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Abstract001

The exponential rise in user-generated con-002
tent on social media platforms, such as Face-003
book, YouTube, and TikTok, has led to an004
alarming increase in the spread of violence-005
inciting language, especially in low-resource006
languages like Bangla. This issue has ampli-007
fied the need for effective automated systems008
capable of detecting and filtering harmful con-009
tent to ensure safer digital environments. In010
this study, we propose the BX Stacking Ensem-011
ble Model, a novel approach that combines the012
strengths of two powerful transformer-based013
models, BanglaBERT and XLM-RoBERTa, to014
improve the detection of violence-related text015
in Bangla. The model is trained on a newly016
compiled, diverse dataset of 11,933 samples,017
which includes both the Vio-Lens dataset and018
additional instances collected from social me-019
dia platforms like YouTube, Facebook, and020
TikTok. The dataset is carefully annotated021
into three categories: Non-Violence, Passive022
Violence, and Active Violence. We compare023
the performance of the BX Stacking Ensem-024
ble Model with traditional machine learning025
models and other transformer-based models,026
demonstrating that the ensemble approach sig-027
nificantly outperforms baseline models, achiev-028
ing a Macro F1 score of 0.85. The results029
highlight the effectiveness of combining both030
language-specific and multilingual transform-031
ers, enabling the detection of nuanced violence-032
inciting content. This research contributes to033
the development of more robust and scalable034
solutions for content moderation, particularly035
in resource-constrained languages like Bangla.036
Moreover, it demonstrates the potential of en-037
semble learning techniques in addressing the038
challenges of complex text classification tasks039
in real-world applications.040

1 Introduction041

In recent years, the exponential growth of social042

media platforms such as YouTube, TikTok, Face-043

book, Instagram, and Twitter has transformed the044

digital communication landscape. Millions of users 045

now express their opinions, emotions, and experi- 046

ences freely through posts, comments, and videos. 047

However, this surge in user-generated content has 048

also created an alarming rise in violent and hateful 049

text online. This type of content not only promotes 050

harassment and psychological harm but also fu- 051

els social polarization and extremism. As a result, 052

automated violence text detection has become an 053

essential research area within Natural Language 054

Processing (NLP), aiming to ensure a safer and 055

more inclusive online ecosystem. In South Asia, 056

particularly in Bangladesh and West Bengal, social 057

media has been weaponized to incite communal 058

violence, as evidenced by incidents like the 2021 059

Cumilla Durga Puja violence triggered by a Face- 060

book post (Saha et al., 2023b). 061

Despite progress in content moderation for high- 062

resource languages like English, Bengali remains 063

underrepresented in computational linguistics due 064

to challenges such as rich morphology, code- 065

mixing, slang, and cultural nuances. The rise of 066

violent content on online platforms has sparked 067

interest in automatic violence detection for low- 068

resource languages like Bengali. The Vio-Lens 069

dataset (Saha et al., 2023b) has been pivotal in ad- 070

vancing research, enabling diverse modeling strate- 071

gies. Recent studies have explored both traditional 072

and neural methods, with fine-tuned BanglaBERT 073

revealing misclassification issues from inconsis- 074

tent labeling (Khondoker et al., 2025), and ensem- 075

ble methods improving robustness (Shibu et al., 076

2023). While traditional machine learning ap- 077

proaches have been compared (Alamgir and Haque, 078

2023) and transformer-based models demonstrated 079

effectiveness (Dey et al., 2023), challenges remain 080

due to dataset limitations, linguistic diversity, and 081

informal social media text, highlighting the need 082

for more scalable violence detection frameworks. 083

Our proposed ensemble-based model addresses 084

the detection of violence-inciting text in Bengali so- 085
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Figure 1: Word Cloud of the Dataset

cial media by leveraging a newly compiled dataset086

of 11,933 samples, combining the Vio-Lens cor-087

pus with 5,909 additional instances from YouTube,088

Facebook, and TikTok. The dataset is annotated089

into Non-Violence, Passive Violence, and Active090

Violence categories, enhancing its diversity and091

linguistic coverage. As illustrated by the word092

cloud in Figure 1, the dataset captures a broad093

range of terms, reflecting the varied nature of on-094

line aggression. The ensemble methodology, com-095

bining BERT models with machine learning and096

deep learning techniques, significantly improves097

classification metrics compared to single-model098

baselines. This model’s scalability and adaptability099

make it suitable for real-world content moderation.100

In summary, this study provides a robust solution101

for violence detection in Bengali, balancing contex-102

tual understanding and model diversity. It includes103

both passive and active violence, offering a compre-104

hensive analysis of online aggression. The research105

aims to contribute to safer digital communication106

in Bengali-speaking communities.107

2 Literature Review108

2.1 Traditional Machine Learning-Based109

Approaches110

The detection of violence-inciting language in111

Bangla has been approached using various machine112

learning models, with early efforts focused on tradi-113

tional methods. An ensemble-based classification114

system incorporating BanglaBERT, SagorBERT,115

and mBERT was proposed, effectively addressing116

challenges related to class imbalance and limited117

computational resources (Shibu et al., 2023). In118

a comparative evaluation of Bangla text classifica-119

tion approaches, both traditional machine learning120

and transformer-based models were analyzed, with121

particular emphasis placed on the impact of noisy 122

data such as spelling variations and informal lan- 123

guage, on the detection of violence-inciting content 124

(Alamgir and Haque, 2023). 125

2.2 Transformer-Based Models 126

The advent of transformer-based models has sig- 127

nificantly impacted the detection of violence- 128

inciting language in Bangla. The fine-tuning of 129

BanglaBERT on an expanded dataset was inves- 130

tigated, revealing difficulties in detecting subtle 131

violence cues due to inconsistencies in annotation 132

(Khondoker et al., 2025). Multilingual transformer 133

models, including mBERT and XLM-RoBERTa, 134

were evaluated, with domain-specific fine-tuning 135

emphasized as essential despite the substantial com- 136

putational costs associated with large-scale archi- 137

tectures (Dey et al., 2023). A two-stage classi- 138

fication pipeline leveraging XLM-R and MuRIL 139

was employed to mitigate overfitting arising from 140

dataset imbalance (Raihan et al., 2023). Addi- 141

tionally, multiple transformer-based models were 142

benchmarked, with further hyperparameter opti- 143

mization recommended to improve overall perfor- 144

mance (Saha and Nanda, 2023). While strong per- 145

formance was observed for multilingual models 146

such as XLM-RoBERTa, limitations in capturing 147

Bangla-specific linguistic characteristics were also 148

reported (Mukherjee et al., 2023). 149

2.3 Hybrid or Combined Techniques 150

Efforts to improve violence detection in Bangla 151

have also focused on combining different tech- 152

niques and approaches. The BASED dataset was 153

introduced to expand the linguistic diversity of 154

Bangla violence detection, although challenges re- 155

lated to oversimplified class definitions were noted 156

(Tasnim et al., 2024). Detection of political cy- 157

berbullying in Bangla was studied through the 158

classification of large-scale Facebook comments 159

(Ahmed et al., 2023). A Hierarchical-BERT model 160

was proposed to address issues of class imbalance 161

and linguistic complexity (Das et al., 2023). Per- 162

formance improvements for BanglaBERT were 163

achieved through self-training and data augmen- 164

tation, mitigating the effects of data scarcity and 165

imbalance in violence detection (Riyad et al., 2023). 166

Furthermore, the VITD task at BLP-2023 was in- 167

troduced, providing new benchmarks for violence- 168

inciting text classification in Bangla (Saha et al., 169

2023a). An ensemble-based approach combining 170

BanglaBERT, MuRIL, and XLM-RoBERTa was 171
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employed to explore the potential of ensemble172

methods in enhancing detection accuracy (Page173

et al., 2023).174

3 Dataset Development175

3.1 Overview of the Dataset176

In this study, we constructed a larger and more177

diverse Bangla text dataset comprising 11,933 sam-178

ples to train and evaluate models for detecting179

violence-inciting content on social media. The180

dataset consists of real user comments and posts181

in Bangla and is annotated into three categories:182

Non-Violence (peaceful or harmless statements),183

Passive Violence (indirect or subtle promotion of184

aggression, discrimination, or harmful ideologies,185

including sarcasm, ridicule, or justification of vio-186

lence), and Active Violence (direct threats, abuse, or187

physical aggression). These categories collectively188

capture the full spectrum of harmful online lan-189

guage. Each sample was independently labeled by190

three annotators following predefined guidelines,191

and final labels were assigned through majority192

voting after reviewing ambiguous cases. The relia-193

bility of the annotation process was assessed using194

Fleiss’ Kappa, achieving an inter-annotator agree-195

ment score of 0.89, which indicates strong labeling196

consistency (Fleiss, 1971).197

Dataset Source NV PV AV
Vio-Lens (Saha et al., 2023b) 3202 2058 786

Proposed Dataset 1950 1849 2088
Total 5152 3907 2874

Table 1: Overview of the dataset and class distribution

The dataset comprises 11,933 samples, includ-198

ing 6,024 samples from the Vio-Lens dataset by199

(Saha et al., 2023b) and 5,909 newly collected sam-200

ples from platforms such as YouTube, Facebook,201

and TikTok. This expansion allows the model to202

better handle linguistic variations, including slang,203

spelling errors, code-mixing, and platform-specific204

expressions, enhancing its robustness to real-world,205

diverse online discourse. All data were sourced206

from publicly available posts, ensuring no person-207

ally identifiable information was retained. The cat-208

egories are labeled as 0 for Non-Violence, 1 for209

Passive Violence, and 2 for Active Violence. The210

dataset’s volume and class distribution are summa-211

rized in Table 1, where NV, PV, and AV represent212

Non-Violence, Passive Violence, and Active Vio-213

lence, respectively. Notably, while the Vio-Lens214

dataset exhibits significant class imbalance, with215

3,202 Non-Violence samples, 2,058 Passive Vio- 216

lence samples, and 786 Active Violence samples, 217

our proposed dataset addresses this by balancing 218

the categories. For example, Non-Violence sam- 219

ples in our dataset are reduced to 1,950, Passive 220

Violence to 1,849, and Active Violence increased 221

to 2,088. This balancing improves the model’s 222

robustness, scalability, and generalization across 223

all violence types. The following figure 2 demon- 224

strates the overall dataset ratio among the three 225

labels of our dataset. 226

Figure 2: Class distribution of the combined dataset

The Venn diagram 3 shows the overlap and class- 227

specific distribution of the most frequent words 228

across the three violence categories, revealing both 229

shared vocabulary and distinctive linguistic cues. 230

Figure 3: Venn Diagram of Top Frequent Words Across
Violence Classes

Text Length Statistics: Table 2 presents the text 231

length statistics, with a minimum of 3 characters, 232

a maximum of 640, an average of 90.49, and a 233

standard deviation of 78.54, indicating significant 234

variability in text length. This variation is crucial 235

for assessing the robustness of text-based models. 236

3



Table 2: Statistical Summary of Text Lengths

Metric Values
Minimum Text Length 3
Maximum Text Length 640
Mean Text Length 90.49
Standard Deviation 78.54

Text Length Distribution Analysis: Figure 4237

shows a right-skewed distribution of text lengths,238

with most texts between 20-150 characters, peak-239

ing around 40-60 characters. The long tail extend-240

ing to 600+ characters suggests occasional longer241

texts. This distribution highlights the prevalence of242

short-form content, impacting model selection and243

preprocessing in NLP tasks.244

Figure 4: Histogram of test lengths of our dataset

3.2 Existing Dataset245

The foundation of our dataset is the Vio-Lens246

dataset by (Saha et al., 2023b), which comprises247

6,046 expert-annotated YouTube comments related248

to communal violence in Bangladesh and West Ben-249

gal. These comments were sourced from videos250

corresponding to nine major historical incidents251

between 2012 and 2022 (e.g., the Ramu violence252

and the 2021 Cumilla Durga Puja clashes). The253

dataset employs a three-class labeling scheme Non-254

Violence, Passive Violence, and Active Violence.255

3.3 New Data Collection256

We manually collected 5,909 additional Bangla257

samples from YouTube, Facebook, and TikTok, fo-258

cusing on incidents from 2024 and 2025 that are259

likely to provoke discussions on violence, peace, or260

communal tensions. This collection ensures both261

temporal relevance and linguistic diversity, cov-262

ering a range of socially and politically sensitive263

events, such as student protests, political develop-264

ments, communal incidents, high-profile criminal265

cases, and sports-related news. All collected texts266

were filtered to retain Bangla-dominant content,267

duplicates were removed, and the remaining sam- 268

ples were reviewed for quality. Table 3 provides a 269

summary of the platforms and representative events 270

included in the newly collected samples. 271

Table 3: Platforms and Key Events for Newly Collected
Samples

Platform Event or Incident
YouTube 2024 Student Quota Reform Protest; Alleged disrespect to the

Holy Quran by Apurbo Pal; Release of Zakir Khan; News
related to Obaydul Quader; Political developments of Rumin
Farhana; Reports on rape and murder cases; Bangladesh cricket
team news.

Facebook Jamuna TV and other national news pages; Khagrachari rape
case; Sakib Al Hasan Facebook post reactions; Political news;
Alleged disrespect to the Holy Quran by Apurbo Pal; Public
reactions to Dr. Sabrina incident.

TikTok A recent viral phenomenon related to the above incidents.

Figure 5 shows the dataset collection process 272

from YouTube, Facebook, and TikTok, resulting in 273

11,933 samples. 274

Figure 5: Overview of the dataset collection process

3.4 Data Preprocessing 275

The combined dataset comprised 11,945 sam- 276

ples from multiple sources. After removing in- 277

valid labels (9.0) and missing values, 11,933 sam- 278

ples remained, distributed across three categories: 279

Non-violence (0.0, 43.2%), Passive violence (1.0, 280

32.7%), and Active violence (2.0, 24.1%). Prepro- 281

cessing included the following steps: 282

3.4.1 Emoji and Noise Removal 283

A regular-expression-based function was applied to 284

remove emojis and informal symbols while preserv- 285

ing Bengali Unicode characters, digits, and essen- 286

tial punctuation. This ensured that non-linguistic 287

artifacts did not interfere with text analysis. 288

3.4.2 Tokenization and Corpus Construction 289

Text was tokenized using a Bangla-aware tokenizer, 290

yielding a corpus of 212,488 tokens. This tokenized 291

corpus formed the basis for vocabulary analysis and 292

feature extraction. 293

4



3.4.3 Stopwords Filtering294

Stopwords from both the NLTK Bengali corpus295

and BNLP were used. The BNLP stopword list was296

augmented with additional high-frequency function297

words, including kore, ei, ki, ar, rer, i, saathe, and298

kotha. Frequency analysis revealed the most com-299

mon stopwords, such as na (3,231 occurrences),300

kore (2,168), and ei (1,875), which were filtered301

during cleaning.302

3.4.4 Text Cleaning Pipeline303

The cleaned text was generated through sequential304

operations: removal of Bengali punctuation, new-305

line and whitespace anomalies, digits, Bengali and306

English stopwords, ASCII punctuation, and emo-307

jis. The sanitized text was stored in a new column,308

preserving the original content for reference.309

3.4.5 Vocabulary Analysis310

High-frequency lexical items were extracted from311

the cleaned corpus. Frequent terms included bichar312

(justice), Allah (Allah), bhai (brother), Muslim313

(Muslim), hijab (hijab), shikkha (education), and314

dhormo (religion), reflecting sociocultural and reli-315

gious themes prevalent in Bengali violence-related316

discourse.317

This preprocessing pipeline ensured thorough318

cleaning while preserving the semantic content nec-319

essary for robust three-class violence classification.320

4 Methodology321

Figure 6 presents the overall process architecture322

of the proposed methodology. The workflow starts323

with dataset acquisition from primary data repos-324

itories, followed by data integration and prepro-325

cessing. The processed dataset is then split into326

training, validation, and testing sets (70:15:15) for327

model implementation using both traditional ma-328

chine learning and transformer-based approaches.329

Finally, model performance is evaluated and com-330

pared through different metrics and visual analysis.331

This study investigates violence-inciting Bangla332

text classification using three categories of models:333

linguistic features with traditional machine learn-334

ing approaches, transformer-based deep learning335

models, and our proposed novel BX stacking en-336

semble model. A unified experimental setup was337

adopted to ensure fair comparison across models.338

Figure 6: Overall Process Architecture of the Proposed
Methodology

4.1 Linguistic Features with Traditional 339

Machine Learning Models 340

We extracted lexical linguistic features from Bangla 341

text using TF-IDF, focusing on word-level n-grams 342

(unigrams, bigrams, and trigrams) and character- 343

level n-grams (with lengths 3, 4, and 5). These 344

features were designed to capture lexical and 345

subword-level information relevant to violence- 346

related expressions. For classification, we used 347

Logistic Regression (LR) and Support Vector Ma- 348

chine (SVM), which are effective for handling high- 349

dimensional sparse feature spaces. We also evalu- 350

ated the impact of combined feature sets, such as 351

unigram+bigram+trigram and concatenated char- 352

acter n-grams (c3+c4+c5), on model performance. 353

To enhance the model’s semantic understanding, 354

we incorporated pre-trained word embeddings, cap- 355

turing deeper semantic information beyond surface- 356

level features. 357

4.2 Transformer-Based Models 358

To model contextual and semantic dependencies 359

in Bangla text, several transformer-based archi- 360

tectures were evaluated. The dataset was split 361

using stratified sampling. Text inputs were to- 362

kenized with model-specific tokenizers, and se- 363

quence lengths were adjusted accordingly. To 364

address class imbalance, weighted loss functions 365

were used. Five pre-trained models, such as 366

BanglaBERT, SagorBERT, multilingual BERT 367

(cased and uncased), and XLM-RoBERTa, were 368
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fine-tuned using the AdamW optimizer, with hy-369

perparameter optimization for SagorBERT via Op-370

tuna. Gradient clipping and mixed-precision train-371

ing were applied for stability and efficiency.372

4.3 Stacking Ensemble Model373

In this study, we use the BX Stacking Ensem-374

ble Model, which combines the strengths of two375

pre-trained transformer models: BanglaBERT and376

XLM-RoBERTa. BanglaBERT is tailored for377

Bangla text, while XLM-RoBERTa handles multi-378

lingual inputs. The model generates feature embed-379

dings from the [CLS] token of both models, which380

are then concatenated into a 1536-dimensional vec-381

tor. This combined feature vector is passed through382

a dropout layer and then through a linear classifier383

that serves as a meta-model, learning to combine384

the features from both models for final classifica-385

tion. By stacking the features, the model leverages386

both language-specific and multilingual knowledge,387

improving performance on diverse text inputs. This388

approach allows the classifier to adaptively com-389

bine the strengths of each model, enhancing the390

overall classification accuracy. To better under-391

stand the BX Stacking Ensemble Model, consider392

the architecture diagram in Figure 7, which illus-393

trates how the model integrates the outputs from394

BanglaBERT and XLM-RoBERTa. This visualiza-395

tion captures the flow of data through the feature396

extraction, concatenation, dropout, and final classi-397

fication stages.398

Figure 7: Model Architecture of Our Proposed BX En-
semble Model

Figure 7 depicts the BX Stacking Ensemble399

Model, which combines BanglaBERT and XLM-400

RoBERTa to improve classification accuracy by401

leveraging both language-specific and multilingual402

knowledge.403

5 Experimental Setup404

We evaluated traditional machine learning mod-405

els (SVM and LR) and transformer-based models406

for classifying the dataset. Machine learning mod-407

els were trained using unigram, bigram, trigram,408

and character-level n-grams and evaluated based 409

on precision, recall, F1-score, and accuracy. Fea- 410

ture combinations like U+B+T were also tested to 411

assess performance. For transformer-based mod- 412

els, we fine-tuned several architectures, including 413

custom transformers, LSTM, BiLSTM, and SSD 414

MobileNet V2, with a learning rate of 2e-5 and 415

trained for 50 epochs using early stopping based 416

on Macro F1-score. Data augmentation was ap- 417

plied, and performance was mainly evaluated on 418

accuracy. The BX Stacking Ensemble Model com- 419

bined the strengths of BanglaBERT and XLM- 420

RoBERTa, with feature embeddings concatenated 421

from both models’ [CLS] tokens. The combined 422

vector passed through a dropout layer and a lin- 423

ear classifier. The model was trained for 5 epochs 424

with a batch size of 16 and a learning rate of 2e-5, 425

addressing class imbalance through class weights. 426

The model was evaluated on classwise accuracy, 427

F1-score, precision, and recall. All resources are 428

publicly available in this repository1. 429

6 Result and Analysis 430

This section presents the evaluation and com- 431

parison of traditional machine learning models, 432

transformer-based models, and the BX Stacking 433

Ensemble Model, based on the F1 Score and over- 434

all macro-F1 score, to justify the class imbalance. 435

6.1 Evaluation metrics 436

The performance of all models was evaluated 437

using standard classification metrics, including 438

macro-averaged and weighted-averaged precision, 439

recall, and F1-score. Macro-averaged metrics as- 440

sess model performance equally across all classes, 441

while weighted-averaged metrics account for class 442

imbalance by weighting each class according to 443

its support. This evaluation strategy ensures a fair 444

and reliable comparison across different learning 445

approaches. 446

6.2 Performance Comparison 447

To evaluate the performance of the models, we 448

compared several approaches using the dataset, 449

which consists of multiple categories related to 450

violence detection. The models were assessed on 451

Non-Violence, Passive Violence, Active Violence, 452

and the overall Macro F1 score. The following 453

table 4 presents the results for both traditional ma- 454

1Github:https://anonymous.4open.science/r/
ACL-2026/README.md
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chine learning models and transformer-based mod-455

els, including the BX Stacking Ensemble Model.456

These models were evaluated using F1 scores for457

each category, providing a comprehensive view of458

their classification performance.459

Table 4: Model Performance Comparison

Models F1
NV PV AV Macro

Linguistic features with SVM and LR
Unigram(U)+SVM 0.77 0.69 0.7 0.72
Bigram(B)+LR 0.63 0.34 0.41 0.46
Trigram(T)+LR 0.3 0.61 0.01 0.26
(U+B+T)+SVM 0.78 0.7 0.7 0.73
C3-Gram(C3)+SVM 0.8 0.73 0.73 0.75
C4-Gram(C4)+SVM 0.8 0.74 0.76 0.77
C5-Gram(C5)+SVM 0.81 0.74 0.78 0.78
(C3+C4+C5)+SVM 0.81 0.75 0.77 0.78
BERT Models
SagorBERT 0.81 0.74 0.79 0.78
BanglaBERT 0.83 0.77 0.81 0.8
M-BERT-Cased 0.8 0.75 0.77 0.77
M-BERT-unCased 0.82 0.75 0.78 0.79
XLMRoBERTa 0.82 0.76 0.8 0.79
Stacking Ensemble Model
BX Ensemble (proposed) 0.9 0.88 0.78 0.85

As shown in Table 4, the BX Stacking Ensemble460

Model outperforms individual models, achieving461

the highest F1 scores across all categories, includ-462

ing Non-Violence, Passive Violence, Active Vio-463

lence, and Macro F1. From the Linguistic Fea-464

tures with Machine Learning Models section, the465

combination of C3+C4+C5 with SVM achieves466

the highest Macro F1 score of 0.78. Among the467

Transformer-based models, BanglaBERT performs468

best with a Macro F1 score of 0.80. Finally, our BX469

Ensemble Model surpasses these models, achiev-470

ing the highest performance with a Macro F1 score471

of 0.85, demonstrating the effectiveness of combin-472

ing the strengths of both BanglaBERT and XLM-473

RoBERTa in the ensemble approach.474

6.3 Visualization of models comparison475

Figure 8 presents a bar plot comparing the Macro476

F1 scores of 14 models evaluated in this study,477

grouped into three categories: Linguistic Features478

with Machine Learning Models, BERT Models,479

and the BX Stacking Ensemble Model. The plot480

clearly highlights the relative performance of these481

models, emphasizing the strength of the BX Stack-482

ing Ensemble Model.483

Figure 8 shows that the BX Stacking Ensem-484

ble Model achieves the highest Macro F1 score of485

0.85, outperforming traditional machine learning486

and individual transformer models, demonstrating487

its effectiveness in improving performance across488

all violence-related categories.489

Figure 8: Comparison of Macro F1 Scores Across 14
Models

6.4 Performance Improvement and Effect 490

Size Analysis 491

The BX Ensemble model achieves the highest 492

Macro F1 score of 0.85, surpassing the best base- 493

line, BanglaBERT (0.80), by 6.25%. Effect size 494

analysis shows large practical significance with 495

Cohen’s d values of 2.0-2.4, indicating substan- 496

tial improvements. Class-wise evaluation reveals 497

BX Ensemble excels in Non-Violence (F1: 0.90, 498

+8.43%) and Passive Violence (F1: 0.88, +14.29%), 499

with a 100% win rate against all baselines. While 500

BanglaBERT slightly outperforms on Active Vi- 501

olence (0.81 vs 0.78), BX Ensemble maintains a 502

61.5% win rate. This validates the effectiveness of 503

the ensemble approach in leveraging complemen- 504

tary model strengths across all violence types. 505

7 Conclusion 506

This study introduces an automated system for 507

detecting violence-inciting Bangla text using 508

a BX Stacking Ensemble Model, combining 509

BanglaBERT and XLM-RoBERTa. Trained on a 510

diverse dataset of 11,933 samples, including the 511

Vio-Lens dataset and 5,909 additional instances 512

from social media platforms, the model captures 513

various linguistic nuances, enhancing accuracy 514

across all violence-related categories. By integrat- 515

ing both language-specific and multilingual models, 516

it achieves improved robustness and adaptability, 517

outperforming individual models. This research 518

highlights the importance of diverse model archi- 519

tectures and provides a scalable solution to combat 520

harmful content on social media, especially in low- 521

resource languages like Bangla. 522

8 Limitations 523

This study faces limitations, including the high 524

computational resource requirements of trans- 525
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former models, which can be challenging for real-526

time deployment. Additionally, there is a lack of527

sufficient labeled data in publicly available Bangla528

datasets, which limits the model’s ability to gen-529

eralize effectively. Future work can address these530

limitations by expanding datasets through data aug-531

mentation and exploring lighter transformer mod-532

els. Incorporating transfer learning and enhancing533

contextual understanding can further improve the534

model’s accuracy and adaptability.535
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