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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
©Daffodil International University 1



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, Ittefag 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 Al 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.

©Daffodil International University 2



1.2 Motivation

Since my first semester of MSc in university, | 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). | 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. | feel this research would
contribute work to the academics for developing Bengali language for amounting

development in user experience and recognition.

| 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 3



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:

e RQ1l: Can the large corpus of Bengali textual data be collected and then
preprocessed to make it available for modeling?

e RQ2: Can this work help improve text classification systems?
e 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.

e Bengali news can be categorized in different types.

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

e This framework could improve the experience of online news readers as well if
adopted by all news portals.

©Daffodil International University 4



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 Ul for each model to classify any bangla news article.

©Daffodil International University 5



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.

©Daffodil International University 6



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 Fl-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
©Daffodil International University 7



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

©Daffodil International University 8



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.

©Daffodil International University 9



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 10



CHAPTER 3
RESEARCH METHOLOGY

3.1 Introduction

In this chapter, I will describe the methodology | 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.

e Data Collection: The dataset we used here is from Potrika, which is the largest
public Bengali news articles dataset available[6].

e 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.

e 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.

e 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.

©Daffodil International University 11



e Performance Evaluation: Inthis part I share graphical and theoretical results, such

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

each model

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

proposes plans for more progress in the future.

Bangla
Newspaper
r R
Remove Data [ Pun‘::Tu(:;?on
Stopwords Collection
Remove
English Removie
Words Short Article

Tokenization

GRU(Gated
Recurrent Model)

LSTM(Long-Short

Bangla- CNN(Convolutiona
Time Memory)

ERT(Transformer] | Neural Network)

4 Result Analysis
e and Evaluation

A

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, Ingilab 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.

article category

0 Hrenad SEF°E TGn S Reg F0F..  Economy

1 \nfEGTS Giabas Igiad FRUE0H G1%eIHd 964...  Economy
2 wefiATeF FEONGE | 7998 FrOTSA T FTFE.. Economy
3 Eile:| FUTG GEATT T9(I9 G | B Tﬁﬁ 4.. Economy
4 \n\n(AETEATFIA T T69 S99 496 Io0% | I0HE06..  Economy

40174 \M\n  SrETS! SISIG A (7T 1@ WAL, politics
40175 \n\n SETET (T =TSR 0N BT (9., politics
40176 WY w1 GOy SHars A d (F1-(GAE T 4. politics
40177 \\N SUTTR! & TISH Teloi® T =6 3. politics

40178 \m\n [Fafs (egIals 20 WA (OIeT (959 =4...  politics

329110 rows = 2 columns

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.

e 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.

O FE AF 8 AGHENR! FA GFIF M(FE (TFR) MAH-20 W (L= =
WWWWW-‘& G B, mﬁﬁﬁm—mqoaﬁ—rmﬂ—mﬁmm@
(GBIl SICER TNl Rraieel (Rt e

T[T A -20 CHENIHT TR WA RS (A0F WIHTE NISEGRS Ay argl Ol
THAAE CUETH AT & YT S0 ANE [olE EIFEAM (ATF (@9 =00 Mieg W1 S99
SIS WIAE W (4999 & WMWY (GrEwngd WEW Ao BEuw Fare 99 =g

T R RemfEs awss qemem F¥ & I9Ee GIEnW & e A wmfEs

T50F 99 HETGAT =F| TEH TEIFT TolFrT WPe (9o0F AoMAey HET o
7 G. Wiioed 72941 4 F99 (GG srodq, NS faomens for it sfeem

TofEw forEm T aneF 7foT 20v8-3¢ SYIgag WidE o AL & RN
7w Fefma ey @ 35 o= =3

Fig. 3.3: Before filtering unnecessary words

Cleaned: AT FE IF 8 TGN P SHEA TEEE AEE AT 9T
mﬁﬁwmwwmm— (MG BrEl =1 TETaTaE I
wHang (S0 B SMIES TEWNEl MElEE (FEE anE w9 A cgeoE 93
@ S IR (A S L@ T qiilE ©(d GHAaE CUeTis = 8
T 96fe IT HorFE CIFEAM (NF (@9 IO Mk A 999 SIS WA 9 [Fea
8 HME (GIAAEE W HfafEfSg Eaaw Fare <01 =one 9% 3fEn [Rerfis
YITed IEN FE 8 IFNAT GAEFN 8 ANGra e SPs (950F J77 AL
T QAR AN OBl SH90 (50E ooy FEd fo+dd G wiedd 920
A 7E (A6 Teda  A1E AAfaeeren Gfea ofitm sxedm SafEe form e
T[T Hod WTgLEE FEF AelEa i & Sauem sy Fdw ey g @i
TS TW 2T O (41 WG (T A P WCF_TRA qoM0 AMGUNR T

Fig. 3.4: After filtering unnecessary words
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e 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.

Cleaned without Stopwords: S¥EON AR (SfF (NEEA (FW AYIENAS TSl
TFS (O G STEGHE (OfF (TG 27 AFH GBSl WGTHSE =moE s
WerEd gt areeim Wy A nEs TEags Seues IG SAEsT
AHTFAD (OfF STETGA FSOIE RPN (9F W FAEW AToIEE 849 AolF
(MT*IE TFSIN 4TS WETFaF Gy J0Ie STEsN Weni"SE (Iped AFod
tafem MemE 2EME e (2R AEAT MGG TEE SUELA 32 (BF IEaG
s NiEy Toans (NRES gFei SHET Ao AFEa Srge= weTgl 449354
W CISF FINE GF GEEEIET 15 (99 GREF 93 @O a3 afswat
GAIEA SRR YEE WAY SHTE e TRt SReme SrERe WU oHie 459
AT A FFei" 7 U TG 1 STFew fofed Mow womafs: Heew ==
84 RTS8 STEL GG (6F 2mfhe Aeme =12 (6 A6 FENHT e FreEs
Bt STy 6 (5F Sohaos (aFa =12 (5F 1F Figo qaE STeey F
AT (g SAFTeY =12 (BF 2SIPRIGE (FIRNIN A9 TF9 e ([@0rs! w29 (69d
B R B o o i ) 1 7 R o e B o b 1 e R ) 3
T W SN G Fe F19S GafragA

Category: Economy

Cleaned without Stopwords: BINGIGIS 9 BEAAHAl ATGHH FMFLANN FoSTF
fFRIBea #6% INEHOICEY e Ted WY GOl SUCEE I (@6
WWWW TGS FANES JOOEGIed 267 29
rﬁrﬁ%ﬁﬁmfwm Gie I BreWng F69 2RrsT6rI
BIErGa oMW ST TAR A9 Ko7 5 AT SIS ToTH 46 J
ERG FIREDT AP (GRRTI M® (A0 GeT JeT0w eTd ol
T 959 (26 T TGS (Tore T B WEIgE WEH 50N 49 AGHW Fie
& FIG =2 G #65 EA0oS60T6 FGIed AW AfFoAe CIEray SHed
@ AGeENd (0 fGEnea =F (Ur¥Fd SAEnS (0 *1= 9@y (588 @9 9
A awafst s o e on FErge e ofoeg siesm GoEe

Category: Economy

Fig. 3.5: Before and after removing the stop words

e 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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324962
324963
324964
324965
324966

\nfHeTS gfaels Iotas SR FaseFa Som...
EHRISH [HUATEE : 7902 FEITHT FAFA...
Bt +30 GHATY FH0Ed Go | BT 95, ..
\N\NCHTETEFTCERTI S 413 4979 446 TG0%| T0UE..

\n\n  SrETe! G T (R SrEfg ST

\n\n SETTET (AT =TT =0 BT (.

\n\n ©TE fG.a9 SRS WIETH (- (GHTAI ..
\n\n SUATTE 8 TITH ST T =% 2.
vmin s e 2o wEt (wEa 195 4.

324967 rows % 4 columns

Class Name:

article category
Economy
Economy
Economy
Economy

Economy

palitics
palitics
politics
palitics

politics

cleaned length

SGIAA FEA9F AGIF JFH Fog =F... 157
faoms gfaveis agiag STao0d Gl Iea 6., 989
wHRIOF UG .09 FETE A .. 130

Bita S3x GHEATY Tad Gh bW 99 4. 371

CARTEFTRIC 1 969 A9 YAF S0 0G0 H.., 154

TS FAHG = (7 @ ATH., 931
SETNE! (T4 = A oI iR 276

T2 G0 SRarS Wi (1 (GEaaI= ... 226

SYTE @ G TSNS T = 5. 128

Rl (ogE AaE (SIEH (959 =09 W9.. 43

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.

International
48583

Number of Documents:

Number of Words:
Number of Unique Words:

6805625

Most Frequent Words:

=R 57917
T 43876
A TeTG

P 23003
wifew 22652
I 18632
=1 17712
ETa 17562
oiea 17172
AT 16251
fG@ta  16e36

Bl E] 15248
oldltad 15598

B 15423
fars 14987
CEEd 14967
fZrsma 14358
sffe™r 14138
TIATA 13162

25285

16568

2132445

Class Name: Education

Number of Words:

Number of Documents:
7211536
Number of Unique Words: 198158

Most Frequent Words:

3y 124856
97 115879
= 112551
Gl 181944
(FHG 30741
fAtes 24040
S 22875
IAm 21268
EEHTHE 21085
& 19145
AEs 18436
AT 18275
fFomsE 18141
T 17429
T 17082
Br 16252
e 15787
AT 15304

22867

17e17

Class Mame: Entertainment
Number of Documents: 48615

Number of Words:

£140452

Number of Unique Words: 175898
Most Frequent Words:

(AR 20085
wfo=E 28001
aF 23695
£ 19950
5= 17537
4 16628
fF 16547
=y 16198
5efod 16039
STE 14858
wferal
qg9 14289
13074
e 12708
wfeter
T 12433
12318
T 12146
e 11873
ATToTTE 11464

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 | 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

©Daffodil International University

17



Entertainment

politics

Economy

ScienceTechnology

Education

International

Mational

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, Al 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 | 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 (RNNSs) 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].

Encoder

o
i

Feed Forward

Multi-Head
Attention
t 1 1

\ BE RTBase BERTLargy

Fig. 3.9: Architecture of BERT Transformer

12 Encoder
4 Encoder

3 Encoder 3 Encoder

Encoder

Encoder 4 Encoder

— 1 Encoder 1 Encoder
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0gi 1
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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.

Flatten Fully connected

Convolution Pooling Convolution Pooling ; ---------- '
— i\ 0.82
= \
—~ I e S [ = - —_—— [ L @——  Computer
O - e = - = = X 0. 11
T a— L Y C
Ty - | NS o o
" — || ‘

.......... ‘ Output

Input
Feature Learning

Classification

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.
v e s
L - m

SR Al

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

-~ s r Y
GRU UNIT hy

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 (RNNSs), 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.
S Decide what @ output LSTM
new info to
forget il A (Long Short Term Memory)
) A
C.rp X © » C, cell state
Ean
X &
(0] (0]
h = p h,hidden state = output
@ input ) o &

Neural Network Pointwise Vector Co

Layer Operation Transfer ncatenate Copy

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.

Convolution  Maxpooling LSTM Auto-Encoder Output Layer
Layer Layer Layer

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

Input Date
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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

e Operating System: Windows 7 or newer
e Hard Disk: Minimum of 30 GB
e RAM: Minimum of 12 GB

Development Tools

e Python Environment
e Jupyter Notebook
e 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.

Dataset Distribution

Category

o
Qo\ 0 10000 20000 30000 40000
béj\@ Number of article

Fig. 4.1: Dataset Distribution of each category
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cleanedwithoutstopwords category

0 et fArote e anss A Gs . Economy
1 TG STASICHT 9161 (ANeS JA= Z...  Economy
2 Fraresnss (FFSHrs 515 (TEEE W26 28T, Economy

3 e WIGEE oW (IAd DEI0 SI9eHE (A*12..  Economy

4 NG S H54 (0 (STFIGEE (2., Economy
39995 T Ai5d 2 ATHE S 9eaE = fend 3. politics
39996 GISTd SeFHIF 919 WG MGMe Mg ... politics
39997 LGS Wal S fog Ferafe A, politics
39998 fAami¥a SRS (GAEN OaF 929 79, politics

39999 JFWEAIH T FIHCNT FERHZFTY SFF @=aWiFE..  politics

A0000 rows % 2 columns

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.

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

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

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

negative). Also known as a Type | error.
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e FN (False Negative) — Model predicted negative but actual belongs to the positive
class. This is also called a Type Il error.
Metrics based on Confusion Matrix Data:
e Accuracy
Accuracy is used to measure the performance of the model. It is the ratio of Total correct
instances to the total instances.

| ~ TP + TN
CeUracy = TP Y TN+ FP + FN

e 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.

TP

p . . -
recision TP + FP

e 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.

TP

Recall = TP+—F1V

e F1-Score

F1-score is used to evaluate the overall performance of a classification model. It is the
harmonic mean of precision and recall,

TP
F1 — Score =

TP + % (FP + FN)
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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.

Confusion Matrix of Banglabert Predictions

56 45

800

600

True Labels

- 400

-200

| -0
0 1 2 3 4 5 6 7
Predicted Labels

Fig. 4.3.1: Confusion Matrix of Bangla-BERT

Classification Report of Banglabert Prediction:

precision recall fil-score  support
Economy 8.89 8.87 6.88 1626
Education @8.94 8.93 6.24 1621
Entertainment 8.97 8.97 8.97 1683
International .93 8.94 8.94 954
National 8.83 8.81 6.82 004
ScienceTechnology 8.92 8.93 8.92 952
Sports 8.98 8.99 8.98 992
politics 8.98 8.92 8.91 16838
accuracy 8.92 soee
macro avg 8.92 8.92 8.92 soee
weighted avg 8.592 8.92 8.92 3088

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.

Confusion Matrix for CNN Model

Economy 9 21 64 51 3 4

800

Education 10 6 30 25 4 17

Entertainment 5 11 6 11

600
International 17 12

True Labels

National 68 43 _ 400

ScienceTechnology 34 23

Sports 2 8 - 200

-
=]

politics

Economy
Education
International
National
politics

o
c
a

=
T

t
]
o
c

wi

ScienceTechnology

Predicted Labels

Fig 4.3.3: Confusion Matrix of CNN

Classification Report for CHNN Model:

precision recall fl-score  support

Economy 8.86 B.24 8.85 1826
Education 8.89 B.98 8.89 1821
Entertainment 8.93 8.95 8.24 1883
International 8.91 0.98 8.98 964
National B8.72 B8.74 8.76 994
ScienceTechnology 8.89 8.98 8.98 992
Sports 8.96 B8.96 8.9%96 Q92
politics 8.86 6.89 e.88 1688
accuracy e.89 20686
macro avg B.88 B.82 8.89 28608
weighted avg 8.38 8.89 8.88 8608

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.

Confusion Matrix for GRU Model

Economy 6 14 96 48 3 2

Education 18 35 31 6 14 800
Entertainment 11 28
600
0
] International 28 6
Q
[1+]
-
g National 71 37
2 - 400
ScienceTechnology 49 22
-200

Sports 1 0

~
[uey
N

w
IS

politics

Economy
Education
Entertainment
International
National
ScienceTechnology
Sports

politics

Predicted Labels

Fig 4.3.5: Confusion Matrix of GRU

Classification Report of GRU Model:

precision recall fl-score  support

Economy B.82 B.82 @.82 1826
Education B8.91 8.88 8.29 1821
Entertainment 6.94 8.93 8.24 1883
International 8.86 8.32 8.87 954
National B.68 8.76 .72 qo4
ScienceTechnology 8.8%9 8.88 8.89 992
Sports B8.96 8.96 B.96 Q92
politics B.89 B.82 B.85 1668
accuracy e.87 2606
macro avg 8.87 8.87 a.87 2808
welighted avg 8.87 8.87 8.87 2008

Fig 4.3.6: Classification Report of GRU
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434 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.

Confusion Matrix for LSTM Model

Economy 12 16 40 104 59 2 4

800
Education 16 49 34 4 26
Entertainment 6 26
600
0
9] International 14 8
Q
©
-
e National 76 58
ls_:_ ationa _ 400
ScienceTechnology 36 34
Sports 5 7 200
politics 13 16 8 4
-0
> c =) - - > v ]
£ S 5 2 g g2 5 S
o =] o o ° =
c 5 E b= b= = & o
o S £ © o] c o
o ° & = = S
w ju [J] @
@ = =
£ £ g
i c
@
1®)
]

Predicted Labels

Fig 4.3.7: Confusion Matrix of LSTM

Classification Report of LSTM Model:

precision recall fl-score  support

Economy 8.33 B8.77 B.20 1826
Education 8.86 8.84 8.85 1821
Entertainment e.87 8.94 6.98 1663
International 8.83 8.98 8.86 a4
National 8.68 B.65 B.66 994
ScienceTechnology 8.87 8.85 8.86 992
Sports 8.98 8.94 8.96 ag2
politics 8.83 8.86 8.84 1883
accuracy 8.24 26688
macro avg 8.34 8.24 8.24 26688
weighted avg 8.84 8.34 8.34 26068

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.

Confusion Matrix for Hybrid(CNN-LSTM) Model

Economy

Education 800

Entertainment

600
International

National
ationa 400

True Labels

ScienceTechnology

Sports ~200

15 2 1

politics

Economy
Education
Entertainment
International
National
ScienceTechnology
Sports

politics

Predicted Labels
Fig 4.3.9: Confusion Matrix of Hyrid Model

Classification Report for Hybrid{CNN-LSTM) Model:

precision recall Ffl-score  support

Economy B8.82 8.85 8.384 1826
Education 8.9 B.88 8.289 1821
Entertainment 8.9 B6.94 8.95 1663
International g.98 8.98 8.98 954
Mational B8.76 8.692 8.72 904
ScienceTechnology g.98 g.88 8.89 982
Sports 8.97 8.97 8.97 992
politics 8.82 8.91 8.87 1688
accuracy 8.88 26800
macro avg 8.88 8.88 8.88 26800
weighted avg e.88 e.38 8.238 2808

Fig 4.3.10: Classification Report of Hybrid Model
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4.4 Comparison of the Model
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Fig 4.4: Model accuracy comparison
Table 4.1: Finding the best result among the Results of Deep Learning Models
Model Test Loss (%) | Precision | Recall (%) | F1 Score
Accuracy (%) (%)
(%)
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%)

e 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%)

e 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%0)

e 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%)

e 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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445 LSTM (Long Short-Term Memory) (Accuracy: 84.25%)

e 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

Bengali Newspaper Article Classification

Enter a Bengali newspaper article to predict its category.

text output

TR & NI A P G NG AT WITFIP (A1 5751 1 G SIS (T ScienceTechnology
AT ST | 58 48 S\ & AT T WIS (A TG AN 8, I 8 (9] 8 N8

ITH (2N ACPIEA 89 SfS BT S Siezarey newn A | i eryfea =fe=na

SOIER AP AABABAS $aN fave (awn2) HYSHde wmee

BCBETGT S48 2T FA1 AT T G NTHR ST |

Fig 4.5: Ul for predicting newspaper article headline

Ul Architecture: Gradio, an open-source Python web Ul 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 Ul 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 Ul is simple, user-friendly, and functional for

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

Functionality and User Flow

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

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

e The predicted category appears in the output box, as seen with the example
category "ScienceTechnology".

e 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 Al 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 Al and media can be greatly improved by multiclass classification
of newspaper articles. My work encourages inclusivity by creating cutting-edge Al 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 Al 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 Al in the media sphere.
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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.

©Daffodil International University 40



REFERENCES

[1] D. Tribune, “Bangla ranked at 7th among 100 most spoken languages worldwide,” Dhaka Tribune, Feb.
17, 2020. https://www.dhakatribune.com/world/201648/bangla-ranked-at-7th-among-100-most-spoken
(accessed Nov. 12, 2024).

[2] Wikipedia, “Bengali language movement,” Wikipedia, Feb. 21, 2020.
https://en.wikipedia.org/wiki/Bengali_language_movement (accessed Nov. 12, 2024).

[3] B. Baharudin, L. H. Lee, and K. Khan, “A Review of Machine Learning Algorithms for Text-Documents
Classification,” Journal of Advances in Information Technology, vol. 1, no. 1, Feb. 2010, doi:
https://doi.org/10.4304/jait.1.1.4-20.

[4] I. Ahmad, F. AlQurashi, and R. Mehmood, “Potrika: Raw and Balanced Newspaper Datasets in the
Bangla  Language  with  Eight Topics and  Five  Attributes,” arXiv.org, 2022.
https://doi.org/10.48550/arXiv.2210.09389 (accessed Nov. 12, 2024).

[5] Md. Habibullah, Md. Shymon Islam, Fatima Tuz Jahura, and J. Biswas, “Bangla Document Classification
Based on Machine Learning and Explainable NLP,” Dec. 2023, doi:
https://doi.org/10.1109/eict61409.2023.10427766.

[6] D. Khurana, A. Koli, K. Khatter, and S. Singh, “Natural Language processing: State of the art, Current
Trends and Challenges,” Multimedia Tools and Applications, vol. 82, no. 3, pp. 3713-3744, Jul. 2022, doi:
https://doi.org/10.1007/s11042-022-13428-4.

[7] A. D. Chamorro, J. Seguel, and K. S. Ramos, “Transformer-based modeling to study repetitive sequences
of the human genome,” Elsevier eBooks, pp. 75-82, Sep. 2023, doi: https://doi.org/10.1016/b978-0-12-
824010-6.00059-9.

[8] I. Ahmad, F. AlQurashi, and R. Mehmood, “Potrika: Raw and Balanced Newspaper Datasets in the
Bangla Language with Eight Topics and Five Attributes,” arXiv (Cornell University), Jan. 2022, doi:
https://doi.org/10.48550/arxiv.2210.09389.

[9] F. Alam et al., “A Review of Bangla Natural Language Processing Tasks and the Utility of Transformer
Models,” arXiv.org, 2021. https://doi.org/10.48550/arXiv.2107.03844 (accessed Nov. 12, 2024).

[10] A. Hossain, N. Chaudhary, Z. Hasan Rifad, and B. M. M. Hossain, “Bangla News Headline
Categorization,” International Journal of Education and Management Engineering, vol. 11, no. 6, pp. 3948,
Dec. 2021, doi: https://doi.org/10.5815/ijeme.2021.06.05.

[11] M. Hasan, L. Islam, I. Jahan, Sabrina Mannan Meem, and R. M. Rahman, “Natural Language Processing
and Sentiment Analysis on Bangla Social Media Comments on Russia-Ukraine War using Transformers,”
Mar. 2023, doi: https://doi.org/10.1142/s2196888823500021.

[12] T. A. Mahmud, S. Sultana, and A. Mondal, “A New Technique to Classification of Bengali News
Grounded on ML and DL Models,” International Journal of Computer Applications, vol. 185, no. 18, pp. 15—
21, Jun. 2023, doi: https://doi.org/10.5120/ijca2023922897.

©Daffodil International University 41


https://www.dhakatribune.com/world/201648/bangla-ranked-at-7th-among-100-most-spoken
https://en.wikipedia.org/wiki/Bengali_language_movement
https://doi.org/10.4304/jait.1.1.4-20
https://doi.org/10.48550/arXiv.2210.09389
https://doi.org/10.1109/eict61409.2023.10427766
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1016/b978-0-12-824010-6.00059-9
https://doi.org/10.1016/b978-0-12-824010-6.00059-9
https://doi.org/10.48550/arXiv.2107.03844
https://doi.org/10.5815/ijeme.2021.06.05
https://doi.org/10.1142/s2196888823500021
https://doi.org/10.5120/ijca2023922897

[13] Md. M. Rahman, Md. A. Z. Khan, and A. A. Biswas, “Bangla News Classification using Graph
Convolutional Networks,” |IEEE Xplore, Jan. 01, 2021.
https://ieeexplore.ieee.org/abstract/document/9402567 (accessed Nov. 12, 2024).

[14]J. Karhunen, T. Raiko, and K. Cho, “Unsupervised deep learning,” Advances in Independent Component
Analysis and Learning Machines, pp. 125-142, 2015, doi: https://doi.org/10.1016/b978-0-12-802806-
3.00007-5.

[15] S. Piduguralla, “Transformers: Revolutionizing Natural Language Processing,” Medium, Jun. 17, 2024.
https://medium.com/@tejaswaroop2310/transformers-revolutionizing-natural-language-processing-
6509bb109f06 (accessed Nov. 09, 2024).

[16] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding,” arXiv.org, May 24, 2019. https://arxiv.org/abs/1810.04805#
(accessed Nov. 12, 2024).

[17] A. Bhattacharjee et al., “BanglaBERT: Language Model Pretraining and Benchmarks for Low-Resource
Language Understanding Evaluation in Bangla,” Findings of the Association for Computational Linguistics:
NAACL 2022, Jan. 2022, doi: https://doi.org/10.18653/v1/2022.findings-naacl.98.

[18] M. Kowsher, A. A. Sami, N. J. Prottasha, M. S. Arefin, P. K. Dhar, and T. Koshiba, “Bangla-BERT:
Transformer-Based Efficient Model for Transfer Learning and Language Understanding,” IEEE Access, vol.
10, pp. 91855-91870, 2022, doi: https://doi.org/10.1109/ACCESS.2022.3197662.

[19] L. Alzubaidi et al., “Review of deep learning: concepts, CNN architectures, challenges, applications,
future directions,” Journal of Big Data, vol. 8, no. 1, Mar. 2021, doi: https://doi.org/10.1186/s40537-021-
00444-8.

[20] J. C. Olamendy, “Backpropagation in Deep Learning: The Key to Optimizing Neural Networks,”
Medium, Jul. 15, 2024. https://medium.com/@juanc.olamendy/backpropagation-in-deep-learning-the-key-
to-optimizing-neural-networks-7c¢063a03f677 (accessed Nov. 12, 2024).

[21] S. Edem, “Survey on Recurrent Neural Network in Natural Language Processing,” International Journal
of Engineering Trends and Technology - IJETT, 2017. https://ijettjournal.org/archive/ijett-v48p253
(accessed Nov. 12, 2024).

[22] R. Dey and F. M. Salem, “Gate-variants of Gated Recurrent Unit (GRU) neural networks,” 2017 IEEE
60th International Midwest Symposium on Circuits and Systems (MWSCAS), Aug. 2017, doi:
https://doi.org/10.1109/mwscas.2017.8053243.

[23] G. Van Houdt, C. Mosquera, and G. Napoles, “A review on the long short-term memory model,”
Artificial Intelligence Review, vol. 53, no. 8, May 2020, doi: https://doi.org/10.1007/s10462-020-09838-1.

[24] Md. R. Hossain, M. M. Hoque, N. Siddique, and I. H. Sarker, “Bengali text document categorization
based on very deep convolution neural network,” Expert Systems with Applications, vol. 184, p. 115394,
Dec. 2021, doi: https://doi.org/10.1016/j.eswa.2021.115394.

©Daffodil International University 42


https://ieeexplore.ieee.org/abstract/document/9402567
https://doi.org/10.1016/b978-0-12-802806-3.00007-5
https://doi.org/10.1016/b978-0-12-802806-3.00007-5
https://medium.com/@tejaswaroop2310/transformers-revolutionizing-natural-language-processing-6509bb109f06
https://medium.com/@tejaswaroop2310/transformers-revolutionizing-natural-language-processing-6509bb109f06
https://arxiv.org/abs/1810.04805
https://doi.org/10.18653/v1/2022.findings-naacl.98
https://doi.org/10.1109/ACCESS.2022.3197662
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://medium.com/@juanc.olamendy/backpropagation-in-deep-learning-the-key-to-optimizing-neural-networks-7c063a03f677
https://medium.com/@juanc.olamendy/backpropagation-in-deep-learning-the-key-to-optimizing-neural-networks-7c063a03f677
https://ijettjournal.org/archive/ijett-v48p253
https://doi.org/10.1109/mwscas.2017.8053243
https://doi.org/10.1007/s10462-020-09838-1
https://doi.org/10.1016/j.eswa.2021.115394

Thesis_rep

ORIGIMALITY REPORT

11, o 5y, Qg

SIMILARITY INDEX INTERMET 5OURCES PUEBLICATIONS STUDENMT PAPERS

PRIMARY SOURCES

dspace.daffodilvarsity.edu.bd:8080 2%

Internet Source

.

Submitted to University of Carthage f

Student Paper %

o

www.geeksforgeeks.org d
Internet Source %

w

Deb, Dipok. "Application and Analysis of q
Machine Learning and Deep Learning

Algorithms in Detection of DDo5S

Cyberattacks", The University of Texas Rio

Grande Valley, 2024

Publication

[~

www.dhakatribune.com /
Internet Source %

=]

export.arxiv.org <

Internet Source

Submitted to Daffodil International University <
Student Paper %

=]

link.springer.com

Internet Source

o

©Daffodil International University 43



