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Abstract

Bengali text classification is a challenging task due to the unique characteristics
of the Bengali language. In recent years, artificial neural networks have
emerged as powerful models for natural language processing tasks, including
text classification. This study explores the application of artificial neural
networks for Bengali text classification and investigates their performance in
accurately categorizing Bengali text documents.

The research begins with the collection of a labeled dataset consisting of
Bengali text documents from diverse domains. The dataset is preprocessed by
tokenizing the text, removing stopwords, and applying stemming to reduce
noise and enhance feature representation. Various neural network
architectures, such as feedforward neural networks, recurrent neural networks
(RNNs), or convolutional neural networks (CNNs), are implemented and
trained using the preprocessed dataset.

During the training phase, the neural network models learn to extract relevant
features and capture the underlying patterns and relationships within the
Bengali text. The models are optimized using appropriate loss functions and
backpropagation algorithms to minimize classification errors and improve
accuracy. Hyperparameter tuning and regularization techniques are employed
to prevent overfitting and enhance generalization performance.

The trained neural network models are evaluated using standard evaluation
metrics, including accuracy. A separate validation or testing dataset is used to
assess the models' performance on unseen Bengali text instances. The results
of the experiments provide insights into the effectiveness of artificial neural
networks for Bengali text classification and comparisons with other traditional
machine learning algorithms.

Overall, this research contributes to the advancement of Bengali text
classification using artificial neural networks, providing valuable insights and
guidelines for developing robust and accurate models for automated
categorization of Bengali text documents across various domains.
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ANNs can effectively classify Bengali text documents into predefined
categories. The findings highlight the importance of selecting appropriate
network architectures, preprocessing techniques to achieve optimal
performance in Bengali text classification.

The successful implementation of ANN-based Bengali text classification can
have significant applications in various domains like topic categorization,
document classification, and information retrieval in the Bengali language. It
enables the automation of text analysis tasks, thereby facilitating efficient
handling and extraction of valuable insights from large volumes of Bengali
textual data.
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Chapter 1

Introduction

Text classification is an emerging research area in the field of Natural Language
Processing (NLP), where each document needs to be assigned to a predefined
class or category. In recent years, categorization of Bengali text documents is
treated as a significant research issue in the domain of Bengali Language
Processing (BLP). Bengali is the 7th most widely spoken language in the world.
Two hundred forty-five million people in Bangladesh and some parts of India
speak in this language. In recent years, the digital Bengali text contents have
been growing readily on the Internet, news portals, blogs, websites, and so on
due to the effortless usage of electronic gadgets. These are creating an
enormous amount of unstructured data. Therefore, it is a challenging task to
organize, search or manipulate such a massive amount of unstructured data by
human experts manually. This manual process consumes an immense amount
of time incurring the cost of money. A document categorization system can
handle a massive amount of Bengali text data in which documents can be
sorted, manipulated and organized expeditiously and competently.

There are no efficient tools available that have been developed till today for
Bengali language processing (BLP). Therefore, there is an insistence of
developing intelligent tools for BLP so that professionals, as well as the
common people, can use these tools to their needs. However, developing
an intelligent system that can categorize Bengali text documents in distinct
categories is also an important research issue leading to the most use in real-
world applications. A text categorization system can be used in information
retrieval, text mining, and text analytic.

The proposed model can be used by the hospital management to categorize
patient’s reports according to their diagnosis, an e-library to arrange books
according to subject categories and news agencies to classify the news based
on text contents.

The key difficulty of machine learning techniques is to select useful features
from high dimensional feature spaces. Moreover, a common Algorithm for
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selecting appropriate features is not available that can be applied to all kinds
of classification task.

Artificial Neural Network (ANN) technique has been used extensively to solve
complex problems in many domains, including text document categorization
and NLP. Surprisingly, the potential of the deep learning techniques has not
been investigated for Bengali document classification. In comparison with
other machine learning-based techniques, deep learning techniques are more
competent to discover complex features inherently, when the feature
dimension is high. In addition to that, the deep learning is faster than the other
machine learning techniques due to its usage of Graphics Processing
Units (GPUs).

Bengali is a low-resource language, and no well-performed feature extractor
and classification frameworks are available in Bengali. Moreover, there are
huge structural variations between Bengali and English languages (or other
high-resource languages). As a result, the embedding/classification models
developed for one language cannot be directly applicable to another language
due to their linguistic divergences. The hyperparameters of embedding
and classification models must be tuned a fresh based on the language itself
before performing the classification task. The hyperparameters of embedding
and classification models must be newly tuned based on the language itself
before performing the classification task. In order to achieve a reasonable
accuracy, this model removes the Bengali stop-words, punctuation.

10| Page



Chapter 2

Literature survey

This article is a literature review of various studies related to text classification
approaches; therefore, this section elucidates some of the research directions
observed in this regard. Statistical topic modeling is applied for multi-label
document classification, where each document gets assigned to one or more
classes. It became an interesting topic in the past decade as it performed well
for datasets with increasing number of instances for an entity (Rubin,
Chambers, Smyth, & Steyvers, 2012).

When the number of documents increased, the computational complexity also
increased (Stas, Juhar,& Hladek, 2014). ML is often seen as an offshoot of
statistics as far as data mining is concerned. ltemploys advanced models to
make decisions based on its own cognizance (Du, 2017; Ranjan & Prasad,
2017). However, a purely statistical and purely ML approach is considered less
competent, therefore a hybrid approach is usually preferred (Srivastava, 2015).

Artificial Immune System (AIS) based self-adaptive attribute weighting method
for Naive Bayes classification uses immunity theory in Artificial Immune
Systems to search optimal attribute weight values (Wu et al., 2015). Logistic
regression is an efficient probability-based linear classifier. The problem of
overfitting (data model memorizes the dataset instead of the learning
procedure.) could besolved by using penalized logistic regression in active
learning algorithm (Wang & Park, 2017).

A proper instance selection technique could finish half of the knowledge
discovery procedure. A new instance selector based on Support Vector
Machine (SVM) called, support vector oriented instance selection is suggested
to remove noisy data (Tsai & Chang, 2013). Some researchers analyzed the
decision trees’ role in multi-valued and multi-labeled data. This type of data
makes it difficult to pick a particular set of attributes. It is also difficult to
calculate similarity scores multi-valued and multi-labeled data (Yi, Lu, & Liu,
2011).

The decision tree algorithms calculate similarity scores comprehensively and
accurately. It has been proven efficient for scenarios where synchronization
among elements is less. To overcome the problem from the order of classes in
rule learning, Complexity-based Parallel Rule Learning algorithm is suggested
(Asadi & Shahrabi, 2016). In a different setting, multi-class classification is tried
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by com-bining kernel density estimation with k-NN (Tang & Xu, 2016). It
improves the weighting principleof k-NN, thereby increasing the accuracy of
classification. It has also been proven efficient for complex classification
problems.

The role of ANNs in high dimensional and large data is significant. Neural
classifiers such as fuzzy adaptive resonance associative maps are scalable for
large volumes of data (Benites & Sapozhnikova, 2017). Unsupervised learning
provides so many research opportunities in workflow management and task
scheduling, particularly in the field of big data (Zhoua, Pana, Wanga,
Athanasios, &Vasilakos,2017).
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Chapter 3

Methodology

The method of the model is shown in follows:

Training
data

Text file;

Text file;

Text file,

Document

|:> Preprocessing

Creating Doc-by-
Term Matrix

A\ 4

Labels

ANN

Classification
Output
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3.1 Data Preprocessing:

In this section we preprocessed data by implementing tokenizing,
punctuation removal and stop-word remove.

Before data preprocessed the data is shown in the given below:

5 4t Yofo TR SEy ORI G99 W WNeN I NEG  SYFI
AHETO ARKE (FNS IfSd T AA NPT AFT A AT AT A PG
@Y TP o IS @ AL TF I FA1 (AR

After creating tokens the text data is shown in the given below:

R, el owfSr,  oweRmeRY,  SEr, IRl d@_,
WY, SN, R, NG, R, RS, AR,
R, TR, PG, CENY, YR, |, e, @,
N, SPCS, JfRT, BA, CRONRIY ]

After removing punctuation the text data is shown in the given below:

RIES/UMIRE (o AN CHRE) o 1[4 E AL €= KA (43(4- LRI £
VT, WTON, R, PG, CSFA, v, ERTS, HfR{R[NE,
(NS, TSR, Y, R, TG, SR, S, Al
R, @, 1, RS, RN, YR, W, 3fed,
@, R, PGS, I, A, RNR

After removing stop-word the text data is shown in the given below:

[lﬁl’ IWV, v')b.-%l, lwmqal, 'igcﬁﬁ', liﬁ'?,”\gj'l, lmvl
o 11 AR |1 6 0 (GRS | F | K 41 1= AR 1) A O L 1
1%1, lml’ lmql, l}igsﬂl, vqsr@;ﬂll l'ﬂ'@!, |0Twl, IWI,
ELCIN
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3.2 DOCUMENT REPRESENTATION

Creating Doc by Term Matrix

The Tokenizer class of Keras is used for vectorizing a text corpus. By applying
this, each text input is converted into a vector .

The useful method of tokenizer class is texts to_matrix() function for
converting the document into a numpy matrix form.

This function works in 4 different modes —

e binary : The default value that tells us about the presence of each word in a
document.

e count : As the name suggests, the count for each word in the document is
known.

e tfidf : The TF-IDF score for each word in the document.

e freq: The frequency tells us about ratio of words in each document.

3.2.1 Type 1: texts_to_matrix with mode = binary

The binary mode in texts_to_matrix() function determines the presence of text
by using ‘1’ in the matrix where the word is present and ‘0’ where the word is
not present.

This mode doesn’t count the total number of times a particular word or
text, but it just tells about the presence of word in each of the documents.

Doc = '(FUIW IIFNII o0 FN W2 FIF [ Tzfe [Ad @z
®YATG %WWN@WWﬁW?@WWW
QA OV JAO ©VYel O W«mmp (TOF (LU PR WRAF
STCEBA G AW FIFfE (Y ABAR (P PN WA FIF BISIE]
GRTIHTRY [RIARS TR WA (A G IS ASIIHBI A BIed
OTe] O], (NAGUF AT JFMF TGONFINE 2O & (ONN 82 JIIT Plaw
B (o mw fNHiR® Tomenadr FF1 T THEAT AN AN eI IR
g RS 7iREAS Foas FIFMI RGN TIFIEI AEIFOl TR (FIA
AGotna WK FIBleT TINN FR(NT PR FIF AR FOAE Ao
SEAF YN FIBF TN FINAN FO [FCANG AN (W TR GAFS
@y AfGAfear MY AGASAR 2N OfF IS WHFT AFH FR =N
VO WA B 19 AW (6 AN 6 Fansd a7 [earfer
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SN FR 2N ARSTAT WF FIHfA FATT AT (FNH AVCHE WA (FCL2 WA
FR FIF ARINIT TY TS TIFIAI W2ABTAT AONRI (NS LT ACEAHN]
QTR AR W WG9 JAICOF AN WG9 AT Ao NS ST
@Y WL TN AN TN PO PN RN A=Y KOS TP

The above document is a content of a file. Then we apply tokenizer and
text_to_matrix method to create a row of the doc-by-term matrix.

The matrix after applying texts_to_matrix with mode = binary:

[[(0. 0. O. ... 0. O. O.]

[ ]
L1 L1

<class 'numpy.ndarray'>

3.2.2 Type 2: texts_to_matrix with mode = count

The count mode in texts to matrix () function
determines the number of times the words appear in
each of the documents.

The matrix after applying texts_to_matrix with mode = count:
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<class 'numpy.ndarray'>

3.2.3 Type 3: Vectorize the text data using TF-IDF

TF-IDF or Term Frequency — Inverse Document Frequency, works by checking
the relevance of a word in a given text corpus.

In this mode, a proportional score is given to words on the basis of the number
of times they occur in the text corpus. In this way, this model can determine
which words are worthy and which aren’t.

Term Frequency (TF) is a numerical representation that indicates the frequency of a term
(word) within a document or a collection of documents. It is commonly used in text mining,
natural language processing, and information retrieval.

The most basic formula for calculating Term Frequency is:

TF = (Number of times a term appears in a document) / (Total number of terms in the
document)

The purpose of TF is to highlight the importance or relevance of a term within a document.
A higher TF value indicates that the term appears more frequently, potentially making it
more significant in the context of the document.

Inverse Document Frequency (IDF) is a numerical representation used to measure the
significance of a term within a collection of documents. IDF is commonly used in information
retrieval, text mining, and natural language processing tasks.

The IDF of a term is calculated based on the logarithm of the ratio between the total
number of documents in the collection and the number of documents that contain the
term.
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The formula for IDF is as follows:

Total number of documents

IDF = log( )

Number of documents containing the term

The IDF value is higher for terms that appear in fewer documents in the collection,
indicating that they are more unique or rare. Conversely, terms that appear in many
documents have lower IDF values, as they are considered to be less informative or
distinctive.

TF-IDF is a numerical representation used to evaluate the importance of a term within a
document in the context of a collection of documents. TF-IDF is widely used in information
retrieval, text mining, and natural language processing tasks.

The TF-IDF formula is the product of the TF and IDF values for a given term within a
document. It can be represented as:

TF-IDF (t, d) = TF (t, d) * IDF (t)

The matrix after applying texts_to_matrix with mode = tfidf:

[[O 0 0. 0 0
0. ]

[0 0 0. 0 0
0. ]

[0 0 0. 0 0
0. ]

[0. 0. 2.43509931 ... O. 0.
0. ]

[0. 1.03894108 0. ... 0. 0.
0. ]

[0. 0. 0. ... 6.77821591
6.77821591 6.778215911]]

<class 'numpy.ndarray'>
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3.2.4 Type 4: texts_to_matrix with mode = freq

This last mode used in texts to _matrix() is the frequency that actually
determines a score and assigning to each on the basis of the ratio of the word
with all the words in the document or text corpus.

The matrix after applying texts_to_matrix with mode = freq:

[0 0 0. 0 0
0. ]

[0. 0 0. 0 0
0. ]

(0. 0 0. 0 0
0. ]

(0. 0. 0.01239%9669 ... O. 0.
0. ]

[0. 0.00636943 O. ... O. 0.
0. ]

[0. 0. 0. ... 0.00363636
0.00363636 0.003636361]1

<class 'numpy.ndarray'>

3.3 Classifier:

An Artificial Neural Network (ANN) classifier is a machine learning model that
uses a neural network architecture to perform classification tasks. It is
specifically designed to learn from labeled training data and make predictions
or assign class labels to unseen or future instances.

The ANN classifier consists of multiple interconnected layers of artificial
neurons, which are inspired by the structure and functioning of biological
neurons in the human brain. The neurons in each layer receive inputs, perform
calculations, and pass the results to the next layer until the final output layer is
reached.

The training process of an ANN classifier involves feeding labeled training data
to the network, adjusting the weights and biases of the neurons through an
optimization algorithm (e.g., backpropagation), and iteratively updating the

19| Page



network's parameters to minimize the prediction errors. This allows the
network to learn the patterns and relationships in the training data, enabling it
to classify unseen instances.

There are various types of ANN classifiers, including:

1. Feedforward Neural Networks: These are the most common type of ANN
classifiers, where the information flows only in one direction, from the input
layer to the output layer. They can have one or more hidden layers between
the input and output layers.

2. Recurrent Neural Networks (RNNs): RNNs have connections between
neurons that form directed cycles, allowing them to capture temporal
dependencies in sequential data. They are suitable for tasks such as natural
language processing and speech recognition.

3. Convolutional Neural Networks (CNNs): CNNs are primarily used for image
classification tasks, where they perform operations such as convolution and
pooling to extract features from input images. They are effective in capturing
spatial patterns and structures.

4. Radial Basis Function Networks (RBFNs): RBFNs use radial basis functions as
activation functions and are commonly used for pattern recognition and
function approximation tasks.

ANN classifiers have shown great success in various applications, including
image recognition, text classification, sentiment analysis, fraud detection, and
medical diagnosis. They are capable of learning complex patterns and
nonlinear relationships in the data, making them powerful tools for solving
classification problems in machine learning.

The MLP classifier, also known as the Multilayer Perceptron classifier, is a type
of artificial neural network (ANN) that is widely used for classification tasks. It
is a feedforward neural network model that consists of multiple layers of
artificial neurons, including an input layer, one or more hidden layers, and an
output layer.

The MLP classifier is trained using supervised learning, where labeled training
data is used to adjust the weights and biases of the neurons. During the
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training process, the input data is passed through the network, and the
activation values of the neurons in each layer are calculated using an activation
function, such as the sigmoid function or the rectified linear unit (RelLU)
function. The calculated activations are then propagated through the network
until reaching the output layer, which produces the final classification
predictions.

The number of neurons in the input layer is determined by the dimensionality
of the input features, while the number of neurons in the output layer
corresponds to the number of classes or categories in the classification
problem. The hidden layers can vary in size and depth, depending on the
complexity of the problem and the amount of training data available.

The training of the MLP classifier involves optimizing the network's weights
and biases to minimize a loss function, typically using an algorithm called
backpropagation. Backpropagation computes the gradients of the loss function
with respect to the network's weights and biases, allowing for iterative
adjustments that improve the model's performance.

Once trained, the MLP classifier can make predictions on new, unseen
instances by forwarding the input through the network and obtaining the
output from the output layer. The predicted class is typically determined by
selecting the neuron with the highest activation value as the predicted class
label.

The MLP classifier is a versatile model that can handle various types of data
and has been successfully applied to a wide range of classification problems.
However, it may require careful selection of hyperparameters, such as the
number of hidden layers, the number of neurons in each layer, the learning
rate, and the activation functions, to achieve optimal performance.
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Chapter 4

Experiment

4.1 Dataset Description

In this section we discuss about the dataset. Dataset contains 37 class and
1745 text files. The dataset contains 47398 unique words. Dataset describes in

the following below:

Category No. | Category No.
of of
Doc Doc
Agriculture 50 20. Football 50
Banking 50 21. Government_Operations 50
Business 50 22. Health 50
Caste 42 23. Labor_and_Employment 50
Cinema 50 24. Law 50
Computer 49 25. Miscellaneous 50
cricket 50 26. Music 50
Crime 50 27. Politics 50
Defence 50 28.Public_lands_and_water_man |24
agement
.Economy 50 29. Religion 50
.Education 50 30. Science 50
.election 50 31. Space 46
.Electronics 50 32. 50
Sports_other_than_football_and_cricket
.Energy 35 33. Technology 50
.Entertainment 51 34. Transportation 44
.Entertainment_other_than ci |3 35. travel 50
nema_and_music
.Environment 50 36. Weather 50
.Family issues 50 37.'World_and_International 50
.Finance 50
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4.2 Parameter tuning

4.2.1 Table for Binary Based Vector Representation:

Epoch=10

Batch Size Accuracy
32 67
36 65
40 68
44 67
48 66
52 68
56 68
60 67
64 69
128 69

Epoch=30

Batch Size Accuracy
32 68
36 68
40 69
44 69
48 66
52 68
56 66
60 67
64 67

Epoch=20
Batch Size Accuracy
32 69
36 67
40 67
44 68
48 67
52 69
56 69
60 67
64 66
128 69
Epoch=40
Batch Size Accuracy
32 66
36 65
40 65
44 68
48 67
52 68
56 68
60 67
64 68
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4.2.2 Table for Count Based Vector Representation:

Epoch=10

Batch Size Accuracy
32 68
36 66
40 69
44 68
48 67
52 68
56 69
60 68
64 70
128 70

Epoch=30

Batch Size Accuracy
32 69
36 68
40 70
44 70
48 67
52 69
56 67
60 68
64 68

Epoch=20
Batch Size Accuracy
32 70
36 68
40 67
44 68
48 68
52 70
56 68
60 66
64 67
128 70
Epoch=40
Batch Size Accuracy
32 67
36 66
40 66
44 69
48 68
52 69
56 69
60 68
64 69
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4.2.3 Table For tf-idf Based Vector Representation:

Epoch=10

Batch Size Accuracy
32 70
36 67
40 69
44 67
48 68
52 68
56 70
60 69
64 69
128 70

Epoch=30

Batch Size Accuracy
32 70
36 68
40 66
44 70
48 69
52 69
56 70
60 68
64 72
128 72

Epoch=20
Batch Size Accuracy
32 70
36 68
40 70
44 68
48 69
52 70
56 69
60 66
64 66
128 70
Epoch=40
Batch Size Accuracy
32 69
36 66
40 64
44 69
48 68
52 69
56 70
60 68
64 69
128 69
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4.2.4 Table for Frequency Based Vector Representation:

Epoch=10

Batch Size Accuracy
32 56
36 55
40 56
44 57
48 55
52 56
56 55
60 54
64 56
128 57

Epoch=30

Batch Size Accuracy
32 57
36 56
40 55
44 57
48 57
52 56
56 57
60 55
64 57

Epoch=20
Batch Size Accuracy
32 53
36 57
40 52
44 56
48 57
52 55
56 57
60 56
64 57
128 57
Epoch=40
Batch Size Accuracy
32 53
36 56
40 57
44 55
48 57
52 56
56 57
60 55
64 56
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Chapter 5

Evalution and Results:

5.1 Table 1:

The following table represents the result of the classification model using ANN based on
binary vector representation.

Class precision recall fl-score support
0 0.54 1.00 0.70 7
1 0.62 0.80 0.70 10
2 0.42 0.62 0.50 8
3 0.83 0.83 0.83 6
4 0.64 1.00 0.78 7
5 0.91 0.83 0.87 12
6 1.00 0.92 0.96 13
7 0.58 0.50 0.54 14
8 0.77 1.00 0.87 10
9 0.41 0.70 0.52 10
10 0.92 0.85 0.88 13
11 0.90 0.90 0.90 10
12 0.71 0.91 0.80 11
13 0.89 0.67 0.76 12
14 1.00 0.86 0.92 7
16 0.78 0.88 0.82 16
17 0.83 1.00 0.91 10
18 0.62 0.31 0.42 16
19 0.86 0.86 0.86 7
20 1.00 0.09 0.17 11
21 0.50 0.86 0.63 7
22 0.14 0.11 0.12 9
23 0.27 1.00 0.43 3
24 1.00 1.00 1.00 10
25 1.00 0.88 0.93 8
26 0.60 0.60 0.60 10
27 0.60 0.43 0.50 7
28 0.60 0.43 0.50 14
29 0.78 0.64 0.70 11
30 0.00 0.00 0.00 3
31 0.75 1.00 0.86 3
32 0.89 1.00 0.94 8
33 0.29 0.33 0.31 6
34 0.67 0.80 0.73 10
35 0.50 0.60 0.55 5
36 1.00 0.70 0.82 10
37 0.62 0.29 0.40 17

accuracy : 0.69 351
macro avg 0.69 0.71 0.67 351
weighted avg 0.72 0.69 0.68 351
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5.2 Table 2:

The following table represents the result of the classification model using ANN based on
count vector representation.

class precision recall fl-score support
0 0.70 0.88 0.78 8
1 0.58 0.78 0.67 9
2 0.29 0.50 0.36 8
3 0.71 0.83 0.77 6
4 0.83 0.71 0.77 7
5 0.78 0.64 0.70 11
6 0.93 1.00 0.96 13
7 0.64 0.54 0.58 13
8 0.82 1.00 0.90 9
9 0.67 0.60 0.63 10
10 0.77 1.00 0.87 10
11 1.00 0.90 0.95 10
12 0.70 0.78 0.74 9
13 0.80 0.73 0.76 11
14 0.62 1.00 0.76 8
16 0.75 0.90 0.82 10
17 0.56 0.83 0.67 12
18 0.38 0.30 0.33 10
19 0.89 1.00 0.94 8
20 0.50 0.11 0.18 9
21 1.00 0.54 0.70 13
22 0.64 0.70 0.67 10
23 0.43 0.43 0.43 7
24 0.91 0.91 0.91 11
25 0.83 0.83 0.83 12
26 0.47 0.73 0.57 11
27 1.00 0.62 0.77 8
28 0.88 0.58 0.70 12
29 0.58 0.88 0.70 8
30 0.78 1.00 0.88 7
31 0.90 1.00 0.95 9
32 0.56 0.38 0.45 13
33 1.00 0.50 0.67 6
34 0.67 0.36 0.47 11
35 0.88 0.88 0.88 8
36 0.57 0.33 0.42 12
Accuracy: 0.70 349
macro avg 0.72 0.71 0.70 349
weighted avg 0.72 0.70 0.69 349
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5.3 Table -3

The following table represents the result of the classification model using ANN based on tf-
idf vector representation.

Class precision recall fl-score support
0 0.71 0.62 0.67 8
1 0.53 0.89 0.67 9
2 0.38 0.38 0.38 8
3 0.67 0.67 0.67 6
4 0.83 0.71 0.77 7
5 0.77 0.91 0.83 11
6 0.92 0.92 0.92 13
7 0.75 0.69 0.72 13
8 0.90 1.00 0.95 9
9 0.62 0.50 0.56 10
10 0.83 1.00 0.91 10
11 0.88 0.70 0.78 10
12 0.64 0.78 0.70 9
13 0.86 0.55 0.67 11
14 0.73 1.00 0.84 8
16 0.73 0.80 0.76 10
17 0.67 0.83 0.74 12
18 0.50 0.40 0.44 10
19 1.00 1.00 1.00 8
20 0.18 0.22 0.20 9
21 0.57 0.62 0.59 13
22 0.89 0.80 0.84 10
23 0.50 0.71 0.59 7
24 0.77 0.91 0.83 11
25 1.00 0.83 0.91 12
26 0.57 0.73 0.64 11
27 0.86 0.75 0.80 8
28 0.71 0.42 0.53 12
29 0.70 0.88 0.78 8
30 0.86 0.86 0.86 7
31 0.90 1.00 0.95 9
32 0.57 0.31 0.40 13
33 0.57 0.67 0.62 6
34 0.86 0.55 0.67 11
35 0.78 0.88 0.82 8
36 0.62 0.42 0.50 12
accuracy : 0.72 349
macro avg 0.72 0.72 0.71 349
weighted avg 0.72 0.71 0.70 349
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5.4 Table -4

The following table represents the result of the classification model using ANN based on
frequency vector representation.

class  precision recall fl-score support
0 0.62 0.62 0.62 8
1 1.00 0.44 0.62 9
2 0.00 0.00 0.00 8
3 0.33 0.17 0.22 6
4 0.67 0.86 0.75 7
5 0.42 0.73 0.53 11
6 0.86 0.92 0.89 13
7 0.40 0.15 0.22 13
8 1.00 1.00 1.00 9
9 0.67 0.40 0.50 10
10 0.53 1.00 0.69 10
11 1.00 0.80 0.89 10
12 0.60 0.67 0.63 9
13 0.80 0.36 0.50 11
14 0.86 0.75 0.80 8
16 0.58 0.70 0.64 10
17 0.67 0.67 0.67 12
18 0.44 0.70 0.54 10
19 1.00 0.50 0.67 8
20 0.07 0.22 0.11 9
21 0.75 0.23 0.35 13
22 0.50 0.70 0.58 10
23 0.38 0.43 0.40 7
24 0.91 0.91 0.91 11
25 1.00 0.25 0.40 12
26 0.43 0.55 0.48 11
27 1.00 0.25 0.40 8
28 0.47 0.67 0.55 12
29 0.55 0.75 0.63 8
30 0.57 0.57 0.57 7
31 0.80 0.89 0.84 9
32 0.43 0.23 0.30 13
33 0.67 0.67 0.67 6
34 0.67 0.55 0.60 11
35 0.88 0.88 0.88 8
36 0.29 0.42 0.34 12
Accuracy : 0.57 349
macro ave 0.63 0.57 0.57 349
weighted avg 0.63 0.57 0.56 349
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5.5 Result:

The following table represents the accuracy of this model
based on 4 types of vector representation (binary,count,tf-

idf,frequency).

Vector Representation Accuracy
Binary Based 69%
Count Based 70%
Tf-1df Based 72%
Frequency based 57%

Tf-idf based vector representation provides best accuracy i.e 72% and
Frequency based vector representation provides worse accuracy i.e 57%.
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Chapter 6
CONCLUSION AND FUTURE WORK:

In this text classification model, we represent 4 types of vector
representation for training the dataset those are binary, count, tf-idf,
frequency based vector representation. We find that count and tf-idf based
vector representation produce better results (70% and 72% respectively) and
frequency based vector representation produce worse result (57%).

Future work on Bengali text classification using Artificial Neural Networks
(ANN) can focus on several areas to improve the performance and address
specific challenges. Here are some potential avenues for future research:

1. Enhanced Models: Researchers can explore more advanced ANN
architectures specifically tailored for Bengali text classification. This includes
investigating the use of deep learning models such as convolutional neural
networks (CNNs), recurrent neural networks (RNNs), or transformer-based
models like BERT (Bidirectional Encoder Representations from Transformers)
that have achieved significant success in other languages.

2. Data Augmentation: Data scarcity is a common challenge in Bengali text
classification. Future work can explore techniques to augment the existing
labeled datasets, such as using data synthesis methods, back-translation, or
unsupervised pre-training on large amounts of unlabeled Bengali text data.

3. Domain Adaptation: Developing techniques for domain adaptation is
important for Bengali text classification, as different domains may exhibit
distinct linguistic patterns and vocabulary.

Future work can explore methods to transfer knowledge from general domains
to specific domains, improving the model's ability to classify text in domain-
specific contexts.

4. Interpretability and Explainability: As ANN models lack interpretability,
future research can focus on developing techniques to explain the decision-
making process of these models in Bengali text classification. This includes
methods like attention mechanisms, model Vvisualization, and feature
importance analysis to provide insights into the model's decision process.
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