Abusive Language Detection in Bengali Social Media: A
Multi-Modal Ensemble Approach with State-of-the-Art
Performance

ABSTRACT

The exponential growth of Bengali social media content necessi-
tates robust automated moderation systems to combat abusive lan-
guage. This paper presents a novel multi-modal ensemble frame-
work for Bengali abusive language detection that achieves state-of-
the-art performance through innovative feature engineering and
advanced machine learning techniques. We enhance the BD-SHS
dataset with comprehensive category annotations spanning 15 dis-
tinct abusive language types and implement a hierarchical feature
extraction approach combining word-level and character-level TF-
IDF representations with sophisticated linguistic features. Our pro-
posed stacking ensemble, incorporating LinearSVC, Logistic Re-
gression, and XGBoost models with optimized hyperparameters,
achieves 91.2% accuracy and 90.7% F1-score, representing a statis-
tically significant 1.9% improvement over previous best results (p
< 0.001). Comprehensive evaluation across multiple abusive lan-
guage categories demonstrates robust performance with category-
specific F1-scores ranging from 0.882 to 0.938. The system main-
tains computational efficiency suitable for real-time deployment
while addressing unique challenges of Bengali morphology, code-
switching, and cultural context. Our findings establish new bench-
marks for low-resource language processing and provide practical
insights for deploying automated content moderation systems in
resource-constrained environments.
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1 INTRODUCTION

The rapid proliferation of social media platforms has transformed
global communication while introducing unprecedented challenges
in content moderation. Bangladesh, with 131 million internet users
representing 78% of the population [11], faces acute challenges in
moderating Bengali content due to the language’s complex mor-
phology, frequent code-switching, and cultural nuances.

Existing automated moderation systems primarily focus on Eng-
lish and other high-resource languages, leaving Bengali-speaking
communities underserved. The Pew Research Center reports that
41% of adults experience online harassment [5], with marginalized
communities disproportionately affected. In Bengali social media
contexts, this challenge is amplified by:

e Linguistic Complexity: Bengali’s rich morphological struc-
ture and extensive honorific system complicate traditional
NLP approaches

e Code-Switching: Frequent mixing of Bengali and English
requires sophisticated multilingual processing

e Cultural Context: Context-dependent expressions and cul-
tural references necessitate culturally-aware detection sys-
tems

e Data Scarcity: Limited availability of annotated datasets
hinders model development

Machine learning approaches offer promising solutions, but ex-
isting Bengali abusive language detection research has primarily
relied on basic feature engineering and simple classification meth-
ods [7, 8]. Recent advances using transformer-based models like
BanglaHateBERT [6] show improvement but remain limited by
computational complexity and dataset constraints.

This paper addresses these limitations through several key con-
tributions:

(1) A novel multi-modal feature engineering framework com-
bining word-level, character-level, and linguistic features
optimized for Bengali social media text

(2) An innovative stacking ensemble methodology achieving
91.2% accuracy and 90.7% F1-score—a 1.9% improvement over
state-of-the-art

(3) Comprehensive enhancement of the BD-SHS dataset with
15-category taxonomy and detailed annotations

(4) Rigorous evaluation across multiple abusive language cate-
gories with statistical significance testing

(5) Practical deployment insights for real-world content mod-
eration systems

Our approach establishes new benchmarks for Bengali abusive
language detection while providing a framework applicable to other
low-resource languages with similar characteristics.
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2 RELATED WORK
2.1 Abusive Language Detection

Early research focused primarily on English, with Davidson et al.
[2] achieving 90.8% accuracy using logistic regression and random
forests. Waseem and Hovy [12] demonstrated the importance of
feature engineering, while deep learning approaches using CNNs
[14] and transformers [3] achieved superior performance through
hierarchical representation learning.

Schmidt and Wiegand [10] provide a comprehensive survey high-

lighting the evolution from rule-based to machine learning approaches,

identifying key challenges including dataset quality, cultural con-
text, and cross-linguistic generalization.

2.2 Bengali NLP and Abusive Language
Detection

Bengali NLP faces unique challenges due to morphological com-
plexity and limited computational resources [1]. Early work in
Bengali abusive language detection employed traditional machine
learning with limited success. Karim et al. [7] achieved 78.5% ac-
curacy using SVM, while Mandal and Das [8] reached similar per-
formance with ensemble methods.

Recent advances include BanglaHateBERT [6], which fine-tuned
BERT for Bengali hate speech detection, achieving 87.3% accuracy.
Rahman etal. [9] proposed multi-feature transformer models reach-
ing 89.2% accuracy on cyberbullying detection.

2.3 Ensemble Methods in NLP

Ensemble learning has demonstrated significant success in NLP
tasks [4]. Stacked generalization [13] provides a principled ap-
proach to combining multiple models, while recent work by Zhang
et al. [15] demonstrates effectiveness in deep learning contexts.

However, ensemble methods for low-resource languages remain
underexplored, particularly for morphologically complex languages
like Bengali with cultural and contextual dependencies.

3 DATASET AND METHODOLOGY

3.1 Dataset Enhancement

We utilize the BD-SHS (Bengali Dataset for Social Hate Speech)
dataset containing 58,224 samples (40,224 training, 18,000 test). The
original binary labels were enhanced through Al-assisted annota-
tion with human validation, creating a comprehensive 15-category
taxonomy.

3.1.1 Category Taxonomy. Our enhanced annotation framework
captures the diverse manifestations of abusive language in Bengali
social media through 15 distinct categories. Table 1 presents the
complete taxonomy with detailed descriptions.

3.1.2 Dataset Examples and Linguistic Patterns. To illustrate the

complexity and diversity of Bengali abusive language, Table 2 presents

representative examples from our enhanced dataset with English
translations. These examples demonstrate key linguistic challenges
including code-switching, cultural context dependency, and mor-
phological variations.

These examples reveal several critical patterns:

Table 1: Abusive Language Categories in Enhanced BD-SHS

Dataset

Category Description

Personal Content targeting individuals based on per-
sonal traits or relationships, including gos-
sip and personal attacks

Political Abusive language related to political dis-
course, including partisan attacks and hate
speech

Religious Content targeting individuals based on re-
ligious beliefs or practices

Geopolitical Abusive content related to international

Gender-aggression
Vulgar

Threat

Obscene

Insult

Racism
Cyber-bullying
Sexual-harassment
Spam

Sarcasm

Unknown

conflicts and global politics

Gender-based violence, discrimination,
and harassment targeting gender identity
Offensive language, profanity, and crude
content not targeting specific individuals
Content involving threats, intimidation, or
expressions of harm

Sexually explicit or inappropriate content,
regardless of target

Personal attacks, name-calling, and verbal
abuse targeting individuals or groups
Content involving racial discrimination,
slurs, or hate speech based on race

Online harassment and persistent digital
abuse

Unwanted sexual advances or sexually in-
appropriate behavior

Unwanted or irrelevant commercial con-
tent or scams

Sarcastic or ironic statements, sometimes
misinterpreted as abusive

Content that doesn’t fit into other cate-
gories or is ambiguous

e Cultural Context: Terms like "G[ST (9B1” (beating with
shoes) carry specific cultural connotations of disrespect

e Political Sensitivity: References to political parties and
figures require careful contextual understanding

o Implicit vs. Explicit: Some threats are metaphorical while
others are direct

e Code-switching: Mixed Bengali-English expressions com-
mon in social media

3.1.3

Distribution Analysis. The dataset exhibits a balanced distri-

bution (52% non-hate, 48% hate) preventing class bias. Category-
wise analysis reveals "Insult” as the most frequent (18.0%), followed
by “Personal” (13.7%) and “Threat” (8.6%), reflecting common pat-
terns in Bengali social media discourse.

3.2 Preprocessing Pipeline

Our preprocessing addresses Bengali-specific challenges:
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Table 2: Representative Bengali Text Examples with English Translations

Bengali Text English Translation Category Label

WE 8 WSE 7@ JKE  Hey, this person should be burned Threat Abusive

EEan) to death

9| & (7T IOl (151 FAT GGG If we catch Apu, he should be Insult Abusive
beaten with shoes

TSIt TEHANFS ¢S 19 Awami League terrorists have de- Political Abusive

JIERR stroyed the country

JAfd I 3@ 5 ©I@ QS How can you say these things be-  Gender- Abusive

SISO ing a woman aggression

I WIS B! ([N  Sir, your cheap science fiction posts ~ Sarcasm Abusive

IR

TFT FIAT 513 Sl WIKHIT Kashmir wants independence, their ~ Geopolitical ~— Abusive
rights

Qs I iAo SroIw B8 How do these slum people get Racism Abusive

TSN AN fFerE? places in national team?

a3 (A ot WY @Gt VB 1 played this game since childhood  Neutral Non-

AT abusive

Table 3: Enhanced BD-SHS Dataset Statistics

Category Instances Percentage
Insult 10,500 18.0%
Personal 8,000 13.7%
Threat 5,000 8.6%
Political 4,500 7.7%
Vulgar 4,200 7.2%
Other categories 26,024 44.8%

o Text Cleaning: URL removal, emoticon preservation, spe-
cial character handling

e Normalization: Case normalization, character repetition
reduction, whitespace standardization

e Code-switching Detection: Identification and handling of
Bengali-English mixing patterns

3.3 Multi-Modal Feature Engineering

We implement a hierarchical feature extraction approach:

Word-Level Features: TF-IDF vectorization with n-gram range
(1,2), minimum document frequency 3, maximum document fre-
quency 0.95, and 60,000 maximum features with sublinear scaling.

Character-Level Features: Character n-grams (3,5) with 30,000
maximum features, capturing morphological patterns and handling
spelling variations.

Linguistic Features: Seven contextual features including char-
acter length, word count, average word length, emoticon presence,
English text presence, Bengali character ratio, and digit ratio.

3.4 Ensemble Architecture
Our stacking ensemble combines three diverse base models:

e LinearSVC: C=2.0, balanced class weights, sigmoid calibra-
tion

Table 4: Performance Comparison on Test Set

Model Accuracy F1-Score AUC
LinearSVC 0.893 0.890 0.957
Logistic Regression 0.895 0.890 0.960
XGBoost 0.909 0.905 0.965
Stacking Ensemble 0.912 0.907 0.969

o Logistic Regression: ’saga’ solver, C=2.0, balanced weights,
4000 max iterations

e XGBoost: 400 estimators, 0.08 learning rate, depth 6, 0.9
subsample, 0.6 column sample

The meta-learner uses Logistic Regression with LBFGS solver
and probability-based stacking, ensuring optimal combination of
base model predictions.

4 EXPERIMENTAL RESULTS

4.1 Overall Performance

Table 4 presents comprehensive performance comparison on the
test set:

4.2 Category-wise Analysis

Category-specific performance reveals varying detection effective-
ness:

4.3 Ablation Study

Comprehensive ablation analysis validates each component’s con-
tribution:

Statistical significance testing using McNemar’s test confirms
each component provides significant improvements (p < 0.001),
with effect sizes ranging from medium (d = 0.38) to large (d = 0.52).
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Figure 1: Performance comparison across all models show-
ing accuracy, F1-score, and AUC metrics

Table 5: Category-wise Performance (Top Categories)

Category Precision Recall F1

Threat 0.945 0.932 0.938
Obscene 0.934 0.921 0.927
Insult 0.923 0.918 0.920
Political 0.912 0.898 0.905
Vulgar 0.901 0.887 0.894
Personal 0.889 0.876  0.882

Category-wise Performance Analysis
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Figure 2: Category-wise performance heatmap showing pre-
cision, recall, and F1-score across all abusive language cate-
gories

Table 6: Ablation Study Results (95% CI)

Configuration Accuracy F1-Score

Word TF-IDF only 0.885+£0.012  0.883+0.013
Word + Char TF-IDF 0.892+0.011 0.889+0.012
Word + Linguistic 0.889+0.013  0.886+0.014
All Features (XGBoost)  0.905£0.009  0.902+0.010

Full Ensemble 0.912+0.007 0.907+0.008
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Figure 3: Feature importance analysis showing contribution
of different feature types to overall model performance

Table 7: Computational Efficiency Analysis

Model Train (s) Pred (ms) Memory (MB)
LinearSVC 45.2 0.8 156
Logistic Reg. 38.7 1.2 142
XGBoost 124.3 2.1 234
Ensemble 208.5 3.8 532

4.4 Feature Importance Analysis
Shapley value analysis reveals relative feature contributions:

e Word-level TF-IDF: 58.3% + 2.1%
e Character-level features: 24.7% + 1.8%
e Linguistic features: 17.0% * 1.5%

4.5 Computational Efficiency

Performance-efficiency analysis demonstrates practical viability:

5 DISCUSSION
5.1 State-of-the-Art Comparison

Our ensemble achieves significant improvements over previous
Bengali abusive language detection work:

5.2 Error Analysis and Linguistic Insights

Manual analysis of 500 misclassified instances reveals key error
patterns that highlight the complexity of Bengali abusive language
detection:
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Table 8: Comparison with Previous Work

Study Best Model Accuracy
Karim et al. [7] SVM 78.5%
Mandal & Das [8] Random Forest 78.5%
Jahan et al. [6] BanglaHateBERT 87.3%
Rahman et al. [9] Multi-feature Transformer 89.2%
Our Work Stacking Ensemble 91.2%

e Sarcasm/Irony (23% of errors): Indirect insults through
sarcastic language such as "BARPIT iﬁ?!” (wonderful in-
telligence!) used ironically

o Code-switching (19% of errors): Complex Bengali-English
idiomatic expressions like *GT (5T QP X6 ! (he is
really ’smart’!) where tone determines meaning

e Cultural References (18% of errors): Context-dependent
cultural allusions requiring deep cultural knowledge

e Implicit Threats (16% of errors): Metaphorical expres-
sions like "c7cd T8 fF 27 (you will see what happens)
requiring cultural understanding

e Honorific Complexity (14% of errors): Bengali honorific
systems where respectful language masks abusive intent

e Contextual Ambiguity (10% of errors): Statements re-
quiring conversational context for proper interpretation

These patterns demonstrate the sophisticated linguistic under-
standing required for accurate Bengali abusive language detection,
highlighting challenges that simple keyword-based or shallow learn-
ing approaches cannot address.

5.2.1 Cross-Cultural Validation. We conducted comparative anal-
ysis with English hate speech detection, revealing that Bengali ex-
pressions often employ:
e More indirect linguistic strategies (67% implicit vs. 43% in
English)
o Greater reliance on cultural metaphors (45% vs. 21% in Eng-
lish)
e Complex honorific inversions where politeness markers are
used sarcastically

5.3 Ethical Considerations
We address bias and fairness through:

e Balanced dataset collection across demographics
e Comprehensive bias auditing across categories

e Conservative threshold tuning to minimize false positives
e Transparency in methodology and limitations

5.4 Ensemble Methodology Analysis
Our stacking ensemble’s effectiveness stems from strategic model
diversity and Bengali-specific optimizations:
5.4.1 Model Complementarity. Each base model captures distinct
Bengali linguistic patterns:
e LinearSVC: Excels at explicit vocabulary-based detection,
identifying direct insults and threats with 94.5% precision

e Logistic Regression: Effectively handles probabilistic re-
lationships, particularly strong for sarcasm detection (89.2%
recall)

e XGBoost: Captures complex morphological patterns and
code-switching nuances with superior contextual understand-
ing

5.4.2 Meta-Learning Optimization. The Logistic Regression meta-
learner learns optimal combination weights:

Pensemple = 0(W1 - Psyc +wa - PLp+ w3 - Pxgp+b) (1)

where learned weights are w; = 0.31, wp = 0.29, w3 = 0.40, reflect-
ing XGBoost’s stronger contribution for complex patterns.

5.5 Practical Implications and Deployment

The system demonstrates exceptional practical viability for real-
world Bengali content moderation:

5.5.1 Performance Metrics.

e Real-time Processing: 3.8ms prediction time per sample
enables processing 263 posts/second

o Scalability: Linear scaling demonstrated up to 10,000 con-
current requests

o Reliability: 99.7% uptime achieved in 30-day production
testing

e Memory Efficiency: 532MB footprint suitable for cloud
deployment

5.5.2  Deployment Architecture.

e Microservices Design: Containerized components enable
independent scaling

e Load Balancing: Distributed processing across multiple in-
stances

e Caching Strategy: Feature vector caching reduces compu-
tation by 34%

e Monitoring Integration: Real-time performance tracking
and alerting

5.5.3 Cross-Language Applicability. Framework demonstrates po-
tential for other South Asian languages:

o Hindi adaptation pilot: 87.3% accuracy with minimal retrain-
ing

e Urdu feasibility study: Similar morphological complexity
handled effectively

o Code-switching patterns generalizable across language pairs

6 LIMITATIONS AND FUTURE WORK

Key limitations include:

(1) Context Dependency: Limited handling of conversation-
level context

(2) Language Evolution: Need for regular model updates as
language patterns evolve

(3) Computational Complexity: Ensemble approach requires
higher resources than individual models

(4) Interpretability: Limited explainability in ensemble deci-
sions

Future research directions include:
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o Integration of transformer-based models with ensemble ap-
proaches

e Cross-lingual transfer learning from high-resource languages

Enhanced context modeling through conversation history

Development of explainable Al techniques for content mod-

eration
Extension to other South Asian languages with similar char-
acteristics

7 CONCLUSION

This work presents a comprehensive framework for Bengali abu-
sive language detection achieving state-of-the-art performance through
innovative multi-modal feature engineering and ensemble learn-
ing. Our stacking ensemble achieves 91.2% accuracy and 90.7%
F1-score, representing a statistically significant 1.9% improvement
over previous best results.

Key contributions include: (1) novel multi-level feature engi-
neering optimized for Bengali characteristics; (2) effective stack-
ing ensemble leveraging model diversity; (3) comprehensive 15-
category annotation taxonomy; (4) rigorous statistical validation;
and (5) practical deployment insights for real-world systems.

The framework’s success with Bengali suggests broader appli-
cability to other low-resource languages facing similar challenges.
Our approach establishes new benchmarks while providing a foun-
dation for safer online environments in Bengali-speaking commu-
nities.

Future work should focus on transformer integration, enhanced
context modeling, and cross-linguistic applications to advance au-
tomated content moderation for diverse language communities world-
wide.
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