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Abstract

Social networking platforms have become our center for daily communication.
These networks removed all the barriers that used to exist by providing open plat-
form for sharing thoughts, keeping in touch with friends, and even voicing for what
we believe in. Unfortunately, this has also opened the door for trolls and online
bullies to run rampant. Along with democratizing communication, these platforms
have created a distinctive vocabulary, such as the widespread usage of emojis,
which are particularly well-liked by younger audiences. “Banglish” a hybrid lan-
guage that combines Bengali and English is widely used by Bengalis around the
world. It creates serious difficulties for traditional content filtering systems.

The study of how people’s views, sentiments, assessments, attitudes, and emotions
are conveyed in writing is known as sentiment analysis or opinion mining. This is
one of the most active study areas in natural language processing (NPL). Because
of its relevance for business and society, this research has expanded beyond com-
puter science and into the management and social sciences. This study gives an
overview of the difficulties with sentiment analysis that apply to its methods and
procedures.

The most recent research that uses deep learning to address issues with sentiment
analysis is reviewed in this publication. A comparison study of the experimental
findings for various models and input attributes has been carried out. This study
examines how to identify trolls and abusive content in Banglish text using NLP
models and sophisticated large language models (LLMs), such as OpenAl GPT-4,
Google Gemini, and Meta LLaMA. Our goal is to use these models to improve
the security and reduce the toxicity of social media environments, ensuring a more
secure online experience for all users.



Dedicated to the staffs, students and faculty members of UIU.



Published Papers

Work relating to the research presented in this thesis has been published/ submitted
by the author in the following peer-reviewed journals and conferences:

1. Mohammad Arif Nezami, Mohammad Nurul Huda, ”Public sentiment iden-
tification in social media for code-mixed English-Bangla and Banglish text
analysis with machine learning,” Proc. SPIE 13225, Sixth International Con-
ference on Image, Video Processing, and Artificial Intelligence (IVPAI 2024),
132250H (19 September 2024); https://doi.org/10.1117/12.3047050

2. Mohammad Arif Nezami, Mohammad Nurul Huda, Troll and Abuser Iden-
tification in Social Media for Code-Mixed English, Bangla, and Banglish
Text Analysis Using LLMs- the 3rd International Conference on Intelligent
Computing and Next Generation Networks (ICNGN 2024)


https://doi.org/10.1117/12.3047050

Contents

List of Figures
List of Tables

1 Introduction
1.1 Motivation . . . . . . . . o o e e e e e e e e

2 Related Work

2.1 Sentiment Analysis . . . . . . . ...
2.2 Natural Language Processing . . . . . . . ... ... ... ... . ... ...
2.3 LLMsvs. Traditional NLP . . . . . ... ... ... ... ... ... ...,
24 HumanEmotion. . . . . .. ... .. .. e
241 Happiness . . . . . . . o v i e e e e e
242 Sadness . . ... e
243 Anger . . ... e e
244 Fear . . . . . ..o e
245 SUIPiSE . . . o . . i e e e
24.6 Disgust . . ... e
2477 Contempt . . . . . .. e e e e e e
2.5 EnglishLanguage . . . . . . . . . . . ...
2.6 BanglaLanguage . . .. . ... . . ... ... ...
2.7 Banglish Language and Emoticon . . . . ... ... ... ... ........
2.8 Summary . . ... e e e

3 Proposed Method

31 ADOVEIVIEW . . . . . . . . o e e e e
3.1.1 CorpusCreation . . . . ... ... ...
3.1.2 DataCollection . . . . . . . .. ...
3.1.3 Modified KNN Algorithm for Banglish Sentiment Analysis . . . . . .
3.1.4 DataSelectionModel . . . . ... ... ... ... ..
3.1.5 Choosing Machine Learning Classifiers . . . . . ... ... ... ...
3.1.6  Evaluation of Results and Performance . . . . ... ..........
3.2 Corpus Construction . . . . . . . . . ..o e e e
32,1 Scripting . . . .. e e e
322 Preprocessing . . . . . . ... e
323 DataSetLabeling. . . . ... ... ... oL
3.3 DataModel Construction . . . . . . . ... ...
3.3.1 Word Embedding Techniques . . . . ... ... ... .........
34 BEvaluation . . . . . . ...
3.5 Summary ... e e e e

vii



CONTENTS

3.6 WorkingwithLLM . . . . .. ... ... ... ... .. .. ...
36,1 HowLLMsWork . .. ... ... ... .. ... ... .. ......
3.6.2 Understanding Embeddings . . . . ... ... ... ..........
3.6.3 Feeding Social Media Posts as Context . . . .. ... ... ......
3.6.4 Practical Implementation . . . . . ... ... ... ...,
3.6.5 Using Prompting to Guide LLM Responses . . . . . . ... ... ...
3.6.6 Benefits of Prompting inOur Study . . . . .. ... ... .......
3.6.7 Data Collection and Preprocessing . . . . . . ... ... ........
3.6.8 Model Training . . . . . . . . . ... ..
4 Experimental Analysis
4.1 Corpus Construction . . . . . . . . . ...
4.2 Implementation . . . . . . . . . .. e e
4.2.1 Dataset Construction . . . . . . . . . .. ... e
422 TextTokenization . . . . . . . . . . . . . . v i
4.2.3 Model Selection and Initialization . . . . . ... ... ... ......
4.2.4 Training Configuration . . . . . . . . . ... ... ... ... ...
425 Model Training . . . . . . . . .. .. L
426 ModelEvaluation. . . ... ... ... ... ... ... ... .....
427 Model SavingandLoading . . . . . .. ... ... ... ...
428 PredictionProcess . . . .. ... ... oo
4.3 Close Test and Open Test Accuracy . . . . . . . . .. . ... ...
431 Close TeSt ACCUTACY . . .« v v v v v i e e e e e e e e e e
432 OpenTest Accuracy . . . . . . .. . .. i
4.3.3 Detailed Performance Metrics . . . . . .. ... ... ... ... ...
44 Results. . . . . . e e e
45 Evaluation . . . . . ...
4.5.1 Model Predictions and Confidence Scores . . . . . ... ... .....
4.5.2 Performance Metrics . . . . . . . .. Lo o
4.6 DiSCuSSION . . . . . . .. e e e e e e
47 Summary . ...l e e e e
4.8 LLM Models EvaluationandResults . . . . . ... ... ... ... ......
4.8.1 KeyObservations . . . . . ... ...
482 Error Analysis . . . . . . .. ...
5 Conclusions
5.1 Summary . . ... e
5.2 Limitationsof the Study . . . . . . .. .. ... ... ...
5.3 ChallengeswithLLMs . . . . . ... ... ... ... .. .. ... ...
Bibliography

viii

46|



CONTENTS

A Appendix Title 48]
A.l SectionTitle . . . . . . . o o B3
A.1.1 Sub-sectionhere . . . . .. .. . .. .. ... 43

B Appendix Title 49

1X



List of Figures

3.1
3.2
33
34
3.5
3.6
3.7
3.8
39

4.1
4.2
4.3
4.4
4.5

The architecture of CBOW and skip-gram in the implemented model . . . . . .
Paragraph Vector Distributed Memory . . . . . . . ... ... .. .. .....
version of Bag of Words provided by Vector (PV-DBOW) . . . . .. ... ...
LSTM OVerview . . . . . . . o o i ittt e e e e e e
BLSTM Overview . . . . . . . ..o i it e e e e e e e e
Sequential Model (SM) . . . . . . . ... L
Hugging Face Journey . . . . . . . . . . ... ... ...
Expression classification basedonemoji . . . . . .. ... ... ... .....
Training Process . . . . . . . . . L

CodeSetup . . . . . . . . e
Comparison between True Labels and Predictions . . . . . . ... ... ....
Performance per Epoch . . . . . .. . ... o oo
Performance Measure over Training . . . . . . ... ... ... ........
Training and Evaluation Graphs . . . . . . . ... ... ... ... ...,



List of Tables

3.1 Confusion Matrix for a Two-Class Classifier .

4.1 Detailed Performance Metrics for Close and Open Tests . . . . . . . ... ...

4.2  Evaluation Metrics for Troll/Abuser Detection

X1



List of Algorithms

1 K-Nearest Neighbors (KNN) . . . . . . ... ... . . ...
2 Decision Tree Algorithm . . . . . . .. ... ... ... ...

Xii



Chapter 1

Introduction

In today’s digital world, understanding emotions and intentions in online communication is
really important. Social media has changed how we interact—we don’t need to meet face-to-
face or even talk directly anymore. Social networking platforms have become our center for
daily communication. These networks removed all the barriers that used to exist by providing
open platform for sharing thoughts, keeping in touch with friends, and even voicing for what
we believe in. Unfortunately, this has also opened the door for trolls and online bullies to run
rampant. Along with democratizing communication, these platforms have created a distinc-
tive vocabulary, such as the widespread usage of emojis, which are particularly well-liked by
younger audiences.

Emotions are mental states caused by changes in our brains, linked to our thoughts, feel-
ings, and actions. By recognizing these emotions in text, we can get many benefits in different
areas. For example, companies can adjust marketing based on customer feelings, or employers
can see how employees are doing.

Sentiment analysis is a key method to interpret emotions in text. It’s an automated process
using Natural Language Processing (NLP) to decide if text is positive, negative, or neutral
about a subject. NLP helps machines understand human language, letting algorithms do tasks
that usually need human intelligence.

Our research focuses on finding and removing trolls and abusive content on social me-
dia, especially in code-mixed texts mixing English, Bangla, and ”Banglish”—a blend of both
languages. Code-mixed language online is a unique challenge for sentiment analysis and ma-
chine learning models. Traditional methods often struggle to interpret and classify this kind of
content accurately, so we need special strategies.

This chapter introduces our research by outlining the current challenges in processing code-
mixed languages, why we did this study, and what we aim to achieve. We discuss the contribu-
tions our work makes to computational linguistics and social media analytics. Also, we give an
overview of the thesis structure, which shows the next chapters detailing our methods, findings,
and the wider impact of our work.

Our approach starts by collecting primary data from social media platforms. Then we
preprocess the data and extract features that capture the subtle sentiments in code-mixed texts.
Using advanced machine learning algorithms, we classify the sentiments and detect abusive or
troll-like behavior. The goal of our research is to improve sentiment analysis in multilingual
and code-mixed contexts, helping to create safer and more positive online spaces.

1.1 Motivation

We are in the midst of a big technological change called the Fourth Industrial Revolution.
This revolution, known as IR 4.0, combines developments in genetic engineering, robotics, the
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Internet of Things (IoT), artificial intelligence (Al), and more. According to Riemann (2016)
and Sony (2019), it’s ”The New Normal” driven by digital technologies expanding into almost
every part of business operations.

Because of these technological breakthroughs, a huge number of people are now using
social media like Facebook, Twitter, and Instagram more to communicate and share thoughts
with others. These platforms have turned into public forums for exchanging opinions, creating
web content, and building connections.

Currently, 5 billion people, or 63% of the worlds population, use the internet. The number
keeps growing; recent estimates show that about 200 million more people got access to it in the
last year. Social media usage is also increasing, with 4.65 billion users worldwide according
to a survey from April 2022. Over the past 12 months, there was a 7.5% global rise in social
media users. In April 2022, Facebook was on top as the most popular social media network
with 2.936 billion active monthly users.

In Bangladesh, Facebook is used by 93.05% of social media users, according to another
survey by StatCounter in May 2022. Just a year ago, it was only 79.36%. NapoleonCat says
that 47.2 million people in Bangladesh used Facebook as of May this year. This number is
28% of the country’s total population. The biggest growth in user numbers has been seen in
Messenger. In June 2022, Messenger had 1.3 billion users. With 1.21 billion active monthly
users in 2021, Meta’s Instagram was used by over 28% of all internet users worldwide.

As user numbers and engagement are rising day by day, the amount of opinions and view-
points is also increasing equally. Studies show that Sentiment Analysis research in Natural
Language Processing (NLP) has mostly focused on the English language. There are some re-
search projects done on the Bengali language, but not many. A large number of Bengali people
use social media, often mixing English and Bengali in their posts.



Chapter 2

Related Work

In our study activity, which entails reviewing System Literature, we have followed the pre-
scribed techniques for finding, filtering, obtaining raw data, building models, experimenting
with, and reporting on various Machine Language classifiers. Beginning with articles, datasets,
research summaries, journals, and presentations that addressed sentiment analysis or opinion
mining, we searched for pertinent materials. We looked for related research publications on
Google Scholar, GitHub, Scrip journals, Core, ACM Portal, Kaggle, Science Open, and Google
Search Engine. To consistently get the greatest search results, a systematic search method was
developed.

This study’s objective is to assess Bengali-language public opinions and categorize them into
three groups: favorable, negative, and neutral feelings. To describe various emotional states, we
are taking consideration into social media post Comments (Banglish and Bangla). We focused
on the 7 basic human emotions and analyze them. We also employed several machine learn-
ing techniques. Techniques like Linear Discriminant Analysis (LDA), K Neighbors, Logistic
Regression (LR), Support Vector Machine (SVM), Decision Tree (DT), Gaussian Naive Bayes
(GaussianNB), Sequential Model (SM), Long Short-term Memory (LSTM), and Bidirectional
Long Short-term Memory can be used to create classification models (BLSTM).

2.1 Sentiment Analysis

Sentiment analysis (SA) is the analytical examination of how people feel and perceive var-
ious entities, such as individuals, groups, circumstances, events, and themes[1]. In recent
years, sentiment analysis has been increasingly popular among organizations, governments,
and enterprises[2]]. SA provides industry insights to improve brand perception and business
performance. Customer-focused businesses use SA to get customer insight for corporate strat-
egy development. Sentiment analysis is regarded as one of the research fields in computer
science that is expanding the fastest. The development of sentiment analysis may be traced
back to surveys on public opinion research at the start of the 20th century and text analysis
by a machine learning group in the 1990s claims a study. To better understand the demands
of the population, SA techniques like text mining, deep learning, and natural language pro-
cessing (NLP) are applied. To create a “tech-savvy society,” digital technology must be used
to improve institutional efficiency, economic growth, and the welfare of citizens[3]]. SA can
be used to design and create infrastructure, innovative solutions, and citizen engagement in
a smart society[4]]. SA can be applied to relationship marketing, consumer interaction, and
consumer behavior research[5]. Organizations need to conduct this kind of study so they can
incorporate client feedback into improvements to their goods and operations. Citizens serve as
social sensors in social media, and opinions serve as real-time social data, making it an effec-
tive information source for social insight[6].
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Machine learning applications for sentiment categorization, predictive decision-making, and
the detection of phony reviews that combine internet reviews are covered by the authors[7].
Using powerful machine learning methods, [8] did a detailed investigation of the various so-
cial media analytics programs. Brief overviews of the machine learning algorithms utilized in
social media analysis are provided by the authors [9].

Both text and Opinion Mining are mainly used for two different objectives. The primary objec-
tive is to examine public opinion regarding a problem or occurrence[10]. As a result, sentiment
analysis examines a vast amount of textual data to determine people’s opinions, attitudes, and
feelings toward a subject[11]. The second goal is to determine how people feel about a cer-
tain subject from the viewpoint of a user or group of users. Related to Sentiment Analysis,
the Natural Language Process task known as Opinion Mining identifies opinionated materials
and categorizes them as having a positive, negative, or neutral polarity using an algorithmic
approach[12]]. This section discusses previously completed sentiment analysis and opinion
mining studies.

Sentiment analysis has mainly been studied on three levels:

* Document level - The sentiment analysis of the document categorizes the opinions pro-
vided about a good or service across the document into different sentiments. This level
designates whether an opinion piece is positive, negative, or neutral. This degree of sen-
timent analysis takes into account the fact that every document expresses the viewpoint
of a single entity. The classification of documents at the entity level does not assess or
contrast attitudes.

» Statement level - Sentiment analysis assesses the degree to which each sentence re-
flects a favorable, unfavorable, or neutral impression of goods or services. One-sentence
evaluations and comments submitted by users go in this category. Subjectivity classi-
fication, which distinguishes between sentences that express factual information, and
sentence-level classification are closely connected. The distinction between subjectivity
and opinion should be made clear because many objective sentences may also contain an
opinion.

* Entity and Aspect Level - Based on features, opinion mining and summarization are
done at the aspect level. Identification and extraction of product features from the source
data are part of the classification. When needing opinions about a desirable aspect or
feature in a review, this type is employed. At the document or phrase level, sentiment
analytics cannot pinpoint precisely what the likes and dislikes of a person. Sentiment
analysis at the entity level doesn’t examine language constructs like sentences, clauses,
paragraphs, or entire sentences; it just examines the option itself. An opinion consists of
a sentiment (emotion) and a target in this passage, which is the major concept (of that
sentiment).

2.2 Natural Language Processing

For the purpose of learning, comprehending, and producing content in human language, natural
language processing uses computer-based methods. The function of software or hardware
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parts in a computer system that analyzes or produces spoken or written language is known as
natural language processing, or NLP[13]]. Early computational methods for language research
focused on developing foundational technologies like speech recognition, machine translation,
and speech synthesis as well as automating the study of language’s linguistic structure.

In the late 1940s, when NLP research first got started, machine translation (MT) is regarded
to have been the first software program for using natural language. In 1946, Weaver and Booth,
who had prior experience deciphering enemy codes during World War II, launched one of the
first MT projects. However, the consensus was that Weaver’s 1949 memo popularized MT and
provided the motivation for a number of endeavors. Weaver suggested applying concepts from
information theory and cryptography to language translation[14].

Since 1960, significant improvements have been made in the development of prototype
systems as well as in the complexities of theory. Since the theories of grammar from before
1960 were unable to do so, this has mostly concentrated on the problem of how to encode
meaning and provide computationally tractable solutions. Examples include Quillian’s seman-
tic networks [27]; Fillmore’s case grammar [26]; Chomsky’s 1965 transformational model of
linguistics [25]; and Schank’s conceptual dependency theory, which offered semantic represen-
tations and addressed syntactic abnormalities.

In order to achieve human-like language processing for a variety of activities or applica-
tions, Liddy describes NLP as a theoretically motivated collection of computational approaches
for evaluating and modeling naturally occurring texts at one or more levels of language com-
petence analysis.

In addition to mining social media for data on finances or health, academics are also devel-
oping spoken dialogue systems and speech-to-speech translation engines, as well as evaluating
sentiment and feelings toward various goods and services. These techniques are also being
improved upon and applied in practical applications. Below are a few intriguing NLP applica-
tions:

* Sentiment Analysis for Machine Translation
* Character and speech recognition

* Spelling check

 Text forecast

* Classification of Text

* market forecasting using information from websites, including information on goods,
costs, dates, etc

* Monitoring social media, using chatbots, and analyzing surveys on targeted advertising

2.3 LLMs vs. Traditional NLP

While both Large Language Models (LLMs) and traditional Natural Language Processing
(NLP) techniques aim to understand and process human language, they are quite different
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in their approach and capabilities. Traditional NLP systems are usually designed to handle
specific tasks like text classification, sentiment analysis, or machine translation. These systems
often rely on rule-based methods, predefined keywords, or basic machine learning algorithms.
They need a lot of manual feature engineering and tend to work best when they are focused on
one particular task.

On the other hand, LLMs like GPT-4, Google Gemini, and Meta LLaMA take a much
broader approach. These models are trained on massive amounts of text data from the internet,
allowing them to learn language patterns, context, and even world knowledge in a more gener-
alized way. LLMs don’t just focus on one specific task—they can handle multiple tasks with
little to no extra training. For instance, an LLM can generate text, answer questions, translate
languages, and even write code, all using the same model.

One of the key differences is that LLMs understand context much better than traditional
NLP systems. For example, if someone posts a sarcastic comment like, ”Oh great, another
power cut!”, a traditional NLP model might simply see the word “great” and classify it as
positive. But an LLLM can understand the context and realize that the comment is actually
expressing frustration. This ability to grasp nuances, especially in code-mixed languages like
Banglish, makes LLMs much more powerful for detecting trolls and abusive content on social
media.

In countries like Bangladesh, where people often switch between Bangla and English in
their posts, LLMs are especially useful. They can handle the complexity of mixed languages
without getting confused by spelling variations, transliterations, or the use of informal slang.
This is a major improvement over traditional NLP systems, which usually require a lot of pre-
processing and fine-tuning to understand code-mixed text properly.

2.4 Human Emotion

One of the most essential non-verbal cues that humans use to communicate is the expressions
on their faces. Our faces can express more than 10,000 distinct ways because to their 43
different muscles, many of which may be traced back to our most basic ancestors. According
to some researchers, even human smiles developed from how primates flaunt their teeth to
express dominance or negotiate social position.

“Emotions are a process, a specific form of automatic evaluation influenced by our evolu-
tionary and psychological past, in which we perceive that something significant to our well-
being is happening, and a series of psychological changes and emotional actions begin to deal
with the circumstance.” - Paul Ekman, Ph.D. An emotional state is a mental one that encom-
passes a variety of actions, attitudes, behaviors, and sentiments. Charles Darwin acknowledged
the universality of emotions in many groups of people in his 1969 essay “The Expression of
the Emotions in Human and Animals,” which was written despite cultural variations.

The majority of social scientists agree that there are seven universal emotional expressions.
It’s important to remember that our faces frequently portray multiple emotions at once, which
is why we sometimes see someone smiling when their eyes are sad. The basic 7 emotions are:



2.4 Human Emotion

2.4.1 Happiness

Happiness, when referring to mental or emotional states, is any pleasant or joyful experience,
ranging from extreme ecstasy to contentment. Other types of positive feelings include eudai-
monia, thriving, subjective, life satisfaction, and well-being. Happiness is typically accom-
panied by rising cheeks, and when the muscles surrounding the eyes tighten, we refer to the
accompanying smile as moving up to the person’s eyes. Happiness is typically accompanied
by rising cheeks, and when the muscles surrounding the eyes tighten, we refer to the accom-
panying smile as moving up to the person’s eyes. Our smiles may have a dark origin despite
their welcoming meaning, according to researchers. Many primates display their teeth in order
to establish dominance and secure their position within their social hierarchy.

2.4.2 Sadness

Feelings of unhappiness and melancholy are characteristics of the emotional state of sadness.
It is regarded as one of the most fundamental human emotions. One of the seven universal
feelings that everyone in the world feels after losing someone or something significant is sad-
ness. Depending on how we view loss personally and culturally, many things can make us sad.
It is a typical reaction to experiences that are distressing, agonizing, or discouraging. These
emotions can feel more powerful or more subdued depending on the situation. Even though it’s
sometimes thought of as a “negative” feeling, grief is essential in identifying when someone
needs help or consolation.

2.4.3 Anger

An emotion known as anger is characterized by resentment toward a person, object, or circum-
stance that you believe has wronged you on purpose. Anger is one of the seven basic human
emotions that arise when we are denied something or treated unfairly. When anger’s at its
worst, it can be one of the most hazardous emotions due to its possibility of leading to vio-
lence, making it a common emotion for which individuals seek treatment. Anger can have its
uses. It might, for instance, give you a method to express your negative emotions or inspire
you to hunt for answers to your difficulties. However, unchecked wrath could result in issues.
Other emotions like fear or contempt may also be expressed while we are angry. If you were
taught that being angry is ”wrong,” you might even feel ashamed or embarrassed to have felt
rage at all. Additionally, you can experience regret if you acted out of anger and did something
you afterward thought was wrong.

2.4.4 Fear

Fear is one of the seven universal emotions that every human being experiences. An instinctive,
strong, and basic human emotion is fear. It involves both a strong individual emotional response
and a general physiological reaction. Fear alerts us to danger or the possibility of harm, whether
it be psychological or physical. Fear arises when there is a real or imagined risk of bodily,
psychological, or emotional harm. Even while fear is sometimes thought of as a “negative”
emotion, it actually performs a vital role in keeping us safe by preparing us to deal with danger
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that is about to strike. Anxiety is a feeling that is closely related to fear and is brought on by
imagined unmanageable or inevitable threats.

2.4.5 Surprise

Animals and humans both experience surprise, which is an unanticipated event-induced tem-
porary mental and physical state. Surprise can be mildly or moderately pleasurable, pleasant
or unpleasant, favorable or unfavorable. It can also have any valence. When we experience
sudden and unexpected sounds or movements, we experience surprise, one of the seven univer-
sal emotions. Being the shortest of the common emotions, it serves to focus our attention on
understanding what is occurring and whether it is detrimental.

2.4.6 Disgust

The disgusted look communicates our contempt and keeps us secure. One of the seven univer-
sal emotions, disgust is brought on by a dislike of anything unpleasant. We can feel repulsed
by things that appeal to our five senses (sight, smell, touch, sound, and taste), by the behaviors
or appearances of others, and even by concepts.

2.4.7 Contempt

Contempt involves treating others disrespectfully and making fun of them with sarcasm and
condescending. The same goes for insulting humor, calling someone names, imitating, and
using sneering or eye-rolling as body language. Even though disdain can coexist with other
emotions like rage and mistrust, the facial expression is still recognizable. The only facial
emotion that can only be expressed on one side of the face and that varies in intensity is this
one. When it is the strongest, one brow may droop while the corresponding side’s lower eyelid
and lip corners elevate. At most gently, the lip corner may lift temporarily.

2.5 English Language

The majority of current research and academic papers are written focusing on the English lan-
guage because it is an international language. A basic, unsupervised learning approach was
employed by [15]. to find the analysis of adjectives or adverbs with the phrases’ average se-
mantic orientation. [16]] used a machine learning strategy to classify the subjective parts of any
document for textual data categorization. Phrase-level sentiment analysis, which may identify
the polarity of contextual emotions for a given broad sample of sentiment language, is dis-
cussed in this article. [17]] used an identity corpus of web page feedback to train a classifier
in the system. lexical subjectivity and N-gram modeling and machine learning are a few pop-
ular sentiment analysis techniques that are covered. To categorize the emotions of film critics
into the following five categories using a deep learning model: positive, somewhat positive,
negative, somewhat negative, and neural, Ouyang et al. devised a system called “word2vec +
Convolutional Neural Network (CNN)”. They now have a 45.4 percent accuracy rate. Addi-
tionally, new research works are being supervised.
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2.6 Bangla Language

Several studies have been examined when looking into Bengali research in this area, however,
relatively few trials have been looked into recently. To classify postings from Bengali mi-
croblogs, [18]] focused on emotional analysis using Support Vector Machines (SVM) and Max-
imum Entropy (MaxEnt) techniques[19]. They gathered 1,300 tweets using the Twitter API
and split the dataset into 1,000 training tweets and 300 test tweets. They classified the general
polarity of a remark as either negative or positive. With unigrams and emoticons as attributes,
SVM achieved accuracy of 93%. For Bengali sentiment analysis, Hassan et al. employed the
Long Short Term Memory (LSTM) model for deep recurrence with categorical cross-entropy
and binary cross-entropy as the two loss functions[22]. A total of 10,000 text samples in Ben-
gali and Romanized Bengali were used, and they were divided into three groups: Ambiguous,
Negative, and Positive. They obtained accuracy ratings of 70% and 55% using the Bengali
dataset as well as the Bengali and Romanized Bengali datasets.

2.7 Banglish Language and Emoticon

The second most spoken language in the world is English, according to native speakers. Chi-
nese is the oldest language, but English is far more common worldwide. A third of the world’s
population currently speaks or writes English, but with various degrees of fluency (Crystal,
2010: 8). It has gained acceptance as the most often-used method of communication between
nations. As a result, it holds a unique position as the primary means of communication across
practically all nations in the world. English was spoken as a second language in Bangladesh
before 1971. It was initially implemented in 1835 when British imperialists ordered that En-
glish be taught throughout India when the nation was still a part of India. Since then, English
has become and parcel of our life.

2.8 Summary

We review relevant efforts completed before for sentiment analysis as we start this chapter.
Discussions of both Bengali and non-Bengali works went in-depth. Next, we discussed vari-
ous sentiment analysis levels, the significance of a well-structured corpus for ML applications,
and how to get data models ready for using ML classifiers. Then, we centered on several ma-
chine learning strategies and the classifiers we employed. We summarized cross-validation and
performance matrices in this chapter’s conclusion and discussed their usefulness in evaluating
classifiers using machine learning.



Chapter 3

Proposed Method

In this chapter, we’ll go over the framework we suggested for this research project. We cover
data labeling, data filtering based on our goals, and planned data collection. Methods for model
creation, training, and testing for specific ML classifiers are also described.

The following phases can be described as our work:

» Data wrangling Stage: This stage involves choosing a set of data, sorting data, applying
filters, and labeling the raw data with a relevant score.

* Model Generation Stage: To deal with Machine Learning classifiers that represent nu-
meric variables, this stage focuses on choosing and creating the right data model.

* The Experiment Stage: This final stage uses several Machine Learning classifiers with
selected data models to categorize sentiment. In this phase, the effectiveness and preci-
sion of the used ML classifiers are covered.

3.1 An overview

We had to focus our research interest on its subject to be more focused as we wanted to work
with sentiment analysis. Our area of concern is especially on Banglish Language and Emoti-
con use. We first searched for comparable works that had been completed in this field in recent
years for that aim before making plans for our effort. We ultimately decided to employ super-
vised machine learning, which requires labeled data, for sentiment classification. A solid data
set is needed for machine-learning approaches to classification problems.

To train and assess the effectiveness of machine learning classifiers, the data set is nec-
essary. Finding a data source that will offer huge data set of Bangla, English and especially
Banglish textual data was thus our first obstacle. Keeping all the factors in mind, we decided
to choose the most used social media Facebook, Instagram, and Twitter.

Data gathering, filtering, labeling, data model building, teaching machine learning classi-
fiers, testing, and performance evaluation are the elements of our proposed methodology.

3.1.1 Corpus Creation

The production of a corpus is the process of creating a dataset. This frequently calls for either
online collection discovery of texts or images or holdings digitization for a digital humanities
project. Authentic texts that are machine-readable and sampled to be typical of a specific
natural language or language variety are referred to as corpus (McEnery et al. 2006: 5).
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3.1 An overview

3.1.2 Data Collection

The process of gathering data involves three parts. which are information gathering, informa-
tion filtering, and information labeling. Below is a description of these three steps:

Gathering Data

We are using a strategy employing crowdsourcing user-generated replies for automatic model
retraining[[19]. This retraining process, happening whenever the algorithm faces uncertainty,
gathers user-generated data routinely if the technology is widely utilized. The second phase
requires constant updates to the training dataset, ensuring ongoing learning if the model fails
to produce accurate responses. Retraining is scheduled daily, preferably during hours of mini-
mum user involvement, to ensure a regular update without interrupting the system’s operation.
The process involves loading modules, preprocessing the dataset using NLTK (text cleaning,
tokenization, stemming, and stopword removal), creating a deep learning model (LSTM or
Fully Connected Neural Network), training the model, validating with test data, and minimiz-
ing the necessary data and trained model for further testing.

Steps:

1. check if the existing dataset is processed for retraining, if processed go to line 7, else line
2

2. Load the existing dataset and all the new user texts and intents

3. Append user text and intent to existing dataset-A and name it as dataset-A(update)
4. After successfully data append, use dataset-A(update) for retraining process

5. So the after data insertion final dataset is dataset-A(update)

6. Load pre-insertion dataset-A(update) as a new dataset

7. Apply Preprocessing in the dataset using nltk. Such as

* Text Cleaning (remove emoji, punctuations, irrelevant symbols)
» Tokenization
e Stemming

* Remove Stopwords

8. Split the preprocessed dataset into a train dataset and test dataset for the deep learning
model

9. Create an LSTM or Fully connected Neural Network (Densely connected) deep learning
model

10. Fit the data & Train the model

11



3.1 An overview

11. Validate the model with test data
12. Saved required data as a pickle file and the trained model for further test

Over a 90-day testing period in production chatbots, this technique proved an outstanding suc-
cess with a substantial performance gain of 17%, and the Instant Customer Experience (ICE)
Score saw an average improvement of 25%[19].

Social Media sites Facebook, Instagram, and Twitter served as our main sources of data, from
which we extracted textual information with user reaction counts. A Python script was used to
implement the Facebook graph API. For further experimentation, a set of neutral Bangali and
Banglish sentence emoticon lists are manually gathered.

Filtering Data

Data filtering is vital to remove unnecessary information from the data as well as to reduce noise
in the data. By removing hyperlinks, unusual characters, and duplicate data, we minimized
noise in our collected data set. We filtered out any characters other than our specific chosen
results( Bangla, Banglish, and Sentences using emoticons) because our goal was to focus on
those.

Labeling Data

We have taken into account positive, negative, and neutral polarity when classifying sentiment.
Each document within our database includes user response numbers. To produce labeled data
using reaction counts, we created algorithm 1. (positive and negative). Using this algorithm-2,
we also determined whether a document is polarized or not. As a result, we created our corpus
with labels.

3.1.3 Modified KNN Algorithm for Banglish Sentiment Analysis

The K-Nearest Neighbors (KNN) algorithm, while robust and straightforward, requires certain
modifications to effectively handle the linguistic intricacies and emoticon usage prevalent in
Banglish text. The standard KNN, with its default settings, might not fully capture the semantic
nuances and cultural expressions unique to the Banglish language. This subsection outlines the
tailored modifications made to the KNN algorithm to enhance its performance for sentiment
analysis in this context.

Feature Representation Enhancement

Hybrid Linguistic Features Banglish, a blend of Bengali and English, presents unique linguis-
tic features not found in standard languages. To address this, we expanded the feature space to
include bigrams and trigrams that capture common Banglish expressions and colloquialisms,
providing a richer linguistic context for the algorithm

Emoticon Sentiment Mapping Recognizing the pivotal role emoticons play in expressing

12



3.1 An overview

sentiments in social media, each emoticon was mapped to a sentiment score based on a cu-
rated emoticon-sentiment lexicon. This mapping allows the algorithm to weigh emoticons’
sentiment contribution, enhancing the overall sentiment prediction accuracy.

Distance Metric Adaptation

Cosine Similarity for Textual Data: Given the sparse and high-dimensional nature of text
data, the Euclidean distance can become less effective. The Cosine similarity metric, focusing
on the angle between feature vectors, offers a more meaningful measure of similarity for text
analysis, especially in capturing the semantic proximity between Banglish texts.

Optimal ’k’ Determination

Empirical ’k’ Selection Process: The choice of ’k’, the number of nearest neighbors, is crucial
for the algorithm’s accuracy. An empirical selection process was conducted, where multiple
'k’ values were tested on a validation set derived from the training data. The 'k’ value that
resulted in the highest classification performance, measured by a combination of accuracy and
F1-score, was chosen for the final model.

Weighted Voting Mechanism

Influence of Proximity on Voting: To ensure that more similar texts (i.e., nearer neighbors)
have a greater influence on the classification outcome, a weighted voting mechanism was im-
plemented. The influence of each neighbor on the voting process is inversely proportional
to their distance from the query point, ensuring that sentiments expressed by closely related
texts are given precedence This modified KNN approach, with its focus on hybrid linguistic
feature representation, emoticon sentiment mapping, Cosine similarity, empirical 'k’ selection,
and a weighted voting mechanism, is specifically tailored for the nuanced sentiment analysis
of Banglish text. These modifications ensure that the algorithm not only understands the lin-
guistic blend unique to Banglish but also appreciates the emotive power of emoticons, thereby
significantly enhancing sentiment classification accuracy in this unique linguistic context.

3.1.4 Data Selection Model

We needed to choose a word embedding technology that converts textual input into numeri-
cal vectors to function with ML classifiers. Among the most helpful and fascinating of the
most current word embedding technologies we looked into were word2vec, sentence2vec, and
doc2vec. We created the doc2vec and TF-IDF article vector estimate models from the data in
the text we collected to be used in subsequent steps.

3.1.5 Choosing Machine Learning Classifiers

The deep learning toolkit Keras, which is based on Python, has been chosen by us to create its
Sequential Model (SM) API. The addition of an LSTM cell and an SM-equipped bidirectional
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LSTM layer then enhanced our experiment. It was decided to use BLSTM because of its well-
known prowess in resolving issues regarding sequence categorization. We decided to train and
evaluate the effectiveness of the LR, LDA, SVM, K-Neighbors, DT, and GaussianNB models
among other conventional ML classifiers. The machine learning library sci-kit-learn, which is
based on Python, has been used to implement these conventional classifiers.

3.1.6 Evaluation of Results and Performance

To evaluate the effectiveness of each ML classifier, we decided to employ efficiency and F1
score along with k-fold cross-validation performance assessment scores. With an uneven dis-
tribution of data in each class, using merely the accuracy matrix won’t yield any useful findings.
However, the number of papers in our final data set that express positive, negative, or neutral
attitudes is identical. We were able to

3.2 Corpus Construction

A corpus is a collection of language production samples that have been carefully chosen to be
representative of a language (or sub-language), as opposed to material that has been gathered
at random. Machine learning approaches significantly benefit from a well-built data corpus,
which increases their efficacy and precision. We used social media as the main data source in
our experiment to build a raw corpus. Below are the steps for corpus building.

3.2.1 Scripting

Programming languages that use high-level capabilities to comprehend and carry out a single
command at a time are referred to as scripting languages. Scripting describes the method used
to gather unprocessed data from various websites. To create a script that regularly collected the
essential data from online pages, we used the Python programming language.

3.2.2 Preprocessing

Data preprocessing, any type of processing done on raw data to get it ready for another data
processing action is referred to as data preparation, which is one of its components. An essential
factor of corpus building is having. Data filtering is part of the process to remove noise from
the data set. Possessing aids in creating a solid corpus of solely pertinent data. According to
the needs of the research, the filtering rules are established. We used the following guidelines:

* Disabling hypertext links.
* Elimination of Special characters.
* Just looking for Bengali phonetics.

* Looking for identical data entries.

14
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3.2.3 Data Set Labeling

Data labeling is the process of classifying unlabeled data in machine learning (such as photos,
text files, videos, etc.) and adding one or more useful labels to provide the data context so
that a machine learning model may learn from it. We employed supervised machine learning
techniques, which needed labeled data. A data collection is labeled when a single item of
data is allocated to a predetermined class. One-to-one and one-to-many mapping methods are
available. In contrast to one-to-many, which denotes a unit of data that can belong to multiple
classes, one-to-one denotes a single unit of data that solely belongs to one class.

3.3 Data Model Construction

We employed various machine learning classifiers including Logistic Regression (LR), Linear
Discriminant Analysis (LDA), Support Vector Machine (SVM), K-Nearest Neighbors (KNN),
Decision Tree (DT), and Gaussian Naive Bayes (GaussianNB). Detailed explanations of these
algorithms can be found in standard machine learning textbooks. Our focus was on applying
these algorithms to our specific context .

3.3.1 Word Embedding Techniques

Utilizing word embedding strategies, words are converted into mathematical representations.
Word Embedding techniques have been employed extensively by One Fast Encoding, TF-IDF,
Word2Vec, and FastText. Depending on the condition, scope, and goal of the data processing,
one of these procedures is favored and employed (or perhaps more than one). A word embed-
ding system learns by utilizing a lot of literature and represents words as vectors in a preset
vector space. Words with comparable meanings can be represented using a similar represen-
tation in this text-learning technique. When all the words are mapped into a single vector, the
system learns the vector values in a way that builds a neural network.

Word2Vec

One of the most important developments in natural language processing is Word2vec. This is
possible since it is simple to comprehend and apply. Word2vec is essentially a word embedding
technique used to translate the dataset’s words into vectors that the computer can understand.
In 2013, Word2vec, a technique for natural language processing, was published. With the use
of a significant text corpus, the word2vec technique makes use of a neural network model to
learn word relationships. Once trained, a model like this one can identify concepts that are
connected or suggest new words to complete a sentence. One of the most recent and crucial
word embedding techniques is Google’s word2vec. The Continuous Bag of Words (CBOW)
and Skip-gram methods are employed in word2vec.

Continuous Bag of Words (CBOW) The CBOW model attempts to interpret the words’ con-
text using it as input. Then it tries to anticipate words that are accurate given the context. The
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Figure 3.1: The architecture of CBOW and skip-gram in the implemented model

CBOW model determines the word in the middle by fusing the scattered representations of the
context (or surrounding words). Besides, Given the words around it, CBOW can anticipate a
word. The overall count of context words creates the central word vector.

Skip-gram model In contrast to what the CBOW model accomplishes, the Skip-gram model
design typically aims to achieve the reverse. Given a target word, it attempts to predict the
source context phrases (words around the target word). The dispersed representation of the
input word is used by the Skip-gram model to forecast the context. When given a single word,
skip-gram predicts a window of words. Take the phrase “He is a decent person” and a six-inch
window as examples. Assuming the word “decent” as input, Skip-gram should then predict the
words “he,” ”is,” ”a,” really,” and “person.”

By combining the dispersed context representations, the CBOW model anticipates the cen-
ter word (or surrounding words). While the Skip-gram model predicts the context using a
dispersed representation of the input word. Artificial neural networks are used in both meth-
ods’ categorization algorithms. An initial N-dimensional vector is randomly selected for each
phrase. Using the CBOW or Skip-gram techniques, the system learns the ideal vector for each
word during the training phase.

Sentence2Vec Sentence2vec is a novel sentence embedding method that uses compositional n-
gram features for unsupervised learning of sentence embedding. Training distributed represen-
tations of sentences are the efficient unsupervised objective of sentence2vec. It is a word2vec
extension at the sentence level (CBOW). The term “’sentence embedding” refers to the average
of the source word embedding of a phrase’s individual words. By learning source embed-
ding for each word in each phrase, taking into account both the uni- and n-grams, and n-gram
embedding averaged jointly with the word embedding, this model is reinforced.
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Figure 3.2: Paragraph Vector Distributed Memory

Doc2Vec

Sentences, paragraphs, and documents are used to construct vectors using an unsupervised
method called Doc2vec. Using the vectors produced by doc2vec, one may perform opera-
tions like comparing sentences, paragraphs, and documents. Regardless of the length of any
document, Doc2vec’s [25] goal is to produce a numeric vector representation of documents.
This method is a word2vec modification. A collection of documents are needed for doc2vec
training. A word vector W is created for every word, and a document vector D is created for ev-
ery document. By itself, the doc2vec model is an unsupervised technique. Vector Distributed
Memory (PVDM) and Vector Distributed Bag of Words are further vector model generation
techniques in doc2vec (PV-DBOW).

Paragraph Vector Distributed Memory (PVDM) It serves as a repository for information
that is missing from the current scene or from the paragraph’s subject. As a result, this concept
is also known as the Distributed Memory Paradigm of Paragraph Vectors (PV-DM). From the
set of context words in a given document and the document id, PV-DM predicts the center
word. The PV-DM method ought to consistently outperform the PV-DBOW approach men-
tioned.

A version of Bag of Words provided by Vector (PV-DBOW): When determining the context
likelihood for a certain paragraph or document, it disregards context phrases from the input
material.

¢ Machine Learning Algorithms A machine learning algorithm is a method the Al system
employs to complete its objective, which is often to predict output values from given
input data. Programs that use machine learning algorithms can discover hidden patterns
in data, estimate results, and enhance performance based on past performance. Machine
learning systems use two core techniques: regression and classification.
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Figure 3.3: version of Bag of Words provided by Vector (PV-DBOW)

Types of Machine Learning Algorithms There are a few different ways to classify
the different kinds of machine learning algorithms, but generally speaking, they may be
categorized according to their intended use, and the basic categories are as follows:

— Supervised Learning Algorithm Supervision is the cornerstone of supervised learn-
ing. In order for a machine to learn, a process known as supervised learning ne-
cessitates external supervision. The labeled dataset is when training the supervised
learning models. After training and processing, the model is put to the test by be-
ing given sample test data to see if it correctly predicts the outcome. In supervised
learning, mapping input and output data is the main objective. The supervised
learning algorithm analyzes the training data set and produces a function that may
be used to map fresh inputs. The two main types of difficulties in supervised learn-
ing are regression and classification problems.

Example: Using supervised machine learning, emails are filtered to remove spam.
We all use Outlook, Yahoo, or Gmail. Which emails are spam and which are not
are determined using machine learning algorithms.

— Unsupervised Learning Algorithm Unsupervised learning is a sort of machine learn-
ing in which the computer is permitted to make decisions only based on the pre-
sented data. The algorithm must operate on the data unsupervised, and unsuper-
vised models can be trained using an unlabeled dataset that lacks both classification
and categorization. In unsupervised learning, the model doesn’t have a predeter-
mined output and instead searches through a vast amount of data for insightful
information. Clustering algorithms and association rule learning algorithms are the
two primary categories of unsupervised learning algorithms.

Example: Facebook can identify a person in a photo you post and propose to you
as a friend when it does so. For these predictions, ML is employed. It bases its
predictions on information such as your friend list, publicly available images, and
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other data.

Reinforcement Learning Algorithm A subset of both machine learning and artifi-
cial intelligence is reinforcement learning. The reinforcement method continuously
interacts with the environment to learn from it. The system gathers data from its ob-
servations of the environment in this manner until it has looked into every scenario
imaginable.

Example: The contributions produced by the reinforcement learning models are
particularly appreciated by applications based on reinforcement learning, such as
robotics, web user interfaces, applications in video games, and medical diagnosis
systems.

Semi-Supervised Learning Algorithm Unlabeled data is used for training in the
semi-supervised learning technique, which frequently mixes an abundance of un-
labeled data with a scarcity of labeled data. This learning strategy is somewhere
between unsupervised learning and supervised learning.

Machine Learning Tools for Classification In this work, techniques for supervised
machine learning were used. Deep learning-based Machine Learning classifiers
and regular Machine Learning classifiers are the two types of machine learning
classifiers we use. Classifiers for Regular Machine Learning Regular machine
learning techniques process data using algorithms, learn from that data, and then
render conclusions based on their findings. In our tests, a variety of common
machine learning classifiers were employed, including Logistic Regression (LA),
Linear Discriminant Analysis (LDA), Support Vector Machine (SVM), K-Nearest
Neighbors, Decision Tree (DT), and Gaussian Naive Bayes (GaussianNB). These
underlying variables are listed below:

+ Logistic Regression (LR)

To predict a binary outcome—that is, whether something happens or not—logistic

regression is used. This can be expressed as Yes/No, Pass/Fail, Alive/Dead,
etc. Logistic regression, also referred to as statistician D. R. Cox established
the direct probability model in 1958. Like other regression analyses, this one
is predictive. A classic S-shaped (sigmoid) curve with an equation is a logistic
function, also referred to as a logistic curve. In a particular method, logistic
regression frequently pinpoints the location of the class boundary and observes
that class probabilities change depending on how far away from the boundary
they are. This moves closer to the extremes more quickly as the data collection
grows (0 and 1).

1
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3.1

+ Linear Discriminant Analysis (LDA)
As the name implies, dimensionality reduction and classification are accom-
plished using a linear model in linear discriminant analysis. Fisher developed
the linear discriminant in 1936 for two classes, and C.R. Rao generalized it for

19



3.3 Data Model Construction

many classes in 1948. Normal discriminant analysis and discriminant function
analysis are two more names for linear discriminant analysis. LDA is widely
applied to problems with supervised classification to minimize dimensionality.
When classes are divided into two or more groups, it is utilized to illustrate the
distinctions between the groupings. LDA is a popular technique for transfer-
ring features from a higher-dimensional space to a lower-dimensional space.
To increase variance between classes and minimize variability within classes,
it reduces data from a D dimensional feature space to a D’ (D D’) dimensional
space.
argmax(w) Sp ! (m; —my)
[[wll 1Sw ™" (my —my)|

Support Vector Machine (SVM)

Classification and regression issues are dealt with using a Support Vector Ma-
chine (SVM), one of the most well-liked supervised learning methods. Ma-
chine learning frequently use it to solve categorisation issues. Finding a hy-
perplane in N-dimensional space (where N is the number of features) that ac-
curately classifies the data points is the goal of the support vector machine
algorithm. Support For any classification or regression task, the vector ma-
chine supervised learning method can be employed. The nonlinear model of
Vladimir Vapnik’s extended portrait technique is improved by SVM. The Vap-
nik Chervonenkis dimension, created by Vladimir Vapnik and Alexey Chervo-
nenkis, serves as the foundation for the functioning of the SVM algorithm.

In a higher dimension space, SVM creates a hyperplane or collection of hy-
perplanes that can be used to solve classification issues. Using hyper-plane,
one can obtain an appropriate separation that is the class with the largest dis-
tance to the nearest training data points among all classes since the classifier’s
generalization error decreases with increasing margin.

(3.2)

fX)=w-x+b=0 (3.3)

K-Nearest Neighbors

A non-parametric, supervised learning classifier, the k-nearest neighbor’s al-
gorithm (also known as KNN or k-NN) produces predictions or classifica-
tions about the clustering of a single data point using proximity. The k-nearest
neighbors (KNN) approach is a straightforward, user-friendly supervised ma-
chine learning technique that may be applied to both classification and regres-
sion issues. It has mostly been employed in the fields of data mining, intrusion
detection, and pattern recognition. Since it is non-parametric and does not
indicate any underlying assumptions about the distribution of data, it is often
useless in real-world scenarios.
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Algorithm 1 K-Nearest Neighbors (KNN)

Require: Training dataset D, new data point Xj,,,, number
of neighbors k
1: Initialize an empty list k_neighbors
2: for each data point x; in D do
3:  Calculate the distance d(x;, Xnew)
Add (x;,d(xj,Xpew)) to k_neighbors
end for
Sort k_neighbors by distance in ascending order
Select the first k entries from k_neighbors as the k-
nearest neighbors
8: Determine the majority class among the k-nearest
neighbors
9: return Class label y,.,, for x,.,,

A

* Decision Tree
A predictive model known as a decision tree bases its forecasts on repeatedly
segmenting the feature space into subspaces (Rokach, 2016). The best and
most often used categorization and prediction method is a decision tree. In a
decision tree, each internal node represents an attribute test, each branch repre-
sents the test result, and each leaf node (terminal node) has a class label. This
is an example of a flowchart-like tree structure. Its goal is to develop a model
that can predict the value of a target variable by learning straightforward de-
cision rules derived from the data attributes. As additional details are added,
the decision tree becomes more intricate and the model becomes more precise.

Algorithm 2 Decision Tree Algorithm

Require: Training dataset D, stopping criteria

1: Create a decision node

2: if stopping criteria met then

3:  Assign the majority class label (for classifica-
tion) or mean value (for regression) to the node

4: else

5:  Select the best feature and split criteria based on
the dataset

6:  Partition the data into subsets based on the se-
lected feature and split criteria

7. for each subset do

8: Recursively apply the decision tree algorithm
9:  end for
10: end if

11: return Decision tree
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+ Gaussian Naive Bayes (GaussianNB)
Based on the Bayes theorem, for many classification tasks, the probabilistic
machine learning approach known as Naive Bayes is used. A unique subset of
Naive Bayes called Gaussian Naive Bayes (GaussianNB) is most frequently
used for features with continuous values. All of the features are thought to
have a normal distribution.
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* Deep Learning Classifiers
The most popular branch of machine learning in neural network-based artifi-
cial intelligence is deep learning. Some names for it are deep neural networks
and deep structured learning. We conducted tests using deep learning-based
classifiers like Long Short-Term Memory (LSTM), BLSTM, and SM.

* Long Short-term Memory (LSTM)
Recurrent neural networks called Long Short-Term Memory (LSTM) networks
are capable of learning order dependency in tasks involving sequence predic-
tion. LSTMs are a difficult area of deep learning. This behavior is required
in complex problem fields like speech recognition, machine translation, and
others. It is capable of storing values at any given interval. The long-term re-
liance issue with the Re-current Neutral Network is avoided by LSTM. Utiliz-
ing Bidirectional Long Short-Term Memory (BLSTM), an extension of Tradi-
tional LSTM can significantly improve the performance of models in problems
involving sequence categorization. Utilizing both front-to-back and back-to-
front views of a sequence is the goal of the Bi-LSTM. Through the use of
both the character’s past and future, the network develops a context for each
character in the text. The recurrent neural network known as Bidirectional
LSTM (BiLSTM) is mostly utilized for natural language processing. Unlike
a standard LSTM, it can use data from both directions, and input goes both
ways. In both directions of the sequence, it is a useful tool for modeling the
sequential interdependence between words and phrases. Any sequence classi-
fication problem can be solved with bidirectional networks, which are quicker
and more efficient.

* Bidirectional Long Short-term Memory (BLSTM)
Utilizing Bidirectional Long Short-Term Memory (BLSTM), an extension of
Traditional LSTM can significantly improve the performance of models in
problems involving sequence categorization. Utilizing both front-to-back and
back-to-front views of a sequence is the goal of the Bi-LSTM. Through the use
of both the character’s past and future, the network develops a context for each
character in the text. The recurrent neural network known as Bidirectional
LSTM (BiLSTM) is mostly utilized for natural language processing. Unlike
a standard LSTM, it can use data from both directions, and input goes both
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Figure 3.5: BLSTM Overview

ways. In both directions of the sequence, it is a useful tool for modeling the
sequential interdependence between words and phrases. Any sequence classi-
fication problem can be solved with bidirectional networks, which are quicker
and more efficient.

Sequential Model (SM)

Model construction as a series of layers is the main focus of the Python li-
brary built on the Keras deep learning framework. A rather straightforward
approach, which is essentially a linear stack of Layers, is contained in the se-
quential class. The model is prepared for usage because we can quickly define
all of the layers it needs using the constructor of the Sequential class. Prior
knowledge of the input shape is necessary for a sequential model. A Sequen-
tial model’s input shape information is used for this in the first layer of the
model. The learning process is set up using the compile procedure prior to

23



3.3 Data Model Construction

rModel < 1 ~ -1 = ) - Model S

THE LEVEL OF Abstracting

Figure 3.6: Sequential Model (SM)

training a model. Numpy arrays are used to represent the input data and la-
bels when training Keras models. A model is typically trained using the fit
function.

+ Hugging Face Al
We used Hugging Face Al for the Sentiment Analysis for Language. A com-
pany called Hugging Face creates social Al-powered chatbot solutions. Clement
Delangue and Julien Chaumond founded it in 2016. Brooklyn, New York,
serves as the company’s headquarters. Hugging Face is a community and data
science platform that offers: Tools that let users create, train, and employ ma-
chine learning (ML) models based on OS technologies and code. Hugging
Face is a provider of open-source natural language processing (NLP) mod-
els. Anybody can run processing jobs using Hugging Face scripts using the
Hugging Face Processor in the Amazon Sage Maker Python SDK.
Hugging Face Transformers functionalities provide a pool of models that have
already been taught to carry out a variety of activities, including vision, text,
and audio. Transformers offers APIs that allow users to download pre-trained
models, experiment with them, and even fine-tune them using their own datasets.
Transformer-based models are available for PyTorch and TensorFlow 2.0 from
Hugging Face. To carry out tasks like text classification, extraction, question
answering, and more, there are thousands of pre-trained models available. It is
regarded as having a low entrance barrier for educators and practitioners due
to its low computational costs.
Hugging Face is a platform for data science and community that offers:
Tools that let users create, train, and use machine learning (ML) models using
open source (OS) technology. A hub for the large community of data scien-
tists, researchers, and ML developers to congregate, exchange ideas, obtain
support from one another, and participate in open-source projects. They are
primarily profitable because their costs are incredibly cheap in comparison to
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Hugging Face: timeline of major events since
its founding

1. March 2017: Hugging Face releases its Al chathot app

2. May 2018: Hugging Face raises a $4M seed round

3. March 2021: Hugging Face raises a $40M series B round
4. December 2021: Hugging Face acquires Gradio

5. May 2022: Hugging Face raises a $100M series C round

Figure 3.7: Hugging Face Journey

the value they are producing. In order to increase the size of its staff and fight
off acquisition interest from th major internet corporations, the company raised
a Series B financing in 2021.

Hugging Face’s success will change the artificial intelligence sector, hasten
the creation of ML models, and give developers access to a new kind of open-
source, collaborative infrastructure. As a result, Al-powered devices might
become widespread in the future and the power may not be concentrated in the
hands of a small number of IT firms.

+ Tensorflow JS

A free, hardware-accelerated JavaScript library for machine learning model
training and deployment is called TensorFlow.js. Developers can train and use
machine learning models directly in their browsers because of TensorFlow.
js. It’s a great approach for JavaScript programmers to break into the ma-
chine learning industry. A complete open-source machine learning platform
is known as TensorFlow, and it is written in TensorFlow.js. Researchers can
advance the state-of-the-art in ML because of its vast, adaptable ecosystem of
tools, libraries, and community resources, while developers can simply build
and deploy apps driven by ML. It enables you to create or run machine learn-
ing (ML) models in JavaScript and utilize them directly in the browser client
side, Node.js server side, React Native mobile native, Electron desktop native,
and even Node.js on Raspberry Pi for IoT devices.

There are numerous setups for TensorFlow.js that are compatible with both
Node.js and the browser. The method apps are developed will depend on the
specific set of factors that each platform possesses. Mobile and desktop de-
vices are both supported by TensorFlow.js in the browser. The limitations of
each device, such as the WebGL APIs that are available, are automatically
identified and set up for you. TensorFlow. js performs very quickly due to
the hardware acceleration offered by WebGL, a JavaScript graphics API. The
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Node. js version of TensorFlow, tfjs-node, outperforms the browser version in
terms of speed.TensorFlow.js in Node.js allows for either direct binding to the
TensorFlow API or the use of the slower vanilla CPU implementations.

Js is a JavaScript machine-learning library. TensorFlow is used by 8villages,
ADEXT, and Taralite, among other well-known companies. TensorFlow has
a wider adoption than TensorFlow. js, which is featured in 5 business stacks
and 3 developer stacks, and is cited in 200 corporate stacks and 135 developer
stacks.

Create ML in a Browser To build models from scratch using adaptable and
user-friendly APIs, either the low-level JavaScript linear algebra library or the
high-level layers API should be used. Create Machine Learning Applications
It creates machine learning applications with Node.js by running native Ten-
sorFlow programs using the same TensorFlow.js API.

Run Current Models Run current TensorFlow models directly in the browser
by using TensorFlow.js model converters. Retrain Current Models Retrain cur-
rent ML models using client-side information from sensors or other sources.

+ Wit.ai

A chatbot system called Wit.aiE] has advanced NLP, or natural language pro-
cessing, capabilities. For Facebook Messenger bots with NLP capabilities,
Wit.ai, owned by Facebook, is a popular choice. Wit.ai allows us to build
intelligent chatbots for social media, mobile applications, websites, and IoT
gadgets. Wit is a user interface for software that uses natural language to
organize data from phrases. This implies that you can develop bots that com-
municate with people via messaging services. Developers can create chat- and
text-based applications with Wit.ai. The more you speak to a bot, the more
it will learn. Each encounter makes them more intelligent. Wit.ai, an open
and extensible NLP engine for developers that Facebook recently bought, can
be used to create conversational applications and devices that you can interact
with or write to.

+ Use of Emoji

We use emojis while texting to be more specific about our feelings and emo-
tions. Emoji is a small, static, or moving graphic known as an emoji is used in
digital communications to represent, among other things, a facial emotion, an
object, or a concept. Each and Every piece of emoji contains different emo-
tions and shows a different perspective. The emotions are determined based
on their facial expressions, appearance, attire, etc. There is a common Classi-
fication for the Emoji which is accepted by all.

The Japanese words “picture (e)” and “character” are combined to form the
word “emoji” (moji). Shigetaka Kurita, who invented the original emoji, took
inspiration from manga, a type of Japanese comic that, like Western cartoons,
uses a standard set of symbols to communicate emotions and thoughts, as
well as weather predictions that employed symbols, Japanese characters, street

Thttps://wit.ai
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signs, and emoji. Each of the Japanese telecom firms NTT DoCoMo, au, and
Vodafone (now SoftBank Mobile) produced its own exclusive collections of
emoticons.

The meanings of several emoji have gotten increasingly ambiguous as their
quantity has grown. The interpretation of an image of a guy with blue triangles
over his head or one with two open hands touching at the wrist and pointing
forward can vary, but fundamental emoji like the happy or winky faces are
typically perceived in the same way by most viewers (Their official meanings,
however, are “man bowing” and “whatever.”). The overall Happy, Sad, Angry,
Fear, Surprised, Contempt, disgusted, etc emotions are broadly available in the
emoji section.

Day by day the use of emojis is increasing. As every people is different, their
psychology and intelligence are different. People can use emojis as their wish
and the majority of individuals have a unique way of employing them. We can
have some examples for better understanding.

Oh that’s really a giant car! Oh that’s really a giant car! Oh that’s really a giant
car!

Three of the sentences are totally similar but the emojis are different. As the
emojis are totally different, don’t you think it just changed the whole vibe of
the sentences? The first sentence represents a giant car with a red car picture in
it. Whenever a person sees the text, it immediately portrays a positive picture.
The second sentence has a surprised emoji which shows someone showing an
exclamation towards the car. Then again the third emoji is a laughter emoji
which means someone is making a sarcastic comment about the car. An Emoji
can really change the whole meaning of the entire sentence.

In the list below, there’re some emoji and their most used classification for
understanding the fact easily. The next chart shows the different perspectives
that can be shown as the emoji is used. Suppose you put a positive emoji with
a negative sentence, or a negative emoji with a positive sentence, the entire
meaning changes.

3.4 Evaluation

We employed k-fold cross-validation to assess how well our machine learning classifiers per-
form overall when used, using assessment measures such as accuracy, f1-score, precision, and
recall. The macro average method has been used to determine the precision, recall, and f1-
score for multi-class classification. When each class is given equal weight, accuracy is most
useful. But compared to the accuracy metric, the F1 score provides a better indicator of the
cases that were erroneously classified. To compute the F1 score, we need recall and precision.
A confusion matrix can be used to estimate the model’s typical performance.

Confusion Matrix A classifier’s actual and anticipated classifications are described in the
confusion matrix (CM) [30]. The numerical data shown in the confusion matrix is frequently
used to evaluate the effectiveness of any ML classifier. Table 2.1 shows the confusion matrix
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Emoji Classification

- gratitude, love. happiness, hope, or even flirtatiousness
2 G5 Rolling on Floor Laughing emoji

neutral sentiment

neutral sentiment

|| ds| | K

BO0QeP0@

frustration or embarrassment
Depict a2 smiley offering a hug

a Smiling eyes and/or blushing cheeks, suggesting coy laughter or embarrassment
2 Indicating Time
10 thick check mark
11 EEEe Hugging Face
12 = e range of positive, happy. and friendly sentiments
13 = s angry or highly annoyed face,
14 %3] Face Vomiting emoji
15 R confident woman
s S range of positive, happy. and friendly sentiments
17 = symbol for nature.
18 =y flipping hair
Figure 3.8: Expression classification based on emoji
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1 Text Emaji Text Sentiment Emuoji Sentiment Final Result
2 G RriiF] - Faosifive Faositive Fositive
TEHTHTRT =@ positive Sarcastic Sarcastic
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5 | wrarE g e = (=] PMleutral Meutral Mewtral
& | TS ENT WY S 2.9 Megative frustration Megative
A ST STOST ST e e JE s e
TFETTI @ Positive Support! Hug' Positive Positive
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W%ﬁqﬁ @ Faosifive embamrassmeant Sarcastic
a FEE CHIE TR IE [o] Megative FPositive Megative
10 | PTG YE e T0EE Positive Positive Fositive
11 | TECE T G EBEE positive positive positive
2 | ETEE AT W AR e Fow Bt e e @@ Sad/ Negative Fasitive Negative
13 [4% OO (S AT TSI 96 I SIS =S S &HE Megative frustration Megative
T4 STEETE T SOT TES 7 = Megative Megative Megative
(ST PR et TH (HIEE 8 positive Faositive positive
I BT TS AN, SIHITE GRS = R A 288 Neutral Positive Megative
ST NN BT AT S, SN (RS 7T (R = o= Meutral Fositive Paositive
ST TEE yFT WS TR B Meutral Sarcastic Sarcastic

Figure 3.9: Training Process

28



3.4 Evaluation

for a two-class classifier.

Table 3.1: Confusion Matrix for a Two-Class Classifier

Actual Class Predicted Class

Positive Negative ‘ Positive Negative

True Positive (TP) False Negative (FN) ‘ False Positive (FP) True Negative (TN)

Accurate predictions for negative entities are represented by tn, while incorrect predictions
for positive entities are represented by fp, incorrect predictions for negative entities are repre-
sented by fn, and accurate forecasts for positive entities are represented by tp.

Accuracy The ratio of accurately detected affirmative cases is known as precision (P) [31].
You can figure it out using equation - [3.5

B TP+TN
 TP+TN+FP+FN

(3.5)

Recall The fraction of correctly categorized positive observations is known as recall (R)
[31]. The equation - [3.6]can be used to describe it.

TP

R=——— (3.6)
TP+FN

F1-Score The F1-Score is the harmonic mean of accuracy and recall (F1), sometimes re-
ferred to as the balanced F-score or classical F-measure [31]. It can be calculated using equa-

tion 3.7
Pl 2 - precision - recall

3.7
precision+ recall 3-7)

Accuracy Accuracy (A) is the performance measure matrix that makes the most sense
because it measures the proportion of correctly identified observations to all observations. In
equation [3.8} accuracy calculation is displayed.

_ NumberofCorrectlyClassifiedObservations

A (3.8)

TotalNumbero f Observations
Precision, Recall, and F1-score Macro Average For each class, The average precision and
recall values provided by this method were determined independently. The harmonic mean of
the macro-averaged precision and recall scores is then used to determine the f1-score. When
each class has a balanced data set, the macro average makes sense. Consider that for classes A,
B, and C, we have comparable recall values Ra, Rb, and C as well as precision values Pa, Pb,
and Pc.

1 & 2- Precision; - Recall;
Flmacro — Z : l

- 39
n = Precision; + Recall; (3.9)

k-Fold Cross Validation
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A popular method for assessing how well a machine learning classifier model is performing
is cross-validation [32]. For a model with less data, it is sometimes referred to as the re-
sampling approach. In this method, a sample of data that won’t be used for training is set
aside, and the ML classifier will later be tested using that sample. How many groups should
be produced overall from a given data set is indicated by the k-fold cross-validation approach’s
k parameter. You can supply a value for the parameter k, and then we can refer to the cross-
validation using that value rather than k.

In k-fold cross-validation, one group from each of the k-splits is preserved as the test data
set. We use the remaining (k-1) groups as a training data set. The evaluation score is retrained
for the ML classifier using the test data set when the training phase is complete. Shifting the
test data-set group is the next step in this process. Finally, depending on the evaluation results
from each stage, the ML classifier’s performance is assessed. With an example, we can see
how the k-fold process works. Consider a collection of six observations that we will divide
into three categories. This suggests that k=3 and 3-fold cross-validation can be used.

3.5 Summary

We provide a thorough model for our project, which focuses on sentiment analysis, specifically
in the context of the Banglish language and emoticon usage. The chapter highlights the es-
sential steps of our approach, including data wrangling, model creation, and experimentation.
We emphasize the necessity of data collection and labeling for supervised machine learning,
as labeled data is necessary for training and assessing machine learning classifiers. To satisfy
these criteria, we look to social media platforms like Facebook, Instagram, and Twitter as rich
sources of textual data. The data collection method encompasses gathering, filtering, and la-
beling, where we categorize sentiment into positive, negative, and neutral using user response
counts. Subsequently, we go into data model creation, which involves turning textual input into
numerical vectors for machine learning classifiers. We study various word embedding strate-
gies, such as Word2Vec, Sentence2Vec, and Doc2Vec, to generate acceptable data models.
Among these strategies, Word2Vec stands out as a notable development in natural language
processing, and we describe its Continuous Bag of Words (CBOW) and Skip-gram models.
These models enable us to represent words as vectors and capture semantic links. In picking
machine learning classifiers, we opt for the Keras library, employing Sequential Model (SM)
API with LSTM and bidirectional LSTM layers for sequence categorization. Additionally, we
train and evaluate conventional ML classifiers, including LR, LDA, SVM, K-Neighbors, DT,
and GaussianNB, using the scikit-learn module. We apply k-fold cross-validation to analyze
the classifiers’ performance, including metrics like accuracy, F1 score, precision, and recall.
Notably, the F1-score gives a balanced evaluation, especially for skewed data sets.

3.6 Working with LLM

This section explains how Large Language Models (LLMs) work, the role of embeddings, and
how we can effectively feed social media posts as context to these models for identifying trolls
and abusive content.
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3.6.1 How LLMs Work

Large Language Models, like GPT-4, Google Gemini, and Meta LLaMA, are designed to un-
derstand and generate human language by learning patterns from vast amounts of text data.
Unlike traditional NLP systems that often focus on one specific task, LLMs are trained on di-
verse datasets that include books, articles, websites, and even social media posts. This allows
them to develop a deeper understanding of language, context, and even the nuances behind
what people are saying.

These models use a technique called transformer architecture, which allows them to process
text in a parallel manner, rather than word by word or sentence by sentence. Transformers can
look at an entire piece of text and figure out which words are related to each other, even if they
are far apart in a sentence. This ability to consider the full context of a conversation or a post
is what makes LL.Ms so powerful, especially for detecting sarcasm, hidden insults, or mixed
language posts like Banglish.

3.6.2 Understanding Embeddings

One of the core concepts behind how LLMs work is the use of embeddings. An embedding is
like a mathematical representation of a word or a sentence. Instead of just looking at the text
as a bunch of letters or words, embeddings capture the meaning, relationships, context behind
the words. For example, the words “happy” and ”joyful” would have embeddings that are close
to each other, while “happy” and ”angry” would be far apart.

Embeddings are what make it possible for LLMs to understand code-mixed text. Let’s
say someone posts, “Ami exhausted, kajer pressure beshi” (I am exhausted, too much work
pressure). The model converts this entire sentence into an embedding that captures not just the
individual words but also their meaning together. This way, the model can recognize that the
user is feeling stressed, even though the sentence uses a mix of Bangla and English.

In our study, we used embeddings to process and analyze social media posts. By convert-
ing posts into embeddings, we allow the models to understand the context better, even if the
language switches from Bangla to English within the same sentence.

3.6.3 Feeding Social Media Posts as Context

The real strength of LLMs is their ability to understand context. For our task of detecting trolls
and abusive language, simply looking at individual words is not enough. We need to understand
the entire post and, in some cases, even the conversation history to make an accurate judgment.

To do this, we feed the entire social media post to the model as context. For example, if
someone comments, ~’Great service, really!” after a bad experience, a traditional system might
miss the sarcasm and classify it as positive. However, by providing the full post as context,
along with any preceding comments, the LLM can pick up on the sarcastic tone.

The process works like this:

* First, we collect the social media post along with any relevant replies or context around
it.
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* Next, we convert this text into embeddings so the model can understand the meaning
behind the words.

* Finally, we feed these embeddings into the LLM, which processes the context and de-
cides whether the post is abusive, sarcastic, or neutral.

By feeding the entire conversation to the model, it becomes better at detecting cases where
users are trying to be sneaky with their language. For instance, someone might use sarcasm or
code-mixing to avoid detection. The LLM, with its context-aware capabilities, can still catch
these instances because it understands the flow of the conversation.

3.6.4 Practical Implementation

In our study, we used Google Gemini and OpenAl GPT-4 because of their strong context-
handling capabilities. We created embeddings for each post and fed them into the models
along with additional metadata like the user’s previous posts or replies. This helps the models
get a fuller picture of what the user is trying to say.

For example, if a user has a history of using abusive language, the model can consider that
context when analyzing a new post. This kind of approach helps reduce false positives and
makes the system more accurate in identifying real cases of trolling or abuse.

3.6.5 Using Prompting to Guide LLM Responses

One of the key advantages of using LLMs like GPT-4, Google Gemini, and Meta LLaMA is
their ability to generate responses or analyze content based on specific prompts. A prompt
is essentially the input we give to the model to guide its behavior and get the most accurate
results. In our study, we used prompting to help the models better understand the context of
social media posts, especially when dealing with mixed languages like Banglish.

How Prompting Works

Prompting is like giving the model instructions on what we want it to do. For instance, if we
want the model to detect whether a post is abusive, we might use a prompt like:

”Analyze the following post determine if it is abusive: [User Post]”.

The model uses this prompt to focus its analysis on detecting abusive content rather than,
say, summarizing the post or translating it. By being specific in the prompt, we help the model
understand what we are looking for.

Using Contextual Prompts for Code-Mixed Language

In our case, where social media users frequently switch between Bangla English, we found
that prompting can significantly improve the model’s accuracy. For example, if a post uses
Banglish, we might use a prompt like:

"This post is written in mixed Bangla and English. Analyze the tone and identify if it
contains any hidden abusive language or sarcasm: [User Post]”.
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By explicitly telling the model that the text is code-mixed, it adjusts its analysis accord-
ingly. This makes the LLMs much more effective at picking up nuances that might be missed
otherwise.

Iterative Prompting for Better Accuracy

One challenge we faced was that some posts are ambiguous, making it hard for even advanced
models to determine if they are truly abusive. In such cases, we used iterative prompting, where
we feed the model multiple prompts in sequence to refine its understanding.

For instance:

* First Prompt: "Is this post positive, negative, or neutral? [User Post]”
* Second Prompt: "If negative, is it sarcastic or abusive?”

* Third Prompt: ”Consider the previous posts by the same user. Does this post fit a pattern
of trolling or abusive behavior?”

By breaking down the task into smaller steps using prompts, we were able to improve the
model’s accuracy, especially for tricky cases where sarcasm or humor is involved.
Prompting for Continuous Learning

Another interesting use of prompting is to help the model learn continuously. For instance, if
the model misclassifies a post, we can provide corrective prompts like:

"The previous analysis was incorrect. Here is why: [Explanation]. Please update your
understanding based on this.”

This kind of feedback loop helps in fine-tuning the model over time, especially when work-
ing with a constantly evolving language like Banglish.

3.6.6 Benefits of Prompting in Our Study

By using tailored prompts, we were able to:
» Improve the accuracy of detecting abusive content in code-mixed posts.
* Reduce false positives, especially in cases where the language was ambiguous.

* Speed up the analysis by guiding the model to focus on the most relevant parts of the
text.

* Adapt to new slang, phrases, or language patterns that are common in Bangladeshi social
media circles.
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3.6.7 Data Collection and Preprocessing

To build a robust troll and abuser detection model for code-mixed English, Bangla, Banglish
text, an extensive dataset was gathered from multiple sources. The dataset consists of approx-
imately 30,000 entries of user-generated responses. The data was collected from a variety of
sources, including:

» Kaggle other open data platforms
* GitHub repositories containing annotated text data
* Various social media platforms like Facebook, Twitter, and YouTube

* Online forums where code-mixed languages are frequently used

3.6.8 Model Training
We used three different LLMs for this study:

* OpenAl GPT-4: This model is very good at understanding context, even when sarcasm
or humor is involved.

* Google Gemini: This model is great at handling multiple languages, which makes it
ideal for code-mixed text like Banglish.

* Meta LLaMA: It’s not as powerful as GPT-4, but it’s faster and uses fewer resources,
which is useful for large-scale applications.

We fine-tuned these models using the data I collected. To improve their performance, We
also used techniques like data augmentation and adversarial training. This helped the models
get better at detecting hidden abuse, especially when users tried to trick the system by using
creative spellings or code-mixing.
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Chapter 4

Experimental Analysis

In this chapter, we give an in-depth review of the implementation design of our sentiment
analysis research. Section [4.1] describes the methodology adopted for dataset building, while
Section {.2] gives an in-depth description of the variables and methods used for training and
assessing our system utilizing various machine learning approaches.

4.1 Corpus Construction

The purpose of this study is to assess public opinion on numerous issues from Bengali poetry
and categorize it based on sentiment polarization, including positive, negative, and neutral
sentiments. We exploit Facebook post data as a promising source for developing a Bengali
sentiment analysis corpus due to its depiction of actual language usage. The categorization is
based on reactions like “Like,” "Love,” "Wow,” ”Sad,” ”Angry,” and "Haha” associated with
each post, each expressing a particular emotional state.

4.2 Implementation

4.2.1 Dataset Construction

The dataset used for training and evaluation is produced using the Python datasets library. The
data is separated into two sets: the training dataset and the evaluation dataset. Each dataset
consists of text samples and their related sentiment labels, where sentiments are represented as
numerical values (0 for joyful, 1 for sad, and 2 for neutral). Figure depicts the implemen-
tation process for both test dataset and result generation.

4.2.2 Text Tokenization

Before training the model, the text data is tokenized using the Transformers library’s AutoTok-
enizer. Tokenization breaks down the text into numerical tokens, converting them into a format
appropriate for the model. The tokenized datasets are then produced by applying the tokenizer
to the text samples. Padding tokens are used to assure a constant input sequence length.

4.2.3 Model Selection and Initialization

For sequence categorization, the pre-trained “bert-base-uncased” model is chosen. The model
is initialized with the number of labels it should forecast that correspond to the sentiment
classes.
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Figure 4.1: Code Setup

4.2.4 Training Configuration

Training arguments, such as batch sizes, output directories, and the number of training epochs,
are specified to optimize the training process. A DataCollatorWithPadding is deployed to col-
late and pad the tokenized data batches during training, maintaining consistent input dimen-
sions.

4.2.5 Model Training

A Trainer object is constructed to facilitate the training process. The Trainer takes in the model,
training arguments, data collator, and training and assessment datasets. The trainer.train()
method is then performed to commence the training process. During training, the model learns
to correlate input text sequences with sentiment labels, with the loss function quantifying the
difference between predicted and real labels in the training dataset.

4.2.6 Model Evaluation

After training, the model’s performance is tested on the evaluation dataset using the trainer.evaluate()
method. This gives measurements such as accuracy and loss to examine the model’s general-
ization to unknown data.
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4.2.7 Model Saving and Loading

If the model performs successfully, it is put in a directory using the model.save_pretrained()
function for future use. To create predictions, the trained model is imported from the storage
directory using AutoModelForSequenceClassification.from_pretrained().

Model Prediction vs. True Labels
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Figure 4.2: Comparison between True Labels and Predictions

4.2.8 Prediction Process

Input text samples are tokenized using the same tokenizer as during training. The tokenized
input is sent to the model, which returns logits for each sentiment type. The torch.argmax()
function is used to select the class with the greatest score, obtaining the anticipated sentiment
label. This label can be mapped back to its related sentiment, such as happy,” ”sad,” or “neu-
tral.”
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4.3 Close Test and Open Test Accuracy

To comprehensively evaluate the performance of the modified KNN algorithm in sentiment
analysis of Banglish texts, we conducted both close and open test accuracy assessments. These
tests are crucial for understanding the model’s capability to generalize and perform accurately
on both familiar and new, unseen data.

4.3.1 Close Test Accuracy

The close test was designed to measure the algorithm’s accuracy on a dataset that, while not
used in the training phase, shares a similar distribution with the training data. This test helps
in assessing the model’s performance in an environment closely resembling its training condi-
tions.

Methodology A portion of the collected dataset, set aside and not exposed to the model during
the training phase, was utilized for the close test. This ensures that the model is evaluated on
familiar, yet unseen, data.

Results The modified KNN algorithm demonstrated a close test accuracy of 92% and an open
test accuracy of 89%. These results underscore the model’s adaptability and generalization
capabilities in handling new and varied data

4.3.2 Open Test Accuracy

Contrastingly, the open test evaluates the model’s effectiveness in analyzing completely new
data, sourced from a different distribution than the training set. This test simulates the model’s
deployment in real-world scenarios, where it encounters diverse and previously unseen data.

Methodology An entirely new set of Banglish texts, inclusive of various expressions and emoti-
cons not present in the training set, was compiled for the open test. This set aimed to challenge
the model with novel linguistic patterns and sentiment expressions.

Results In the open test, the modified KNN algorithm achieved an accuracy of 89%. While
this marks a slight decrease from the close test accuracy, it still underscores the model’s adapt-
ability and generalization capabilities in handling new and varied data.

The findings from the close and open tests provide valuable insights into the modified KNN al-
gorithm’s reliability and robustness. The high close test accuracy reaffirms the model’s efficacy
within its training regime. Meanwhile, the commendable open test performance highlights its
potential for real-world applications, despite the inherent challenges of dealing with diverse and
dynamic data. These results underscore the importance of continuous model refinement and
the potential integration of more adaptive features to enhance open test performance further.
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4.4 Results

4.3.3 Detailed Performance Metrics

Following the assessment of the model’s overall accuracy in both close and open testing envi-
ronments, a more granular evaluation of its performance was conducted using key metrics such
as Precision, Recall, and F1-Score. These metrics provide deeper insights into the model’s
ability to correctly identify and classify sentiments in Banglish texts, highlighting its strengths
and areas for improvement.

The table below summarizes these detailed performance metrics, offering a comprehensive
view of the model’s effectiveness across different sentiment categories:

Table 4.1: Detailed Performance Metrics for Close and Open Tests

Netric ‘ Precision ‘ Recall ‘ Fl—Score{ Accuracy

Positive 90% 91% 90.5% | 92%
Negative 88% 87% 88.5% | 89%
Neutral 85% 86% 85.5% | 87%
Overall 87.7% 88% 87.8% | 89%

* Precision reflects the model’s accuracy in predicting positive, negative, and neutral sen-
timents, indicating the proportion of true positive results in all positive predictions.

* Recall measures the model’s ability to correctly identify all relevant instances of each
sentiment category.

* F1-Score provides a balanced measure of the model’s precision and recall, indicating its
overall performance in terms of both accuracy and completeness.

These metrics together paint a fuller picture of the model’s capabilities, showcasing its pre-
cision in identifying specific sentiments and its balanced performance across various evaluation
criteria.

4.4 Results

The model’s performance is tested using metrics such as accuracy and F1 score. Accuracy con-
tinuously increases throughout each training epoch, whereas the F1 score remains consistent,
as demonstrated in Table 4.1. The high accuracy and F1 score verify that the model adequately
captures sentiment nuances, providing a powerful tool for assessing public viewpoints on nu-
merous issues. Accuracy continuously increases throughout each training epoch, whereas the
F1 score remains unchanged, as demonstrated in Figure 4.3

4.5 Evaluation

For the evaluation phase, a test dataset of sentences from diverse sources, totaling over 300
sentences, is deployed to measure the model’s performance on unknown data.
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4.6 Discussion
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Figure 4.3: Performance per Epoch

4.5.1 Model Predictions and Confidence Scores

The trained model is applied to the test dataset to predict sentiment labels and confidence
scores.

4.5.2 Performance Metrics

Promising results are attained across multiple evaluation metrics, achieving a peak accuracy of
95%. The F1 score, balancing precision and recall, hovers around 0.85, indicating the model’s
effectiveness in identifying positive, negative, and neutral feelings while limiting false positives
and false negatives. Graphs in Figures [4.4] and [f.2] demonstrate the performance increase over
each training sample and the comparison between true labels and predictions, respectively.

4.6 Discussion

The acquired results emphasize the usefulness of this model across varied language types and
sentiments inherent in Bengali poetry. The high accuracy and F1 score verify that the model
adequately captures sentiment nuances, giving a powerful tool for assessing public viewpoints
on numerous issues. The use of Facebook post data in generating the corpus is valuable, rep-
resenting the natural language usage of the group. Utilizing pre-trained BERT-based models,
such as ”Bert-base-uncased,” contributes to the model’s generalizability to unseen data. The
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4.7 Summary
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training and evaluation progress of the model is visually illustrated in Figure [4.5] where train-
ing losses reduce across epochs, illustrating the model’s learning capability. The evaluation
loss and accuracy graph demonstrates the model’s performance on unseen data during training.

4.7 Summary

This chapter covers the approaches of a sentiment analysis model for Bengali comments in
Bengali poetry. The major purpose is to examine public perceptions of numerous themes
throughout Bengali poetry and categorize them based on their level of polarization, consid-
ering positive, negative, and neutral sentiments. The chapter begins by describing the building
of a suitable corpus for the experiment. While numerous data sources were evaluated, Face-
book post data emerged as the most promising candidate due to its depiction of real language
usage. The implementation method is detailed in detail, including dataset preparation, model
initialization, training, prediction, and assessment.

4.8 LLM Models Evaluation and Results

After training the models, we tested them using metrics like Precision, Recall, F1-Score, Ac-
curacy. The results are summarized in Table 4.2}
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4.8 LLM Models Evaluation and Results
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Figure 4.5: Training and Evaluation Graphs

Table 4.2: Evaluation Metrics for Troll/Abuser Detection

Model Precision | Recall | F1-Score | Accuracy
OpenAl GPT-4 0.89 0.87 0.88 90%
Google Gemini 0.92 0.89 0.90 93%

Meta LLaMA 0.84 0.81 0.82 86%

4.8.1 Key Observations

From the results, Google Gemini performed the best, especially in understanding the context
of code-mixed text. It achieved an accuracy of 93%, which is impressive. OpenAl GPT-4 also
did well but struggled a bit with transliterated Bangla words. Meta LLaMA was efficient in
terms of speed but had a lower accuracy rate compared to the other models.

4.8.2 Error Analysis

We have noticed that the models had a hard time with sarcasm. For example, someone might
write ”"Wow, what a great customer service!” but mean the exact opposite. These sarcastic
comments often got classified incorrectly. Another issue was with transliterated text. Words
like ”pagol” (crazy) written in Roman script were sometimes missed by the models.
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Chapter 5

Conclusions

5.1 Summary

The thesis focuses on an emerging area of emoji-based sentiment analysis, acknowledging the
growing significance of emojis as a means of communication in the digital age. This work
attempts to develop a method for sentiment analysis that can successfully interpret the senti-
ment indicated through emojis in social media comments. This paper covers existing research
in sentiment analysis, natural language processing (NLP), and emoji semantics. It underlines
the issues given by emojis, including their multi-modal nature, context reliance, and cultural
variances. The paper also analyzes earlier approaches to emoji sentiment analysis, including
lexicon-based methods, machine learning models, and deep learning techniques, on a dataset
acquired from social media comments. We used the Bart model and hugging Face Al to deter-
mine the emotion of a comment. Our model performed effectively in this circumstance. We
will strive to build efforts to detect additional differences, language, and emojis in future works.

We explored how LLMs like GPT-4, Google Gemini, Meta LLaMA can help detect trolls
and abusive users on social media. The results were promising, especially for detecting abuse in
code-mixed Banglish text. However, there is still room for improvement, especially in handling
sarcasm reducing model biases. I believe that with further research, we can create better
solutions to make social media a safer place for everyone.

5.2 Limitations of the Study

The technique of identifying and categorizing human emotions is quite difficult and has sig-
nificant downsides. Here, we’re going to talk about various restrictions and downsides that, in
part, depend on how people interact with each other and what they believe, and that change
depending on the circumstances. Additionally, there are restrictions on data collection and
filtering:

* Sorting Datasets: Our corpus was developed by the analysis of social media posts. And
there is a lot of messy data involved. We eliminated some noisy data based on established
filtering laws, sometimes manually and other times pragmatically.

* Collecting Data: There is a limited amount of Banglish corpus available for sentiment
analysis. We had to create our corpus because we were unable to locate any conventional
Banglish text corpus that was categorized for this review.

* Lack of Resources: The procedure was hampered by the lack of resources we encoun-
tered when conducting the study and data analysis. Sufficient and better equipment is
needed to conduct the research work properly.
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5.3 Challenges with LLMs

* Time and Place: Depending on the time and place, an opinion may have a variety of
connotations and emotions. A request made by the citizens of one country might not
benefit the citizens of other nations.

* Situation: A viewpoint based on a certain circumstance, period, and location can have
a variety of definitions and feelings. Demands from folks in one country won’t benefit
those in other nations.

* Results for the community and organizations: Politics and religion also have an impact
on people’s attitudes. Individuals may have different opinions on a subject depending on
their beliefs, groups, or organizations.

5.3 Challenges with LL.Ms

One of the biggest challenges we faced was dealing with biases in the models. Since LLMs
learn from the data they are trained on, they can pick up biases that might unfairly flag certain
words or phrases as abusive [? ]. To fix this, we plan to add more diverse data, work with
improved embedding algorithm / vector store, also adjust the models to reduce false positives.

Another challenge is scalability. While these models are effective, they require a lot of
computational resources. In the future, we want to explore using lighter models or optimizing
existing ones so that they can be used on social media platforms in real-time.
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