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Abstract. A major challenge in Bengali Natural Language Processing 
(NLP) is the availability of annotated data. This research introduces an 
authentic, publicly available dataset collected from social networks in 
compliance with platform terms of service. The dataset includes 10 topic 
and 4 sentiment classes. The authors propose a system for classifying top- 
ics and sentiments from Bengali comments using a CNN-BiLSTM-SVM 
ensemble stack, combining strengths of convolutional, recurrent, and sta- 
tistical models. A key aspect of the research is identifying toxic and abu- 
sive comments. All steps taken to complete this experiment were carried 
out in accordance with widely accepted standards. Another difficulty was 
working with a low-resource language like Bengali, which required cus- 
tom and extensive preprocessing and model design. All trained models 
were evaluated using standard metrics. In addition to the technical as- 
pects, this project also focuses on improving the safety and moderation 
of the Internet for the Bengali language. A comment analysis tool for 
web view is also developed as part of this project. 

Keywords: Bengali natural language processing, sentiment analysis, 
topic classification, toxicity detection, deep learning 

1 Introduction 

The proliferation of social networks has led to an unprecedented surge in user- 
generated content, particularly in the form of comments. These comments often 
require moderation, analysis, and filtering to ensure safe and inclusive online en- 
vironments. The rise in cyberbullying and toxic discourse has, in some cases, con- 
tributed to severe psychological consequences, including suicide. In this context, 
artificial intelligence (AI) offers promising avenues for automating moderation 
and supporting both platform administrators and researchers. 

While the Internet continues to expand, so do the tools and strategies for 
content moderation. However, most existing systems are optimized for English, 
leaving regional languages like Bengali underrepresented and underserved. Ben- 
gali language moderation remains a significant challenge due to limited resources 
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and linguistic complexity. This research addresses these gaps by leveraging ad-
vanced neural architectures such as Convolutional Neural Networks (CNN), Long
Short-Term Memory (LSTM) networks, and classical machine learning models
to improve classification and toxicity detection in Bengali comments. One of the
outcomes of this research is aiding other research by contributing the primary
data [1] the authors collected. This research may also open doors to new ideas
on model building for under-represented classes. It will help in toxic comments
detection and may become the foundation of an automated moderation tool for
Bengali language. It can also be implemented in browser extension for child safe
mode and content blocking.

2 Literature Review

Among Machine learning models, Romim et al[2] annotated 30,000 comments
from crowdsourcing under certain criteria. They used SVM, LSTM and BiLSTM
with Word2Vec, FastText and BengFastText .Among the models, SVM outper-
formed other deep neural network with 87.5% accuracy. Banik et al[3] explored
how supervised models can perform on hate detection. Using a public dataset
of 10,219 comments they compared machine learning models with deep learn-
ing models. They found that deep learning models significantly outperform ML
models. One of the model CNN was able to get an accuracy of 95.3%. This shows
how neural network can capture local patterns in Bengali informal text which
often contains phrases. Chakraborty et al[4] used a balanced dataset of 5600
comments from facebook. They explored both traditional models such as multi-
nomial nave Bayes, SVM and a hybrid CNN-LSTM model. In their research they
found Naïve Bayes underperforming while linear SVM gave 78% accuracy. As
the dataset grew their hybrid model performance jumped from 65.5% accuracy
to 77.5%. This indicates usefulness of deep learning model on large dataset.

Using deep learning models, Das et al[5] developed a hate speech detection
system from Bengali social media. From a dataset of 7425 comments and seven
hate class the models were built. It involves preprocessing like stemming, stop
word removal, custom emoticon module to capture emojis. TF-IDF and word
embedding were used to extract feature. Classification was done by encoder
decoder where cnn was the encoder and RNN based models as decoder. Their
attention based model reached highest performance with 77% accuracy Haque
et al[6] proposed a hybrid of CNN and LSTM called CLSTM. They took a large
number of dataset about 42,036 comments and applied preprocessing steps on
it. The study was done on six machine learning models and 4 deep learning
model. Among them the hybrid CLSTM was able to capture both local and
sequential features of comments. It achieved an accuracy of 85.8% and 0.86 f1
score. A website was also built for practical usage of the model Emon et al.[7]
explored both traditional and hybrid deep learning models.They trained models
on 4700 comments categorized into seven labels. They introduced Bengali specific
stemming rules based on grammar which improved their accuracy. Among all
models RNN-LSTM performed the best with 82.2% accuracy. Their study found
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ANN lagging behind other models. Multiple feature extraction techniques like
CountVectorizer, TF-IDF, word embedding were used. Their study goes to show
the importance of preprocessing in model training. Wahid et al.[8] also built deep
learning model for context capture. They used a corpus of 10000 comments and
labelled them into four category. Their RNN model with LSTM units were able
to achieve high accuracy. They used word2vec embeddings that helped capture
semantic relation while LSTM units capture long term dependencies. It was able
to outperform traditional models like SVM and Naïve Bayes. It highlights the
importance of embeddings in model perfection. Rahman et al[9] used word2vec
based neural architecture.They labelled a dataset of 11000 sentence into three
classes. After preprocessing skip gram and CBOW was use to generate word
embeddings. These embeddings create embedding matrix and calculates sentence
level polarity scores. The skip gram model achieved 75% accuracy while CBOW
went up to 70%. This approach shows strong semantic clustering and low loss.
It highlights the value of hyperparameter tuning and preprocessing. Haque et
al.[10] collected a dataset of 49178 tweets related to suicide. They tested both
ML and DL models on the dataset and found out that they have similar accuracy.
However, DL models such as BiLSTM were slightly better and more consistent
than machine learning models. CountVectorizer for ML and word embeddings for
DL models made the models more accurate. This again proves the consistency
and reliability of DL models.

By combining multiple models, Ashgar et al.[11] proposed a hybrid frame-
work that combines deep learning with fuzzy logic to evaluate customer feedback.
The system firstly uses a BiLSTM with attention mechanism to classify posi-
tive and negative tweets. Then it uses fuzzy logic to understand if customer was
satisfied. This approach makes it more accurate in determining feedbacks. Their
BiLSTM model achieved an accuracy of 92.86% with strong precision and recall.
The fuzzy logic layer makes it more transparent. This shows the usability of these
models in different application and usage. Akhteret al[12] combined text based
feature with users metadata such as location, time, gender to build a robust
model. Using WEKA they found SVM was consistent in outperforming other
models with the highest accuracy of 97.27%. This adds demographic context to
models which boosted the result. This gives another insight into cyberbullying
detection on Bengali media. Kamyab et al.[13] proposed ACL-SA model. How-
ever it used BiLSTM instead of LSTM on hybrid model. Attention mechanism
and gaussian noise and dropout regularization helped reduce overfitting. The in-
put combines TF-IDF weighting and pre trained GloVe embeddings. This makes
the model use both statistical and semantic features.

Among transformer based models, Karim et al[14] built a model that not only
classify hate speech but also explain why the decisions were made. Trained on a
ensemble of transformer based models like Bangla BERT and XLM-RoBERTa
it is able to detect four types of hate. They used sensitivity analysis and layer
wise relevance propagation to highlight important words. Their approach reached
88% f1 score in general. They also contributes labelled dataset and interpretation
tools for it. Prottasha et al.[15] used transfer learning with fine tuned Bangla



552             R. Rafin et al.

BERT model. It was trained on BanglaLM corpus and combined with a hybrid
CNN-BiLSTM model for contextual and phrase capturing. They compared their
model with other traditional models like SVM,LDA,ANN and it outperformed
them with 94.15% accuracy. It highlights the use of transformer based models
in Bangla NLP.

On rule based models, Drovo et al[16] took a different approach to Named En-
tity Recognition. They trained model on a 10000 word corpus with 7 entity types.
Their approach to model building involved combining a Hidden Markov model
with rule based system. They did it using regular expression. The rule based
component pre defined entity before passing it to HMM as inputs. They tested
two different setup, one where both system ran together and another where
rule based tagging followed HMM prediction. Their second method achieved a
higher f1 score of 71.59%.This shows how the combination of statistical and rule
based method can improve result. Bhowmik et al.[17] designed a domain specific
lexicon dictionary for Bengali texts. They also introduced a rule based scoring
algorithm called BTSC. The BTSC assigns sentiment scores based on POS tag-
ging, punctuation and context modifiers. After preprocessing the data TF-IDF
was used to extract feature and used in classical machine learning algorithms.
Among them SVM with bi gram feature reached the highest 82.21% accuracy.

3 Methodology

3.1 Data Collection

In order to collect a dataset on Bengali social media comments for topic and
toxicity classification the authors tried various approaches. The first approach
was using Octoparse 8, a web scrapping tool. This tool worked as intended
but the free plan had significant limitations. This restricted the authors’ collec-
tion progress. To overcome the difficulty, the authors manually gathered some
comments from Facebook, Instagram, YouTube. Another better method of data
collection were found in the authors’ research. The authors used YouTube Data
API v3 through google AI studio for increased efficiency in the authors’ task.
All of the data were taken from public posts and video and in accordance with
terms of service of the media platform. The Focus were only in comments writ-
ten in Bangla and containing fewer than 250 characters. The authors filtered out
comments in other language, emoji or unexplainable comments through API call
in google colab. In order to improve quality the authors removed duplicate data.
The Final preview of dataset is below:

3.2 Data Annotation

The dataset was then labelled into ten topic class and four sentiment class by
two native Bengali speakers.For both the topic and sentiment labeling the com-
mentor or speakers perspective is considered. What they feel about a subject is
classified into one of the sentiment classes. The annotation process follows a set
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Fig. 1. Dataset Preview

protocol to ensure the curation process. Annotation is validated by confirming
agreement of both annotators. This is further cross checked by a 3rd person. This
threefold check allows the data to be more accurate. Rule set and description
for annotation was provided to each annotator prior to labelling.

3.3 Data Preprocessing
The raw data is not suitable for training models as they have many redundant
characters that can negatively affect the performance of the models. To overcome
this problem, the dataset was preprocessed in table 1 using multiple steps.

– Regex filtering: Removes redundant characters, special symbols, and unnec-
essary punctuation that may hinder model training. This step cleans the
data.

– Tokenization: Splits the text into multiple tokens, which can be words or
subwords. This facilitates easier processing during training.

– Stemming: Converts words into their base or root forms to reduce variations
with similar meanings.

3.4 Dataset Statistics
The Dataset has 7,725 comments labelled into 10 topic and 4 sentiment class.
Political, international, abusive and religious are the most common topic class
(Fig. 2) making up the median of the dataset. The least amount is threat (1.2%)
due to its requirement for both directed and harmful intent which requires a very
strong emotional response. The least in sentiment distribution (Fig. 3), hate has
a remarkable 854 samples. Hate comments may not always contain vulgar words
but it often does. Lack of moderation resulted in hate comments (854) being
almost the half of positive (1501) class in distribution. Each comment has both
the sentiment and topic label. Heat map (Fig. 4) for both the labels are below:
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Table 1. Dataset Preview: Bengali Comment Preprocessing

Original
Comment

After
Cleaning

Tokenized Stemmed Final Text

আপনার বয্বহার

লাগেলা]
লাগেলা

Fig. 2. Topic Distribution of Dataset
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Fig. 3. Sentiment Distribution of Dataset

Fig. 4. Topic vs Sentiment class heatmap
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3.5 Model Design

The proposed model Fig. 5 is an ensemble stack model with SVM classifier as
meta model. It uses CNN and BiLstm probabilities to train SVM. The model
starts by cleaning out full stop, exclamation mark, numbers from raw data col-
lected. Cleaned comments are then tokenized using bnltk Bengali tokenizer.
These comments are split into individual words while tokenizing. The split to-
kens are reduced to root from through stemming. It helps model recognize similar
words and not treat them as a new one. The stemmed tokens are then concate-
nated together to form a string in order to obtain compatibility with keras.
Some of the classes in dataset have less data than others. These are minor-
ity classes that are present in the data. In order to overcome data imbalance
RandomOversampler from imbalanced-learn was used. This makes the under-
represented classes like threat, sports, technology be represented while training
the model. This model applies a two stage encoding. The label encoder is used
to convert topic and sentiment to integer class. These classes are unique for
each label. This is useful for classification reports. These integer classes are then
converted to single vector containing only 1’s and 0’s using onehotencoder. Its
needed for the loss function Categorical cross entropy used in the model. This
is needed to compare with true one hot label and update weights accordingly.
The dataset is split into 80% training and 20% testing. Since the classes in
dataset were imbalanced, stratified split was done to preserve minority class.
This guarantees that the after split dataset maintains original class distribution.
This helps model train on classes that would otherwise might be accidentally
ignored. The proposed model uses two neural network model and CNN is one of
them . CNN is a deep neural architecture that focus on capturing spatial infor-
mation. Its good for catching n-gram features like phrases. The model captures
bigram, trigram and four gram patterns effectively using varying kernel sizes
(2,3,4) with 128 filters. Each convolution output is converted to single vector
using GlobalAveragePooling1D, followed by a droput rate of 0.6 to prevent over-
fitting.The outputs are then concatenated and passed through a dense layer of
128 units with ReLU activation and L2 regularization.A output probability vec-
tor is produced using softmax. BiLstm is another deep learning model good on
capturing sequential data A Bidirectional LSTM with 128 units and return se-
quences=True is used to read sequences in both forward and backward directions
for context capturing. Its used with attention layer to capture the informative
parts of sequence. The output is passed through dropout layer of rate 0.6 and
dense layer of 124 unit and L2 regularization.Finally, the output of this model
is converted to probabilities using softmax. Both probabilities vector from CNN
and BiLstm is merged to a single vector. AN SVM meta classiier with linear
kernel then learns to map from this combined prediction vector to correct class.
In this way SVM learns which model to trust more for each class or scenario.
The model gives a decision based off of the prediction mapping.The end model
is an ensemble model that uses strength of both CNN and BiLstm and gives
decision based on it.
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Fig. 5. CNN-BiLSTM-SVM model architecture
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4 Implementation and Results

4.1 Testing and Comparative Analysis

Evaluation Metrics We used standard classification metrics to evaluate the
performance of the models. These include:

– Accuracy: Overall correctness of the model.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

– Precision: The ratio of true positives among all predicted positives.

Precision =
TP

TP + FP
(2)

– Recall: The ratio of true positives among all actual positives.

Recall =
TP

TP + FN
(3)

– F1‑score: The harmonic mean of precision and recall.

F1-score = 2× Precision×Recall

Precision+Recall
(4)

These metrics were used to evaluate how each model performed in detecting
topics and sentiments from Bengali comments.

Model Performance After testing simple, deep learning, and hybrid machine
learning models, performance ranged from poor to very strong depending on the
approach, as shown in Tables 2 and 3. These comparative tables summarize the
performance of each model.

Table 2. Model Performance on Topic Detection

Model Accuracy Precision Recall F1-score

SVM 0.79 0.80 0.79 0.79
CNN 0.93 0.92 0.93 0.93
LSTM 0.95 0.95 0.95 0.95
BiLSTM 0.95 0.94 0.95 0.94
BanglaBERT 0.79 0.71 0.70 0.71
MultinomialNB 0.75 0.74 0.75 0.73
Logistic 0.70 0.70 0.70 0.70

Random Forest 0.87 0.88 0.88 0.88
XGBoost 0.79 0.80 0.79 0.80
CNN-RNN-LR 0.66 0.67 0.66 0.65
CNN-BiLSTM-
SVM

0.96 0.96 0.96 0.96



Table 3. Model Performance on Sentiment Detection
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Model Accuracy Precision Recall F1-score

SVM 0.81 0.82 0.80 0.81
CNN 0.92 0.91 0.92 0.91
LSTM 0.92 0.92 0.92 0.92
BiLSTM 0.93 0.93 0.93 0.93
BanglaBERT 0.75 0.73 0.75 0.74
MultinomialNB 0.76 0.83 0.71 0.75
Logistic 0.68 0.67 0.70 0.68
Regression
Random Forest 0.89 0.90 0.87 0.88
XGBoost 0.77 0.83 0.72 0.76
CNN-RNN-LR 0.64 0.64 0.64 0.63
CNN-BiLSTM-
SVM

0.93 0.92 0.93 0.92

As shown in the tables, traditional models did not perform well in detecting
either topics or sentiments, highlighting the need for more advanced approaches.
Deep learning models provided stronger results compared to traditional meth-
ods, but they eventually reached a performance bottleneck. To overcome this,
hybrid models were explored. The first attempt combined CNN, RNN, and Lo-
gistic Regression, but performance remained limited. A more effective approach
was achieved by combining deep learning models directly. The best results came
from the CNN-BiLSTM-SVM stack, which integrates two deep learning archi-
tectures with an SVM classifier. This hybrid model successfully overcame the
bottleneck faced by individual deep learning models, achieving the highest over-
all performance.

4.2 Results

The confusion matrices for the proposed hybrid model in both topic and senti-
ment detection are shown in Fig. 6 and Fig. 7. The sentiment model is highly
accurate, while the topic model still struggles with the Others category. Both
models show signs of overfitting: the validation loss for the topic model remains
constant, whereas for the sentiment model it increases slightly.

The precision curves (Fig. 8 and Fig. 9) demonstrate that the SVM ensemble
performs robustly across topic and sentiment classification, while also indicating
areas such as the Others topic that require improvement for better interpretabil-
ity and fairness.

The ROC curves (Fig. 10 and Fig. 11) highlight the strong discriminative
ability of the SVM ensemble in both topic and sentiment classification, while
also emphasizing the need for refinement in ambiguous categories such as Others
to ensure consistency.

5 Conclusion

This report studies the usage of hybrid deep learning models in informal social
media comments and identifies cyber crimes and how it can be used to make the
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Fig. 6. Topic Confusion Matrices of CNN-BiLSTM-SVM Model

Fig. 7. Sentiment Confusion Matrices of CNN-BiLSTM-SVM Model
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Fig. 8. Topic Precision Curves of CNN-BiLSTM-SVM Model

Fig. 9. Sentiment Precision Curves of CNN-BiLSTM-SVM Model
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Fig. 10. Topic ROC Curves of CNN-BiLSTM-SVM Model

Fig. 11. Sentiment ROC Curves of CNN-BiLSTM-SVM Model
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cyberspace more friendly. Since informal language differs from regular writings
and contains much more features machine learning models often fails to accu-
rately classify them. The study found that most traditional models are bound
to 70-80% accuracy. To solve this Deep learning models were used. This proved
much more effective, obtaining an accuracy upto 94%. To further strengthen it
multiple deep learning models were used to obtain the highest of 96% accuracy.
The evaluation was done by classification report, confusion matrix and validation
loss. AUC and ROC curve were also plotted to understand the models behavior
and avoid overfitting. This study contributes a corpus of 7725 labelled comments
which can be used to further enhance Bengali models. It also provides a website
for analytic usage. These along with the hybrid models will help social media
platform to automate cyber crime monitoring and analyze post feedback.
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