analysis

The performance of the various methods is pre-
sented in Table 3 The macro F1-score is used to
evaluate and compare the overall performance of
the models. Among the traditional machine learn-
ing models, Logistic Regression (LR) achieved the
highest performance with an F1-score of 0.6933,
an accuracy of 0.6935, and a G1-Score of 0.6833,
outperforming both SVM and RF. The SVM model,
while showing competitive results, lagged behind
LR with an Fl-score of 0.6746, an accuracy of
0.6756, and a G1-Score of 0.6764. Random For-
est (RF) showed consistent performance but did
not surpass LR or SVM, achieving an F1-score of
0.6738, an accuracy of 0.6738, and a G1-Score of
0.6739.

Deep learning models such as CNN and
CNN+BiLSTM showed moderate performance,
with an F1-score of 0.5679 for CNN and 0.5680 for
CNN+BiLSTM, both having a G1-Score of 0.5681.
BiLSTM, on the other hand, had a significantly

lower performance with an F1-score of 0.3294, an
accuracy of 0.4964, and a G1-Score of 0.3497.

Among the transformer models, m-BERT
achieved the highest F1-score of 0.7203, an accu-
racy of 0.6404, and a G1-Score of 0.7233, followed
by DistilBERT with an F1-score of 0.7068, an accu-
racy of 0.6164, and a G1-Score of 0.7183. XLM-R
demonstrated a strong recall of 1.0000 but deliv-
ered lower overall performance with an F1-score
of 0.6521, an accuracy of 0.4838, and a G1-Score
of 0.6656.

Classifier P R F1 A G1

LR 0.68 0.68 0.68 0.68 0.68
SVM 0.67 0.67 0.67 0.67 0.67
RF 0.67 0.67 0.67 0.67 0.67
MNB 0.69 0.69 0.69 0.69 0.69
CNN 0.56 0.56 0.56 0.56 0.56
BiLSTM 024 049 032 049 0.35
CNN+BiLSTM 0.56 0.56 0.56 0.56 0.56
m-BERT 0.59 096 0.72 0.64 0.72
DistilBERT 0.56 093 0.70 0.61 0.71
XLM-R 048 1.00 0.65 0.48 0.66

Table 3: Performance of various models, where P, R,
F1, A and G1 denote precision, recall, macro F1-score,
accuracy and G1-Score respectively.

Overall, transformer-based models, particularly
Multilingual BERT (m-BERT), excelled due to
its pretraining on a multilingual corpus, includ-
ing Tamil, enabling it to grasp contextual nuances
of abusive language. Its self-attention mechanism
outperforms traditional models (e.g., Logistic Re-
gression, SVM), which miss subtleties, and deep
learning models (e.g., CNN, BiLSTM), which
struggle with limited data or long-range dependen-
cies. While m-BERT uses generalized embeddings
rather than Tamil-specific ones, its Tamil exposure
was enough for strong performance (F1: 0.7203).
Tamil-specific embeddings might enhance results
but this is not explored in this work.

6.1 Error Analysis

We conducted both quantitative and qualitative er-
ror analyses to gain comprehensive insights into
the performance of the proposed model.

6.1.1 Quantitative Analysis:

The classifier demonstrated notable performance in
identifying abusive and non-abusive content. How-
ever, a closer examination of the confusion matrix,
Figure 4 reveals key areas of error, providing in-
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sights into the model’s behavior across the different

classes.
250
203
200

- 150

Non-Abusive
1
[Ye]
o
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I
MNon-Abusive
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Figure 4: Confusion matrix of m-Bert

The classifier performed well in identifying abu-
sive content, achieving a high True Positive Rate
(TPR) of 96.05% for the abusive class, with min-
imal misclassification. However, the non-abusive
class had a significantly lower TPR of 30.72%,
with a large number of non-abusive instances be-
ing incorrectly classified as abusive. This suggests
an overprediction of the abusive class, potentially
caused by class imbalance, ambiguous features, or
limited representation of non-abusive examples in
the training data. To improve performance, the is-
sues of class imbalance and feature ambiguity need
to be addressed by refining the dataset, enhancing
feature representation, and employing better mod-
eling techniques to improve the classification of
non-abusive content while maintaining high recall
for the abusive class.

6.1.2 Qualitative Analysis:

Figure 5 illustrates a qualitative analysis of the
m-BERT model’s predictions for the abusive lan-
guage detection task. The model correctly clas-
sified samples 1 and 5 as Abusive and samples 3
and 4 as Non-Abusive, demonstrating its effective-
ness in distinguishing between different language
tones. However, sample 2 was misclassified as
Abusive instead of Non-Abusive, likely due to con-
textual ambiguity or overlapping linguistic patterns
in the dataset. This misclassification highlights a
potential area for improvement in capturing subtle
differences in expression.

7 Conclusion

This study explored a range of machine learning,
deep learning, and transformer-based models for
detecting abusive language in Tamil social me-

Sample Text Actual Label Predicted Label

Sample Text 1: @6 (5 LOTQOMEIGHL L QUTMIEE.  Abusive Abusive
QG QP routine RIS SHEUEHEHES ) (HEGSME! &600T
aooflw CUML OB SFBSLT GG DS

Sample Text 2: @ U114 GW CUASH_CL @ BHST 671 Non- Abusive Abusive

1. WIT@H QUGBS G FSSTL(H

Sample Text 3: 3|8 &6 Gl @) &I 616016018 G &T(H Non- Abusive Non- Abusive
EOLOENLI 2EN([HEV 208G S0V eTeuleTe] LITe & 6meor

BHHE QS TOTOTHEBTHIENN 2 CLII HTHTSH S

B TG QBT aubsIell () 2 6r smerfley aflwp

FeITGmEIT

Non- Abusive Non- Abusive

Sample Text 4: @FNS (6 HT6Y QBHS. S6UET 3|
6U6TT BEUENEV S6UETT HEUET LITTSSTEV 6THG LIS

Ly gHULTS.

Sample Text 5: SLOLN GLIMUI HEVGVEUMEIGEMET GLILIger  Abusive Abusive

() 36U QF TSI 3IBSHENETWILD QU QGFlwim
BT 2_0T6E

Figure 5: Some outputs predicted by the best model(m-
Bert).

dia content. Among these, m-BERT emerged as
the best-performing model, achieving a macro F1-
score of 0.7203, showcasing its effectiveness in
capturing nuanced patterns in text. Transformer-
based models demonstrated clear advantages over
traditional and deep learning approaches, highlight-
ing their ability to manage complex tasks like abu-
sive language detection. This study underscores
the importance of leveraging advanced models and
fine-tuning strategies to improve the detection of
abusive content in low-resource, code-mixed lan-
guages.

Limitations

Despite the success of m-BERT, the system ex-
hibited an overprediction tendency for the abusive
class, struggling to accurately classify non-abusive
content. This imbalance reflects challenges related
to skewed class distribution, feature ambiguity,
and limited representation of non-abusive data in
the training set. Additionally, the reliance on pre-
trained transformer models restricted opportunities
for domain-specific optimization. Addressing these
limitations will require balancing datasets, employ-
ing data augmentation strategies, and exploring
innovative model architectures tailored to the com-
plexities of low-resource, code-mixed languages
like Tamil.
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