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ABSTRACT 

 
In this paper we introduce a large scale, structured dataset of Bangla news articles with 

320k instances under several predefined classes (Science & Technology, International, 

National, Sports, Entertainment, Economy, Politics and Education) that aims to advance 

Bengali Natural Language Processing (NLP). Objective — to solve text classification 

problem for Bangla contents. A range of deep-learning models has been used for 

classifying the articles, where Bangla-BERT—a transformer-based model had attained an 

accuracy: 92% which was better than others. Other architectures (GRU, LSTM, CNN and 

a Hybrid Model) were also implemented and tested but Bangla-BERT outperformed with 

the highest accuracy. The present holistic dataset and the resulting insights on model 

performance allow a significant addition to available resources with Bangla NLP and an 

accurate benchmark for future works in this area. The implications of this work reach 

academics and industry; the Bangladeshi National Newspaper Organizations can use these 

models for efficient article categorization, and the natural language processing researchers 

are using an available dataset with insights on model effectiveness for Bangla text 

classification. This work represents a small step towards bridging the gap for NLP 

resources of Bengali language, and may pave the way for quantitative progress in 

automated language processing for Bangla. 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction 

This research article is a groundbreaking work to classify Bengali news article with special 

emphasis on our daily use newspaper available in Bangladesh. Bangla has been ranked at 

7th position among 100 most spoken languages across the world. In an article published 

on online portal, visual-content provider Visual Capitalist ranked Bangla in the top ten of 

the lists with 265 million native and non-native speakers across the globe.[1] It is yet to 

be a resourceful language in terms of various Natural Language Processing (NLP) 

applications. This paper address classifying Bengali news headlines which is very 

challenging since there are not many large annotated dataset in this domain.  

Bengali has a rich history — Linguistic legacy found its significance in making the 

sacrifice of lives, for upholding the dignity of language which was evident in the historic 

1952 movement[2]. And it is interesting to note that Bengali has attracted interest 

worldwide, with an increasing number of people learning the language as a foreign 

language. Bengali is a language that is spoken widely across the world but there are not 

sufficient text classification datasets for Bengali compared to some of other major 

languages, which hinders the development of NLP tools. 

Text classification is an important process that helps organize and manage the information 

which is an integral part of applications like search engine, content management systems, 

news portals etc[3]. But Bengali is still lagging behind other languages regarding different 

fields of NLP, although for those languages with a larger dataset the development is 

enormous. In this paper, we fill in this gap by creating a dataset of Bengali news articles. 

We crawled around 324k articles from different sources of well-known Bangladeshi 

newspapers and grouped them into eight categories: ScienceTechnology, International, 

National, Sports, Entertainment, Economy, Politics and Education to create the data 

set[4]. After data preparation, multiple transformer and deep learning models were trained 

in order to classify the documents into their respective classes. The models are GRU, 

LSTM, CNN, Hybrid (CNN+RNN), and Bangla-BERT. These strategies enabled that 
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study to tackle the challenges involved in classifying a low-resource language like 

Bengali, which requires larger datasets and suggests the requirement of sophisticated 

deep-learning model for more elaborate understandings of linguistic features. 

Research methodology could be divided into four steps, starting with data extraction from 

trusted Bangladeshi newspaper like Prothom Alo, Jugantor, Ittefaq and POTRIKA 

available in kaggle dataset[4]. The data was preprocessed for tokenization, removing stop-

words and then there were some filters to avoid punctuation marks / additional English 

words which lead to good machine-readable data. As observed, tokenization is pretty 

important since models don't work with text but numbers. The dataset was shuffled to 

ensure no data-aliasing effects would bias the data and then vectorized for model training 

as part of its pre-processing. A series of deep learning models such as GRU, LSTM and 

Bangla-BERT were trained with Bangla-BERT achieving the maximum accuracy proven 

to be effective for low-resource language processing. The classification accuracies with 

each model on the eight classes of assessment were then assessed. 

This work provides an important dataset along with the trained models and the benchmark 

on it to further enrich Bengali NLP resources worthy of enabling future studies on text 

classification for Bengali language. And news organizations from Bangladesh will find 

useful AI solutions to help them categorize and optimize content available in the site. The 

outcome of this research can play an important role on Bengali text classification and 

integration to automated categorization as part of online news portal might help users in 

browsing the categorized articles. In particular, the conclusive observations from these 

studies include mentioning the promise of extending this work with larger datasets, data 

fairness and complex architectures that may provide better performance. In summary, this 

research helped in developing some technologies for Bengali NLP, specifically for content 

classification along with an opportunity to do more research on the Bengali language. 
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1.2 Motivation 

Since my first semester of MSc in university, I have become passionate about applications 

developed from Machine or Deep Learning and this interest has never vanished. At first, 

the Deep Learning systems caught my attention but I quickly realized that this area has 

been established quite broad and so the motivation to build something into an existing well-

studied problem wasn't strong compared to making a contribution towards work related to 

Bengali (my mother tongue). I came to this conclusion after reading many research articles 

in this domain of news classification for different languages and found none other than 

Bengali language news classification has been addressed. I feel this research would 

contribute work to the academics for developing Bengali language for amounting 

development in user experience and recognition. 

I named the project —"Multi-class Classification of Bengali Newspaper Articles Using 

Transformer & Deep Learning Approaches”. One thing to notice from the current trend is 

that technologies are getting advanced and how user experience is improved here and there 

in the whole world. Customers are growing accustomed to systems that instinctively 

provide relevant choices mapped out with their interest. So, to build a news 

recommendation system that people expect it must be the subject of independent decision 

making. That is what made me excited to do work that was research-based. This is the aim 

of such a goal which we will be focusing on in our study using deep learning and machine 

learning methods for it. 

1.3 Rationale of the Study 

Though huge papers have been published in the context of Natural Language Processing 

(NLP) and Text Classification, yet only a few studies were carried on Bengali news 

categorization[5]. Our work fills this gap by proposing a new method that combines data 

preprocessing techniques with the deep learning-based transformer model approach. The 

objective of this work is to make some powerful classification models using various 

algorithms which can help in making a strong classifier and it will add value in task from 

the domain of NLP. 



 

 

©Daffodil International University                                                                                 4  

 

NLP is a sophisticated method that allows us to analyze textual and speech records data to 

seek out the particular which means of a given context. This field is the programming of 

computers to simulate human thought processes, which utilizes natural human languages. 

It can be a text or speech output and input for the NLP systems which is in between human 

language and machine language. As one of the NLP features, Text Classification processes 

large sequences of information, identifying salient terms related to other information 

sequences for brief categorization and understanding[6]. The model learns to filter out the 

misleading information which improves and prices the accuracy and reliability through 

massive dataset training. 

1.4 Research Questions 

It was challenging to complete this research. In order to respond accurately and 

pragmatically to the sentiments and results involved, the researchers offer questions that 

can guide a response: 

• RQ1: Can the large corpus of Bengali textual data be collected and then 

preprocessed to make it available for modeling? 

• RQ2: Can this work help improve text classification systems? 

• RQ3: Why in this context, hasn't been used a transformer model? 

1.5 Expected Output 

There are some of the key objectives defined under this section and these will be our main 

expected outcomes. Abstract—This project research to classify the Bengali news based on 

transformer or a whole, efficient approaches with the model build from training dataset. 

• Bengali news can be categorized in different types. 

• Such a frame can be a lot helpful to the news portals available on the internet. 

• This framework could improve the experience of online news readers as well if 

adopted by all news portals. 
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1.6 Project Management and Finance 

This research work did not receive funding from any individuals or organizations. 

1.7 Report Layout 

This report consists of six chapters, where we have explained all our work in as organized 

way as possible. For better understanding, we are providing a very brief summary below. 

Chapter 1  

This chapter has included all our introductions, motivation of work, our objectives, 

research question. In advance of our research, we have already highlighted the theory and 

work-related information antecedents to our research. 

Chapter 2 

In this chapter we have briefly discussed about the terminologies and related works. In 

addition, the summary of our research and area bounded in problem were explained. We 

closed this chapter by discussing the obstacles that we have encountered throughout doing 

this research. 

Chapter 3 

In this chapter, we described the methods of our work. Also touched on the technologies 

& equipment that we needed to use. We demonstrated our data collection procedure and 

data preprocessing. Finally, proposed our deep learning models, statistical examination, a 

blister of model details and structure, along with the depiction of Taxonomy of our model 

was all discussed. 

Chapter 4 

We have discussed the results and shown the comparison among the models which gives 

best performance for our classification. We have shown real-life prediction accuracy using 

a simple UI for each model to classify any bangla news article. 
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Chapter 5 

We discussed chapter fives by the impact on society, ethical aspects and sustainability plan 

for understanding significance of our research work. 

Chapter 6 

Lastly, we covered future work and briefly discussed it. In this article, we explain a brief 

summary of study, recommendation, conclusion and implication for further study. 
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CHAPTER 2 

BACKGROUND 

2.1 Introduction 

The primary task is multiclass classification which aims to assign each article into one of 

the possible categories. Natural Language processing (NLP) problems arise for Bengali 

text due to its rich morphology and are addressed in this paper. Deep learning models, 

especially transformer architectures (such as BERT [Bidirectional Encoder 

Representations from Transformers], CNN and RNN) can be used because they capture 

complex long-range dependencies in text by using self-attention mechanisms[7]. It was 

addressed the challenge of less resourceful for Bengali language also by pre-training on 

Bengali specific data then fine-tuning the model. It also uses pre-trained language models, 

which we adapted to the task via transfer learning suitable for obtaining better results with 

limited data. It involves applying word embeddings, tokenization, and other text 

preprocessing techniques to prepare the data, and using metrics like accuracy, precision, 

recall as well as macro and micro F1-score to evaluate model performance. This work 

attempts to improve the efficiency and efficacy of Bengali text classification by using 

combination of recent advanced deep learning methods and language resources appropriate 

for Bengali. 

2.2 Related works 

We are pleased to introduce the Potrika dataset, a valuable resource in the field of Bengali 

Natural Language Processing (NLP), filling the absence of large-scale datasets for text 

classification. Potrika consists of 665000 articles collected from six main Bangladeshi new 

portals in the period between 2014 and 2020 having eight categories namely National, 

Sports, International, Entertainment, Economy Education Politics and Science & 

Technology[8]. To address class imbalance, a balanced subset consisting of 40,000 articles 

per category (total: 320,000 articles) was constructed. We provide state-of-the-art results 

on a number of benchmark datasets as well as scale, category representation and balance 

over previously available Bengali resources  namely, BERT or the works by Hossan and 
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Shahin. Potrika is suitable for various NLP applications like classification, named entity 

recognition and text summarization, making it a robust benchmark to build Bengali NLP 

models. This will be an important milestone for the development of Bengali NLP as it 

allows for data-driven solutions and advances research in low-resource languages[8]. 

Shortly after, the important papers were published in Bengali news classification, but they 

ended with proper comparison between other major languages and Bengali. Specifically, 

despite a well-resourced landscape for English NLP, Bengali does not enjoy the same level 

of availability of datasets and models. Related works generally revolve around machine 

learning and shallow types of deep learning with data sets being small sized or lacking 

diversity in terms of categories. Though a few approaches on text classification in Bengali 

only have been made [9,10] for example from BRAC University, CUET they followed the 

techniques of N-grams and convolutional neural network(NN-CNN) which produced good 

performance. However, these works highlight the lack of high quality balanced datasets 

and better models to reach satisfactory classification accuracy for Bengali, particularly for 

domain-specific tasks like news categorization. 

Sentiment analysis and topic categorization among Bangla text using Natural Language 

Processing(NLP) tools, the literature on Bengali news classification indicates that great 

need of NLP in Bangla Text Analysis[11]. Unfortunately, there are not many resources and 

datasets available that can push the Bengali NLP forward. It is a remarkable attempt by 

some researchers (Potrika dataset) to come up with a well-balanced dataset based on 

categories such as National, Sports, Economy, Politics etc. Research implemented 

approaches may leverage either machine learning or deep learning techniques such as 

Logistic Regression, Support Vector Machine (SVM) and Gated Recurrent Unit (GRU). 

To increase accuracy, it often incorporates word embedding such as Word2Vec, FastText 

and TF-IDF. These approaches boost classification but limited annotated datasets exit 

along with the complexity of the Bengali language[12]. 

The existing literature on Bengali news classification indicates that the scope for 

performing Natural Language Processing(NLP) functions globally has much progressed 
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but NLP of Bengali language is a big area to explore due to lack of resources. Though, 

English has many datasets and pretrained models available for text classification like tasks, 

but Bengali just explores the tip of an iceberg with respect to scope as well as size of 

dataset. Prior work has mainly used conventional machine learning approaches (e.g., SVM, 

Naive Bayes), and neural networks such as LSTM, GRU[13]. But all above studies show 

us that they always needs well balanced and large datasets, also the models must be strong 

enough to achieve better performance in Bengali text classification specially for domain 

specific tasks such as news category. 

Literature on Bengali news classification shows the disparity between NLP resources for 

Bengali and raises similar concerns, as most of the existing works utilize machine learning 

and deep learning approaches to address this. Although others have used techniques such 

as Support Vector Machine (SVM), Naive Bayes, LSTM, or GRU [13], the small and low 

diverse datasets do not allow better performance to be achieved with these models. Potrika 

dataset was built to fill this gap by enhancing the classification across multiple categories 

for a generalist newspaper to cater NLP tasks like topic classification and sentiment 

analysis. This work highlights the need for huge datasets and strong models to improve 

Bengali NLP capabilities. 

This work establishes the state of the art in Bengali news classification and highlights the 

need for better decades-old language resources pertaining to low resource languages like 

Bengali. As much as work has progressed in English and other major languages, Bengali 

lags behind on account of lack of available datasets and models. Previous works often use 

machine learning methods like Support Vector Machines, Naive Bayes and Random 

Forests, as well as neural networks such as LSTM and GRU. Yet, often due to small, 

unbalanced datasets accurate. Recent resources, such as Potrika dataset, mitigate the 

aforementioned drawbacks by providing larger and comparatively balanced data sets 

making it possible to build better classification models especially in the context of Bengali 

news categorization.  
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2.3 The Problem's Scope 

Although transformer models are known for its high accuracy and state-of-the-art 

performance (SOTA), especially in text classification tasks, they have not yet been 

extensively used in Bengali news classification. Current methods are mainly based on 

either conventional Machine Learning models or recurrent neural networks (like LSTM 

and GRU), which cannot effectively capture processed complex language features in very 

long sequences. We find a significant gap here which can be filled with transformer models 

such as Banglabert that already has shown the potential by outperformed in many different 

NLU tasks on Bengali including this paper for Bengali newspaper classification. The 

objective of the research is to familiarize transformer-based models for Bengali news 

classification, showing their capacity to deliver improved accuracy and efficiency while 

establishing a new guideline in relation to resources around Bengali NLP. 

2.4 Challenges 

This has been the biggest challenge of this project because first you need to, amass a lot of 

databases at scale and then clean it all up and structure it accordingly. This data cleaning 

has several steps, for stop words removal, English text and punctuations. For machine 

learning, the dataset needed some work in terms of tokenization, while for deep learning 

models we would need another layer here called vectorization. Batch size: As the dataset 

was quite large, it took much time in getting final model outputs for both machine learning 

and deep learning models. While a few datasets were available, the small size made it 

difficult to achieve accuracy thus, we needed to collect larger dataset for bengali text 

classification. This entailed creating everything from scratch, collecting and cleaning data 

from different publicly available datasets, designing and training all 5 models motivated 

solely by passion and a spirit towards pushing the frontiers of Bengali NLP. 

 

 

 

 



 

 

©Daffodil International University                                                                                 11  

 

CHAPTER 3 

RESEARCH METHOLOGY 

3.1 Introduction 

In this chapter, I will describe the methodology I followed for this project. The operations 

that are carried out include downloading the data set, preparing the data, analyzing the data, 

choosing the model, training the model, validate the outputs and make the prediction. Both 

transformer and deep learning models were trained with caution. Data preparation is 

necessary because the dataset is one of the largest corpus in bangla newspaper. 

3.2 Proposed Methodology 

This study, on the other hand, has a methodology that includes data collection, data 

cleaning and pre-processing, tokenization and vectorization, model building and 

evaluation. 

• Data Collection: The dataset we used here is from Potrika, which is the largest 

public Bengali news articles dataset available[6]. 

• Data processing: the data was grouped and analyzed right after it was collected 

from different sources. Selected dataset was manually reviewed and filtered of 

distorted, flawed or irrelevant data points, before we continued with the input. 

• Data Cleaning and Pre-processing: At this stage, data was processed class-wise. 

English words, punctuation, special characters, whitespace and digits are removed 

to make the dataset trainable/testable. This pre-processing step was time-

consuming because of the big dataset. 

• Building the model: In this step, the data was tokenized and prepared to create a 

train-test split. We trained five models, including transformer and deep learning 

algorithms. This allowed us to compare the performance of the models in both 

training and testing stages. 
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• Performance Evaluation: In this part I share graphical and theoretical results, such 

as accuracy graphs, test loss, confusion matrices, etc related to the performance of 

each model 

• Conclusion and Future Work: This section basically wraps up this study, but 

proposes plans for more progress in the future. 

 

 

Fig 3.1: Workflow of Newspaper Article Classification 
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3.3 Data Collection Procedure 

We have used Potrika dataset which is one of the largest Bangla newspaper datasets 

containing news articles collected from six major Bangladeshi news portals, namely 

Jugantor, Jaijaidin, Ittefaq, Kaler Kontho, Inqilab and Somoyer Alo. Our dataset from 2014 

to 2020 consists of 664,880 articles divided into eight different categories National, Sports, 

International, Entertainment, Economy, Education and Politics and Science & 

Technology[6]. Potrika dataset was processed to remove distortions and irrelevant content, 

specifically preparing the data for NLP tasks like text classification. The author of the 

dataset applied data augmentation techniques to balance the dataset and create 40k articles 

for each category, so that machine learning and deep learning models could be trained on 

a balanced dataset for Bengali news classification. This dataset serves as a useful 

benchmark for Bengali NLP research and applications. 

 

Fig. 3.2: Total number of articles in our Potrika dataset 
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3.4 Data Pre-processing 

In this research, a lot of data preprocessing has been done to optimize the Potrika dataset 

for efficient machine learning and deep learning model training. The preprocessing steps 

included stop word removal, data cleaning, tokenization, and vectorization. 

• Cleaning the Dataset: We filtered out any unnecessary parts of the dataset such as 

english words, punctuation marks, symbols or special characters, spaces and 

numeric digits. This was a vital step in creating a raw dataset that will be 

representative of human nature of speaking/writing Bengali. 

 

Fig. 3.3: Before filtering unnecessary words 

 

Fig. 3.4: After filtering unnecessary words 
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• Stop Word Removal: Around 700 stop words of Bengali were used to remove 

words that occur very often but contribute nothing semantically. It is a step towards 

noise reduction and tend models to way more meaningful terms in the text. 

 

Fig. 3.5: Before and after removing the stop words 

• Short Article Removed: We have removed 1785 small articles which have less 

than 20 words. After removing the articles which contains less than 20 words, we 

printed the total number of rows and length of each rows as shown in below. 
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Fig. 3.6: After removing short articles 

• Tokenization: We tokenized every cleaned text entry, the process of breaking 

down a text into individual tokens (in our case, words) We have shown the 

summary of each document, word, unique word counts per category in the dataset 

after removing stop words and short articles. Here in the fig 3.7 the most frequent 

words with count are shown. 

Fig. 3.7: Tokenization of each Documents 
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3.5 Data Insight Details 

This dataset contains 4 attributes title, body, label, source while some variation and training 

purpose The text entry for and initial dataset is based on Potrika, However I am to decrease 

it and final version of the Potrika data consists of more than 3,20,000 data have been 

divided into 8 different category sports, national, international, education, science & 

technology, politics entertainment economic-business will be used in our experiment with 

various algorithms. 

Table 3.1: Count of the articles in each category 

Category Count 

ScienceTechnology 42083 

International 40979 

National 40928 

Sports 40701 

Entertainment 40539 

Economy 40273 

Politics 40104 

Education 38533 
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Fig. 3.8: Size of each category in pie-chart 

 

3.6 Understanding of the Deep Learning Models 

Recently, DL due to its imply can learn from the provided data; hence it has become one 

of the hot topics these days in ML, AI as well as DS and DA[14]. In this research we have 

used 5 different deep learning models building including CNN, LSTM, GRU, CNN-

LSTM(Hybrid) and Bangla-BERT. Here I will explain all of the working principles of 

these methods. 
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3.6.1. Transformer: Bangla-BERT 

The initial application of transformers was sequence transduction or in layman's terms: 

neural machine translation. So they are meant to work on any sequence-to-sequence task. 

That is why they are called "Transformers". The latest state-of-the-art NLP model, 

Transformers, is a gradual evolution of the encoder-decoder architecture. While the 

encoder-decoder model relies extensively on Recurrent Neural Networks (RNNs) to 

capture the time-dependent information in the input, Transformers have no such 

recurrence[15]. 

Bangla-BERT is a pre-trained model based on the BERT architecture, specifically adapted 

for the Bengali language[16]. It’s a type of ELECTRA discriminator model that’s been 

pre-trained with a special objective called Replaced Token Detection (RTD). This means 

it’s really good at understanding the nuances of the Bengali language[17].Utilizing a 

transformer architecture, Bangla-BERT excels at capturing contextual information from 

text. The model comprises multiple layers of transformer blocks, each containing multi-

head self-attention mechanisms and feed-forward neural networks. Pre-trained on an 

extensive Bengali text corpus, Bangla-BERT learns complex language representations, 

making it easy to fine-tune for specific downstream tasks with minimal additional 

training[18]. 

 

Fig. 3.9: Architecture of BERT Transformer 
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3.6.2. Convolution Neural Networks (CNN) 

CNNs are layered artificial neural networks that can identify intricate features in data; for 

example, it finds features in image and text data. CNNs have primarily been applied to 

computer vision problems, including image classification, object detection, and image 

segmentation. But recently people used CNNs in text problems[19]. 

Language is sequential and high-dimensional in nature, meaning that when we work with 

text data (unstructured), we frequently have to deal with a huge vocabulary. However, 

before feeding this data into any CNNs, we need to preprocess it with techniques like 

tokenization, stemming/lemmatization and vectorization (like TF-IDF etc.) 

A typical CNN architecture in NLP involves an embedding layer that converts words to 

dense vectors, convolutional layers which use filters over the embedded text, pooling layers 

(max or average are common choices) which down-sample the representation, fully 

connected layers which interpret those features and a final output layer for classification. 

Together they help us understand context when reading texts. CNNs are trained on labelled 

data, which means that for each text denominator we have categories. Loss function, which 

is a measure of the difference between predicted labels and their respective classes, can be 

minimized using backpropagation and gradient descent algorithms[20]. Through this 

process, the model adjusts its weights in an iterative fashion. 

 

 

Fig. 3.10: Architecture of CNN 
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3.6.3 Recurrent Neural Networks (RNN) 

Recurrent Neural Networks: A specialized type of artificial neural network that has been 

designed to perform well on sequential data. Its commonly used in natural language 

processing, such as language translation, Speech Recognition, Sentiment Analysis, Natural 

Language Generation and Text Summarization. Recurrent working function: RNN 

memory introduces a loop or cycle that has some built-in structure which allows the model 

to remember information over time unlike neural network feedforward. This makes them 

unlike feedforward neural networks. 

Recurrent Neural Networks (RNNs) are a highly valuable class of artificial neural networks 

in the field of Natural Language Processing (NLP). RNNs play an important role mainly 

in text classification tasks[21]. Another point that sets RNNs apart from standard 

feedforward networks, and as a universal approximation in general, is that they can fit 

sequential dependencies of data, which makes them suitable for processing sequences such 

as language. In NLP text classification, RNNs tend to do well in assessing the contextual 

relationships between words as they are able to predict patterns and semantics that are vital 

for accurately classifying textual information. RNNs are fundamental for building complex 

models to classify documents, detect spam and analyze sentiment due to their versatility. 

 

Fig. 3.11: Architecture of RNN 
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3.6.4. Gated Recurrent Unit (GRU) 

Gated Recurrent Units or just GRUs, like LSTMs are a type of RNN that is also capable of 

learning long-term dependencies and dealing with sequential data but have a simplified 

architecture. A GRU has two main gates: the update gate and the reset gate, which it uses 

to receive input sequences (for example – word embeddings)[22]. The update gate decides 

the amount of information to pass along from the past hidden state to the current time step, 

while the reset gate determines how much past memory needs to be "forgotten". These 

gates enable GRUs to dynamically control the passing of information, maintaining relevant 

context while overcoming the vanishing gradient problem. GRU is the same as RNN but 

in GRU, we use gates to control the flow of information into and out of the hidden state, 

which helps with retaining information from previous time steps. In text classification, like 

mentioned above GRUs processes words one by one and updates its hidden states at each 

step. The final hidden state (or a pooled version of it) is then processed in an additional 

dense layer with softmax activation for class label prediction (e.g. Bangla Newspaper 

Classification) after the entire sequence has been processed and passed through the 

network. GRUs are also widely used for sequential data problems like LSTM, but they 

come with a simple 

 

Fig. 3.12: Architecture of GRU 
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3.6.5 Long Short-Term Memory (LSTM) 

LSTM or Long Short-Term Memory is a kind of recurrent neural network which is more 

memory-friendly than vanilla RNNs. LSTMs perform fairly better having a good hold over 

memorizing certain patterns[23]. 

LSTMs handle sequential data, like text in classifications where information about context 

matters (like if a series of words that A and B create have no relation to C or D). To 

overcome this limitation of traditional Recurrent Neural Networks (RNNs), which struggle 

to capture long-range dependencies due to the vanishing gradient problem, LSTMs are 

introduced. LSTM operates by feeding sequences of inputs (in this case, word embeddings) 

through a number of gates (forget, input and output gate) that determines what information 

goes in and out of the cell state. This allows the LSTM to "retain" valuable information 

across long distances in the sequence, whilst "losing" redundant details. For a standard text 

classification problem, LSTM reads through the words of a sequence one by one, carrying 

forward an updated hidden state. At the end of processing the entire sequence, we feed the 

final hidden state or its aggregate states through a fully connected layer followed by 

softmax activation to predict one class label, e.g. sentiment or topic category. LSTMs suit 

exceptionally well for tasks such as sentiment classification, document categorization, or 

any task that contains the sequence order of words and the contextual meaning of such in 

your text. 

 

Fig. 3.13: Architecture of LSTM 
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3.6.6. Hybrid (CNN+LSTM) 

Bengali text classification using a hybrid model (Convolutional Neural Networks- CNN + 

Recurrent Neural Networks-RNN) In this architecture, the CNN first captures local 

features and patterns in a text for instance representing n-grams or character-level features 

by applying convolutional filters to the input text[24]. The CNN is efficient because it is 

able to capture spatial hierarchies and also local dependencies present within the text, that 

makes them very helpful in detecting semantic features such as some important phrases or 

keywords. The extracted features from the preceding layer are then fed into the RNN layer 

(usually LSTM or GRU) to account for sequential dependencies and contextual 

information across longer distances in the text which is essential for capturing broader 

context of a sentence/doc. In the Bengali text classification scenario, this combined model 

form is very useful because of the morphological richness and unique script in Bengali 

where a classifier needs local feature extraction (in our case CNN) to identify some 

identifying features while it also requires long-term contextual understanding (in our case 

RNN) in order to classify articles into different categories such as politics, sports, or 

entertainment. Since CNN will be able to learn local patterns and RNN learns global 

context making this a strong approach for Bengali text classification tasks. The resulting 

feature is usually fed to a fully connected layer in order to estimate the correct class label. 

 

Fig. 3.14: Architecture of Hybrid Model (CNN+LSTM) 
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3.7 Training Model 

In this study, deep learning models like LSTM, GRU, RNN, CNN, and Hybrid models 

were used, with 20% of the dataset reserved for testing. LSTM and GRU models utilized 

4 neural layers, with tokenized inputs and 20% dropout to reduce overfitting. Bangla-

BERT, a transformer-based model, was trained with a 64 batch size and 5 epochs, 

processing tokenized words through an embedding layer.  

3.8 Implementation Requirements 

After an in-depth review of the relevant statistical and theoretical concepts, a list of 

essential prerequisites for this text classification project was identified. The requirements 

include: 

Hardware/Software Requirements 

• Operating System: Windows 7 or newer 

• Hard Disk: Minimum of 30 GB 

• RAM: Minimum of 12 GB 

Development Tools 

• Python Environment 

• Jupyter Notebook 

• Google Colab 
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                                                    CHAPTER 4 

EXPERIMENTAL RESULTS AND DISCUSSION 

4.1 Introduction 

The performance metric value obtained when the model is trained and evaluated on the 

training dataset is called as training accuracy. It depicts the amount of times the model 

learned from the data it was trained upon. After training has finished, the model is tested 

against the testing dataset that it has not seen previously. How well this new data performs 

is called test accuracy, which gives us insight into how well the model generalizes to unseen 

data. We then created a plot with respect to this model that shows training and test accuracy 

over time. 

Our dataset consists of more than 324000 data, where each category contains 30000-40000 

article. But we have taken 5000 random sample from each of the 8 categories for the 

experimental analysis. Then within this 40000 samples article we have run our deep 

learning models. 

 

Fig. 4.1: Dataset Distribution of each category 
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Fig. 4.2: Sample dataset to run the models 

 

4.2 Evolution Methods 

A confusion matrix summarizes how well a machine learning model performs over a set of 

test data. It shows instances that are correctly and incorrectly predicted by the model. The 

most popular usage of it is to evaluate classifiers that assign a label (finite number of 

values) to each input.  

• True Positive (TP): The model predicted positive and it was actually positive. 

• True Negative (TN): The actual outcome was negative and the model predicted 

negative. 

• False Positive (FP): The model made a positive prediction (the actual outcome was 

negative). Also known as a Type I error. 
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• FN (False Negative) − Model predicted negative but actual belongs to the positive 

class. This is also called a Type II error. 

Metrics based on Confusion Matrix Data:  

• Accuracy 

Accuracy is used to measure the performance of the model. It is the ratio of Total correct 

instances to the total instances. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

• Precision 

Precision is a measure of how accurate a model’s positive predictions are. It is defined as 

the ratio of true positive predictions to the total number of positive predictions made by 

the model. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

• Recall 

Recall measures the effectiveness of a classification model in identifying all relevant 

instances from a dataset. It is the ratio of the number of true positive (TP) instances to the 

sum of true positive and false negative (FN) instances. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

• F1-Score 

F1-score is used to evaluate the overall performance of a classification model. It is the 

harmonic mean of precision and recall, 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
𝑇𝑃

𝑇𝑃 +
1
2 (𝐹𝑃 + 𝐹𝑁)

 

 

 

https://www.geeksforgeeks.org/precision-and-recall-in-information-retrieval/
https://www.geeksforgeeks.org/precision-and-recall-in-information-retrieval/
https://www.geeksforgeeks.org/precision-recall-and-f1-score-using-r/


 

 

©Daffodil International University                                                                                 29  

 

4.3 Experimental Results & Analysis 

4.3.1 Bangla-BERT 

With an accuracy of 92.00%, it outperforms other models by a significant margin, making 

it the best choice for tasks that require a high level of accuracy and contextual 

understanding in Bangla. The confusion matrix, as shown in Figure 4.3.1. This figure 

provides a detailed view of the model's performance. 

 

 

Fig. 4.3.1: Confusion Matrix of Bangla-BERT  

 

Fig. 4.3.2: Classification Report of Bangla-BERT   
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4.3.2 CNN 

With an accuracy of 88.54%, CNN performs well, utilizing convolutional layers to 

identify important n-grams or local features, although it does not capture long-term 

dependencies as effectively as BERT. We run the CNN model using 64 batch size with 5 

epochs. The confusion matrix, as shown in Figure 4.3.3 This figure provides a detailed 

view of the model's performance. 

 

 

Fig 4.3.3: Confusion Matrix of CNN 

 

Fig 4.3.4: Classification Report of CNN 
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4.3.3 Gated Recurrent Unit (GRU) 

We run the GRU model using 64 batch size and 5 epochs. The GRU model achieves 

86.69% accuracy, indicating its ability to capture sequential dependencies, but it falls short 

of CNN and Bangla-BERT in overall performance. The confusion matrix, as shown in 

Figure 4.3.5. This figure provides a detailed view of the model's performance. 

 

Fig 4.3.5: Confusion Matrix of GRU 

 

Fig 4.3.6: Classification Report of GRU 
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4.3.4 LSTM 

We run LSTM model using 64 batch size and 5 epochs. With an accuracy of 84.25%, 

LSTM is the least accurate among these models, which may indicate limitations in 

processing Bangla text compared to other models that can capture local patterns and 

contextual information more effectively. The confusion matrix, as shown in Figure 4.3.7 

This figure provides a detailed view of the model's performance. 

 

Fig 4.3.7: Confusion Matrix of LSTM 

 

Fig 4.3.8: Classification Report of LSTM 
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4.3.5 Hybrid (LSTM-CNN) 

With an accuracy of 87.88%, the hybrid model strikes a balance between local and 

sequential dependencies but doesn’t perform as well as the CNN or Bangla-BERT model. 

The confusion matrix, as shown in Figure 4.3.9. This figure provides a detailed view of the 

model's performance. 

 

Fig 4.3.9: Confusion Matrix of Hyrid Model 

 

Fig 4.3.10: Classification Report of Hybrid Model 
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4.4 Comparison of the Model 

 

 

Fig 4.4: Model accuracy comparison 

Table 4.1: Finding the best result among the Results of Deep Learning Models 

Model Test 

Accuracy 

(%) 

Loss (%) Precision 

(%) 

Recall (%) F1 Score 

(%) 

Bangla-BERT  92.00 0.36 92.00 92.00 92.00 

CNN 88.54 0.49 88.00 89.00 88.00 

Hybrid 87.88 0.56 88.00 88.00 88.00 

GRU 86.69 0.70 87.00 87.00 87.00 

LSTM 84.25 0.73 84.00 84.00 84.00 
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Here’s a comparison of the models based on their accuracy levels for Bangla article 

classification: 

4.4.1 Bangla-BERT (Accuracy: 92.00%) 

• Analysis: Bangla-BERT has the highest test accuracy, precision, recall, and F1 

score among the models. This indicates that Bangla-BERT performs best in terms 

of both accuracy and consistency across all evaluation metrics, making it the top 

choice for this classification task. 

4.4.1 CNN (Convolutional Neural Network) (Accuracy: 88.54%) 

• Analysis: CNN has relatively high accuracy and low loss, ranking just below 

Bangla-BERT. Its slightly higher recall indicates it may be better at identifying all 

relevant articles compared to GRU and LSTM. CNN offers a good balance between 

performance and computational efficiency. 

4.4.3 Hybrid Model (Accuracy: 87.88%) 

• Analysis: The hybrid model combines features from multiple architectures, 

achieving moderate accuracy and loss. Its precision, recall, and F1 scores are 

consistent at 88%, suggesting stable performance slightly below CNN but better 

than GRU and LSTM. 

4.4.4 GRU (Gated Recurrent Unit) (Accuracy: 86.69%) 

• Analysis: GRU performs moderately well, with slightly lower accuracy and higher 

loss compared to Bangla-BERT. Its precision, recall, and F1 score are consistent at 

87%, indicating stable but less optimal performance. It’s a reasonable choice if 

computational resources are limited, though it doesn’t match Bangla-BERT ’s 

performance. 
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4.4.5 LSTM (Long Short-Term Memory) (Accuracy: 84.25%) 

• Analysis: LSTM has the lowest accuracy and highest loss among the models, 

indicating it struggles more with this classification task. Its uniform precision, 

recall, and F1 score suggest that it performs consistently but is less effective than 

other models in capturing relevant patterns in the data. 

Bangla-BERT leads with the highest accuracy, leveraging its contextual understanding 

capabilities. CNN follows with 88.54%, making it a suitable choice for slightly less 

computationally intensive tasks. Hybrid and GRU models provide balanced alternatives, 

while LSTM, with the lowest accuracy, may be less ideal for complex classification tasks 

in Bangla. 

4.5 Descriptive Analysis 

 

Fig 4.5: UI for predicting newspaper article headline 

UI Architecture: Gradio, an open-source Python web UI library, helps us to bridge that 

gap between LLMs and non-technical end users. This enables us to create rapid prototypes 

for our DL projects making it easier to deploy them to a wider audience. This UI is designed 
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using the Gradio library in Python, hosted on Google Colab, to classify Bangla newspaper 

articles into categories. This Gradio-based UI is simple, user-friendly, and functional for 

testing and deploying Bangla article classification models in an accessible way. 

Functionality and User Flow 

• The user enters a Bangla newspaper article in the text input box. 

• The user clicks Submit, and the model processes the article. 

• The predicted category appears in the output box, as seen with the example 

category "ScienceTechnology". 

• The user can use Clear to reset the input or Flag to provide feedback on an 

incorrect classification. 

4.6 Discussion 

Best Performer: Bangla-BERT achieves the highest results across all metrics, making it 

the ideal choice for Bangla newspaper article classification. 

Alternative Choices: CNN and Hybrid models provide a balance of accuracy and 

computational efficiency. CNN’s slightly better recall may make it suitable for cases where 

identifying all relevant articles is critical. 

Lower Performers: GRU and LSTM show lower accuracy and higher loss, indicating they 

might not be as effective for this task. 

In summary, Bangla-BERT stands out as the best-performing model, excelling in accuracy, 

precision, recall, and F1 score. Its architecture is particularly well-suited to handling the 

nuances of Bangla newspaper articles. CNN and the Hybrid model offer respectable 

performance and could be considered as alternatives if computational resources are limited. 

GRU and LSTM, while competent, exhibit lower accuracy and higher loss, making them 

less effective for this specific classification task.  
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CHAPTER 5 

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY 

5.1 Impact on society 

By increasing media literacy, facilitating more effective communication, and expanding 

information access for Bengali-speaking communities, my research on Bengali newspaper 

classification has the potential to have a big social impact. Through the creation of 

sophisticated AI models specifically suited to the Bengali language, my work equips 

millions of Bengali speakers with the means to sift through enormous volumes of news 

content, facilitating their ability to remain informed on pertinent subjects like politics, 

health, education, sports, entertainment, international, national, science & technology and 

economy. By automating news classification, saving time, and freeing up news 

organizations to concentrate on content development, this not only helps to improve public 

awareness but also encourages more effective journalism. Additionally, my research can 

support varied viewpoints, raise awareness of significant social concerns, and promote 

social change by organizing and making news more accessible. Essentially, my work 

promotes an inclusive digital environment that benefits people and society at large by 

bridging the gap between language diversity and technology progress. 

5.2 Impact on the environment 

By diminishing the ecological footprint of conventional media methods, my paper on deep 

learning techniques can have a positive environmental impact. My work can assist move 

the emphasis from the creation of physical newspapers to digital media by automating the 

classification and organizing of news material. This will reduce the amount of paper waste, 

ink used, and energy used for printing and dissemination. Furthermore, effective digital 

news classification can simplify information retrieval, cutting down on pointless server 

load and internet traffic, which can help data centers use less energy. My study supports 

eco-friendly media practices and encourages the wider adoption of digital platforms over 

resource-intensive, paper-based systems by advocating for a more sustainable approach to 

information distribution. 
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5.3 Ethical Aspects 

The ethical elements of AI and media can be greatly improved by multiclass classification 

of newspaper articles. My work encourages inclusivity by creating cutting-edge AI models 

especially for the Bengali language, guaranteeing that underprivileged populations and 

non-English speakers can benefit technological developments. Furthermore, by enabling 

more precise, consistent, and transparent categorization of news material, my study can aid 

in the fight against problems like media bias and disinformation. This can promote a more 

moral media environment where news is appropriately labeled, facilitating the public's 

ability to recognize reliable information. Furthermore, my research helps prevent biases 

that are frequently present in language models trained exclusively on English data by 

creating a model that is linguistically and culturally responsive, thereby increasing fairness 

and lowering the possibility of marginalizing marginalized voices. In the end, my work 

helps ensure that AI is used responsibly, serving the public interest while respecting media 

and technological ethics. 

5.4 Sustainability Plan 

My research's sustainability plan prioritizes ethical use, adaptability, and long-term effect. 

Regular updates will be done using fresh data to take into consideration changing linguistic 

patterns and new subjects in the Bengali media ecosystem in order to preserve and enhance 

the model over time. Making the model open-source would enable contributions from the 

international scientific community, guaranteeing ongoing enhancements and broader use. 

The classification system will be included into actual media processes through partnerships 

with news organizations, encouraging useful use and guaranteeing the tool's continued 

relevance in the media sector. A crucial element will be ethical supervision, with 

continuous audits to rectify any prejudices and guarantee openness in the classification of 

news. Moreover, the project's scalability will be a top goal in order to widen its footprint 

by allowing adaption across distinct languages and geographic regions. These initiatives 

will help numerous organizations advance this research, and support the appropriate 

expansion of AI in the media sphere. 



 

 

©Daffodil International University                                                                                 40  

 

CHAPTER 6 

CONCLUSION AND FUTURE WORK 

6.1 Summary of the Study  

The findings indicate that transformer-based models, especially Bangla-BERT stands out 

as the best model for Bangla newspaper article classification, proving the effectiveness of 

transformer-based approaches over traditional architectures like LSTM, GRU, and CNN 

in this context. This study suggests that Bangla-BERT is the most suitable model for 

accurate and efficient Bangla text classification, setting a benchmark for future research in 

Bengali NLP applications. 

6.2 Conclusions 

The findings indicate that transformer-based models, specifically Bangla-BERT, 

outperform traditional deep learning models with 92% accuracy in Bengali news 

classification tasks. This underscores the importance of utilizing language-specific pre-

trained models for enhanced accuracy. Along with this, other deep learning methods such 

as LSTM, CNN, GRU also performs well. Future research should explore ensemble 

methods combining these models to further improve classification performance. 

6.3 Implication for Further Study 

In this study, eight news categories were used across all models. Our future goal is to 

develop a more advanced neural network and expand the dataset with additional news 

categories. By incorporating more classification categories, we aim to improve the model's 

ability to build a more comprehensive classification framework. Additionally, we plan to 

apply ensemble techniques, combining the top-performing models to potentially achieve 

even higher accuracy, as ensemble may provide the best overall performance. 
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