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ABSTRACT

This study focuses on the application of natural language processing (NLP) in text classification,
specifically for Bengali news headlines. Bengali, like many other languages, has seen increased
attention in this field, with a primary focus on categorizing unlabeled news items into categories
such as national, international, IT, and others. The growing popularity of Bengali news portals and

the accessibility of online news make this a relevant area of research.

The proposed technique involves preprocessing steps, including tokenization, removal of numbers,
special characters, and stop words, with a manually curated stop-word list to enhance performance.
The study emphasizes the importance of stop-word elimination in feature selection. The
methodology concentrates on classifying Bengali news headlines into eight distinct categories
using machine learning models. Data is collected, preprocessed, and divided into training and

testing sets.

The GRU (Gated Recurrent Unit) model demonstrated the best performance among the tested
algorithms, achieving an accuracy of 84%. This result highlights the potential of machine learning
techniques in effectively classifying Bengali news headlines. The study provides insights into the
preprocessing methods and model selection processes that contribute to high classification

accuracy, paving the way for further advancements in this area.
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Chapter 1

Introduction

1.1. Introduction

Different methods assist the NLP system in understanding text and symbols. The act of
categorizing a text using a specific set of terms is referred to as text categorization [1]. Text
classification, also referred to as text categorization, involves sorting articles into predetermined
groups. The task involves classifying free-form text into predefined categories. It offers
theoretical perspectives on collections of documents and has practical uses [3]. It allows users to
search within specific categories, making it easier to find information faster instead of searching
through the entire information space. When the volume of information is excessive, the
importance of organizing text becomes increasingly clear. Multiple researches have been
conducted on news headline classification systems in different languages. However, there are
only a few articles for the Bangla newspaper. Therefore, we developed a method for classifying
news in Bengali newspapers. This study will assist in the creation of a self-sufficient system
through the implementation of machine learning-based classification algorithms. In these
methods, classifiers are generated or taught using a set of training documents. After that, the
classifiers that have been trained are utilized to categorize documents into the correct categories.
We chose to focus on online news as there is a lack of effective search features and visualization
tools on existing news websites for evaluating data and trends amidst the vast amount of
information on the internet. The continuous publication and citation of news data heightens the
urgency of the issue. This led to the development of a system that serves two types of users:
those interested in reading news stories by category, and those interested in examining data to
identify trends in news.

1.2. What is headlines Categorization

In the field of data mining, there has been a recent focus on "Text Mining" as many researchers
are conducting studies in this area. The process of extracting pertinent and precise data from
extensive digital text is known as text mining. The significance of this subject in various
industries illustrates its importance; for instance, it plays a crucial role in machine learning by
utilizing methods of knowledge discovery to create logical guidelines for text classification. We
will now create a model that categorizes news headlines. This will categorize the type of news
headline.

©Daffodil International University 1



1.3. Historical Background

1.3.1 Researchers who use real data gain advantages from classification methods. During a time
with limited technological resources, scientists carried out some of the most adventurous
research in history. Some researchers have found machine learning classifiers effective,
while others have gained RNN access. This part examines previous research with high
accuracy levels on the classifiers we have used, serving as an inspiration source.

1.3.2 Earlier Research

Yang Li created an SVM KNN method to classify short content [2]. CNN, SVM, NB, RNN, and
LSTM machine learning classifiers were utilized. Ultimately, the SVMCNN classifier delivered
better outcomes. By employing the SVM KNN technique, they reached results with an accuracy
level of approximately 90%. Another important researcher, Tej Bahadur Shahi, made forecasts
for automatic classification of articles in Nepal. He finished her investigation to choose a
classifier model and artificial neural network. Machine learning classifiers such as SVM and
Naive Bayes make use of multi-layer connectivity. The neural network, however, is currently in
a slightly uncomfortable situation. During the process, 74.65% of Nepali news text
categorization favored SVM, including RBF. Nevertheless, with an efficiency rate of 73 percent,
the neural network is placed in second position in terms of ranking. Nepali news text
categorization dataset consists of 4964 data points covering 20 various types of news. All types
of deep learning models, like neural networks, require a large amount of data that has a high
numeric value. Pranshengit Dhar and Md. are categorizing Bangla news headlines. Zainal
Abedin utilized top machine learning principles [6]. SVM, Naive Bayes, and Adaboost were
utilized as machine learning classifiers. They achieved an accuracy rate of around 81%. Sheikh
Abujar suggested a Bengali news multi-classification system based on neural networks that
achieved similar performance [7]. They create more than 86,000 news headlines. They utilized
SVM, NB, Random Forest, Logistic Regression, and Neural Network as machine learning
methods. Using Neural Network techniques, they achieved an accuracy of approximately 90%.
Bjorn Gamback's primary focus was on text categorization to identify hate speech [8]. He desires
to replicate the convolutional neural network. Using CNN assistance, they achieved an accuracy
rate of 86.68 percent. They employ an alternative approach.

©Daffodil International University 2



1.3.3 Recent Research

The primary goal of studying emotions is to categorize them as either positive or negative in
order to distinguish between different parental attitudes or characteristics. The aim of this
research is to enhance customer reach, earnings, and reputation. Methods, along with different
sectors such as finance, economy, and spam detection in stock markets, buying and selling
products, and various other industries. Effective intuition analyses can have a major influence in
a variety of areas such as policy, governance, organization, campaigns, and enterprises, due to
their ability to prompt swift reactions and allow individuals to benefit from necessary behavior or
decision-making. Cost-effectively, neural networks can be obtained. A large number of emails,
comments, and assessments adding up to thousands. Text categorization methods need to be
expanded to cover businesses of all scales. Organizations need to be aware of and promptly
address several crucial situations in order to act effectively. In order to quickly recognize
important features, computer information retrieval must frequently imitate the designer's labeling
in real-time. The concept of text categorization is well-established in the realm of natural
language processing. Work on the Bangla text is ongoing. There are many different ways that
online news is classified in this sector. In this age of online news sources, individuals rely on this
matter. The proposed research, which focuses on the Bangla language, aims to achieve this
classification. Some Bangla datasets utilize study materials found in our literature survey section.
Our hybrid modeling approach achieves greater success than other machine learning approaches.

1.3.4 State of the art technology

Large CNNs, or those with many deeper and closely linked layers, often perform the
best . Due to the high computational cost of these structures, big CNNs are
sometimes unusably sluggish, especially for embedded IoT devices. Recent studies have
focused on ways to keep prediction accuracy high while lowering the computing cost of
deep learning networks for use in common applications. We studied the accuracy and
computational requirements from pertinent literature, including current updates of
networks as indicated in Fig 1, in order to comprehend the application of the state-of-the-

art CNN architectures in agricultural systems.

©Daffodil International University 3
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Fig. 1: Top-1 Accuracy vs the computational cost.

1.3.5 Future Scope of This Study

Although impressive progress in using cutting-edge CNN in agriculture in general, there
are still unresolved issues with smart farms that future academics may examine. These fields
can include interactive object identification, real-time image classification, and real-time
image categorization. Modern CNN is a relatively new technology, which helps to explain
why the study's findings about its usage in smart farms were not as strong. It's crucial to
remember that models created using cutting-edge architectures have a proven track record of
performing with greater precision.

1.3.6 Future Scopes

Neural Network reveals a field of study for Bengali researchers as a result of this
multiclassification research. Others will be open to our suggested paradigm because text
processing has recently gained popularity in the research community. Researchers

©Daffodil International University 4



studying Bengali will also benefit from NN's automated word selection. In the event that
the dataset grows in size, machines may likely offer more accuracy.

1.4 Limitation of the Study

With the use of a particular sort of dataset, classification is a system of kernels that
enables an approach to anticipate its own choice. On our Bengali complicated dataset, we
have employed neural network and machine learning classifiers including SVM, RF,
LOGISTIC Regression, and NB throughout this study. As a result, by utilizing classifiers, the
neural network produces a considerable output. Other classifiers provide results that are
below average. To ensure a successful conclusion, we provided a sizable dataset. Before
applying classifiers, the data needed to be preprocessed using an improving tokenizer and
stopwords were removed from around 30000 of the datasets.

1.5 The Advantage over Traditional Method

The models used in earlier studies needed significant parameters and were substantially
more complex. However, we are creating a much simpler model in this instance. Furthermore,
our approach can quickly and accurately generate a good result even with uneven datasets.

1.6 Our Proposed Model

In this work we proposed a deep cnn model in our dataset and we gained a good result than other.
We used two deep cnn. We used “RELU” and “sigmoid” as our model’s activation function. And

we gained 84.01 in GRU and 83.42 in LSTM.

1.7 Objective of this Work

Our goal is to design a better model that can categorized headlines.

1.7.1 Primary objectives

First create a model that is get more accuracy than other previous model

1.7.2 Secondary Objectives

Second, create a model that is gain better perform than other previous ML model and others.

©Daffodil International University 5



Chapter 2
DEEP CNN

2.1. Introduction

Deep learning is a computer modeling and machine learning technique that mimics how
individuals learn. Data science, which also includes statistics and predictive modeling, includes
deep learning as a critical component. Deep learning is helpful because it streamlines and
accelerates the process for data scientists tasked with collecting, analyzing, and interpreting vast
amounts of data. The most fundamental form of automation for predictive analytics may be
thought of as deep learning. Deep learning algorithms are stacked in a hierarchy of increasing

scale and abstraction as opposed to machine learning algorithms, which are linear.

2.2. CNN

An image may be inputted into a convolutional neural network (CNN), which can then prioritize
and distinguish between various picture aspects. Compared to other classification algorithms, a
Conv Net requires far less pre-processing. Furthermore, although basic procedures need filter
engineering by hand, Conv Nets can learn these filters/characteristics with sufficient training.
Conv Net's architecture was influenced by the way the visual cortex is set up, which is similar to
how neurons are connected in the human brain. Individual neurons only react to stimuli in the
Receptive Field, a small part of the visual field, which is made up of overlapping, comparable
regions that make up the total visual field. Currently, CNNs are effectively used in three main
methods for classifying medical images: 1) "CNN from scratch" training 2) utilizing "off-the-
shelf CNN" features (without additional training the CNN) as supplemental information channels
to already-existing hand-crafted image features, such as those used in chest X-rays and CT lung
nodule identification; and 3) using CNN or other deep learning models to perform un -
supervised from before the on organic or healthcare pictures as well as good on healthcare image

features. To overcome the "curse-of-dimensionality" problem, a region - based segmentation

©Daffodil International University 6



2.5D view re - sampling and an accumulation of random view categorization scores are utilized

here. This allows for the acquisition of a sufficient quantity of training picture samples.

2.3. RELU

The activation function in a neural network is in charge of converting the node's summed

weighted input into the activation of the node or output for that input.

If the input is positive, the rectified linear activation function, or ReLU for short, will output the
input directly; if it is negative, it will output zero. Because a model that utilizes it is simpler to
train and frequently performs better, it has evolved into the standard activation function for many

different kinds of neural networks.

2.4. Sigmoid

A restricted, variational, real function called a sigmoid has a non-negative derivative at each
point, is given for all real input values, and has exactly one inflection point. The same concept is

described by the phrases "sigmoid function" and "sigmoid curve."

Chapter 3
Methodology

3.1. Introduction

Here is the method: Information is collected from various Bangladeshi newspapers. We used the
Python module BeautifulSoup to scrape news from the website. After collecting data, we remove
unnecessary symbols from datasets and then summarize them. This part includes data on the
quantity of words, documents, and distinct words in each category. We determine the length
frequency distribution using the pure datasets. Preparation of the datasets for the model is
necessary. We utilized 80% of the data for training and 20% of the data for testing. Next, assign
labels to the data using a coded sequence. I trained the model using 10 epochs and a batch size of
64. Therefore, our model's data is prepared. We utilized two deep learning systems to predict
news headlines and evaluate results. I trained the model using 10 epochs and a batch size of 64.

©Daffodil International University 7



Therefore, we have prepared the data for our model. LSTM and GRU are two deep learning
algorithms utilized for predicting news headlines and comparing the results. We found that these
models yield accuracy, precision, recall, and F1 score. After that, the results will be evaluated.

Fig-2: Model Architecture

3.2. Data Cleaning
Data can be gathered from a variety of sources. The headlines in a newspaper are divided into
many categories. Data is gathered in real time from several Bangladeshi internet publications.

Data is collected using scraping tools and technologies.

©Daffodil International University 8
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Fig-3: Data Preprocessing

3.3. Data collecting

Scraping was utilised to collect data from multiple Bangladeshi newspapers. We have more than
one million records in our collection. We collected data from sources like Bangladesh pratidin
[17], dainik juganttor [18], daily inqilab [19], kalerkantho, and similar publications. The
newspapers are the most popular in Bangladesh. The data we collected from these newspapers
helps identify the types of data that readers access most often. We used Chrome Web Scrapper
and Python tools to gather data from websites. Our dataset consists of three columns. This
includes the news titles, the section, and the publication's title. The information is accessible by
the public.

The graph below shows the spread of headlines for each category. This data set is not evenly
distributed.

The data is shown in the diagram provided.

©Daffodil International University 9



Dataset Distribution

<« N
~ R
> Se
5 ¢« I
= e
3 o
s & I
@ §§c
& @ [ ———
R » I
G
s
é? 0 10000 20000 30000 40000 50000
& Number of Headlines
Fig-4: Dataset Distribution
3.4 Cleaning of data

Due to the brevity of the headlines, there is no need to remove the stopwords [20]. Regular
expressions are employed for removing unnecessary data from our sample. The data sample will
appear once it has been cleaned.

Original: NI (58 [& (AN =T AFCES MG W=

Cleaned: NI (58 N[& (A~ N1 AFEEF MG W=IJ
Original: FIMGBR(YL IR oo GRHLT G

Cleaned: FIGEGR(YF FIRF oo [GRIHNAT QG
Original: SN Y& (AN Qransl Sorfe
Cleaned: SININ Y& (AT Qanel ST

Original: . (FIFAT So00f6 U Fe~ NdAR THFAZ
Cleaned: W. (T Sooft AfF Ffew Iz TG

Original:  (FIRACIT TNABPIA  WNIFONI LF ;. GrA
Cleaned: CPFIIOTY NABIA NNHAFONI ST J
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Original: (TA101 fAt® At Sifdo foretq g N=rAIfe
Cleaned: (STATGT MT® At Sifdgy oo AT =11

After we finish cleaning the data, we can select the correct length for the headline to ensure that
all headlines are the same length. Figure 4 displays the longest, shortest, and mean lengths of
headlines.

Length-Frequency Distribution
25000

20000
15000
10000
5000 I I
e
5 10 15 20

Length of the Headlines

frequency

o

Fig-5: Length Frequency Distribution

Also, every category contains numerous terms. We select words from every category that are
unique yet interconnected. The information in Figure 5 represents data statistics.

Data Statistics

300000 Category
mmm TJotal Documents
250000 = Total Words
s Unigues Words
200000
u
(1 F]
= 150000
=
100000
50000 I
N ] "R L &
,\O‘Q‘lb cgoé' (}o(\'b (‘;\Q’(\ \\,;M\C; 6
(,5“%' & & &£
& +

Class Names

Fig-6: Dataset statistics
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3.5. Data Preparation and Model Building

The encoded sequences represent the text data, with the sequences being the vector of an index
number that contains words in each headline. Numeric values are also assigned to the categories.
Following the preparation of the headlines.

sequence.

(WM A toy!

[4172, 2216, 6238, 301, 2629, 5925]
=====PaddedSequences======

(WM AT (o Y!

[4172 2216 6238 301 2629 5925 0 0 0 0

We add labels to each category after padding the

©Daffodil International University 12



Chapter 4
Proposed DEEP CNN Model

4.1. GRU

Gated Recurrent Neural Network (RNN) applications that use sequential or temporal data have
demonstrated success in a number of cases. They have been extensively used, for instance, in
speech recognition, natural language processing, and machine translation. It has been
successfully demonstrated that Lengthy Short-Term Memory (LSTM) RNN and the recently
released Gated Recurrent Unit (GRU) RNN work well with long sequence applications. The
gating network signals that regulate how the current input and past memory are used to update
the current activation and create the current state are largely responsible for their success. In the
learning phase, which includes the training and assessment procedure, these gates have unique
sets of weights that are adaptively updated. Although these models facilitate effective learning in
RNN, they also increase parameterization due to their gate networks. Consequently, compared to
the straightforward RNN model, there is an additional processing cost. It should be noted that the
GRU RNN only uses two gate networks, whereas the LSTM RNN uses three different gate
networks. It is suggested that the exterior gates be cut down to a minimum of one with an initial
assessment of long-term effectiveness.

A

GRU UNIT

Fig-7: GRU Architecture

©Daffodil International University 13



4.2. LSTM

RNNs have been created to manage time sequence data due to the recurrent architecture of the
network. However, when there is a significant distance between the unit with the data and the
unit where RNNs have difficulty learning to connect the information due to the gradient issues,
especially with more information, problems can arise. Therefore, through the inclusion of three
gates (input gate, forget gate, and output gate), Long-Short Term Memory (LSTM) Networks
aim to improve upon the basic RNN structure. RNN and LSTM have shown their success in
processing time sequence data in various fields such as action recognition, speech recognition,

language translation, and image recognition.

Memory
cell input

Forget Gate

b Self- recutrent Connection

Y

-
>

Input Gate

Qutput Gate

Memory
cell output

Fig-8: LSTM single cell structure

4.3. Accuracy & Precision

We have acquired a sense of measuring through millions of years of living because measurement
is necessary for us to comprehend the outside world. Tools that supply scientists with a quantity
are needed for measurements. The issue here is that there is some uncertainty in every
measurement made with any measuring device. Error is the term used to describe this uncertainty.
When collecting measures, accuracy and precision are two key things to keep in mind. These two
phrases describe how closely a measurement resembles a standard or recognized value. Let's
study more about precision and accuracy in this essay. In our machine learning approach the
main algorithm setup was manufactured by the base of the random forest classifier. The Random
Forest (RF) is a collection of separate decision trees. The "Gini index" of each branch is used to
determine which choice line is more likely. Formula was used to obtain this index.

In this case, c represents for the total class labels, while pi stands for the probability of a 10-th
subclass. We selected 100 trees from the forest where its "gini" scale is employed to determine the

degree of split. The nodes are divided if there is least 2 internal nodes and each internal node takes

into consideration all system properties.

©Daffodil International University
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Chapter S

Discussions and Conclusions

5.1 Result & Discussions
For forecasting news headlines, we employed Machine learning, LSTM and GRU. These two
separate models had varied outcomes. The accuracy of models is discussed in Table 1. The GRU
Model is more accurate. GRU produces superior results. Bidirectional model and soft-max
activation function are both employed. The higher the score, the more data is tightly categorized.

We used the GRU Model to properly classify the categories.

Table-1: Model accuracy

Model | Accuracy

LR 64.45%

MNB | 61.33%

SVM [ 65.29%

RF 65.42%

GRU | 84.01%

LSTM | 82.74%

B | 83.42%

LSTM

©Daffodil International University 15



In the consistency of our model’s evaluation, the highest accuracy and performance was acquired

by the GRU which was 84.01%. In cases of ML approaches the Logistic Regression got 64%, the

multinomial naive bias achieved 61%, Support Vector Machine got around 65.29% and the

Random forest was able to get the highest among the ML approaches consists of the 65.42%.

And then if we focus on the deep learning approaches we can contemplate the variation of the

GRU which stands at highest of 84% of total accuracy. As the LSTM has more subtle and linear

approach it were able to acquire around 82% and the Bidirectional LSTM approach was withered

a little better with 83% then the traditional LSTM approach.

10 4

0.5 4

Tue Positive Rate

0.2 A

0.0
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Fig-13: Bi-LSTM, GRU & LSTM train and validation accuracy and loss

5.2 Suggestion for future Work

In the examples provided, it is clear that our work encompasses a range of contrasting elements.
The models and methods we utilized may form the base for our upcoming endeavors in natural
language processing, machine learning, and deep learning studies. Developing Bengali language
datasets has proven to be a significant challenge in this field, but we are committed to providing
strong support to help advance research in computer science and bring about valuable societal
progress.

5.3 Conclusions

This study created a model for news headlines using machine learning techniques. Classification
of Bangla newspapers. Most studies in the literature reference another linguistic publication.
GRU and LSTM are the top algorithms for creating an effective model in this classification
method. The outcomes of the classifications are mostly consistent with earlier studies. Due to the
utilization of two different methods for this classification, the outcomes could vary between each
model. We have selected eight categories for news classification. The results do not depend on
the categories. This method provides a more precise result with increased data, which includes
both balanced and diverse data. Companies aim to categorize news based on the type of content
that has been featured in the newspaper. Therefore, they could achieve the results they want.
General consensus: more studies are required. This dataset is very small. Therefore, if we utilize
multiple datasets, we can achieve better outcomes. Altering the attributes of the model resulted in
different results. The result will vary as epochs change. Furthermore, the absence of the
activation function in the models results in an impact. Multiple machine learning models are
accessible. Different outcomes are generated by multiple models.
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