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ABSTRACT 
 

This has driven artificial intelligence (AI) development to grow in rapidly, and large 

amounts of language resources are being developed for an array of languages. But Bangla 

has a long way to go in terms of the contributing field of AI. Different categories of Bangla 

Facebook comments, such as Not Bully, Troll, Sexual and Religious are reviewed in this 

study specifically for the Bangla language resources. Using more than twenty-five 

thousand comments, we experimented and optimized various models such as Bangla 

BERT, GRU, LSTM and CNN. In our experimental results, the best performing Bangla 

BERT model reached an accuracy of 80% on the test dataset, whereas GRU achieved 70%, 

LSTM with 65% and finally CNN achieved just around 66%. We noticed ingrained biases 

in the dataset too. This can be useful for Bangla AI Resources which can be further utilized 

in sentiment analysis and content moderation systems to aid Bangla Speakers both 

domestically as well as globally. 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction 

Artificial Intelligence (AI) has made tremendous advances over the recent years where 

Natural Language Processing (NLP) is one of its most vital research field. Yet, Bangla 

(Bengali) is the fifth most spoken language in the world and still has a little less focus in 

terms of AI resources and tools. To the best of our knowledge, this work is the first study 

on Bangla Facebook comment classification which is to classify comments into four 

classes: not bully, troll, religious and sexual. Due to unavailability of proper annotated 

datasets for Bangla, development of Text classification and Sentiment analysis techniques 

stuck behind and Bangla NLP field lagged a lot compared to the high resource languages. 

 

Bangla is a language with a long cultural history. With 228 million native speakers 

worldwide, and a further 37 million speaking it as a second language,[9] it is the first or 

second most widely spoken language in the world. Although Bangla is a widely spoken 

language across the globe, it does not have large datasets and computational models that 

are required for any NLP related research or developing applications. Text classification, 

essential for organizing and analyzing textual data, has numerous practical applications 

from search engines and content management systems to news portals. But since we 

mostly learned for English, it did well but i got stuck in my own language Bangla because 

of low resource and less data available. 

 

The Bangla language is a symbol of resistance and identity for the indigenous Bengali 

people. One hundred and two years after its official establishment, the parallel struggle in 

Bangladesh to reclaim their language took a violent turn on February 21, 1952 as people 

laid down their lives for the mother tongue; today that sacrifice is etched in global history. 

Bangla is loved in its own ground but taking place globally too [10]. Bangla, for example, 

gained increased global currency in 2020 when the Korean Central News Agency 

(KCNA) noted a hot trend of learning this language as a foreign language [11]. 
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However, there is a bit of work has been done on Bangla comment classification [7] but 

we found no work that has focused on Bangla Facebook comment classification. We 

applied and compared some deep learning models, such as Bangla BERT (Bangla 

Bidirectional Encoder Representations from Transformers), GRU, LSTM and CNN using 

a dataset containing more than 25k comments. The data contains four classes: not bully 

meaning that offensive language or harassment is not found in the comments, troll which 

a comment to provoke and annoy others, religious related faith themes and sexual which 

inappropriate contents. Automated classification of each of these categories presents its 

own challenges. 

 

Challenges in this study were also complex. The dataset was also highly imbalanced 

among the categories which impacted the model performance on initial models. 

Furthermore, the raw data presented a lot of noise such as duplicate or low-value entries 

that made classification efforts more complicated. We performed various preprocessing 

techniques to solve the above problems like stop word removal, dataset imbalance handler 

and removing comments with a short-length response. The dataset was further iteratively 

cleaned, analyzed and supplemented to effectively serve each our models. 

 

Overall, although this research has several limitations, it will add value to Bangla AI 

development as we have shown how to apply and compare some deep learning models in 

Bangla Facebook comment classification. Although Bangla BERT was Type the most 

accurate, scoring 80%, other models e.g., GRU, LSTM and CNN gave us insights about 

advantages and disadvantages of using different architectures in this specific task. The 

contributions made by this study can be used as further foundation for Bangla NLP and 

encourages new research by alleviating the problems of dataset bias and resource scarcity 

in both sentiment analysis and text classification. 

 

1.2 Motivation 

Despite being one of the top spoken languages across the globe, there still remains a 

shortage of resources with regards to Bangla in Natural Language Processing (NLP), 
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hence this research is motivated. Even though English and Chinese have huge datasets 

and tools, Bangla still lacks behind in many AI applications due to the unavailability of 

datasets. In this study, we try to fill that gap by proposing some strong Bangla Facebook 

comment classifier where popular Bangla FB comments are classified into categories 

including not bully, troll, religious and sexual. As social media influence increases, 

automation for comments in Bangla can contribute to making the online world safer. 

 

The applications for content moderation and organization spanning from e-commerce to 

journalism, sentiment analysis and text classification are functions that capitalize on the 

power of NLP. But Bangla is still behind in this category because there are no annotated 

datasets and models built specifically for Bangla. To facilitate this research, we exploit 

some of the recently developed state-of-the-art deep learning models including Bangla 

BERT, GRU, LSTM and CNN focusing on their capability in dealing with a 

morphologically rich as well as complex language like Bangla. 

 

The second major impetus is related to the difficulty of Bangla datasets namely, bias, 

imbalance and noise. This study not only mitigates these issues using techniques such as 

stop word removal, balancing the dataset and cleaning of text but also makes a pathway 

through which this subject can be researched further in Bangla using NLP. 

 

Lastly, this research has an importance for me and my culture. Reminiscent of the 1952 

Language Movement, Bangla boasts a glorious past which to preserve in this age of digital 

AI, is more than just a technical problem but a cultural endeavor. The study makes a step 

forward in developing tools that foster an accessible artificial intelligence by enhancing 

Bangla NLP and empowering the community of many Bengali speakers around the world. 

1.3 Rationale of the Study 

Compared to other languages, the development of Bangla NLP is still in its infancy and 

we do not find many annotated datasets/tools developed for Bangla like sentiment analysis 

or text classification. A lack of resources for Bangla NLP limits the ability to create low-

cost AI applications, so relatively few Bangla speakers gain access to large-scale 
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technologies that depend upon it, e.g., content moderation and sentiment analysis. This 

research enhances available Bangla NLP resources by building Bangla Facebook 

comment classification models and fine-tuning Bangla BERT, GRU, LSTM, and CNN 

for the task. These models will be helpful to social media platforms for automated content 

moderation, and researchers and developers can access improved datasets and 

methodologies. Natural Language Processing of Bangla is also an AI for all initiative 

where NLTK and other tools are there to give representation of a language here millions 

more people speak in their day-to-day life, rather than binary-ness of English. 

1.4  Research Questions 

The study will focus on the questions that are listed below, which is essential to perform 

Bangla Facebook comment classification based on deep learning models. Overall, it 

explores the performance of which deep learning model is better for classifying comments 

into not bully, troll, religious and sexual that deeper understanding through BanglaBERT, 

GRU, LSTM and CNN. It also analyzes the dataset — its size, class distribution and even 

biases — then it studies how these dataset biases affect model performance. We perform 

an extensive comparison of the performance of BanglaBERT with respect to existing 

models. Last, it summarizes the challenges that were faced during training a model on 

Bangla data including preprocessing issues, noise in data, un-balanced and un-annotated 

datasets to evaluate its impact on the results. 

1.5 Expected Output 

We most likely never helped the salient result of this exploration as the Bangla Facebook 

comment dataset will be cleaned and preprocessed to be taught for classification tasks. 

Through the use of deep learning models like Bangla BERT, GRU, LSTM and CNN, the 

objective of this research is to be able to achieve a high-performance metrics in term of 

accuracy, precision recall and F1-score. 

 

Out of these models, Bangla BERT is expected to beat other models by a margin since it 

is custom trained on Bangla text and thus, we should see highest accuracy achieved on the 

test dataset. Similarly, GRU, LSTM and CNN would also expect results where they will 

clinch competitive scores in various areas of the tests with their unique strengths at work 



 

 

©Daffodil International University                                                                                 5  

 

such as ability to processing time-dependencies in sequential data or consideration of 

positions for each word they aim at. The cleaned dataset and various implementations like 

stop word removal, balancing technique, removing noisy or low value data is anticipated 

to highly boost the performance of models. 

 

Furthermore, the challenge is to find a way to reduce the biases in dataset so that models 

generalize properly on all class types of comments: not bully, troll, religious and sexual. 

The results are both a demonstration of their effectiveness and a contribution to Bangla 

NLP resources. This study will be a reference in the field of Bangla language sentiment 

analysis and text classification for further research work. 

1.6 Project Management and Finance 

This was a stand-alone academic thesis without any financial support. The researcher had 

own resource management including computational tools, software and access to 

datasets. This project was enabled using publicly available datasets and libraries for 

model development and evaluation. Although there was no budget for this research, a 

plan and resources were utilized to ensure that the objectives of the research could be 

successfully achieved within the constraints set by academic requirements.  

 

1.7 Report Layout 

Chapter 1 establishes the introduction, objectives, and main research question of the study. 

Chapter 2 offers short summaries of the literature review. In chapter 3, this is elaborate and 

the methodology on how it can be done is proposed. Chapter 4 narrates the experimental 

results in this paper and discusses these. Chapter Five: Sustainability plan and how society 

and the environment may be impacted as well as ethical issues related to food access or 

sustainability. Chapter Six brings this current exploration to an end, and sets out a plan for 

future directions. 
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CHAPTER 2 

BACKGROUND 

2.1 Preliminaries/Terminologies 

Sentiment analysis and text classification has become a popular area of research due to its 

applications in the fields such as social media monitoring, content moderation, etc. Bangla 

has one of the largest speakers in the world yet is less covered by Natural language 

processing (NLP) resources. In this paper, we formulate the Bangla Facebook comment 

classification problem by adopting the state-of-art transformer based pre-trained model 

Bangla Bert and apply deep learning approaches like GRU, LSTM and CNN to resolve it. 

The dataset used contains 2,55,000 comments with classes not bully, troll, religious and 

sexual. Each one of these categories comes with their own specific challenge as noise, 

imbalance and bias are inherent to any given dataset. Previous works mainly concentrated 

on resource-rich languages such as English, however for the case of Bangla sentiment 

analysis, there is no large annotated dataset or tools available therefore, it requires a good 

QoS approach. By improving the already existing deep learning models and applying 

different preprocessing techniques; removing stop words, data imbalance to boost up the 

performance of models which will contribute in Bangla NLP resource gap. 

2.2 Related works 

Recent work has pushed the envelope on this front. As an example, in 2020 a corpus for 

Bangla sentiment analysis was proposed which contains more than 10,000 sentences that 

were manually annotated with respect to their polarity level. This is a valuable resource for 

further research and development on Bangla sentiment analysis [12]. The other significant 

work is its Lexicon-based dataset BanglaSenti where 61,582 Bangla words are tagged as 

positive, negative or neutral. This lexicon can be used to identify the polarity of a sentence 

in Bangla [13]. Furthermore, works for aspect-based sentiment analysis in Bangla has been 

carried out. As aspect-based sentiment analysis intended to be complex in nature but 

annotated dataset and corpors are rare especially in Bangla, so a technique was proposed 
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by 2021 where they named their method as PSPWA (Priority Sentence Pattern and Word 

Association) [14] to make it easier. 

In this study, the authors pay attention to the growing research interest in cyberbully 

detection in major languages and explain Bengali as top of their priority list since it is 

seventh most used language in the world. Using a hybrid neural network trained on 44,001 

Facebook comments, it attains impressive accuracies of 87.91% (binary) and 85% 

(multiclass) for bullying phrases—sexual, threat, troll and religion [1]. We propose an 

80,098-sample dataset for emotion detection with six emotion classes in the three 

languages and achieve substantial F1 scores; there is great room to grow following multiple 

dimensions of linguistic diversity in NLP [2]. Classifying Bengali Facebook Comments 

into Positive and Negative Emotions from Deep Learning Models On the other hand, in 

[3], they have pre-trained some word embeddings which offers better performance and 

RNN with those gives 98.3% of accuracy which is a clear improvement over others. The 

work proposes Bangla sentiment analysis (3-class, 5-class) and Emotion detection (6 

emotions) deep learning models on YouTube comment datasets across languages and 

domains, with accuracy of the respective problems as 65.97% and 54.24% [4]. CHAPTER-

2 LITERATURE SURVEY As the title of this study Bounding Bangla emotion detection 

by using Multinomial Naïve Bayes classifier with POS tagging and TF-IDF, showing the 

total accuracy 78.6%between three classes happy, sad and angry. 

The work reported in this paper proposes a system for semantic analysis with Naïve Bayes, 

in order to identify emotions expressed by the users through their comments targeting 

English language posts on Facebook and it was found that it can attain 80% of accuracy. 

For example in marketing, it discusses real-time adaptations of advertisements to specific 

emotions detected at a particular moment, improving the effectiveness of campaigns [6]. 

In this study, we build a detector for social-media based emotions (anger and surprise) 

sentiments (trust) and sarcasm It also improves sentiment analysis accuracy for marketing 

analytics by using lexical databases (WordNet, SentiWordNet) and algorithms such as 

hashtag processing and emoticon recognition [7]. A new framework for hate speech 
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detection on Facebook using graph and sentiment analysis by clustering posts, automatic 

identification of pages likely to promote hate speech regarding sensitive topics [8].  

2.3 The Problem's Scope 

This study investigates the classification of Bangla Facebook comments into four 

categories: not bully, troll, religious and sexual using state-of-the-art deep learning 

approaches like Bangla BERT, GRU, LSTM and CNN. We limit our study to a dataset of 

over 25,000 comments with noise, imbalance and dataset biases mitigated in the 

preprocessing step. While demonstrating the difficulties of Bangla text classification such 

as scarcity of annotated resources, morphology rich nature and linguistic characteristics the 

research tries to give an insight into various models performed on this dataset. We believe 

this work adds to Bangla NLP community as it builds a couple of models which will 

potentially pave the way for better content analysis and moderation in Bangla speaking 

communities! 

2.4 Challenges 

There were a number of challenges we experienced when conducting this research. The 

distribution of categories in the dataset was not uniform therefore the category imbalance 

influenced initial models' performance. Moreover, stop words and comments having low 

lengths added noise to data leading to overall model accuracy being less. Cleaning and 

preprocessing these issues required a lot of work; stop word removal, balancing the 

dataset, removing short/low-value comments. Moreover, several deep learning 

architectures were unable to generalize effectively on the complexities of Bangla text 

display, and manual hyper parameter optimization was needed to achieve acceptable 

results. This was a challenge which highlighted the NLP challenges in resource-scarce 

languages like Bangla. 
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                                                        CHAPTER 3 

RESEARCH METHOLOGY 

3.1 Proposed Methodology/Applied Mechanism 

This study proposes a methodology to classify Bangla Facebook comments into four 

categories: not bully, troll, religious and sexual, using some of the most sophisticated deep 

learning models. This dataset (over 25, 000 comments) was heavily preprocessed to reduce 

noise, biases and imbalances. In order to improve the quality of data, several preprocessing 

steps like stopword removal, balancing the dataset and omitting low-length comments were 

performed. We used four models—BanglaBERT, GRU, LSTM and CNN—with 

BanglaBERT being fine-tuned to take advantage of language specific features. For each 

model, we performed the training and evaluation on our processed dataset and used metrics 

such as accuracy, precision, recall and F1-score. A methodology is proposed focusing on 

iterative experimentation and comparison in order to find the best performing model for 

Bangla text classification while tackling challenges inherent to Bangla NLP like 

morphological richness of the language & scarcity of annotated resources. 

 

Fig 3.1: Workflow 
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3.2 Data Collection Procedure/Dataset Utilized 

The data set used in this work is the Facebook Sentiment Analysis Bangla Language from 

Kaggle. Over 25 thousand Bangla Facebook comments with four classes, namely not 

bully, troll, religious and sexual. 

 

    Fig 3.2: Dataset Utilization 

The following preprocessing was performed to make the dataset suitable for deep 

learning-based classification tasks 

 

 

3.2.1 Cleaning the dataset 

The raw dataset had a lot of noisy and redundant data which can affect the model 

performance adversely. Data cleaning, we cleaned the data to eliminate invalid entries, 

unwanted characters and symbols while maintaining the meaningfulness of the text data. 

This was important and helped in noise reduction and to further preprocess the data. 
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    Figure 3.3: Clean dataset 

3.2.2 Stopword Removal 

Bangla stopwords, including conjunctions or prepositions frequently used in the Bangla 

language and having little to no role in semantic understanding during a sentiment or 

classification task were recognized and removed. This basically reduced the dimensionality 

of the dataset and sharpened attention to words that have real meaning, therefore increasing 

the computational efficiency of the models. 

 

    Figure 3.4: Stop Word remove Dataset 
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3.2.3 Removal of Low-Length Data 

Very short comments, with either few, or no words that would be recognized as having 

semantically meaningful content were removed. Those low length entries may inject noise 

or bias affecting the overall model learning process. The dataset was pre-processed to 

eliminate data which cannot be useful input to the deep learning models. 

 

    Figure 3.5: Removal of Low-Length Data 

We followed the following steps to make sure well preprocess, balance and optimize the 

dataset, so we can train/evaluate the model such as BangalaBERT, GRU, LSTM and CNN. 

Since Bangla NLP datasets typically present their own set of challenges, this pipeline for 

preprocessing until training was crucial to develop. 

                           

Figure 3.6: Final Dataset  



 

 

©Daffodil International University                                                                                 13  

 

3.4 Deep Learning Models 

This paper uses multiple deep learning-based architectures to classify Bangla Facebook 

comments into four classes which are not-bully, troll, religious and sexual. Models were 

chosen based on their unique capabilities to address the complexities of textual data and 

sequential patterns. The models used are — 

3.4.1 Banglabert 

BanglaBERT is a Bangla transformer-based pretrained language model. BanglaBERT has 

been trained with a fine-tuned model on BERT architecture that captures linguistic and 

contextual nuances in Bangla text by using bidirectional training of Transformers, it 

knows what a word means by looking at all the other words in a sentence — context to 

the left and context to the right. This is why BERT is so great for NLP tasks including 

text classification, sentiment analysis, named entity recognition etc.→ (Long Short Term 

Memory). Due to the critical necessity of context in morphologically rich languages like 

Bangla, BanglaBERT has been architecture in a way it is most appropriate [15]. 

 

Figure 3.7: Banglabert Architecture 
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3.4.1 GRU 

The GRU (Gated Recurrent Unit) is a variant of traditional RNNs that are simplified but 

solves some classical RNN architectures limitations like the vanishing gradient problem. 

GRU incorporates an additional reset gate and update gate that are used to control 

information flow and access long-term dependencies, when necessary, more efficiently. 

This is especially useful for data in a sequence, like text json, time series or speech signal 

where you should remember previous payload. GRUs showed similar results in 

performance but with reduced computation time than LSTM and so are better suited to 

tasks where the data interpretational complexity is relatively high. [16] 

 

     Figure 3.8: GRU Architecture 

3.4.1. LSTM 

LSTMs are a type of RNN created with their construction to learn long-term dependencies 

and the issues associated with vanishing gradients. Long Short-Term Memory networks 

(LSTMs) employ an elaborate gating system comprised of input, forget and output gates 

to control information flow into memory cells. This enables the network to preserve 

information over long sequence length and forget less relevant details, making it perform 

very well in sequential problems like language modulization, translation or text 

classification. Long Short-Term Memory (LSTM) are often used when dealing with highly 

complex temporal dependencies in Natural Language Processing (NLP) [17]. 
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Figure 3.9: LSTM Architecture 

 

3.4.1 CNN 

CNN: Convolutional Neural Networks are deep learning models that were originally very 

successful in designing for image processing but have also been used in text classification. 

For instance, in NLP, CNNs convolve filters across text embeddings to learn n-gram level 

local features and hierarchical representations of the data. CNNs have been proven accurate 

at feature extraction from texts while also significantly reducing computational costs as 

they are able to work with data in parallel. CNN pooling layers continue to reduce 

dimensionality while concentrating only on the most essential features, which enable 

CNNs to generalize to unseen data better. Convolutional Neural Networks (CNNs) are best 

suited for tasks where local structures in text help a lot with classification [18]. 

 
Figure 3.10: CNN Architecture 
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3.5 Training Model 

So, deep learning models such as LSTM, GRU, RNN, CNN etc. were employed in this 

study with 20% data being used for testing set. The second part dealt with LSTM and GRU 

models using 4 neural layers, tokenized inputs & a dropout of 20% to prevent overfitting. 

Bangla BERT: this transformer model trained with 32 batch size and 5 epochs; tokenized 

words were passed through an embedding layer. 
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                                                    CHAPTER 4 

EXPERIMENTAL RESULTS AND DISCUSSION 

We had measured the performance of the proposed deep learning models (BanglaBERT, 

GRU, LSTM and CNN) using accuracy, precision, recall and F1-score. All these metrics 

you saw in confusion matrix and classification report for individual models. A confusion 

matrix gives us a summary of the predictive results of our four categories from the 

models, allowing you to summarize the number of true positives, true negatives, false 

positives, and false negatives that will help us see how well both classifiers can classify 

each category: not bully and troll, religious or sexual 

4.1 Results of Data preprocessing 

The dataset preprocessing phase was very important to prepare the predicted database for 

classification. This started off with a dataset of 41,721 Bangla Facebook comments. After 

performing a combination of preprocessing steps such as removing noise, stopwords and 

eliminating the low-length comments we ended up with 25,000 entries in our dataset. 

 

Figure 4.1.1: Preprocess data  
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4.2 Confusion Matrix 

The confusion matrices for each of the models gives a better idea about the ability of each 

model in classifying the 4 classes. For instance, BanglaBERT achieved the highest results 

in all categories with lesser misclassification than GRU and LSTM but higher than CNN. 

In particular, some troll comments were incorrectly labeled as not bully in the confusion 

matrices due to overlap of contextual features causing high similarity between instances. 

Such observations guided to think of further improvements for the models. 

True Positive  False Positive  

False Negative  True Negative 

 Table 4.2.1: Confusion Matrix  

 

4.3 Classification Report 

The classification report calculated precision, recall and F1-score per category allowing for 

a more thorough comparison of relative strengths and weaknesses of the model. The overall 

maximum accuracy achieved by BanglaBERT was 80% with promising precision and 

recall for the not bully and religious categories. GRU came next with \(70\%) accuracy, 

while LSTM and CNN achieved \(65\%\) and \(66\%\ accuracy. The sexual category 

proved particularly difficult for the models, possibly because of its lower representation in 

the dataset and subtler wording typically found in such comments. 

Precision: The precision is the ratio of correctly predicted positive observations to the total 

predicted positive observations. 

Recall: Recall is the ratio of correctly predicted positive observations to all observations in 

actual class (True Positives + False Negatives) 

F1-score: F1-score is the harmonic mean of precision and recall. This gives a balanced 

measure which is especially useful when the classes are on different distributions. It takes 

both false positives and false negatives into account. 
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4.4 Deep learning models   

4.4.1 Banglabert  

The accuracy of the BanglaBERT model came out to be 80% where (Figure 4.4.1.1) 

shows the confusion matrix depicting that "not bully" and "religious" categories are 

closely predicted with very few mix classes across them. 

 

Figure 4.4.1.1: Confusion Matrix of Banglabert  
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Figure 4.4.1.2: Classification report of Banglabert  

 

 

4.4.2 GRU 

 

The GRU model showed an ability of sequential Bangla text handling with 70% accuracy. 

As shown in the confusion matrix, our model performs well when an input is "not bully" 

and if a input comment belongs to the overall public class category i.e. "religious", but it 

struggles at identifying comments labelled as "troll" or "sexual". This shows that GRU can 

catch sequential information well, but needs to be improved in contextual builder. 
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                                      Figure 4.4.2.1: Confusion Matrix of GRU 

 

Figure 4.4.2.2: Classification Report of GRU  
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4.4.3 LSTM 

The LSTM model used for the training achieved an accuracy of 65%, indicating its 

potential in learning long-term dependencies in Bangla text. As you can see from the 

confusion matrixes, it does fairly well with "religious" and "not bully", however misses a 

lot of comments on both the "troll" and sexual – this could indicate that better preprocessing 

or fine-tuning is needed. 

Figure 4.4.3.1: Confusion Matrix of LSTM  
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Figure 4.4.3.2: Classification Report of LSTM  

4.4.4 CNN 

It obtained 66% accuracy with a CNN model using convolutional layers to obtain local 

features of Bangla text. From the confusion matrix, it can be observed that while prediction 

class of "not bully" is being classified correctly at a high extent but now in case of "sexual" 

and "troll" classes CNN shows poor performance which may be due to CNN architecture 

inherent capability which does not take sequential dependency into account as we have 

seen earlier with GRU and LSTM. 
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Figure 4.4.4.1: Confusion Matrix of CNN  

 

Figure 4.4.4.2: Classification Report  
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4.5 Experimental Result & Analysis  

Experimental results showing Bangla Facebook comment classification on four deep 

learning models: BanglaBERT, GRU, LSTM and CNN To our surprise, we found 

BanglaBERT as the top-performing model (accuracy=80%). It outperformed in most 

categories by taking advantage of having pre-trained contextual embeddings for Bangla. 

Then, GRU (with 70% accuracy), which is also capable of processing sequential data; 

however, it was not strong when separating between "troll" and "sexual" comments. CNN 

received 66 accuracy rates, having success with identifying local text patterns but failing 

to identify sequential dependencies, LSTM received 65 so it can learn long-term 

dependencies very well but had more misclassification on nuanced categories. In 

conclusion, BanglaBERT was generally the best model indicating once again that 

contextual embeddings with proper preprocessing can significantly enhance Bangla NLP 

tasks. 

 

 

 

Model  Accuracy 

BanglaBert 80% 

GRU  70% 

LSTM 65% 

CNN  66% 

 

     Table 4.5.1: Model Accuracy 
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 Figure 4.5.1: Model Accuracy Comparison  
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CHAPTER 5 

  CONCLUSION AND FUTURE WORK 

 

 

5.1 Conclusion 

This paper investigated the categorization of Bangla Facebook comments into four classes 

which are: not bully, troll, religious and sexual class based on the state-of-the-art deep 

learning architectures (BanglaBERT, GRU, LSTM and CNN). The results showed that 

BanglaBERT, which was pre-trained with contextual embeddings based on the Bangla 

language, performs best with an accuracy of 80%, far better than the other models. As 

results reveal, GRU, CNN, and LSTM have offered strong performances with accuracies 

of 70%, 66% and 65%, respectively highlighting their effectiveness for sequential and local 

patterns respectively within the text. 

 

Five challenge types were identified from the research that fell into datasets bias, imbalance 

and noisy data, for these issues, comprehensive preprocessing approaches were followed 

such as stopword removal, balancing and low-value data filtering. These efforts lead to a 

meaningful gain in model performance, underlining that access to high-quality data is often 

the most critical element of success in any NLP task. 

 

The results show that BanglaBERT has great potential as a powerful text classification 

model for Bangla, thus opening new venues of research in Bangla NLP. This work expands 

the current resources available for Bangla NLP and will also help bring more inclusivity in 

AI research for Bangla speakers, making way for future exploration on tasks like sentiment 

analysis, content moderation etc. of other Bangla-language relevant AI-related fields sorted 

out from this study. 
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5.2 Future Work 

However, there are many ways to extend this work for better performance in Bangla 

Facebook comment classification. Increasing the amount of data with more comments can 

help make the models more robust and improve generalization, for one. It should also be 

pursued to create a dataset with more balance and fairness, thus addressing uneven class 

distributions. Moving this classification out of just bully, troll, religious, sexual allows for 

depth and applicability in the real-world. Moreover, user sentiment is often depicted using 

symbols or emojis that fall outside the scope of textual data alone, thus it would make sense 

to include them in the analysis. Investigating additional state-of-the-art models (other than 

BanglaBERT) such as other transformer architectures or even ensemble methods may 

improve performance on these tasks and deepen our understanding of how suitable certain 

types of model/architecture are for Bangla NLP. These future directions will further 

facilitate Bangla NLP and sentiment analysis applications. 
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