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ABSTRACT

Sentiment analysis refers to the evaluation of any text, word, or other. Sentiment
analysis, which is also defined as opinion mining, is a method of natural language
processing (NLP) that determines the emotional subtext of a body of text. Numerous
organizations use this method to identify and categorize customer opinions about a
given good, service, or concept. Text is mined for sentiment and qualitative data using
machine learning (ML), artificial intelligence (Al), and data mining methods. Opinion
mining can extract the content, opinion holder, and polarity (or the quantity of positivity
and negativity) from text in addition to identifying sentiment. Additionally, other
perspectives, including article, paragraph, sentence, and sub-sentence divisions, can be
utilized for sentiment analysis. The expansion of social media platforms is creating a
ton of texts and grabbing people's attention. From such data, Sentiment Analysis (SA)
derives informative information. The majority of study on SA has been conducted in
English, but Bengali and other important languages are also required. Because Bengali
is the fifth most often spoken language among native speakers and is extensively
implemented on social media, it is crucial to concentrate on Bengali social posts and
comments. Despite the large number, Bengali Sentimental Analysis has seen some
minor progress. But creating an automated method for classifying emotions in low-
resource languages like Bengali is a crucial task. The task is made more difficult by a
lack of resources and benchmark corpora. Consequently, creating a benchmark for the
development of an emotion classifier for Bengali texts requires a corpus. A total of
5000 texts are labeled into 11 basic emotion categories such as anger, fear, surprise,
sad, happy, disgust, funny, abusive, advice, neutral and praise. Our study's primary goal
is to more specifically identify the emotions expressed in sentences and comments that
are written in Bengali. We selected Eleven classifications for this reason in order to
more precisely and accurately define the emotions.

©Daffodil International University iv



TABLE OF CONTENTS

Content Page
Approval
Declaration
Acknowledgment
Abstract

Table of Content
List Of Table
List Of Figure

CHAPTERS
Chapter-1
1.1 Introduction
1.2 Motivation
1.3 Rationale of the study

1.4 Research Questions

1.5 Expected Outcome

1.6 Project Management and Finance
1.7 Report Layout

Chapter-2

Background

2.1 Related Work

2.2 Comparative Analysis and Summary

2.3 Scope of the problem
2.4 Challenges

CHAPTER-3

Research Methodology

3.1 Research Subject and Instrumentation

3.2 Proposed Methodology

3.3 Bengali Emotions of Corpus Development Schematic Process
3.4 Data Collection Procedure

3.5 Statistical Analysis

©Daffodil International University

I-viii

V-Vi
Vil
viii

1-9
1-2

2-3

5-9
10-13

10-11
11-13
13
13

14-31

14

14-17
17-22
22-23
23-29



3.6 Implementation Requirements

Chapter-4
Experimental Results and Discussion
4.1 Experimental Setup

4.2 Experimental Result and Analysis
4.3 Discussion

Chapter -5

Impact on Society, Environment and Sustainability
5.1 Impact on society

5.2 Impact on Environment

5.3 Ethical Aspects
5.4 Sustainability Plan

Chapter-6
6.1 Summary of the Study

6.2 Conclusion
6.3 Implication for Future Study

References

©Daffodil International University

29-31

32-36

32
32-36
36

37-39

37
37
38
38-39

40-41
40

40
41

42-44

Vi



LIST OF TABLES

TABLES

2.2 Comparative Analysis of Literature Reviews

3.2.1 Commonly used Keywords in Bengali Emotion Expression
3.5 Statistical Overview of the Bengali Emotion Corpus

4.2.1 Performance Table for Unigram Feature

4.2.2 Performance Table for Bigram Feature

4.2.3 Performance Table for Trigram Feature

©Daffodil International University

P/N

12-13
15
27
33
34
35

vii



LIST OF FIGURES

Figures P/N
3.3.1 Process flow diagram for creating the Bengali emotion corpus 18
3.3.2 Shows a fragment of the corpus after cleaning 19
3.5 Dataset Distribution based on sentiment classification 25
3.5.1 Examples of number of words used 26
3.5.2 Statical overview of the Bengali emotion corpus 27
3.5.3 Graphical Representation of data statistics 28
3.5.4 Training and testing dataset sample 29
4.2.1 Data visualization for Unigram Features 33
4.2.2 Data visualization for Bigram Features 34
4.2.3 Data visualization for Trigram Features 35

©Daffodil International University Viii



CHAPTER 1

Introduction

1.1 Introduction
Social media are interactive media platforms that facilitate the ability to share content

such as thoughts, opinions, information and other kinds of expression with others via
online communities and networks.

Sentiment Analysis is growing in popularity as a field of study in text mining,especially
in the Bengali dialect where little research has been done. Notwithstanding being a
significant presence among languages worldwide, Bengali sentiment analysis has
received little attention. Enormous datasets are known as big data, and their volume
makes them difficult to manage and analyze using standard database tools. Common
instances of Big Data are consumer reviews on e-commerce websites or posts on social
networks. Users of social media platforms express their opinions on a range of topics,
including politics, finance, religion and so forth. Massive amounts of user-generated
data are produced as a result, and they might be valuable. Sentiment analysis is
developing into a major area of study in the Big Data era. One subfield of sentiment
analysis is text mining. Even though Sentimental Analysis has received a great deal of
attention in the English language, Bengali social media lacks a substantial amount of
resources for various types of speech detection. However, as there is a lack of dataset
and other resources for Bengali text categorization, creating and implementing machine
learning models to address real-world issues is highly challenging for low resource
languages like Bengali. Therefore, there is a need for research on the causes and
management of social media. We select Facebook and YouTube as our data platforms
in this instance.

This article analyzes how we endeavored to resolve the problem. 5000 Bengali
comments from the comment areas of both YouTube and Facebook are included in our
dataset. We choose comments from eleven different categories, including newspapers,
viral people, sports, entertainment, politics, crime etc. On our dataset, we ran a total of
seven deep learning models.

A considerably greater amount of labeled corpus is required to train the machine

©Daffodil International University 1



learning models in order to gain reasonable performances due to the supervised aspects
of the classification approaches. Quality labeled data, however, falls short in a number
of areas. A difficult research topic for the resource-constrained language, especially in

Bengali, is the processing of these enormous amounts of data to identify underlying

sentiment or emotions. When handling languages with scarce resources, like Bengali,
NLP technologies have failed to deliver acceptable performance. The complexity
results from a number of constraints, including a lack of tools, a dearthof benchmark
corpora, and learning strategies. Emotion-based classification based on the eleven
emotion classes has not yet been carried out because Bengali is a language with limited
resources. The first necessity and ensuing prerequisite for creating an automatic
emotion classifier for Bengali literature is an emotion corpus. This study provides an
overview of the process of creating a corpus that may be used to categorize emotions
in Bengali texts in order to respond to this topic. To more precisely define the emotions
represented in Bengali texts and comments, we take intoconsideration eleven different
types of textual emotions, including anger, fear, surprise,sad, happy, disgust, funny,

abusive, advice, neutral, and praise.

1.2 Motivation
With the explosion of Web 2.0 platforms like social media, blogs, forums etcetera,

users choose to share their emotions like happy moments, working environment where
they work, celebration of birthdays, sad moments, opinion and so on. As we know that
for example Facebook can detect bad comments or harassment comments, post easily
because, first of all, the English language comments can detect easily because there are
anumber of works done of sentimental analysis on English language. Nowadays people
comment on Facebook, YouTube and other media in Bengali words. It is hard topredict
the sentiment of those comments. There are some reasons behind this. There isnot that
much work behind this language and also lacking of a big dataset. Most of thepaper,
people just classify only three classes, positive, negative and neutral. Some papers
cover a maximum of five to six sentiment classes. We feel that Bengali language
sentiment needs to be more specific and emotions can be recognized correctly. So, we

decided to make eleven sentiment classes so that it can be more accurate.

©Daffodil International University 2



1.3 Rationale of the study
Bengali language is the fourth most spoken language in the world. In the research field,

especially in comparison to the English language, quite few studies on sentiment
analysis have been conducted in Bengali. Most of the paper addressed only three
sentiments on Bengali language and they are positive, negative and neutral. Certain
studies addressed additional types of sentiment. Therefore, it can be claimed that a
Bengali statement cannot accurately express its true meaning. The main aim of our
work is to more accurately determine the emotions expressed in Bengali sentences and
comments. For this reason, and in order to more precisely and accurately identify the
emotions, we choose eleven classifications including anger, fear, surprise, sad, happy,

disgust, funny, abusive, advice, neutral, and praise.

1.4 Research Questions
The result of a related study, along with theoretical analysis and data exploration, is a
research question. Here, the question of how the task is carried out is answered, along

with a brief description of the system.

e How to investigate the several text expressions in the Bengali language to
identify the distinguishing characteristics of emotion classes?

e How to develop an emotion corpus for the purpose of emotion classification in
Bengali text?

e Which several factors are considered to identify the distinct characteristics of
each emotion in Bengali texts?

e How much raw data is collected from social media?
e What kind of algorithms are suited to carry out our tasks more precisely?
e How much information do we need to successfully carry out our work?

e How can this model be trained using the right data set?

©Daffodil International University 3



1.5 Expected Outcome
As we mentioned that to obtain more precise sentiment, we'll work on several different

sentiment classes. We have initially two goals from this work.

1. The main aim of our work is to more precisely define the emotions expressed
in Bengali sentences and comments.

2. Inour study, we construct a larger corpus that can be utilized by a machine
learning model to categorize each text with one of eleven emotion classes
anger, fear, surprise, sad, happy, disgust, funny, abusive, advice, neutral, and
praise.in order to more precisely and accurately define the emotions

1.6 Project Management and Finance

To do the research, we needed to go outside to printed dataset to get the approval
signature from the respected teachers. However, we collected data from Facebook and
YouTube comment sections. We used some online platforms like google colab to run
code, an extension named “Easy web data scraper” to collect data from Facebook and
YouTube and also we also collected some data manually. After that we separated unique
values and removed unnecessary colon, semicolon, English words and others. For these

purposes, we needed the internet and electricity. The total cost is almost 3,240 taka.

©Daffodil International University 4



1.7 Report Layout

This project is based on a thesis and has a total of six segments. The work presents a
variety of perspectives, each of which is represented by a chapter. Distinct
subheadings are divided up into each chapter and presented in an understandable

manner. A list of everything in this report is provided.

This report consists of 6 chapters. These are:
Chapter 1: Introduction

1.1 Introduction

1.2 Motivation

1.3 Rationale of the Study

1.4 Research Questions

1.5 Expected Output

1.6 Project Management and Finance

1.7 Report Layout

Chapter 2: Background
2.1 Preliminaries/Terminologies
2.2 Related Works

2.3 Comparative Analysis and Summary

©Daffodil International University 5



2.4 Scope of the Problem
2.5 Challenges

Chapter 3: Research Methodology

3.1 Research Subject and Instrumentation

3.2 Proposed Methodology

3.2.1 Properties Of Building Bengali Emotion Corpus

3.3 Bengali Emotions of Corpus Development Schematic Process
3.4 Data Collection Procedure

3.5 Statistical Analysis

3.6 Implementation Requirements

3.6.1. NumPy

3.6.2. Pandas

3.6.3. train_test_split

3.6.4. Tokenizer

3.6.5. Dataset: sentiment_analysis_bengali_dataset.csv UTF-8

3.6.6. From the sklearn import all algorithms

Chapter 4: Experimental Results and Discussion
4.1 Experimental Setup
4.2 Experimental Results & Analysis

4.3 Discussion

Chapter 5: Impact on Society, Environment and Sustainability
5.1 Impact on Society

5.2 Impact on Environment

5.3 Ethical Aspects

5.4 Sustainability Plan

Chapter 6: Summary, Conclusion, Recommendation and Implication for Future
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Research

6.1 Summary of the Study

6.2 Conclusions

6.3Implication for Further Study

Chapter 1

Introduces the effort and discusses its goals, drivers, research questions, and expected
outcomes. The topics we have discussed: 1.1 Introduction, 1.2 Motivation, 1.3
Rationale of the Study, 1.4 Research Questions, 1.5 Expected outcome 1.6 Project
Management and Finance and 1.7 Report Layout. Introduction includes the overview
of the study purposes and details. This study provides an overview of the process of
creating a corpus that may be used to categorize emotions in Bengali texts in order to
respond to this topic. To more precisely define the emotions represented in Bengali
texts and comments, we take into consideration eleven different types of textual
emotions, including anger, fear, surprise, sad, happy, disgust, funny, abusive, advice,
neutral, and praise. The primary driving force for our thesis study was covered in the
section on motivation. The study's major goal was covered in the section on the
Rationale of the study part. The Research question chapter explains the major questions
that pertain to our investigation. The expected outcome section includes a description
of the result we've been working toward. The Project Management and Finance
document details the financial costs and the correct project management. TheReport

layout structure breaks out our whole project into chapters.

Chapter 2

It provides a summary of earlier work that has been done in this situation. Studying
earlier work makes it easier to fully comprehend the work that has to be done for our
research. We witness the effects of the authors' choice to draw a line through this field
of study later in Chapter 2. The following subjects have been covered:
Preliminaries/Terminologies, Related Works, Comparative Analysis and Summary,

Scope of the Problem, and Challenges are all included in this report.
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Chapter 3
It is relevant to this study's theoretical debate. Extending the already used statistical
techniques to explore the theoretical element of the research was one aspect of this

endeavor. The workings of deep learning are also shown in this chapter.

There are:
3.1 Research Subject and Instrumentation ,3.2 Proposed Methodology

3.2.1 Properties Of Building Bengali Emotion Corpus, 3.3 Bengali Emotions of
Corpus Development Schematic Process, 3.4 Data Collection Procedure

3.5 Statistical Analysis, 3.6 Implementation Requirements, 3.6.1. NumPy
3.6.2.Pandas,

3.6.3.train_test_split,

3.6.4. Tokenizer,

3.6.5. Dataset: sentiment_analysis_bengali_dataset.csv UTF-8,

3.6.6. From the sklearn import allalgorithms.

Chapter 4

Presents the experiment results, analyzes the data, and discusses the conclusions. This
section presents some experimental photographs that were taken whilst the project was
being developed. It has been covered in 4.1 Experimental Setup, 4.2 Experimental

Results & Analysis, and 4.3 Discussion

Chapter 5

Specifies what is trustworthy to appear in the complete project report and proposal.
The chapter comes to a close with a discussion of the limits of our study, which may
be used as a springboard for other people's future research. We have talked about the

following subjects: Impact on Society, Environmental Impact, are all listed in section
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Chapter 6

Provides an overview of the research and upcoming projects. We have talked about
the following subjects: 6.1 The Study's Executive Summary, 6.2 The Findings, and 6.3
Implication for Future Research The study’s executive summary provides an overview
of our whole body of work. Our whole study, including the findings is displayed in the
conclusion. The subsequent development of our work has been detailed in the section

titled Implications for Further Study 5.1.
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CHAPTER 2
Background

2.1 Related Works

This present era, people do comments, post a number of things on social media and
other platforms. There is a shortage of Bengali resources as not much work is done
related to this language although it is spoken widely. Researchers have published
various publications on A Corpus of Recognizing Emotions from Bengali Social Media
comments. Some of them merely attended three classes on sentiment. Forclassification,
several of them attended five or six classes. The paper contains supervised deep
learning and supervised machine learning to process each corpus in apublication.
Compare and contrast the categorization algorithms Naive Bayes, Support Vector
Machine, and Logistic Regression. With a performance rate of around 86.7%, SVM
outperforms LSTM for classification when utilizing a deep learning technique..
When applied to a pre-processed corpus, deep learning performs worse than

machine learning, providing an accuracy of 72.86%, but it performs better when
applied to an unprocessed corpus[1]. Similarly this paper covers six basic emotions
named happy, sad, anger, fear, surprise, and disgust. Individuals develop a corpus with
1200 data. SVM classifiers give an output of 73% accuracy when Naive based approach
of 60% accuracy[2]. Moreover, there is a paper named “Toxicity Detection on Bengali
Social Media Comments using Supervised Models”, used five supervised learning
models (NaiveBayes, Support Vector Machines, Logistic Regression, Convolu-tional
Neural Network, and Long Short Term Memory. They have achieved a highest
accuracy of 95.3% from Convolutional Neural Network[3]. Furthermore, in a research
work, the two classes named depressive and non-depressive data used for GRU model.

©Daffodil International University 10



GRU sizes were 64, 128, 256, 518, and 1024. For these sizes, they acquired accuracy,
with the accuracy being 59.1%, 70.0%, 67.3%, 74.5%, and 69.1%. Epoches and sizes
were employed.

It is demonstrated that the batch size strongly influences the number of epochs needed.
High accuracy requires a set of balanced batch sizes with a sizable number of epochs.
For a5 layered GRU with a size of 512, a batch size of 5, and a learning rate of 0.0001
over 3 epochs, the best accuracy we could achieve was 75.7%][4]. A article applies
various models named Multiple machine learning and deep learning-based algorithms,
including Linear Support Vector Classifier (LinearSVC), Logistic Regression (Logit),
Multinomial Naive Bayes (MNB), Random Forest (RF), Artificial Neural Network
(ANN), and Recurrent Neural Network (RNN) with a Long Short Term Memory
(LSTM) cell, have been evaluated in this paper to identify different sorts of abusive
Bengali text. They used seven emotion classes named Slang Religious_hatred,
Personal_attack, Politically violated, Antifeminism , Positive and Neutral. RNN, an
algorithm built on deep learning, outperforms competing algorithms by achieving the
best accuracy of 82.20%][5].

Besides, a self developed corpus named BEmoC (Bengali Emotion Corpus) which
covers six different emotions classes. The work contains several metrics including
Cohen’s Kappa, Zipf’s law, coding reliability, most frequent emotion words and
density of emotions. The annotator's opinion and the expert's opinions are compared

and have a final result. The result is h 0.969 which is called Cohen’s k score[6].

2.2 Comparative Analysis and Summary
As from the beginning, we wanted to make a unique, supportive and more accurate

system. So we have proposed a total of seven approaches named LR, DT, RF, MNB,
KNN, Linear SVM and RBF SVM. We have a dataset of 5000 data which is taken
from Facebook and YouTube comments. We leveled the dataset with eleven different
classes. Our main objective is to identify the Bengali comment more accurately and

more specific.

©Daffodil International University 11



Literature Review

Paper Name Model/Algorithm | Findings Accuracy
Dataset: Collected using google form 75.7%
Depression GRU (Gated
Analysis of Recurrent Neural | Focus: Their main focus was to find out the
Bangla Social Network) reason of depression
Media Data using N .
Gated Recurrent Limitation: Dataset is small.
Neural Network
Hate Speech SVM, LSTM, Bi- | Dataset: Extract from Facebook and 87.5%
detection in the LSTM YouTubecomments section using open-
Bengali language: source software.
A dataset and its Focus: For better labeled dataset to find out
baseline evaluation the hate speech in Bengali
Toxicity Detection | Naive Dataset: Collected manually form social Naive Bayes
on Bengali Social | Bayes, Support media 81.80%,
Media Comments | Vector Machines, SVM:84.73
using Supervised Logistic Focus: Main focus was to find out anti- %,
Models Regression, social behavior and the toxicity from social | LR:85.22%,
Convolutional media which hamper social atmosphere. LSTM
Neural Network, :94.13%,
and Long Short CNN:95.3%
Term Memory
A Comparative supervised Dataset: Fetch data using Graph API SVM:29.68
Sentiment machine learning | Emotion Classes: Positive, Strong %
Analysis On Approach, Positive,Negative, Strong Negative and LR: 30.25 %
Bengali Facebook Neutral NB: 26.64 %
posts supervised deep Processed
learning test :-
Approach, SVM, 60.32 %
LR, NB, RNN
Unprocessed
_test:
72.86 %

©Daffodil International University
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BEmoC: A Corpus | Cohen’s Kappa, Dataset: Data collected manually Score: 0.969
for ldentifying Zipf’s law, coding Cohen’s k
Emotion in reliability, Emotion Classes: Anger, Fear,
Bengali Texts most frequent Surprise,Sadness, Joy, Disgust
emotion words and
density of Focus: Label data by annotators and experts
emotions. and then compare them.
A Corpus of LR, DT, RF, Dataset: Data collected manually from MNB UNI:
Recognizing MNB, KNN, Facebook and YouTube 81.39%
Emotions from SVM, RBF SVM MNB BG:
Bengali Social Emotion Classes: anger, fear, surprise, sad, | 80.17%
Media Comments happy, disgust, funny, abusive, advice, MNB TRI-
neutral, and praise. GRAM:
78.93%

Table 2.2: Comparative Analysis of Literature reviews

2.3 Scope of the problem

There could be two scopes. We have collected data from Facebook and YouTube
comment sections. There are a number of people who comment in Bengali and
furthermore they use some emoji which cannot be deleted automatically. So, it could
be a problem. Another one is, if any special character input without knowing, the

dataset will not work perfectly. So, we have to be careful of these criteria.

2.4 Challenges

There might be some difficulties. Data collection must come first. It is challenging to
collect data. After data gathering, the dataset must be processed, and no English words,
numeric, or special characters are permitted. It has to be resolved. Second, we need to
identify the model with the highest accuracy that can handle this dataset. Thirdly, in
order to gain more accuracy, we must keep a large amount of data for training and a

lower proportion for testing.
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CHAPTER 3
Research Methodology

3.1 Research Subject and Instrumentation

Our research topic name is “A Corpus of Recognizing Emotions from Bengali Social
Media comments”. Our main focus is to get more specific results and recognize the
Bengali language sentiment more meaningfully. For this purpose, we selected Eleven
classifications for this reason in order to more precisely and accurately define the
emotions. Therefore, understanding sentiment from the Bengali language will

undoubtedly be a remarkable achievement for all.

3.2 Proposed Methodology

Emotion is a complex phenomenon that includes experience, cognition, feelings,
behavior, physiology, and conceptualization. Numerous techniques are used to
determine human emotions, including body language, facial expressions, blood
pressure, heart rate, and text data. This research study focuses on the identification of
emotion in Bengali texts. The creation of a Bengali emotion corpus is the main goal of
our study, which is discussed in the following subsections. It can also be employed for
classification and emotion analysis purposes

Demonstrates the proposed approach of emotion recognition in a schematic manner.
The five major parts of this strategy are corpus building, training, classifying, testing,

and recognition.

3.2.1 Properties Of Building Bengali Emotion Corpus

The majority of the previous corpora were created with the intention of categorizing
Bengali text into three polarities of sentiment: positive, negative, and neutral.
Additionally, these datasets are too tiny to be used in an accurate emotion classification
model based on machine learning or deep learning. In our study, we present a wider
corpus that can be used by a machine learning model to categorize emotion in Bengali

language.
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These eleven main emotion classes are: anger, fear, surprise, sad, happy, disgust, funny,

abusive, advice, neutral, and praise. We tag each text into one of these categories.

Bengali Emotion Expression

Emotion class Keywords
Anger 19, (NG, MMt
Fear oY, fAgw, Wit
Surprise I, A6, =318
Sad T, FET, A
Happy NN, SN, OICAT]AT
Disgust AT NG, TITY
Funny A, WO, (=Y
Abusive AN, TINANES, ST
Advice AT, S
Neutral R, TN
Praise XA, Y21, AYIM

Table 3.2.1: Commonly used keywords in Bengali emotion expression

We investigated through a number of Bengali text expressions to find the
characteristics that differentiate various emotion classes apart. The classes that are
taken into consideration in this work are: anger, fear, surprise, sad, happy, disgust,
funny, abusive, advice, neutral, and praise. Several factors, including keywords, the
intensity of emotion words, semantic of sentence, emotion engagement, think like the

person are taken into consideration.
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» Emotion Keywords: We identified words commonly used in the context of a particular

emotion. For example, the words, “joy”, “enjoy”, “pleased” are consideredas seed

words for the happy category. Thus, some specific seed words are stored for a specific
emotion in Bengali. For example, IRIIRICE (Angry) or “C&RIY” (Anger) usually used
for expressing “Anger” emotion. Likewise, {F“Y (joy) or “Nq¥ WI(eT” (Good mood) are

usually used for expression “happy” emotion. Table 3.2.1 shows some commonly used

emotion keywords in the context of a particular emotion [6].

e Intensity of Emotion Word: In Bengali, different seed words express different
emotions in a particular context. In such cases, seed words are compared in terms of
intensity and choose the highest intensity seed word, including its emotion class, which

is assigned for the emotion of that context [6].

Consider the following example: (TP GIOIL] QI A JUICH (NRel | O
IO WP R A FACE, « AETPGOE To! WG | fof =T (570eT OB
(BT (YTH YO 1N A (Ol AR9|

(English translation: when the news of Alexander’s death reached at Athens, someone

was surprised and asked, “Alexander is dead! Impossible! If he’s dead, the smell of his

dead body would waft from every corner of the earth.”)

In these texts, several keywords are existed such as, “3J\QJd HMN” (death news),
“HQIP” (surprised) and “YO! AHAY]" (dead! Impossible!) Here the words,
“YIQIPR” (surprised) and “YO! AHGJ” (dead! Impossible!) have more weight than
‘NI HMN” (death news). Thus, this type of text can be considered as “surprise”
because the intensity of this emotion is higher than the intensity of sadness emotion
[6].

« Semantic of Sentence: Observing the semantic meaning of the texts is one of the
prominent characteristics of ascertaining emotion class. In the previous example,
though the sentence started with the death news of Alexander, this sentence turns into

astonishment of a regular person in Athens. So, sentence semantics make an essential

parameter in designating emotion expression [6].
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* Emotion Engagement: It is imperative to involve the annotation actively while

reading the text for understanding the semantic and context of the emotion
expression explicitly. For example, “CTB O PO ASOT YO WA
QU1 WS4y (512 TS (AF FICNIRIA fFQ YZTS1” English translation:

moment spent in St. Martin was awesome. Here are some from those countlessmoments

captured on camera) [6].
In this particular expression, annotators can feel some happiness as it describes an
original moment of someone’s experience. This feeling causes annotators engaged with

happiness, and the expression designated as “happy” [6].

Syntactic Structure: Sometimes, a syntactic structure plays a vital role during
annotation. Let us consider two examples, “CP JCeI(R COTVITH G2 FIG FACO?
(NP P12 f;’ﬂ?@ ©I2 N1?” (English translation: Who told you to do this?
How could you do that!) By investigating these sentences, it is found that both the
sentences consist of similar words, but their syntactic structures are different. The first
example is like someone encountered with rage but the second one with
astonishment. Thus, annotators label the first sentenceas “Anger” and the second as
“Surprise” [6].

Think Like The Person (TLTP): Usually, an emotion expression is a type of
expression of someone’s emotion in a particular context. By TLTP, an annotator
imagines him/her in the same context where the emotion expression is displayed. By

repeatedly uttering, an annotator tried to imagine the situation and annotated the

emotion class [6].

3.3 Bengali Emotions of Corpus Development Schematic Process
Here, Figure 1 shows the overview of the development process of Bengali emotion
corpus which consists of four major phases: data crawling, prepossessing, data labeling,

and label verification, respectively.
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Fig 3.3.1: Process flow diagram for creating the Bengali emotion corpus

A. Data Crawling: Text in Bengali was gathered from a variety of sources, including
Facebook comments and posts, YouTube comments, online blog posts, newspapers,
and more, on a variety of subjects, including drama, movies, crime news, celebrities,
and more. Two participants were assigned to accumulate data. Over the period of two
months, we manually collected 5000 text expressions (September 2,2022— November
5, 2022)

B. Data Preprocessing: An essential phase in the data mining process is data
preprocessing. It describes the processes of preparing data for analysis by cleansing,
converting, and integrating it. The purpose of data preprocessing is to enhance the data's
quality and suitability for the particular data mining operation. Data preprocessing is
required to fill in missing values, smooth noisy data, and addressinconsistencies.
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e Datacleaning: inthis process, missing, inconsistent, or irrelevant data are found
and removed. This can involve eliminating redundant data, adding values when

they are missing, and dealing with outliers.

Original:

O (MUY WA AR I3 WISN OMRGT WS+
Cleaned:

O (MUY WA 2R 92 WSS IMRGT WS+
Sentiment:-- neutral

Original:

e A

Cleaned:

I oIz

Sentiment:-- neutral

Original:

STAGOMER (RCeT | GRS 4+

Cleaned:

SAGONEd (R SN GMze 4
Sentiment:-- neutral

Fig.3.2.2 shows a fragment of the corpus after cleaning.

e Data integration: It is the process of merging data from several sources,
including text files, spreadsheets, and databases. One consistent view of the data

is what integration aims to produce.

There are two stages to preprocessing: manual and automatic. Typographical errors
were removed from the collected data during the manual phase. The text is modified to
remove unnecessary or irrelevant words. To train the emotional text classifier, we use
the text's main body. The text document is then represented by a list of words and their
frequencies. Emojis and punctuation can occasionally lead to confusion about the
emotional intensity of the data, according to research. Emojis from the manually

processed data were therefore removed during the automatic phase.
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C. Data Labeling: The collected data were then manually categorized into eleven
emotion categories. Several factors are taken into account in order to discover the
distinctive qualities of each emotion in Bengali texts. The factors are mentioned above
in the “Properties of Building Bengali Emotion Corpus”.

D. Label Verification: The dataset was manually verified each labeling by three
experts who were academician and working as senior lecturer on Bangla in a reputed

institution.

E. Training and Testing Phase: The classifier is trained using a set of text files as the
training sample. A trained machine learning model that has undergone training will be
used in the testing phase to identify and detect emotions. Test was used to determine a
sample text that extracts the required features that are utilized to train the classifier
model. Text that has unclear or undetermined emotional categories is provided as input
to the assessment phase. The test text sample's emotion category was determined by
the classifier module using features that were extracted. Seven classification methods
were used to measure the effectiveness.

1. Linear Regression(LR)

2. Decision Tree(DT)

3. Random Forest(RF)

4. Multinomial Naive Bayes(MNB)

5. K-Nearest Neighbor(KNN)

6. Linear Support Vector Machine (SVM)

7. RBF SVM
Linear Regression(LR): Linear regression is a statistical algorithm used to predict a
Y value, given X features. Using machine learning, the data sets are examined to show
a relationship. The relationships are then placed along the X/Y axis, with a straight line
running through them to predict further relationships.
Linear regression calculates how the X input (words and phrases) relates to the Y output
(polarity). This will determine where words and phrases fall on a scale of polarity from

“really positive” to “really negative” and everywhere in between.
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Decision Tree(DT): Decision trees can be trained on some annotated data as they are
supervised algorithms. Therefore, the fundamental concept is the same as for any text
classification: given a set of documents (for example, represented as TF IDF vectors
along with their labels), the algorithm will determine the degree to which each word
correlates with a given label.

For example, it might be discovered that the term "outstanding” frequently appears in
documents with a positive label, but the word "awful" typically appears in documents
with a negative label. By fusing all of these observations, a model that can label any

document is created.

Random Forest(RF): Using the classification group rather than a single classification,
the random forest technique for group categorization classifies additional points based
on classification predictions. The overfitting problem that occurs in models of decisions
is solved by the Random Forest technique, which can handle vast volumes of data with

high dimensions.

Multinomial Naive Bayes(MNB): When categorizing texts based on a statistical
examination of their contents, the multinomial naive Bayes algorithm is frequently
utilized. It offers an alternative to "heavy" Al-based semantic analysis and significantly
streamlines the classification of textual material.

By calculating the likelihood that a document belongs to the class of other papers with
the same subject, classification attempts to categorize text fragments into different
classes.

Each document is made up of several words that help the reader grasp what the paper
is about. A class is a tag used to identify one or more papers that are about the same
subject. By performing the statistical analysis and evaluating the hypothesis that a
document's phrases have already appeared in other documents from a certain class,

documents are assigned to one of the categories already in existence.

K-Nearest Neighbor(KNN): The neighborhood of data samples is determined by their

proximity and closeness. Depending on the issue at hand, there are various approaches
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to determine how close or how far apart two data points are from one another. Most
well-known and often used is straight-line distance (Euclidean Distance).

Neighbors typically exhibit comparable traits and behaviors, making it possible to treat
them as members of the same social group.

The primary idea behind this straightforward supervised learning classification
technique is as follows. Now that we have considered the K-Nearest Neighbors of the
unknown data, we may categorize and assign it to the group that appears most
frequently in those K neighbors using the KNN technique. When K=1, the unlabeled
or unknown data will be given the class of its nearest neighbor.

Linear Support Vector Machine (SVM): Support Vector Machine, generally known
as SVM, is a linear model used to solve classification and regression issues. It works
well for many real-world issues and can solve both linear and non-linear problems. The
SVM concept is straightforward: A line or a hyperplane that divides the data into
classes is produced by the algorithm.

Finding a dividing line (or hyperplane) between the data of two classes is, in general,
what SVMs perform. The SVM algorithm takes the data as input and, if it is possible,
outputs a line that divides the classes.

Let's start with a challenge. Assume you need to separate the red rectangles from the

blue ellipses in the dataset below (we'll call them positives and negatives).

RBF SVM: The RBF kernel, which is the default kernel in the sklearn SVM
classification algorithm, contains the following formula: where gamma can be

manually changed and must be > 0.

3.4 Data Collection Procedure

As we previously mentioned, we have collected data from Facebook comments and
YouTube comment sections. We used an extension named “Easy web data scraper” to
collect data from Facebook and YouTube.We deleted other information from the
datasetlike post ult, owner of the post etcetera. Our data size is 1.181 MB. After

processing,
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there are mainly two attributes available in our dataset named Comments and Tag. We
have converted our dataset to CSV(UTF-8) format.

3.5 Statistical Analysis

For the machine learning process, we focused on the statistical portion. Here, we detect
maily classes with the amount of sentiment. Total 5000 data distributed into eleven
classes. These data are unique sentences, there are no emojis, punctuations, English

words, numeric values and special characters.

Evaluation Measures: We used a variety of evaluation matrices, including the
confusion matrix, precision, recall, and F1 score, to determine the effectiveness of our

suggested method.

« Confusion Matrix: The performance of the classification model is assessed using a
tabular representation of the data. Due to the fact that our system uses a multi-class
classification model, we used a confusion matrix with the dimensions 7 (row) x 5.
(column). The totals for true positives, false positives, true negatives, and false

negatives are shown in this matrix, respectively.

* Precision: refers to positive predictive value. It calculates the ratio of exactly
classified text into a particular class to the total number of classified texts of that
emotion class. Precision can be obtained by Eq. (i)

Precision= TP /TP +FP ...... (i)

 Recall: It calculates the ratio of correctly classified text into a particular class to the
total number of classified texts of that emotion class.
Eq.(ii).
Recal=TPTP+FN .... (ii)

e F1 score: It is the weighted mean of recall and precision measures. Eq. (iii) is used
to calculate F1 score.
F1 =2 x recall x precision recall + precision ...... (ii1)
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» Accuracy: Accuracy is used as a statistical evaluation of how well a classification
test correctly determines or keeps out a condition. Therefore, the accuracy is

the proportion of true results both true positives and true negatives among the total
number of test samples. Accuracy can be measured using the Eq. (iv).

Accuracy=TP+TNTP+TN+FP+FN....(1v)

If there are any of them present, there will be some errors. So we carefully handled this.

The classifiers are given below:-

1. Happy : 1246
2. Sad: 1195

3. Neutral : 789
4. Funny : 525
5. Praise : 402
6. Surprise : 271
7. Anger : 252
8. Advice: 135
9. Disgust: 71
10. Fear : 70

11. Abusive : 41
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Fig 3.5: Dataset Distribution based on sentiment classification

Now we find out the total number of documents, words, and unique words under the

eleven sentimental classes.
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Class Name : happy

Mumber of Documents:1229
Mumber of Words:18973
Mumber of Unique Words:2798
Most Frequent Words:

EE=E 212
g% 135
SIS 133
HGE 133
ST 126
B 186
(5 a9
T 95
o 94
2] gz
Class Mame : sad

Mumber of Documents:1182
Number of Words:12132
Mumber of Unigue Words:3212
Most Frequent Words:

273
176
=] 155
119
119
117
111
g1
34

P ELELEER

Fig 3.5.1: Examples of number of words used

The figure shows the number of documents, words and unique words, frequent
words. We can see how much time a word is used. For example, (N1 = 84 from sad
class means the word is found 84 times from the dataset. They also find out the
unique words under every class. Unique word means the word will not be found in

any rows except its present position.
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SUMMARY OF STATISTICS OF THE BENGALI EMOTION

DEVELOPED CORPUS
Class Name | Number of Documents [ Number of Number of unique
words words

Anger 250 2250 1194

Fear 69 647 442

Surprise 266 2271 1095

Sad 1182 12132 3212

Happy 1229 10978 2790

Disgust 63 531 400

Funny 517 4127 1845

Abusive 41 413 328

Advice 135 1499 854

Neutral 721 4961 1690

Praise 399 4079 1304

Total = 4872 Total = 43888 Total = 15154

Table 3.5.2: Statistical overview of the Bengali emotion corpus

Here,

Total Number of Documents = 4,872
Total Number of Words = 43,888
Total Number of Unique Words = 15,154

Data is classified into three categories. They are total documents, total words and total

unique words. The Data statistics is given below graphically: -
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Data Statistics
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Fig 3.5.3: Graphical representation of data statistics
It’s a graphical representation of a data summary.

Now that we are developing models, we have selected two classes of data: "happy"
class (1229 data) and "sad" class (1178 data).

They'll be set to use as training and testing data. In total, 90% of the data will be used
for training, and 10% for testing.

The features are grouped into three categories: Unigram, Bigram, and Trigram.
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Feature Size :======> 4380

Dataset Distribution:

Set Mame Size

Full 2411

Training 2169

Test 242
Feature Size i======» 28873

Dataset Distribution:

Set Mame Size

Full 2411

Training 2165

Test 242
Feature Size i======» 36873

Dataset Distribution:

Set MName Size
Full 2411
Training 2165
Test 242

Fig 3.5.4: Training and testing dataset sample

Training and testing data implemented successfully.

3.6 Implementation Requirements

Tools:

3.6.1. NumPy

3.6.2. Pandas

3.6.3. train_test_split

3.6.4. Tokenizer

3.6.5. Dataset: sentiment_analysis_bengali_dataset.csv UTF-8

3.6.6. From the sklearn import all algorithms
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3.6.1. NumPy

It is a fundamental library that genuinely assists in our ability to perform scientific
computation, particularly in the area of machine learning. It is primarily used in Python
for scientific calculations. For improved accuracy, it is a more compact Python list than

other lists.
3.6.1. Pandas

To analyze data Pandas is executed. In essence, it serves as a library for data analysis.

It serves as a tool for compact and is utilized for packages.

Prior to Panda's Library, it was very challenging to locate the many combine's
packages. Pandas essentially found in 2008. The Pandas library has many tools for

finding data. Basically, it employs four different types of features.

Basically, pandas use four features,

1. Pivot Table

2. Split Apply Combine

3. Data visualization

4.  Working with missing data

3.6.2. train_test_split

Our data is separated into train and test sets using the train test split () function.
3.6.3. Tokenizer

Tokenization is a technique used in natural language processing to break down phrases

and paragraphs into simpler language-assignable elements.
3.6.4. Dataset: sentiment_analysis_bengali_dataset.csv UTF-8

We have saved the excel sheet into CSV format and chosen UTF-8 because if we do

not choose this, the CSV file will not show us the actual format. That is why it is used.
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3.6.5. From the sklearn import all algorithms

In linear regression, a coefficient describes changes in a response variable. The
correlation analysis is known as the coefficient of determination. This phrase is used to

describe the accuracy or level of fit in a regression.
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CHAPTER 4

Experimental Results and Discussion

4.1 Experimental Setup

For this project, we are now utilizing an online experiment. We use Google Colab
online to run the experiment. We need a stable internet connection, at least 4 GB of
RAM, and other things to run the experiment. RAM is not affected by Colab. So, there

is no need for concern.

4.2 Experimental Results & Analysis
For this project, we are using several types of models. Our main motive is to ensure
original sentiment of a word or sentence can be found. Although we took eleven

classes, it is not easy to not get good accuracy.
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4.2.1 Performance Visualization

Accuracy is shown in a bar chart. It will be easy to understand.

[ > Coglaparlson of Accuracy and F1-Score Value for Unigram Feature

“Category |
70 s Accuracy
mmm F1 Score
60
v 50
§ 40
30
20
10
Qﬂ( 4@‘2) ‘Js‘\ ‘ \\‘@\ << _Qﬁ‘
\0"? <®
Fig 4.2.1: Data visualization for Unigram Feature
Performance Table (Unigram)
Model Accuracy Precision Recall F1 Score
LR 80.99 77.59 81.82 79.65
DT 69.42 67.65 62.73 65.09
RF 73.97 75.27 63.64 68.97
MNB 81.40 76.00 86.36 80.85
KNN 73.97 72.82 68.18 70.42
LINEAR 81.40 79.82 79.09 79.45
SVM
RBF SVM 80.58 78.38 79.09 78.73

Table: 4.2.1 Performance table for Unigram Feature

Highest Accuracy achieved by MNB at = 81.3999999999999

Highest F1-score achieved by MNB at = 80.85

Highest Precision Score achieved by Linear SVM at = 79.8200000000001
Highest Recall Score achieved by MNB at = 86.36
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After implementing all algorithms, highest accuracy is achieved by Multinomial

Naive Bayes (MNB) for Unigram. The accuracy is: 81.39%

Model Name

Cgrénparison of Accuracy and F1l-Score Value for Bigram Feature

_Category
70 s Accuracy
. F1 Score
G0
P 50
E 40
30
20
10
= F
Fig 4.2.2: Data visualization for Bigram Feature
Performance Table (Bigram)
Model Accuracy Precision Recall F1 Score
LR 78.93 76.11 78.18 77.13
DT 67.36 65.05 60.91 62.91
RF 76.86 80.68 64.55 71.72
MNB 80.17 77.19 80.00 78.57
KNN 75.62 73.83 71.82 72.81
LINEAR 79.34 82.61 69.09 75.25
SVM
RBF SVM 78.51 77.36 74.55 75.93

Table 4.2.2: Performance Table for Bigram Feature

Highest Accuracy achieved by MNB at = 80.17
Highest F1-score achieved by MNB at = 78.57
Highest Precision Score achieved by Linear SVM at = 82.61

©Daffodil International University

34



Highest Recall Score achieved by MNB at = 80.0

Multinomial Naive Bayes (MNB) for Bigram achieves the maximum accuracy after

applying all methods. It is 80.17% accurate.

Model Name

C%r&'lparison of Accuracy and F1-Score Value for Trigram Feature
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Fig 4.2.3: Data visualization for Trigram Feature
Performance Table (Trigram)
Model Accuracy Precision Recall F1 Score
LR 78.51 75.44 78.18 76.79
DT 68.60 68.89 56.36 62.00
RF 76.45 77.89 67.27 72.20
MNB 78.93 76.58 77.27 76.92
KNN 76.03 74.07 72.73 73.39
LINEAR 73.55 82.86 52.73 64.44
SVM
RBF SVM 78.10 79.38 70.00 74.40

Highest Accuracy achieved by MNB at = 78.93
Highest F1-score achieved by MNB at = 76.92

Table 4.2.3: Performance Table for Trigram Feature

Highest Precision Score achieved by Linear SVM at = 82.86
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Highest Recall Score achieved by MNB at =78.18

Multinomial Naive Bayes (MNB) for Trigram has the highest accuracy after all other

algorithms have been implemented. The accuracy is 78.93%.

4.3 Discussion

We analyze Bengali language sentiments in our research. In order to achieve the highest
accuracy, we used various approaches. Following the application of the models, we
obtained a model named Multinomial Naive Bayes (MNB), which provides us with
higher accuracy than the others. The highest accuracy is provided fortrigrams, bigrams,

and unigrams.
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CHAPTER 5

Impact on Society, Environment and Sustainability

5.1 Impact on Society

It can be observed that MNB gives the highest accuracy. People nowadays often
comment on social media platforms. Many companies like restaurants, online shops,
e-commerce shops etcetera mainly work on Facebook and YouTube. They can easily
find out the sentiment about their product, how people accept the product or how they
dislike the product. It will be very for them to know. They can establish their product

quality.

5.2 Impact on Environment

Since sentiment analysis is mostly a computational and linguistic work carried out by
computers and does not directly alter the physical world, its environmental impact on
Bengali is probably insignificant. To lessen their harmful effects on the environment,
however, the energy consumption and electronic waste produced by the computers and
other devices used for sentiment analysis should be appropriately handled.
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5.3 Ethical Aspects

The following are some ethical considerations for sentiment analysis in Bengali:

Privacy: Concerns regarding the privacy and protection of personal information may

be raised by the collecting and analysis of text data.

Bias: Sentiment analysis algorithms may reinforce preexisting biases, producing
biased results.

Misrepresentation: The results of a sentiment analysis may not adequately reflect
the sentiment of a text, which can cause misunderstandings and draw the wrong

conclusions.

Freedom of expression: Sentiment analysis tools may be used to limit or keep an

eye on freedom of expression.

When creating and implementing sentiment analysis systems, researchers and
practitioners should take these ethical implications into account in order to use these
systems responsibly and ethically.

5.4 Sustainability Plan
The precise context and objectives of the analysis being conducted will determine the
sustainability plan for sentiment analysis on Bengali language. However, there are

certain broad factors that might support the longevity of such an analysis, such as:
Data collection: Making sure that the information needed for sentiment analysis is

gathered in a manner that respects people's rights to privacy and that is sustainable

over time.
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Model validation : Involves monitoring the sentiment analysis model's output to
make sure it is generating accurate findings and, as necessary, updating and

improving it.

Collaboration : It is key to ensuring that sentiment analysis is carried out in a way
that is relevant and helpful to those who will benefit from it. Relevant stakeholders

include universities, research institutes, and local communities.

Funding: Obtaining enough money to finance the sentiment analysis' continued

development and upkeep, as well as any necessary updates or changes.

Ethical considerations: Making sure sentiment analysis is done responsibly and
ethically, taking into account any potential effects on people and communities.
The specific sustainability plan will rely on the objectives, context, and limitations
ofthe analysis being conducted. These are only a few of the variables that could

affect the sustainability of sentiment analysis on Bengali language.

©Daffodil International University

39



CHAPTER 6

Summary, Conclusion, Recommendation and Implication for Future Research

6.1 Summary of the Study

Approximately 210 million individuals globally speak Bengali as a first or second
language. To achieve accuracy, researchers applied some models. There weren't many
classes or categories, though. Their research was good at understanding the mood of
a Bengali sentence. But we are working harder and more effectively. Compared to other
researchers, we make this increasingly more effective. Total eleven classes were
utilized. After the conclusion, a Bengali sentence or word might be detected using
sentiment analysis. MNB provides the most accurate data. Other algorithms that we

utilized weren't too inaccurate when we used them.
6.2 Conclusions

In this study, we developed an MNB model sentimental analysis on text data in
Bangla gathered from social media (Facebook and YouTube comment section). Our
ultimate focus was to make the Bengali language more reliable and accurately
recognized. If the system comes across any Bengali sentences, he can quickly

determine what the sentences' true meaning is.

Therefore, we categorize the Bengali writings according to eleven fundamental
emotions, including anger, fear, surprise, sad, happy, disgust, funny, abusive, advice,
neutral and praise. To determine how much accuracy could be acquired, we
implemented some models. There are many fruitful impacts of sentimental analysis
and a good impact on many aspects.
1. Discovering and Foreseeing Market Trend
Monitoring the reputation of the brand
Examining polls of both public and political opinion

2
3
4. Analysis of customer feedback data is being conducted
5. social media discussion observation and analysis

6

Reduced Employee Turnover

©Daffodil International University 40



6.3 Implication for Further Study

Here, we actually use a variety of models to achieve our purpose. Our data collection
isn't very large. Thus, identifying the true sentiment of Bengali text is our key
objective.

The following are the consequences for additional research on sentiment analysis in

Bengali:

Accuracy enhancement: Additional study may concentrate on enhancing the

precision of Bengali sentiment analysis algorithms.

Reducing bias: It's crucial to continue researching the topic of biases in sentiment

analysis algorithms for Bengali language.

Application development: Creation of new sentiment analysis applications in
Bengali, such as brand reputation management, opinion mining, and customer

feedback analysis.

Sentiment analysis in new domains: Bengali-language sentiment analysis can be
used in new domains like social media, news stories, and customer reviews to

understand the attitudes and sentiments of the general audience.
Combination with other methods: Data modeling and named entity recognition are
two NLP methods that can be used in conjunction with sentiment analysis to produce

more thorough analysis and insights.

These are only a few of the numerous opportunities for more study and advancement

in the area of sentiment analysis on Bengali language.
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