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ABSTRACT 
Sentiment Analysis (SA) is indeed a rapidly growing field within computer 

science, particularly in the realm of natural language processing (NLP). It 

involves the automated analysis of text to determine the underlying sentiment or 

emotion expressed within it. This capability holds significant importance in 

various applications such as social media monitoring, customer feedback 

analysis, market research, and more. 

 

In my specific study, I have focused on sentiment analysis in the context of the 

Bengali language, which is a valuable contribution considering the relatively 

limited research in this area. By examining emotions such as happiness and 

anger, I am addressing fundamental aspects of human expression within the 

linguistic context of Bengali. 

 

My methodology involves employing different machine learning techniques to 

train a dataset for sentiment analysis. Let's delve into the techniques I have 

utilized and the corresponding accuracies: 

Logistic Regression (LR): This is a statistical method used for modeling binary 

outcomes, making it suitable for sentiment analysis tasks where the goal is to 

classify text into positive or negative sentiments. My LR model achieved an 

accuracy of 79.80%, indicating its effectiveness in capturing the nuances of 

sentiment in Bengali text. 

 

Decision Tree (DT): Decision trees are a popular machine learning algorithm for 

classification tasks. They partition the feature space into smaller regions based on 

certain criteria, making them interpretable and easy to visualize. My DT model 

achieved an accuracy of 78.44%, demonstrating its capability in discerning 

sentiment patterns in Bengali text. 

 

Random Forest (RF): Random Forest is an ensemble learning technique that 

combines multiple decision trees to improve predictive performance and reduce 

overfitting. My RF model achieved a similar accuracy to LR, further validating 

its effectiveness in sentiment analysis tasks. 

 

Bernoulli Naive Bayes (BNB): Naive Bayes classifiers are based on Bayes' 

theorem and assume independence between features. Bernoulli Naive Bayes 

specifically works well with binary features, making it suitable for sentiment 

analysis where the presence or absence of certain words may indicate sentiment. 

My BNB model achieved an accuracy of 79.73%, demonstrating its 

competitiveness with other techniques. 
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K-Nearest Neighbors (KNN): Classifying instances according to the majority 

class among their K nearest neighbors (KNN) is the basis of the straightforward 

and user-friendly KNN classification technique. While my KNN model achieved 

a lower accuracy of 68.02%, it still provides valuable insights into sentiment 

patterns in Bengali text. 

Support Vector Classifier (SVC): SVC is a powerful classification algorithm that 

works by finding the hyperplane that best separates different classes in the feature 

space. My SVC model outperformed the other techniques with an accuracy of 

81.48%, indicating its effectiveness in capturing complex sentiment patterns in 

Bengali text. 

 

Keywords: Bengali Comment, TF-IDF, SVM, Sentiment, KNN 
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CHAPTER 1 

Introduction 

 

1.1 Introduction 
Sentiment analysis (SA), also known as opinion mining (OP), constitutes the 

examination of human emotions through systematic processes involving the 

detection, extraction, measurement, and interpretation of affective states and 

contextual information within text, facilitated by Natural Language Processing 

(NLP). This method aims to discern the emotions conveyed within a text, thereby 

enhancing the understanding of attitudes, opinions, and sentiments expressed in 

online content. In today's dynamic environment, the ability to identify underlying 

emotions holds paramount importance. By discerning the motives behind human 

actions, ranging from consumer choices to detecting criminal intent and 

improving workplace dynamics, various industries stand to benefit significantly. 

Leveraging the highly automated technique of sentiment analysis enables the 

determination of an individual's perspective from spoken or written 

communication, even extending to video content. Human emotions stem from 

biochemical changes in the neurophysiological system, influencing feelings, 

thoughts, and behavioral responses (Panksepp, 2004; Damasio, 1998; Ekman et 

al., 1994). 

 

Psychologists have extensively studied the vast spectrum of human emotions, 

attempting to categorize and define them through various concepts. Among these 

efforts, researchers have proposed six fundamental emotions: regret, joy, anxiety, 

disgust, fury, and surprise. Notably, within computer science circles, the term 

"Sentiment Analysis" gained prominence as researchers sought to discern these 

core human emotions from diverse forms of human expression, such as text, 

speech, and facial expressions. 

 

The origins of sentiment analysis can be traced back to academic research 

conducted during and after World War II, initially motivated by political 

interests. However, it was not until the mid-2000s that modern sentiment 

analysis, which primarily focuses on analyzing product reviews available online, 

gained widespread recognition (Viking et al., 2016). Subsequently, sentiment 

analysis applications expanded to encompass areas such as stock market 

predictions and assessing public sentiment following events like terrorist attacks. 

 

Moreover, sentiment analysis serves as a valuable tool for monitoring public 

opinion on specific topics, particularly through social media channels. Its 

effectiveness spans across various applications, prompting organizations 

worldwide to capitalize on social data for information gathering purposes. 
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However, upon reviewing numerous research projects on human emotion 

analysis, it becomes apparent that, possibly due to the linguistic intricacies of the 

Bangla language, there is a notable scarcity of studies compared to those 

conducted for English and other languages (Drovo et al., 2019; Hossain et al., 

2021). 

 

Bangla, spoken by approximately 250 million native speakers worldwide, ranks 

as the fourth most widely used language globally. Given its widespread usage, I 

directed my focus towards leveraging Bangla for emotion extraction, recognizing 

its prevalence as a language through which around 250 million individuals 

communicate their emotions. However, the detection of slang or derogatory 

expressions in Bangla presents a greater challenge compared to English, owing to 

a scarcity of available information on this linguistic aspect (Mumu et al., 2021; 

Islam et al., 2019). 

 

Furthermore, Bengali speakers vary in their religious beliefs. Religious violence 

is rising daily as a result of people disparaging other religious beliefs on social 

media. Social media platforms like Facebook, Twitter, and others are typically 

used by people to share their opinions and ideas, and a large amount of 

information is available reading a many different topics (Mahmudun et al., 2016). 

In this research, I suggested a method to estimate sentiment from Bangla-written 

text using the SVM algorithm, inspired by the use of sentiment analysis. 

 

 

 

1.2 Problem around the world 
People of different languages live in the world. We know that English is an 

international language. Apart from international languages, people also express 

their opinions in their own language. People feel more comfortable to comment in 

his own language on different social media, mass media of his country etc (van et 

al., 2008). Because of English is an international language, sentiment analysis of 

this language is easier than other languages. Sentiment analysis in other 

languages is quite difficult as compared to English language ((Bautin et al., 

2008)). For example, when Japanese people comment in Japanese language, 

sentiment analysis should be done separately for Japanese language, because 

sentiment analysis program for English language, it will not work for Japanese 

language. Sentiment is not match one language to another language, so this is 

very big problem to analyses the sentiment (Varghese & Jayasree, 2013). 

Therefore, sentiment analysis has to be done separately for different languages. 
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1.3 Problem around Bangladesh 
Bangladesh is moving forward in keeping with the world. The present age is the 

age of globalization. The people of Bangladesh have also entered the age of the 

Internet and the use of the Internet is increasing along with it (Mamun et al., 

2019). The trend of publishing comments using the Internet is also increasing day 

by day. People are expressing their comments on different social media and 

different platforms. Bengali language is different from English language so 

English language sentiment analysis is not suitable for Bengali language 

(Varghese & Jayasree, 2013). At this time we need appropriate sentiment analysis 

process for Bengali language. Need different filtering system, stop word and 

other process which is separate from English language sentiment analysis. 

 

 

1.4 Application 
In essence, opinion mining (OP) and sentiment analysis (SA) provide an opportunity 

to delve into the attitudes of audience members and evaluate the state of a product 

from an adversarial perspective. As a result, sentiment analysis (SA) emerges as a 

valuable technique for a multitude of purposes (Mejova, 2009; Mehta & Pandya, 

2020), including: 

 Enhanced product analytics 

 Market research 

 Reputation management 

 Precision targeting 

 Marketing analysis 

 Public relations (PR) 

 Product reviews 

 Net promoter scoring 

 Product feedback 

 Customer   Service



4   ©Daffodil International University 

CHAPTER 2 

Review of Literature 
2. Related Works 
Viking et al. (2016) conducted a thorough review and found that sentiment 

analysis, which has its roots in early surveys on public opinion research 

conducted in the early 20th century and the development of text analysis by 

computational language research groups in the 1990s, is a rapidly expanding field 

of study within computer science. The proliferation of text data on the internet, 

combined with advancements in computer-based sentiment analysis techniques, 

notably accelerated during significant events such as outbreaks. This progress has 

had profound implications across various industries by enabling the identification 

of underlying sentiments in textual or audio messages. As a result, sentiment 

analysis has been the subject of extensive exploration in numerous studies 

utilizing diverse methodologies (Khan et al., 2021). 

 

I discovered a number of publications that were pertinent to my field of study 

while doing my research. Das and Bandyopadhyay (2010) conducted a 

remarkable work in which they suggested a hybrid method to extract views from 

literature written in both Bangla and English. This mechanism integrates rule-

based and automated systems. Their methodology comprised the application of 

Support Vector Machines (SVM) in conjunction with Natural Language 

Processing (NLP) approaches. 

 

Furthermore, Mahmudun et al. (2016) conducted research aimed at augmenting 

existing solutions by integrating the concepts of Term Frequency (TF) and 

Inverse Document Frequency (IDF) values. Through the utilization of these 

values, they effectively extracted different attributes of negative, neutral, and 

positive terms from Bangla text, thereby enhancing the accuracy of results. 

 

Moreover, Das (2011) introduced an emotion monitoring methodology tailored to 

specific subjects or events. This approach integrated sense-based affect rating 

techniques with SentiWordNet for analyzing text in both English and Bangla 

languages. 

 

Similarly, Hasan and Rahman (2014) used WordNet and SentiWordNet to 

determine the semantic meanings and polarity of terms in the Bangla language. 

Their sentiment recognition techniques that were adapted for Bangla text analysis 

were based on these conclusions. 

 

Additionally, Chowdhury and Chowdhury (2014) used the Maximum Entropy 

(MaxEnt) technique in conjunction with Support Vector Machine (SVM) in a 

different study to automatically extract sentiments from messages on Bangla 
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microblogs (Twitter). Whether the polarity was positive or negative, their 

methodology made it easier to identify the attitudes present in the text. 

 

In a separate study, Go et al. (2009) employed three machine learning techniques, 

namely Support Vector Machine (SVM), Maximum Entropy (MaxEnt), and 

Naive Bayes, to discern emotions in Twitter messages containing emoticons. 

 

Additionally, Pandey and Govilkar (2015) proposed a method for sentiment 

analysis of Hindi movie reviews, utilizing HindiSentiWordNet (HSWN) and the 

Synset Replacement Algorithm (SRA) in their approach. 

 

In their work on extracting emotions from Bangla text, Tuhin et al. (2019) 

proposed two machine learning techniques: the Naive Bayes Classification 

Algorithm and the Topical Method, applied at both article and sentence levels. 

Additionally, in a separate study, Tuhin et al. (2019) devised a sentiment analysis 

model leveraging Latent Dirichlet Allocation (LDA), which they employed to 

assess the popularity of tweets. 

 

Moreover, Umamaheswari et al. utilized Support Vector Machine (SVM) and 

Latent Dirichlet Allocation (LDA) to identify viewpoints from the IMDB movie 

analysis dataset. 

 

Taboada (2016) gives a general review of sentiment analysis, a branch of 

linguistics and computer science that focuses on automatically identifying text's 

emotional content. It goes on sentiment analysis's uses, how it interacts with 

linguistics, and how it fits into social media analysis. 

 

Bhadane et al. (2015) investigate techniques for categorizing text according to the 

viewpoints represented within it, with a focus on whether the sentiment is good 

or negative. Additionally, a two-step technique for sentiment analysis is covered. 

 

Mishra et al. (2021) delve into sentiment analysis within code-mixed social 

media texts for Dravidian languages, with a specific focus on Tamil, Malayalam, 

and Kannada. Their study explores the utilization of both machine learning and 

deep learning models to effectively recognize sentiments expressed in code-

mixed text. 

 

Using sentiment analysis of spoken conversation transcripts, Ojamaa et al. (2015) 

estimates speakers' attitudes based on their utterances. With the help of 

conventional sentiment analysis techniques, it reports encouraging results. 

 

An approach to assessing sentiment is provided by Shaikh et al. (2008), which 

focuses on identifying sentences' positive or negative valence. Semantic 
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dependency analysis and rule-based techniques for text sentiment analysis are 

covered. 

 

For sentiment analysis, Hogenboom et al. (2014) suggest translating the 

sentiment expressed in natural language text to standardized star ratings. It 

examines several mapping techniques and how well they work with datasets in 

both Dutch and English. 

 

Awatramani et al. (2021) use a variety of techniques, such as lexicon-based, rule-

based, and machine learning, to analyze sentiment in mixed-case languages like 

Hinglish (Hindi-English). It assesses how well these methods work in 

categorizing sentiment. 

 

Verma and Thakur's (2018) discussion of sentiment analysis emphasizes text 

reviews, methods, lexicons, and machine learning techniques for examining 

people's attitudes and sentiments. 

 

The efficacy of psychological and linguistic variables for sentiment classification 

in the Spanish language is assessed by Salas-Zárate et al. (2017). It analyzes 

sentiment in traveler evaluations using a variety of metrics and classifiers. 

 

From a cognitive standpoint, Panikar et al. (2022) present a thorough taxonomy 

of sentiment analysis, distinguishing many sentiment components in natural 

language. It goes over how these classifications are used in many fields. 

 

In order to reveal hidden meaning in unstructured data, Solanki (2019) uses the 

Natural Language Toolkit and Python Libraries to demonstrate the sentiment 

analysis procedure. 

 

In their study, Bhattacharya and Banerjee (2017) looked into the use of linguistic 

cues to identify sentiment in Twitter tweets. To evaluate sentiment in tweets, it 

uses polarity classification models and n-gram language models. 

 

According to Dhuria (2015), sentiment analysis and opinion mining are two key 

areas of focus within the field of natural language processing. The research 

underscores the importance of sentiment analysis, particularly in the realm of 

analyzing digital data. 

 

Giatsoglou et al.'s (2017) discussion of sentiment analysis and opinion mining 

focuses in particular on the difficulties of sentiment identification across 

linguistic boundaries. It suggests a machine learning strategy utilizing different 

document vectorization techniques. 
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Bilal (2021) emphasizes the significance of comprehending sentiment in diverse 

languages by focusing on sentiment analysis in Arabic tweets. It assesses various 

algorithms for Arabic text sentiment prediction. 

 

Tan et al. (2023) highlight the importance of sentiment analysis in natural 

language processing and its uses in a variety of industries, including marketing 

and politics. They also give an overview of recent developments, difficulties, and 

potential future directions for sentiment analysis research. 

 

Zia et al. (2018) analyze various strategies for sentiment classification, including 

algorithms and application domains, with a focus on sentiment analysis as a text 

mining technique. 

 

Verma & Thakur (2018) use lexical and machine learning techniques to examine 

sentiment analysis. It emphasizes how critical it is to consider user emotions and 

viewpoints, particularly on social networking platforms. 

 

With a focus on social media data, Jindal & Aron (2021) investigate sentiment 

analysis as a method for recovering human emotions from unstructured text. It 

talks about several sentiment analysis methods and algorithms. 

 

The need for sentiment analysis is discussed by Attri & Dutta (2020) in relation 

to the growing trend of opinion sharing on social media. It gives an examination 

of various sentiment analysis techniques. 

 

The study by Dorothy & Rajini (2016) examines several techniques and 

methodologies for sentiment analysis, focusing on its use in social media, 

consumer feedback, and areas like movie reviews. 

 

In their article, Kaushik & Naithani (2015) cover the methods and tools utilized 

in sentiment analysis as well as the difficulties with the technique. It underlines 

how crucial it is to comprehend what the general public thinks of goods and 

services. 

 

Alasmari et al. (2017) talk about sentiment analysis as a way to extract irrational 

information from text data, with a particular emphasis on attitudes and opinions 

regarding specific topics. It highlights how crucial it is for both consumers and 

producers. 

 

Various sentiment analysis algorithms are examined by Sinha & Kaur (2016, 

November), who compare them based on their accuracy. It draws attention to the 

value of sentiment analysis in assessing user opinions. 
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In their study of sentiment analysis methodologies and approaches, Arya et al. 

(2020, May) place a special emphasis on the extraction and categorization of 

sentiments or views from various sources. 

 

In the context of natural language processing, Vohra et al. (2013) explore 

sentiment analysis strategies and give a comparison examination of various 

techniques. 

 

Feldman (2013) examines sentiment analysis's key uses and difficulties, 

highlighting its importance in the field of computer science. 

 

Bhadane et al. (2015) concentrate on techniques for categorizing natural language 

text in accordance with the opinions conveyed in it, whether those opinions are 

favorable or unfavorable. 

 

In their article, Shukla & Shukla (2015), they go over numerous sentiment 

categorization and analysis approaches, emphasizing the value of examining user 

feedback in digital data. 

 

With a focus on improving accuracy through feature selection and current 

classification procedures, Vaghela et al. (2016) appear to be primarily concerned 

with examining and analyzing various sentiment classification strategies. 
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CHAPTER 3 

Methodology 
3.1 Methodology 
In my research on text classification, I employed Supervised Learning, one of the 

three primary areas of Machine Learning, as outlined by Das et al. (2021). This 

approach was well-suited for my investigation, considering that my dataset was 

multiclass labeled, making it suitable for classification tasks. Supervised 

classification of text necessitates pre-defined classification categories, relying on 

a pre-labeled dataset with accurate values. 

 

Machines are incapable of comprehending free image, text, or video data; they 

can only process binary data represented as 0s and 1s. To render data machine-

readable, it must be converted or encoded. To achieve this, I applied TF-IDF 

(Term Frequency-Inverse Document Frequency) using the "Scikit-learn" Python 

library. The dataset had to be cleaned up and converted into vector format. 

 

My study's methodology consisted of cleaning the dataset, converting it into a 

machine-readable format, and then using the modified dataset to train machine 

learning models. When I compared SVM (Support Vector Machine) classifier to 

other classifiers like K-Nearest Neighbors, Naive Bayes, Random Forest, and 

Logistic Regression, it yielded very good results for my study. The purpose of 

using extra classifiers was to make sure the outcomes were legitimate. Because 

of its kernel technique, which allows it to handle nonlinear input forms, SVM is 

well recognized (Datacamp.com, 2021). 

 

There are two key steps in supervised learning-based sentiment analysis 

document categorization. The trained classifier, as shown in Fig. 1, projects the 

target class of unknown test data after being trained using the training set. This 

allows the testing phase to evaluate the accuracy of the model. 
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Figure-1: Functioning Mechanism of the Suggested Approach 

 

3.2 Data Collection 
For this research, data collection was conducted through GitHub. The gathered 

data was initially stored in an Excel sheet in its raw format and subsequently 

exported as a CSV Excel sheet, as described by Mahmudun et al. (2016). 

 

In total, 11705 comments were collected as raw data for this study where 6058 

were associated with strongly positive sentiment, 3091 were associated with 

strongly negative sentiment, 1443 were associated with weakly negative 

sentiment, 852 were associated with weakly positive sentiment, while the 

remaining 261 data points were related to neutral sentiment. Upon analyzing the 

collected data, it will be separated into five categories: strongly positive, strongly 

negative, weakly negative, weakly positive and neutral sentiments. 

 

Table-1: show the Sample dataset and Figure-2: show the Class Polarity 

distribution where (-1.0 to -0.61) for strongly negative, (-0.60 to -0.19) for 

weakly negative, (-1.0 to -0.61) for strongly negative, (-0.20 to 0.20) for neutral, 

(-1.0 to -0.61) for strongly negative, (0.21 to 0.60) for weakly positive and (0.61 

to 1.0) for strongly positive. 

 

 

Output 

Data Collection 

Data Preprocessing 

Model Selection 

Model Training 

Testing Data 
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Table-1: Sample Data 

 

 

Figure-2: Dataset Distribution 
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3.3 Data Cleaning 
In the process of data preprocessing, the collected raw data consisted of various 

comments, but the requirement was to retain only pure Bangla text while 

removing any mixed-language comments to reduce noise and enhance model 

accuracy. This meant removing irrelevant information and keeping comments 

that were either entirely written in Bangla or included both Bangla and other 

characters. 

 

The remaining comments were then subjected to additional cleaning based on 

certain requirements, such making sure that the Unicode value of every 

character was between 2432 and 2559 or 32. Bangla fonts are represented by 

Unicode values between 2432 and 2559, with 32 signifying space. After then, 

the dataset was split into Happy and Anger, two separate classes. 

 

Furthermore, a set of Bangla stop words was compiled for the research project 

and removed from the data. These stop words, totaling around 388, included 

terms like 'অতএব', 'অথচ', 'অথবা', 'অনুযায়ী', 'অননক', 'অনননক', 'অনননকই', 

'অন্তত', and 'অনয'. 
 

To implement this preprocessing, Python code was utilized for removing 

punctuations, emojis, and non-Bengali words, as depicted in Figure-3. 

Additionally, Figure-4 illustrates the Python code for eliminating Bangla stop 

words. Table-2 displays the cleaned data after preprocessing. 

 

 

 
Figure-3: Removing punctuations, emoji and non-Bengali word 

 

 

 

 
Figure-4: Removing Bangla stop word 
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Table-2: Sample of Cleaned data 

 

 3.4 Machine learning algorithms and statistical analysis 
In my dataset, there are 6058 records for strongly positive conversations, 3091 

records for strongly negative conversations, 1443 records for weakly negative 

conversations, 852 records for weakly positive conversations, 261 records for 

neutral conversations. I used the train-test split function to separate the dataset. 

Techniques for supervised machine learning were used. I used 80% of my data to 

train our model, and 20% of the data for testing. I used some classifier-based 

techniques to determine the accuracy on our dataset. These include the Logistic 

Regression (LR), Decision Tree (DT), Random Forest (RF), Bernoulli Naive 

Bayes (BNB), K-Nnearest Neighbors (KNN) and Support Vector Machine 

(SVM). Figure-6: Illustrates how I conducted our research in brief terms. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure-5: Proposed Model Structure 

 

Model Training 

Data Collection 

Data Preprocessing and Feature Extraction 

Selection of Training and Test Data 

Applying Machine Learning Algorithms 

LR , DT , RF , BNB , KNN , SVM 
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3.4.1 Feature extraction 

In this context of natural language processing tasks, machine learning techniques 

are applied to accomplish my objectives. My model is trained by a feature 

extraction process that involves two primary characteristics. I utilize a method 

known as tokenizer to implement this technique, which involves dividing phrases 

into individual word parts. These words possess unique properties and are 

common across the text. Additionally, I make use of TF-IDF a numerical 

representation that assesses the importance of a word within a text. This approach 

has been successfully adopted by prominent publications for various languages. 

Motivated by their achievements, I observed that our learning algorithms also 

achieved high accuracy. 

 

 

3.4.2 Classifier algorithms 

In the context of classification tasks, several decision trees are often constructed 

during the training process. Naïve Bayes classification operates under the 

assumption of independence between different characteristics within a class. This 

model is known for its simplicity and efficiency, especially when dealing with 

large datasets. In fact, Naïve Bayes can outperform more complex classification 

algorithms in certain scenarios. Conversely, logistic regression is capable of 

generating a probability model for a particular class or event. For instance, it can 

be employed to classify groups of images containing pictures of various animals 

into distinct classes using a single model. 
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CHAPTER 4 

Results & Analysis 
4.1 Results 
Four crucial indicators were used in order to evaluate the suggested classifiers' 

performance: Accuracy, Recall, Precision, and F1-Score. These metrics provided 

comprehensive insights into the model's performance, allowing for a clear 

understanding of its efficacy. 

For each metric, five classifiers were evaluated alongside SVM to determine the 

optimal classifier. By comparing the performance of these classifiers across 

multiple metrics, the most effective model could be identified, ensuring robust 

sentiment analysis. 

This approach enabled a thorough examination of each classifier's ability to 

accurately classify sentiment, providing valuable insights into their strengths and 

weaknesses. 

 

4.1.1 Accuracy 

The accuracy, as defined by Mahmudun et al. (2016), represents the ratio of 

correctly predicted True Negatives (TN) and True Positives (TP) to the total test 

dataset. Mathematically, accuracy (Acc) can be calculated using the following 

equation (Eq. 1): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 … … … … … … … … … … … … … … . (1) 

 

Where: 

 TP represents the number of True Positives, 

 TN represents the number of True Negatives, 

 FP represents the number of False Positives, and 

 FN represents the number of False Negatives. 

This formula allows for the quantification of the model's overall correctness in 

predicting the sentiment of the test dataset. A higher accuracy score indicates 

better performance, as it reflects a higher proportion of correctly predicted 

sentiments. 

After training the algorithms with a dataset labeled with five classes, the accuracy 

scores obtained were as follows: Logistic Regression (LR) achieved an accuracy 

of 79.80%, Decision Tree (DT) attained 78.44%, Random Forest (RF) achieved 

79.80%, Bernoulli Naive Bayes (BNB) obtained 79.73%, K-Nearest Neighbors 

(KNN) achieved 68.02%, and Support Vector Classifier (SVC) yielded an 

accuracy of 81.48%. These accuracy scores reflect the proportion of correctly 

predicted sentiments by each classifier, providing insights into their respective 

performances in sentiment analysis.
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Figure-6: Different Classifier’s Accuracy 

4.1.2 Precision 

The precision metric, as described by Mahmudun et al. (2016), assesses the 

accuracy of a class prediction. It shows whether or not the positive class's 

predictions are accurate. Precision measures the proportion of true positive 

predictions out of all positive predictions made by the classifier. Mathematically, 

precision (Prec) can be calculated using the following equation (Eq. 2): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 … … … … … … … … … … … … … … . (2) 

 

Where: 

 TP represents the number of True Positives, 

 FP represents the number of False Positives. 

 

This formula quantifies the correctness of positive predictions made by the 

classifier, providing insights into its ability to accurately identify instances of the 

positive class. A higher precision score indicates a lower rate of false positives 

and higher accuracy in predicting the positive class. 

 

After training the algorithms with a dataset labeled with five classes, the precision 

scores obtained for each classifier were as follows: Logistic Regression (LR) 

achieved a precision of 82.46%, Decision Tree (DT) attained 80.62%, Random 

Forest (RF) achieved 81.97%, Bernoulli Naive Bayes (BNB) obtained 82.84%, 

K-Nearest Neighbors (KNN) achieved 77.05%, and Support Vector Classifier 

(SVC) yielded a precision of 82.19%. 
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Precision is defined as the ratio of correctly predicted positive views to all 

positively predicted observations. A lower false positive rate corresponds with a 

greater precision score, which denotes a higher prediction accuracy of positive 

opinions. Consequently, classifiers that score higher on accuracy metrics are 

better at correctly identifying pleasant emotions. 

 
Figure-7: Precision of Different Classifiers 

 

Figure-7 illustrates that Bernoulli Naive Bayes (BNB) exhibits high precision 

across all five classes. Conversely, the K-Nearest Neighbors classifier 

demonstrates lower precision values compared to BNB, although it successfully 

classifies all classes. Precision, while informative, may not provide a 

comprehensive understanding on its own, as it primarily focuses on the positive 

class. Therefore, It is frequently used in conjunction with the Recall metric to 

offer a more comprehensive evaluation of a classifier's effectiveness. 
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4.1.3 Recall 

The recall, as defined by Mahmudun et al. (2016), represents the ratio of correctly 

predicted positive observations to all observations in the actual positive class. 

Unlike precision, recall considers false negatives (FN) in its calculation. 

Mathematically, recall (Rec) can be calculated using the following equation  

(Eq. 3): 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 … … … … … … … … … … … … … … . (3) 

 

Where: 

 TP represents the number of True Positives, and 

 FN represents the number of False Negatives. 

 

This formula quantifies the ability of the classifier to correctly identify all 

positive instances within the dataset, providing insights into its sensitivity to the 

positive class. A higher recall score indicates a lower rate of false negatives and 

higher coverage of positive instances by the classifier. 

 

After training the algorithms with a dataset labeled with five classes, the recall 

scores obtained for each classifier were as follows: Logistic Regression (LR) 

achieved a recall of 79.80%, Decision Tree (DT) attained 78.44%, Random 

Forest (RF) achieved 79.80%, Bernoulli Naive Bayes (BNB) obtained 79.73%, 

K-Nearest Neighbors (KNN) achieved 68.02%, and Support Vector Classifier 

(SVC) yielded a recall of 81.48%. 

 

Recall quantifies the model's ability to identify positive classes; that is, the 

percentage of correctly detected positive examples among all positive instances 

that actually occur. A higher recall score signifies a lower false-negative rate, 

indicating that the classifier effectively captures positive instances within the 

dataset. Therefore, classifiers with higher recall scores are more adept at 

identifying positive sentiments. 
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Figure-8: Recall of Different Classifiers 

 

Figure-8 illustrates that the Support Vector Classifier (SVC) exhibits an overall 

higher recall score compared to other classifiers. This indicates that SVC has a 

greater ability to recognize positive classes and capture positive instances within 

the dataset. The higher recall score suggests that SVC effectively minimizes false 

negatives, contributing to its robust performance in identifying positive 

sentiments. 

 

4.1.4 F1 Score 

The F1 Score, as described by Ullah et al. (2017) and Bhuiyan et al. (2019), 

represents the weighted average of Recall and Precision, taking into account both 

FN (false negatives) and FP (false positives). This score provides a balanced 

measure of a classifier's performance, particularly in scenarios where the 

distribution of classes is uneven. 

Mathematically, the F1 Score (F1) can be calculated using the following equation 

(Eq. 4): 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  
2 𝑋 (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑋 𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 … … … … … … … … … … … … … … . (4) 

Where: 

 Precision is the proportion of true positive predictions out of all positive 

predictions made by the classifier, and 

 Recall is the ratio of correctly predicted positive observations to all 

observations in the actual positive class. 
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This formula considers both false positives (FP) and false negatives (FN), 

providing a comprehensive evaluation of a classifier's effectiveness. The F1 

Score is particularly useful when false positives and false negatives do not have 

equal costs. If false positives and false negatives have equal costs, accuracy may 

suffice. However, in scenarios where their costs differ, Precision and Recall, and 

subsequently the F1 Score, offer more insightful metrics for evaluation. 

 

Using a weighted average for calculating the F1 Score is a suitable approach, 

especially when dealing with imbalanced datasets. This method ensures that 

predictions are weighted based on the proportion of samples in each class, thus 

providing a more balanced evaluation of the classifier's performance. 

 

It's important to recognize that while a higher F1-Score generally indicates better 

model accuracy, it does not automatically deem one classifier superior to another. 

The F1 Score combines both Precision and Recall, offering a holistic measure of 

the classifier's effectiveness. Therefore, a high F1-Score signifies high Precision 

and Recall, suggesting that the classifier achieves a good balance between 

minimizing false positives and false negatives. 

 

Ultimately, the choice of the best classifier depends on the specific requirements 

and context of the task at hand. It's essential to consider various factors, such as 

the distribution of classes, the cost associated with false positives and false 

negatives, and the overall objectives of the analysis, when determining the most 

suitable classifier for a particular application. 

 

After training the algorithms with a dataset labeled with five classes, the F1-

Scores obtained for each classifier were as follows: 

 Logistic Regression (LR): 79.39% 

 Decision Tree (DT): 78.07% 

 Random Forest (RF): 79.46% 

 Bernoulli Naive Bayes (BNB): 79.25% 

 K-Nearest Neighbors (KNN): 65.16% 

 Support Vector Classifier (SVC): 81.38% 

These F1-Scores provide a comprehensive evaluation of each classifier's 

performance, considering both Precision and Recall. A higher F1-Score suggests 

better overall model accuracy, as it indicates a balance between Precision and 

Recall. Therefore, the Support Vector Classifier (SVC) achieved the highest F1-

Score among the classifiers evaluated in this study. 
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Figure-9: F1-Score of Different Classifiers 

Indeed, the Support Vector Classifier (SVC) obtained the highest F1-Score 

among the classifiers evaluated in this study, achieving a score of 81.38%. This 

indicates that the SVC correctly predicted 81.38% of the data, while taking into 

account both false positive (FP) and false negative (FN) values. 

 

The high F1-Score of the SVC suggests that it strikes a good balance between 

minimizing false positives and false negatives, resulting in strong overall 

performance in classifying sentiment. As a result, the SVC demonstrates its 

effectiveness in accurately predicting sentiment across multiple classes in the 

dataset. 

 

4.2 Performance Table for N-gram Feature 
A (n-1) order Markov model is a type of n-gram model used in probabilistic 

language modeling to predict the next item in a sequence. N-gram models, 

including (n-1) order Markov models, find applications in various fields such as 

probability theory, communication theory, computational linguistics (e.g., 

statistical natural language processing), computational biology (e.g., biological 

sequence analysis), and data compression. 

One of the key advantages of n-gram models is their simplicity and scalability. 

These models, along with the algorithms that utilize them, are straightforward to 

implement and can scale efficiently to handle large datasets. Additionally, as the 

value of n increases in an n-gram model, the model can capture more context 

from the input data. This allows for a more accurate prediction of the next item in 

a sequence, striking a balance between the amount of context considered and the 

computational resources required. 
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Overall, n-gram models, including (n-1) order Markov models, are versatile and 

widely used in various applications due to their simplicity, scalability, and ability 

to capture contextual information from data efficiently. 

 

4.2.1 Performance Table for Unigram Feature 

A 1-gram (or unigram) is a one-word sequence. 

 
Table-3: Performance table for Unigram feature 

From Table 3, I got the result: 

Highest Accuracy achieved by Support Vector Classifier = 86.44  

Highest Precision achieved by Support Vector Classifier = 86.73 

Highest Recall achieved by Support Vector Classifier = 86.44 

Highest F1-Score achieved by Support Vector Classifier = 86.40  

 

Figure-10: Comparison of Accuracy and F1-Score Value for Unigram Feature 

 

4.2.2 Performance Table for Bigram Feature 

A two-word string is known as a 2-gram (or bigram). 
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Table-4: Performance table for Bigram feature 

From Table 4, I got the result: 

Highest Accuracy achieved by Support Vector Classifier = 82.37  

Highest Precision achieved by Support Vector Classifier = 83.69  

Highest Recall achieved by Support Vector Classifier = 82.37 

Highest F1-Score achieved by Support Vector Classifier = 82.16 

 
Figure-11: Comparison of Accuracy and F1-Score Value for Bigram Feature 

 

4.2.3 Performance Table for Trigram Feature 

A three-word string is known as a 3-gram (or trigram). 

 
Table-5: Performance table for Trigram feature 

 

 

From Table 5, I got the result: 

Highest Accuracy achieved by Support Vector Classifier = 73.16  

Highest Precision achieved by Logistic Regression = 79.36  

Highest Recall achieved by Support Vector Classifier = 73.16 

Highest F1-Score achieved by Support Vector Classifier = 73.15 
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Figure-12: Comparison of Accuracy and F1-Score Value for Trigram Feature 

 

4.3 Analysis 
Based on the analysis presented above, it is evident that the Support Vector 

Classifier (SVC) outperformed other classifiers in terms of accuracy, precision, 

recall, and F1-Score. Therefore, SVC emerges as the most suitable choice for this 

research, indicating its potential for predicting human emotions towards various 

subjects or individuals. 

 

This research aims to extract emotions from comments posted on YouTube 

videos, where individuals express their opinions and sentiments. By collecting 

comments from YouTube and utilizing the proposed Support Vector Classifier 

algorithm, it becomes feasible to predict human expressions or sentiments 

effectively. However, before deploying the algorithm for prediction, it is essential 

to train it with sample data to enhance its accuracy and effectiveness. 

 

With further development and training, it is conceivable to create a fully 

automated tool capable of detecting human sentiment accurately. Such a tool 

could find applications in various domains, including social media analysis, 

market research, and customer feedback analysis, enabling organizations to gain 

valuable insights into public sentiment and opinion. 
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4.4 Prediction 
I have tried to test our model by using a random comment data and I got a 

result. In Figure- 13 and Figure- 14, I can see happy and anger prediction from 

comment. That Mean’s, I can see that my proposed model can extract sentiment 

from Bangla comment data. 

 

 
Figure-13: Predicting the happy emotion 

 

 

 

 
Figure-14: Predicting the anger emotion 
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CHAPTER 5 

Conclusion 
5.1 Conclusion 
Sentiment analysis, also known as opinion mining, is a process of extracting and 

analyzing human emotions, opinions, and attitudes from various sources such as 

text, speech, or facial expressions. It has become increasingly important in 

understanding public sentiment and attitudes towards different topics, products, 

or services.  

Here's a more detailed explanation of its significance and applications: 

Social Media Tracking: Social media platforms like Twitter, Facebook, and 

Instagram have become major channels for people to express their opinions on a 

wide range of topics. Sentiment analysis helps in tracking and analyzing these 

conversations to understand public sentiment towards brands, events, or social 

issues. 

Product Analysis: Understanding customer sentiment towards products and 

services is crucial for businesses to make informed decisions. Sentiment analysis 

of product reviews, feedback, and comments helps companies gauge customer 

satisfaction, identify areas for improvement, and make strategic decisions in 

product development and marketing. 

Customer Reviews Analysis: Customer reviews on platforms like Amazon, 

Yelp, or TripAdvisor contain valuable insights into consumer preferences and 

experiences. Sentiment analysis helps businesses analyze large volumes of 

reviews to identify trends, sentiments, and customer preferences, enabling them 

to enhance their products or services accordingly. 

Clinical Service Analysis: In healthcare, patient feedback and satisfaction are 

vital for improving clinical services and patient experience. Sentiment analysis 

of patient reviews, surveys, and feedback forms helps healthcare providers 

identify areas of improvement, address patient concerns, and enhance overall 

service quality. 

Research and Academia: Sentiment analysis is also widely used in research 

and academia to analyze public opinion on various topics, track sentiment trends 

over time, and study the impact of events or policies on public sentiment. 

 

Given the widespread use of social media and the increasing popularity of 

platforms where people express their opinions, sentiment analysis has become a 

crucial tool for businesses, researchers, and organizations across various 

domains. In the context of the research article I mentioned, focusing on 

sentiment analysis for the Bengali language fills a significant gap and 

contributes to a deeper understanding of public sentiment and opinions in that 

linguistic context. 
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5.2 Limitations 
Small Dataset: With only around 12,000 data points and a significant class 

imbalance, traditional deep learning algorithms like Convolutional Neural 

Networks (CNNs) and Recurrent Neural Networks (RNNs) might not perform 

optimally. These algorithms typically require larger datasets to generalize well. 

However, there are techniques I can employ to address this issue: 

 Data Augmentation: Generate synthetic data by applying transformations 

like rotation, translation, scaling, or adding noise to existing data points. 

This can help increase the size and diversity of your dataset. 

 Transfer Learning: Utilize pre-trained models on larger datasets for 

feature extraction, then fine-tune them on your smaller dataset. This 

approach can leverage knowledge from larger datasets and adapt it to your 

specific task. 

 Ensemble Methods: Combine predictions from multiple models trained on 

different subsets of the data or with different architectures. Ensemble 

methods can often improve overall performance compared to individual 

models. 

 

Class Imbalance: The unequal distribution of labeled data for different classes 

(happy and anger) can lead to biased models that perform poorly on minority 

classes. To address this issue: 

 Resampling Techniques: Over-sample the minority class or under-sample 

the majority class to achieve a more balanced distribution. Techniques like 

SMOTE (Synthetic Minority Over-sampling Technique) can generate 

synthetic samples for the minority class. 

 Class Weighting: Assign higher weights to minority class samples during 

training to penalize misclassifications on these samples more heavily. 

 

Unintentional vs. Intentional Spelling Errors: It seems like my system 

struggles to distinguish between genuine emotional expressions and errors caused 

by misspellings. To handle this: 

 Text Preprocessing: Implement robust text preprocessing techniques to 

handle spelling errors, such as spell correction algorithms or incorporating 

context-based language models like BERT or GPT. 

 Error Detection: Develop or integrate an error detection module into my 

system to identify and correct misspellings before emotion classification. 

 

By addressing these challenges with appropriate techniques and methodologies, I 

can improve the accuracy and robustness of my emotion classification system, 

even with a small and imbalanced dataset. Experimenting with different 

approaches and combinations thereof can help identify the most effective 

strategies for your specific task. 
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5.3 Future Work 
This paper suggests expanding the emotional scope of a system, presumably an AI or 

machine learning model, from just two emotions to include additional ones such as 

Neutral, Sad, and Amused. This expansion aims to provide a more nuanced 

understanding of human emotions, allowing the system to better interpret and 

respond to user input. 

 

The dataset used for training the system is described as small and unbalanced, 

indicating that it may not adequately represent the full range of emotions and their 

frequencies in natural language. To address this limitation, the article proposes 

enriching the dataset by adding more balanced data. This could involve collecting 

and incorporating a larger and more diverse set of text samples that cover a wider 

spectrum of emotions. 

 

In addition to expanding the emotional repertoire, the paper suggests improving the 

system's ability to handle variations in spelling and language usage. This includes 

detecting intentional or unintentional spelling mistakes as well as recognizing 

abbreviations or short forms of words. Enhancing the system's language processing 

capabilities in these areas can lead to more accurate and robust performance, 

particularly when dealing with user-generated content where spelling errors and 

informal language are common. 

 

Overall, the proposed enhancements aim to make the system more sophisticated and 

versatile in understanding and responding to human emotions expressed through text, 

while also improving its ability to handle variations in language usage. 



29   ©Daffodil International University 

 



30   ©Daffodil International University 

 
 



31   ©Daffodil International University 



32   ©Daffodil International University 



33   ©Daffodil International University 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



34   ©Daffodil International University 

Plagiarism Result: 18% 

 
 

 

 

 

 

 

 



35   ©Daffodil International University 

Account Clearance 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


