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ABSTRACT

USER BEHAVIOR ANALYSIS ON E-COMMERCE USING NLP
TECHNIQUES

Asmaa Sami Mirdan MIRDAN
Master of Science in Electronics and Computer Engineering
Advisor: Asst. Prof. Dr. Selim BUYRUKOGLU
Co-Advisor: Asst. Prof. Dr. Mohammed Rashad Baker BAKER
July 2023

This study presents an in-depth investigation into the potential for sentiment analysis (SA)
and machine learning (ML) in facilitating the sales prediction and customer retention
processes for both small and large-scale businesses. Online platforms including blogs,
social networks, and review portals have transformed the marketing landscape, enabling
consumers to voice their opinions on a vast array of topics, from product reviews to
popular culture. These digital platforms not only foster customer engagement, but also
provide businesses with an invaluable data source for predictive analysis, essential in
strategic sales forecasting and customer relationship management. In this study, we
compiled a comprehensive dataset of product review tweets, serving as a rich
representation of consumer sentiment. To ensure the integrity and relevance of the data,
we engaged in rigorous preprocessing methodologies, mitigating potential noise and
inconsistencies. Following the cleaning phase, we utilized the VValence Aware Dictionary
and sEntiment Reasoner (VADER), a lexicon and rule-based sentiment analysis tool, in
conjunction with several machine learning algorithms. The objective was to ascertain the
most effective means of classifying the sentiment polarity of product reviews,
subsequently aiding in sales prediction. Our findings reveal that while VADER offers
notable benefits in sentiment analysis, ML techniques present superior accuracy in
classifying the polarity of product reviews. More specifically, logistic regression (LR)
was found to be the top-performing algorithm in this context. Across a multitude of
evaluation metrics, including accuracy, precision, recall, F1-score, Matthews correlation

coefficient (MCC), and area under the curve (AUC), LR consistently outperformed its



counterparts, thus solidifying its position as the most apt choice for sentiment
classification in product reviews. Notably, other algorithms such as XGBoost and
Stochastic Gradient Descent (SGD) also demonstrated competitive performance. They
can serve as plausible alternatives in situations where model interpretability is not the
prime concern and a higher degree of model complexity is permissible. These findings
contribute to an emerging body of knowledge, illuminating the potential of SA and ML
in providing businesses with robust tools for understanding customer sentiment,
predicting sales, and consequently enhancing customer retention strategies. The
implications of this study extend beyond academia, promising substantial real-world
benefits for various stakeholders in the business sphere.

2023, 62 pages

Keywords: Unbalanced dataset, Sentiment analysis, Machine learning, Classification,

Product review



OZET

NLP TEKNIKLERI KULLANARAK E-TICARETTE KULLANICI
DAVRANISI ANALIZI

Asmaa Sami Mirdan MIRDAN
Elektronik ve Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danismanz: Dr. Ogr. Uyesi Selim BUYRUKOGLU
Es Damigman: Dr. Ogr. Uyesi Mohammed Rashad Baker BAKER
Temmuz 2023

Bu ¢alisma, kiiciik ve biiyiik Ol¢ekli isletmeler i¢in satig tahminlerini ve miisteri
sadakatini kolaylastirmada duygu analizi (SA) ve makine 6grenmesi (ML) potansiyelini
derinlemesine bir inceleme sunmaktadir. Bloglar, sosyal aglar ve inceleme portallar1 dahil
olmak tiizere ¢evrimigi platformlar, pazarlama manzarasini doniistiirmiis, tiiketicilerin
tiriin incelemelerinden popiler kiiltire kadar ¢ok cesitli konularda fikirlerini ifade
etmelerini miimkiin kilmistir. Bu dijital platformlar sadece miisteri katilimini tesvik
etmekle kalmaz, ayn1 zamanda isletmelere stratejik satis tahminleri ve miisteri iliskileri
yonetiminde hayati 6nem tasiyan tahmini analizler i¢in paha bigilmez bir veri kaynagi
saglar. Bu calismada, tiiketici duygusunun zengin bir temsili olan kapsamli bir iiriin
inceleme tweetleri veri seti derledik. Verinin biitlinligiinii ve alakasini saglamak igin,
potansiyel giiriiltii ve tutarsizliklart hafifleten sik1 6n isleme metodolojilerine bagvurduk.
Temizleme agamasini takiben, bir lexicon ve kural tabanli duygu analiz araci olan
Valence Aware Dictionary and sEntiment Reasoner (VADER)’i bir dizi makine
O0grenmesi algoritmasiyla birlikte kullandik. Hedefimiz, satis tahminine yardimei olmak
icin {riin incelemelerinin duygu kutuplagmasini siniflandirmanin en etkili yolunu
belirlemekti. Bulgularimiz, VADER''n duygu analizinde dikkate deger avantajlar
sundugunu, ancak ML tekniklerinin {iriin incelemelerinin kutuplagsmasini siniflandirmada
daha istiin dogruluk sundugunu ortaya koymaktadir. Daha spesifik olarak, lojistik
regresyon (LR), bu baglamda en iyi performans gosteren algoritma olarak bulunmustur.
Dogruluk, hassasiyet, geri cagirma, F1-skoru, Matthews korelasyon katsayis1 (MCC) ve
egri altindaki alan (AUC) dahil olmak {izere ¢ok sayida degerlendirme metriginde, LR



stirekli olarak diger algoritmalardan daha {istiin performans sergileyerek, {iriin
incelemelerinde duygu siniflandirmasi i¢in en uygun segenek olarak konumunu
saglamlastirmistir. Dikkat ¢ekici sekilde, XGBoost ve Stochastic Gradient Descent
(SGD) gibi diger algoritmalar da rekabet¢i performans sergilemistir. Model
yorumlanabilirligi ana endise olmadigi ve daha yiiksek model karmasikligina izin
verilebilecek durumlarda makul alternatifler olarak hizmet edebilirler. Bu bulgular, SA
ve ML'in isletmelere, miisteri duygusunu anlama, satislari tahmin etme ve sonug olarak
miisteri sadakat stratejilerini giliclendirme konusunda saglam araglar saglama
potansiyelini aydinlatan yeni bir bilgi birikimine katkida bulunur. Bu calismanin
sonuglari, ig diinyasindaki ¢esitli paydaslar i¢in 6nemli gercek diinya faydalari vaat eden

akademi Otesine uzanmaktadir.

2023, 62 sayfa

Anahtar Kelimeler: Dengesiz veri seti, Duygu analizi, Makine 0grenmesi,

Siniflandirma, Uriin incelemesi
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1. INTRODUCTION

E-commerce has revolutionized the way people shop and for many has become an
essential part of everyday life (Gunasekaran et al. 2002). With the rapid growth of e-
commerce, understanding user behavior has become crucial for businesses to provide a
personalized and seamless experience to their customers. Most of the time, a consumer
buys or cancels a product based on reviews alone. Consequently, it is clear that surveys
are beneficial (Fisher and Kordupleski 2019). However, it can be challenging to sift
through hundreds of reviews every time someone is considering buying a product (Hu
and Liu 2004). As a result, it will be beneficial to extract some relevant information from
these evaluations. On the other hand, every business organization depends on the
intelligent decision-making analytical system to analyze consumer behavior (Alasiri and
Salameh 2020). The demand-based supply chain management in the organization may be
most significantly impacted by this analysis and prediction. Data analysts employ a
variety of tools, including machine learning (ML) techniques and data mining, to find
hidden patterns in consumer behavior and forecast sales. The newest strategy employing
data mining and ML has paved the best road to uncover the hidden layers because
traditional methods of analysis cannot match the speed of data generated by existing e-
commerce sites (Micol Policarpo et al. 2021). Now everything has been changed by ML
and artificial intelligence (Al). Applications of ML have been widely researched in areas
such as business (Baker et al. 2022), sentiment analysis (SA) (A. Alamoodi et al. 2020),
etc. Natural language processing (NLP) techniques and ML algorithms are effective in
analyzing user behavior in e-commerce platforms. Using these technologies, businesses
can gain insight into customer preferences, buying patterns and other valuable
information that can help them optimize marketing strategies, improve customer
satisfaction and increase revenue. In this thesis, we examine the application of NLP
techniques and ML algorithms in the analysis of user behavior in e-commerce platforms
and discuss their advantages and limitations which all seek to satisfy the customer and
keep them coming back to a specific online store. The importance of the present research
has been examined from two theoretical and scientific perspectives and its necessity in

two spatial and temporal dimensions, which will be explained below.



1.1 Importance of Thesis from a Theoretical Point of View

The widespread development of technology in Internet-connected devices and services
has led to a significant increase in electronic commerce. Modern devices and advanced
applications have become widely available to people, driving the trend towards online
shopping. As e-commerce expands, numerous companies and service centers utilize the

web to offer their products and services.

The rise of online shopping has attracted a growing number of Internet users who prefer
to purchase products and services online (O’Cass and Fenech 2003). However, the vast
array of products available on e-commerce websites can sometimes overwhelm customers
and make it challenging for them to find the right product. This high level of competition
among global trading sites emphasizes the need for effective strategies to increase
financial profit (London and Hart 2004).

In today's age, people register their opinions on various reviews of related products,
brands and services on the internet and exchange opinions with other people (Liao et al.
2021). The opinions generated are valuable assets that can be used to inform important
decisions. In this way, checking opinions related to products and services can not only
improve their quality, but also influence the purchasing decisions of users. Vast of
people's purchases; through getting to know products and services in the virtual space;
and based on comments provided by other users. Users and customers pay a lot of
attention to information that includes other people's feelings (Rabjohn et al. 2008).
Because some people do not understand technical and professional concepts well, while

they understand words like good and bad (Dong and Jiang 2019).

On the other hand, many large companies use customer reviews from online shopping
sites and other web pages to develop and improve their business, including customer
relationship management (CRM), increasing customer satisfaction, customer retention,
and sales (Zeng et al. 2003). They also use them to build their reputation and build brand
awareness. Businesses and organizations have spent a lot of money on studies and

consultants to find out what consumers think and feel about their goods and services. This



Is despite the fact that the text comments on the Internet are easily and freely available,
and companies and organizations can support their products and services by using survey

techniques and comment analysis and take steps towards the success of the organization.

Based on this, SA of users’ opinions is considered one of the research fields of interest for
researchers in the market field (Medhat et al. 2014). Currently, with the increase in the
number of people who use websites and other social media to express their opinions, the
ability to perform SA in order to predict people's opinions and attitudes has also increased.
SA is the robotic exploration of opinions and feelings through NLP, which involves
classifying opinions into positive, negative, or neutral groups. However, consumer
behavior itself is a complex pattern among society. With the aim of predicting the
likelihood of such patterns, the researchers applied several probabilistic statistical data
mining approaches and ML models to historical online customer data. This resulted in
somewhat reliable probabilities for predicting the customer's next steps (Cirqueira et al.
2020).

The focus of this system is to improve the performance of e-commerce systems by
facilitating customers to find the right products according to their preferences. In this
thesis, a new conceptual framework for analyzing and predicting customer steps in online
shopping is proposed. This thesis first draws the existing literature about the adopted data
sets, forecasting methods and tasks with their applications. Then a system based on
customers' behavior and collaboration with NLP and ML to support customers' decision

making is proposed.

1.2 Importance of Thesis from a Scientific Point of View

The use of online tools and technologies for various purposes by 21st century companies
has increased thanks to the excellent access to the Internet (Berisha-Shaqiri and Berisha-
Namani 2015). The development of information and communication technology has
provided a basis for people around the world to benefit from the products and services of
companies and organizations. Therefore, according to the current trend, many customers

prefer online shopping. In this regard, users try to find out the opinions of other buyers



and consumers regarding products and services and finally make the right decision about
buying a product or service. On the other hand, market analysts and sales managers need
to understand the behavior of consumers and the factors that encourage them to buy and
analyze the sentiments of users in order to maintain their position in the online

competition system.

Therefore, the problem of analyzing customers' emotions and behavior in online shopping
is a growing research topic that has its own difficulty and complexity (Smith and
Sivakumar 2004). On the other hand, social media, which are important sources of data
for SA, are constantly expanding and produce much more complex and relevant
information (Medhat et al. 2014). Although SA is an important area and currently has a
wide range of applications, it is clearly not a simple task and there are many technical
challenges associated with NLP. Therefore, the efficiency and accuracy of SA face the
challenges faced in NLP, and data mining techniques have become the focus of such
analysis (Khan et al. 2016).

1.3 Research Innovation

In the increasingly interconnected and digital world, the vast amounts of data generated
on social media platforms, such as Twitter, have become a treasure trove of insights.
Among these, understanding and quantifying public sentiment stands as a pivotal
component for various fields, ranging from market research to public policy. The present
study is situated within this context, aiming to delve into the landscape of public sentiment
using a robust methodology. The study embarked on the task of collating a significant
dataset from Twitter, one of the most vibrant and information-rich social media platforms.
These tweets serve as candid reflections of public sentiment, which, when analyzed
systematically, can offer compelling insights. To this end, the gathered data was
meticulously categorized using a lexicon - a dictionary of words categorized by sentiment
polarity - effectively transforming raw tweets into a structured dataset. The heart of this
approach lies in the classification of sentiments within the lexicon as either positive or
negative. After the data categorization, the study derived the proportion of positive and

negative sentiments from the lexicon, which was utilized to represent the overall



sentiment landscape.. People who use a social network or social media sites such as
Facebook or Twitter express and share their opinions on specific topics such as news,
movies, events, or purchasing a specific product (Mehta et al. 2021). SA has become a
hot research topic in the field of NLP due to the important role it plays in analyzing public
opinion and inferring opinion-based decisions. SA is a field of study in which people's
views and expressions are classified as positive, negative, or neutral. Several definitions
are found in the literature, but SA is best defined as analytics used to extract data based
on user sentiment. Sentiment analysis, also known as opinion mining, is the study of
opinions, thoughts, experiences, feelings, and behaviors in the form of text (Alamoodi et
al. 2022).

In this regard, this research wants to help understand the behavior of buyers and sellers
in the e-commerce platform by analyzing the feelings of customers and users, and in this

regard, the following items are considered among the innovations of the research:

e Using the keyword technique to display the words that have the most weight and the
most important and most frequent words used by users about products and services in
the comments text. The purpose of this stage is that the audience, users and customers
can understand the opinions of other buyers in a more concrete way.

e Finally, the use of Extreme gradient boosting (XGBoost) algorithm to classify
sentiments in the text of opinions is considered as the most important and novel
innovation in this research, because other researches in the field of opinion mining

use other ML and collective learning algorithms for sentiment analysis.

1.4 Research Challenges

Today, social media has become a great source for getting users' opinions about products,
services, and various topics. Blogs and websites are a real-time tool for gathering product
feedback. However, the overabundance of blogs in the cloud has generated a huge amount
of information in various forms such as opinions, comments and reviews. Therefore, there

is an urgent need to find a method to extract meaningful information from big data,



classify it into different categories and predict the behavior or emotions of the end user.

But some of the major challenges in SA are:

1)

2)
3)

4)

5)

6)

7)

A number of comments have positive sentiments in one situation and negative
sentiments in another situation.

People do not share their same opinions.

Users mostly use informal and colloquial sentences, abbreviations and emoticons to
express their opinions.

Users do not express their feelings directly and may use negative verbs or adjectives,
sarcasm, sarcasm or jokes in expressing their opinions, each of which creates a
concept completely different from the real meaning of the opinion. Therefore, these
sentences are considered as special sentences and the words should be checked
carefully.

Interrogative and conditional sentences may not have a positive or negative feeling,
but the keyword used in it may be positive or negative.

Sometimes there may be no emotional words such as good, better, excellent, bad,
worst, etc. in the sentences. However, sentences may have positive and negative
feedback.

The large volume of words in natural language is considered another complication of

analysis.

The existence of spam comments and their identification from the text of comments

provided by real users and customers is difficult and is considered one of the important

challenges in this field. Spam comments are those comments that are provided by the

organization, company or even some people to increase the value of the organization or

the product and services of the relevant company in order to attract more users and

customers.

1.5 Research Objectives

There are many goals in this research, among which the main goals are:



e Providing an innovative model for predicting the behavior of customers and
consumers of online markets based on NLP methods and ML algorithms.

e Providing a better performance method for analyzing customer sentiments in social
media networks on multiple sizes of Twitter database.

e Data preprocessing and use of VADER SA and ML algorithms to classify positive or
negative user opinions about online purchases.

e Improving the accuracy parameter of the classification of product comments in the
proposed method compared to the previous methods

1.6 Research Structure

The thesis structure will be organized and presented as follows:

e Second section: This part includes two parts of literature and research background,
and it includes discussion and review related to the basic and infrastructural concepts
of the research, as well as the analysis and description of the details of the research
records.

e Third section: In this part, the proposed method will be introduced and key details
related to how it will be designed and modeled in order to achieve the research
objectives will be presented.

e Fourth section: This part includes the topics related to the simulation of the proposed
method and its comparison with past researches, and the purpose of its presentation
is to evaluate the efficiency of the proposed method and examine its capabilities and
limitations in competition with past researches.

e Fifth section: This part includes general conclusions from the results of the research

and suggestions for future work.



2. LITERATURE REVIEW

Rapid developments in the use of the Internet have created a need for predictive analytics
to help understand the behavior of buyers and sellers on e-commerce platforms. With the
development of the e-commerce platform, satisfactory products have been provided for
customers and customer loyalty has increased (Nisar and Prabhakar 2017). Online
shopping has evolved over the years since its inception and has also inherited many
advancements in lifestyle, shopping and business. Finding new potential buyers,
retargeting existing buyer, handling inquiries and maintaining inventory are very
challenging modules and if not taken care of, it will affect the e-commerce industry badly.
In this regard, in this section, data mining methods, NLP, and user SA in social networks

such as Twitter and predicting customer behavior in online shopping are discussed.

In recent years, due to the growth of the Internet space, the sharing of Sentiment by users
on social networks, blogs, product review pages, as well as websites for online sales of
products and services, has increased dramatically (Sin et al. 2012). This issue has led to
the emergence of a new field of work in the science of NLP called opinion mining.
Opinion research, also known as SA, analyzes people's Sentiments, feelings, attitudes,
and opinions about products, services, organizations, people, issues, events, topics, and
their characteristics. The process of opinion mining, as one of the most important modern
approaches in data mining, includes understanding and extracting human emotions from
simple and unstructured textual data. In fact, opinion analysis is a sub-branch of text
analysis that analyzes and examines a written language with the main purpose of
extracting theoretical, emotional expressions, expressed tendencies, and emotions (Can
and Alatas 2019). Based on this, opinion polling can be applied to various areas such as
examining customer opinions, business intelligence, marketing promotion, rating
services, and products, analyzing political and sports opinions, transactions, social media,

and interactions to extract trends and opinions (Fan and Gordon 2014).

In recent years, due to the rapid growth of e-commerce and the increasing importance of
the competitive business environment, researchers are trying to use more and more

opinion polling techniques in order to analyze sentiments and summarize the opinions of



users and customers. The analysis of users' opinions about products and services plays a
crucial role in assisting other customers in making purchasing decisions, thereby reducing
doubts. It also aids manufacturers and traders in refining their marketing strategies for
products and services. Consequently, users have become the primary audience for opinion
and SA, with nearly 15% of customers checking online reviews before making a purchase.
"What do others think?" contains vital information in the decision-making process for
potential buyers. Moreover, besides organizations, producers, company owners, and
service providers are also involved in this field. Some researchers consider opinion
polling as a ML approach in which machines analyze sentiments, inclinations, and
opinions expressed by people through text, star ratings, etc., and classify them

accordingly (Gupta et al. 2020).

SA, also known as opinion mining, is a NLP technique that identifies and extracts
subjective information from text data. The goal is to determine the attitude, opinions, or
emotions expressed in a piece of text, especially to ascertain whether the writer's attitude

towards a particular topic is positive, negative, or neutral (Liu 2012).

SA has become an increasingly active research area in recent years due to its wide range
of applications. It has been applied extensively to analyze social media data, product
reviews, political discourse, and financial news (Medhat et al. 2014). With the explosive
growth of social media and user-generated content on the web, SA has emerged as a key
technique to understand opinions and emotions at scale (Cambria et al. 2013). Major
companies now routinely apply SA to analyze customer feedback, monitor brand and

product perceptions, and understand public attitudes.

The early work in SA focused on document-level classification, categorizing whole
documents as expressing positive or negative sentiment (Pang et al. 2002). ML methods
like support vector machines and naive Bayes were applied on document feature vectors.
However, this ignored sentiment towards specific entities and topics. Later research
moved towards more granular aspect-based SA (Pontiki et al. 2014). This involves

extracting opinion targets and sentiment polarity towards each target. For example, a



review of a smartphone may express positive sentiment towards screen quality but

negative sentiment towards battery life.

Aspect-based SA aims to extract fine-grained information that is more useful for many
applications. A variety of supervised and unsupervised methods have been explored for
aspect extraction and sentiment classification (Zhang et al. 2018). Conditional random
fields, recurrent neural networks, and attention mechanisms have shown success by
incorporating context and syntax information. Weakly supervised and distant supervision
techniques help reduce the dependency on large labeled datasets. But performance

remains significantly lower than human capability.

Sarcasm, irony, metaphor, ambiguity, domain dependence, and context dependence
remain key challenges (Liu 2012). Sentiment is often expressed in nuanced ways that
need deeper linguistic understanding. Recent work has applied linguistic knowledge
resources like SenticNet and Sentic LSTM to better handle concept-level semantics
(Cambria et al. 2018). But accurately modeling the complexity of language understanding

remains an open research problem.

Overall, SA has grown rapidly with a wide array of applications. But significant gaps
remain compared to human-level language capabilities (Hovy and Yang 2021). Key
opportunities for future work include improving model generalization across domains,
better incorporating linguistic knowledge, reducing dependency on labeled data through

semi-supervised learning, and multimodal SA combining text, audio and visual inputs.

Table 2.1 shows the results of this research in relation to the comparison of three analysis
approaches, based on which it is determined that there is no need for a dictionary in the
ML approach and among the disadvantages of this approach is the domain dependency.
While the dictionary-based approach does not require labeled data, it requires a rich

dictionary that may not always be available.
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Table 2.1 Comparison of analysis approaches

APPROACH | CLASSIFICATION ADVANTAGES DISADVANTAGES
ML based Learning with and A dictionary is not Text classification in one
approach without a supervisor necessary. Show high trained domain does not work
classification accuracy with other domains in most
cases

Law-based Supervised and Performance accuracy is | Efficiency and accuracy depend
approach unsupervised 11% at the review level on defined rules.

learning and 16% at the sentence

level. In the classification
of emotions

The sentence level has
better performance than
the word level.

A vocabulary- Unsupervised Labeled data and learning The need for strong language
based learning method are not required resources is not always
approach available

2.1 Natural Language Processing and Text Mining

NLP and text mining are closely related fields that focus on extracting meaning and
insights from human language. NLP involves the use of computational techniques and
algorithms to understand, analyze, and generate human language. It encompasses various

tasks such as speech recognition, language translation, SA, and information retrieval.

Text mining, on the other hand, specifically deals with extracting valuable information
and knowledge from large collections of textual data. It involves applying statistical and
ML techniques to analyze patterns, relationships, and trends within the text. Text mining
can be used for tasks such as text classification, topic modeling, entity extraction, and

summarization.

Both NLP and text mining rely on advanced algorithms and models to process and
interpret human language. They leverage techniques such as ML, deep learning, and
linguistic analysis to extract meaningful insights from text data. These fields have
applications in various domains, including customer feedback analysis, social media
mining, market research, information retrieval, and automated content generation (Kumar
and Sebastian 2012).
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2.1.1 Applications of natural language processing

NLP is used in two areas: speech and writing. Written applications include text

translation, SA, summarizing texts, and so on. VVoice assistants and robots that respond to

human speech are among its speech applications (Kumar and Sebastian 2012).

In general, the applications of NLP in our daily life, educational environments, therapy

and industry can be divided into several categories as follows:

1)

Speech processing
Image processing

Text processing

Applications of speech processing

Personal assistants: The purpose of these smart programs is to execute human voice
commands on a smartphone or computer. Such as: Apple Siri, Amazon Alexa, Google
Assistant, Microsoft Cortana, Samsung Bixby and Raymon Persian voice assistant.
Speech to text conversion: The purpose of this tool is to convert sound to text
equivalent to the speaker's words. For Farsi language, it is recommended to use the
Google keyboard for smartphones and Navisa software. Other well-known speech-to-
text conversion engines are wit.ai, Google Speech, and Yandex SpeechKit.
Text-to-speech conversion: just unlike the previous tool, here the goal is to convert
text to speech. This tool is used to read the text of the message by voice in many
software and queue systems, etc. Such as: Ariana Persian software.

Voice translators (Translator): who translate the speaker's voice from one language to
another. Like: Google Translate.

Other applications of speech processing are less in the subfield of NLP science. For
other applications of speech processing, we can refer to its use in the

telecommunications and communication industry, recognizing the person speaking
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2)

3)

from the voice (for security applications), recognizing the sense of the speaker (or the
level of truthfulness of the speaker), etc.

Image processing applications

Optical Character Recognition/Reader or OCR for short: it is the automatic
recognition of texts in document images and converting them into searchable and
editable texts by computer.

Image translators: who extract the text from the image and translate it into another
language. Like: Google Translate.

Image Captioning: explaining the elements and events in the image, which is usually
done by deep learning techniques. For example: receiving an output image, it writes
that "two birds are sitting on a tree branch".

Text processing applications (text mining applications) and information retrieval

Opinion analysis (sensory analysis of the text): This involves analyzing the general
level of satisfaction of people, users or customers in elections (and other political
issues), stores, service centers, etc.

Automatic summarization: This refers to reducing the volume of the text while
maintaining the concepts (subject) and continuity (readability) of the original text. It
has applications such as news summary, site content summary as a result of search
engines.

Machine translation of the text: This involves translating sentences in the text from
the source language to the target language.

Similarity and disambiguation of words in the text: This task deals with identifying
similar words and clarifying ambiguous ones.

Detection of literary (scientific) fraud: This refers to the identification of any
fraudulent activities in the text.

Identifying the author (or the author's gender) of the text based on the writing style:

This task uses stylistic cues to determine the author or the author's gender.
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Language generation: This involves converting or expressing the information in the
database into human language by the machine.

Text enrichment: This refers to annotation, and added value in text for search engines
and other textual semantic analysis.

Question and answer systems and chatbots: These involve direct interactions with
users to provide information or assistance.

Search engine: This entails the production and optimization of various components of
search engines for high volumes of data.

Information extraction: This involves discovering entities and relationships between
them in the text.

Keyword extraction: This is aimed at tagging or automatic topic tagging of the text.
Classification and clustering of texts: This involves grouping (supervised or
unsupervised) sets of texts with applications such as recognizing the topic of the text
(any group of texts), automatic indexing of the text, grouping similar texts (news)
with the aim of identifying important issues/events/... in the mass Texts of social
networks or news.

Basic NLP tools: These include lexical networks, parsers, semantic tagging of words,
pronoun reference discovery, recognition and classification of nouns.

The basic operation of information retrieval: This involves transforming text into
numerical vectors, determining distance criteria or textual similarity, and feature

engineering

2.2 Sentiment Analysis

SA is focused on the analysis of whether a person's feelings or words are positive,

negative, or neutral. While there are several different definitions of SA in the literature,

the most precise one suggests that it is analytics applied to the extraction of data based on

user sentiment. Also known as opinion mining, SA studies people's written expressions

of their attitudes, beliefs, experiences, emotions, and actions. SA and opinion mining are

two valuable methods for discerning emotions and perspectives in social media data. The

insights derived from these methods can be extremely useful in various domains, such as
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elections, public opinion, advertising, health and treatment, and consumer satisfaction.
(Sun et al. 2014).

Researchers in the field of SA identify the application of opinion mining and SA methods
to unstructured data as a significant challenge. SA typically targets the sentence level,
aspect level, document level, and user level. This can be achieved through the use of
lexicon, NLP, ontology, or a combination of these and other technologies. Strategies such
as feature selection, data integration, data cleansing, and crowdsourcing can be used to

improve the results of SA. Figure 2.1 for a sample of SA.

REVIEWS
1. Smells amazing! A perfect purchase:)
2. Must buy! Super amazing.

o
[TT]
Fragrance-1 3. Quite satisfactory N
(Lavender) : POSITIVE (81%)
y >
=1 REVIEWS <
w 1. A decent purchase - = e o
2. Quite okayish! Smells average E -
Fragrancest 3. Could have been better in lot terms s
(Roze) == NEUTRAL (88%)
=
o 2
= REVIEWS Ll
= ot
\\ 1. An absolute waste of money.
2. Total waste of money
Fragrance-1 3. Terrible smell, not worth buytng
(Lemon) negative (91%))

Figure 2.1 A sample of sentiment analysis

2.2.1 Sentiment analysis tasks

Emotion and polarity recognition lay the foundation for sentiment computation and
analysis. The former is concerned with extracting a set of sentiment labels, whereas the
latter is typically a binary classification task with outcomes such as "positive" versus

"negative,” "upvote" versus "downvote," or "like" versus "dislike." These two tasks are
highly interconnected and dependent on one another. Some models of emotion
categorization, like the 'emotion hourglass, treat it as a single task by inferring the polarity
associated with a sentence based on the emotions it communicates. In fact, emotion

recognition is often considered a subtask of polarity recognition ( Cambria et al. 2017).
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Classifying polarities is an intermediate step towards conducting more complex studies.
It can be used, for example, to identify "pros and cons" phrases in individual reviews to
investigate the positive and negative factors affecting assessments of a product, thereby
making these judgments more reliable. Another type of binary emotion classification is
agreement detection, where two emotional inputs are compared to determine if they
should be labeled with the same or different emotion. Complementing the classification
of binary emotions, varying degrees of positivity can be assigned to the identified polarity
or polarity to the inferred emotions (Cambria et al. 2013). If we abandon the premise that
the input under evaluation is theoretical and about a single topic or instance, new complex
challenges arise, such as identifying individuality, recognizing the object of opinion, and
so forth. For more accurate emotion classification, it can be beneficial to ascertain
whether an input is subjective or objective (Cambria et al. 2017). Moreover, polarity can
exist in a document without the presence of an opinion; for instance, a news article can

be objectively characterized as either good or bad news.

Numerous studies have demonstrated that managing these two tasks in conjunction can
yield positive results. For instance, (Cambria et al. 2013) found that off-topic sections of
documents containing irrelevant emotional content could contribute to incorrect overall
sentiment polarity towards the main issue. Furthermore, a document may discuss more
than one topic of interest to the reader. In such cases, it's crucial to identify the themes
and segregate the sentiments accordingly. Facet extraction is a subtask of SA that, much
like theme identification, seeks to pinpoint the targets of opinions in an opinionated text,

such as the features of a product or service being reviewed (Cambria et al. 2017).

SA encompasses numerous sub-tasks such as aspect extraction, subjectivity detection,
idea extraction, named entity recognition, sarcasm detection, and complementary tasks
like personality detection, user profiling, and notably multimodal composition
(Mohammad 2016). The widespread adoption of cameras in consumer devices like
smartphones, tablets, and laptops has led to a departure from text-only communication in

online social media (Cambria et al. 2017).
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In addition to speech-to-text recognition, other forms of auditory information, facial
expression and body movement analysis, or even the 'mood' conveyed by background
music or color filters can be considered (Cambria et al. 2017). Multimodal fusion is the
process of combining various signals to form a comprehensive picture. Both feature-level
fusion and decision-level fusion have been explored to enhance confidence in emotion
recognition from multimodal information. However, the linguistic data is typically
obtained through the transcription of actual speech, rather than via automatic speech

recognition.

2.2.2 Levels of sentiment analysis

Applying SA to large datasets can lead to many discoveries and economic benefits. SA,
also known as opinion mining or sentiment detection, typically applies to unstructured
online texts such as data from microbloggers and social media data streams. It is the

process of extracting sentiments from text ( Serrano-Guerrero et al. 2015).

Tan et al. (2011) presented outline four distinct contexts in which SA might be applied.
The first, at the sentence level, identifies positive, negative, and neutral sentiments for
individual sentences. The second, the document level, recognizes the overall tone of the
document as a whole, determining whether it is positive, negative, or neutral. The third
level, known as the aspect level, is applicable when features are contained within the
entity, post, or input text; each feature may hold a sentiment. For instance, in a customer
review of a mobile phone, features such as battery life or screen brightness can be
mentioned. The sentiment attached to each feature can vary significantly. For example,
while 'Nice to meet you!" and 'My phone is very interesting' are both positive at the
sentence level, the overall language may need improvement at the document level.
Considering the aspect level can enhance the analysis and results. Take, for example, this
granular review: 'My phone is great, but it has a terrible battery. Although its apps are
slow, I love its screen.' Here, the phone is the entity, and its battery life, app performance,
and screen are aspects. Emotion recognition can detect negative sentiments about battery

life, app performance, and positive sentiment about screen quality. At the facet level,
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many SA methods use clustering, where features with the same sentiment result are

grouped together.

At the user level, graph theory is applied (Tan et al. 2011) to manage the social
connections between various users. For instance, consider two individuals: User A and
User B. User A often shares and likes User B's posts, and frequently references User B in
their own posts. It's possible that User A and User B share similar thoughts and feelings.
This might occur as a direct result of User B's influence on User A. A person in this
situation can affect User B's perspective. The user-level SA takes such influence into

account.

2.2.3 Process of sentiment analysis

NLP techniques are frequently used in SA to decipher and comprehend the sentiment

expressed in text. There are various steps in the procedure (Hussein 2018):

e Text preprocessing involves cleaning the text data by removing unnecessary elements
such as stopwords, punctuation, and other special characters.

e Tokenization is a text analysis technique that breaks down the text into its individual
words or terms.

e Features are extracted from texts, which can include keywords, n-grams, and parts of
speech.

e SA classifies the emotional tone of each text instance using pre-trained ML models.
This can be achieved through supervised learning, where models are trained on
labelled data, or by using pre-trained models that have learned sentiment patterns from
large datasets.

e Additional processing can be performed on the SA data after it is collected, such as
averaging sentiment scores or using threshold criteria to classify sentiments as
positive, negative, or neutral.

e The effectiveness of the SA model is assessed using metrics including accuracy,

precision, recall, and F1 score.
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2.2.4 Types of sentiment analysis

Depending on the scope and purpose of the research, various types of SA can be

conducted. Some of the most common ones include (Hussein 2018):

e Document-Level Sentiment Analysis DLSA: This form of analysis determines the
overall sentiment conveyed in a review or article. The entirety of the text is analyzed
to classify it as positive, negative, or neutral (Wankhade et al. 2022).

e Sentence-Level Sentiment Analysis SLSA: This form of analysis examines the
sentiment of a whole text at the sentence level. It allows for a more nuanced
understanding of the sentiments expressed in different sections of the text (Perikos
and Hatzilygeroudis 2016).

e Aspect-Based Sentiment Analysis ABSA: This method identifies and extracts the
sentiment associated with certain aspects or entities mentioned in the text. For
instance, the evaluation of a product can be broken down into its performance, design,
and usability (Perikos and Hatzilygeroudis 2017).

e Entity-Level Sentiment Analysis ELSA: This type of analysis determines the
sentiment toward specific individuals, organizations, or products mentioned in the
text. It's useful for understanding the range of emotions expressed in a single piece of
writing (Saraff et al. 2018).

e Comparative Sentiment Analysis CSA: This technique compares the sentiments
expressed about different characters or entities in the text. It seeks to determine how

people feel about certain topics or attributes (Cambria et al. 2013).

2.2.5 Applications of sentiment analysis

SA has significant applications in diverse fields such as business, government, and health.
Business intelligence and online commerce allow organizations to gather and analyze
customer feedback to improve their services and products. SA can be used to gauge
customer sentiment about an event or a product. The results of SA can provide insights

into consumer preferences and opinions about market trends. Recommender systems, a
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subfield of Al, also utilize SA. An example of such application is survey SA using

recurrent neural networks (Prithi et al. 2017). In broad terms, the following fields readily

lend themselves to SA.

1)

2)

3)

Social applications

Several social applications utilize SA. Current uses include monitoring student
sentiment in educational fields, predicting election outcomes, recommending
vacation destinations based on the satisfaction of previous visitors, and monitoring

global violence through the analysis of violent tweets.

Medical and health applications

SA can be used on medical data to identify and predict rates of suicide and depression;
tweets can be analyzed to monitor and track healthy and unhealthy locations; and
doctors can be ranked based on patient satisfaction. (Satapathy et al. 2017) explored
the use of SA in health-related social media and blog posts. The author introduced
innovative approaches to text processing and ML and proposed a medical lexicon to
assist professionals and individuals in navigating the extensive medical terminology
currently used to describe symptoms and diseases. In the field of mental health, SA is
utilized to enhance or even substitute traditional surveys by examining online posts

made by patients.

Industrial applications

SA boasts numerous practical applications in business, encompassing brand tracking,
stock market prediction, Twitter-based box office predictions, and customer
satisfaction surveys. Alongside behavioral analysis, SA also offers valuable insights
for the product and advertising sectors (Phan et al. 2020).
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2.3 Sentiment Analysis Techniques

There exist various methodologies that can be employed in the conduct of SA. Figure 2.2

shows all techniques ( Birjali et al. 2021).
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Figure 2.2 Sentiment analysis techniques ( Birjali et al. 2021)

2.3.1 Machine learning based sentiment analysis

ML-based SA has revolutionized the industry by enabling the creation of robust and
reliable models for sentiment categorization (Onan 2021). In this approach, models are
trained using labeled data, where each instance is assigned a sentiment label such as
"positive,” "negative,” or "neutral.” This is achieved through the use of supervised
learning techniques. Using these annotated examples, the model can generalize patterns

and make predictions about the sentiment of unseen text.

Feature extraction is a vital part of supervised learning for SA. ML techniques require
data to be transformed from its original textual form into a numerical one (Prema et al.
2021). Bag-of-Words (BoW) and Term Frequency-Inverse Document Frequency (TF-
IDF) are two common feature extraction methods that describe texts as a collection of
word frequencies and assess the relevance of words in a document relative to the entire

corpus, respectively.
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Various classification techniques have been applied in the field of SA, each with varying
degrees of success. Common options include Neural Networks, Random Forests, Naive
Bayes, and Support Vector Machines (SVM) (Jihad et al. 2023). To identify the best-
performing model for a specific SA dataset, researchers often experiment with different

classifiers and hyperparameters.

2.3.2 Lexicon-based approach

The polarity of phrases is determined using a set of preset dictionaries. The polarity of a
document or sentence is assumed to be determined by the polarity of all phrases and words
in a lexically-based approach. This method relies heavily on the meaning of words to
decipher feelings. The two main categories that describe this method are the dictionary-
based and the corpus-based categories. The dictionary-based method starts with the
identification of the target words' roots, followed by a lookup of the dictionary for related
terms. The Corpus method, on the other hand, begins with a set of foundational comments
and then uses a vast corpus to locate additional comment terms in the text. The corpus-
based strategy takes a statistical or semantic approach to labeling words as neutral or

positive.

A limited number of seed words serve as the basis for these methods. The data in this set
is then either manually or mechanically augmented. The first is a "dictionary-based"
technique, whereas the second is a set-based one (Zucco et al. 2020). Sentiwordnet, Q-
wordnet, WordNet-Affect, and SentiStrength are just few of the open-access vocabularies
that may help with emotion extraction. These programs analyze the sentiment of a text by
counting how often certain words (such furious, sad, amazing, and depressed) appear.
Words in such a dictionary would be annotated with information such as polarity,

semantic orientation score, or reliability label.

These knowledge-based methods are widely used due to their convenience and low cost.
Affective terms like happy, sad, fearful, and bored are used to categorize text into distinct

emotional states. Emotional vocabularies, linguistic annotation systems, and other
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probabilistic knowledge bases learned from linguistic corpora are often used to identify
affective words or multi-word phrases (Zucco et al. 2020).

The biggest drawback of these methods is the lack of emotion detection when language
rules are involved (Cambria et al. 2017). While a database may accurately label the phrase
"Today was a happy day" as such, it is far less likely to do so with the phrase "Today was
not a happy day at all." To determine the context of each knowledge base entry's
appearance in the text, more advanced knowledge-based techniques utilize linguistic
rules. Knowledge-based (dictionary) techniques heavily rely on the quality and range of
their sources to be credible. In fact, it is difficult for a sentiment mining system to
comprehend meaning associated with natural language or human behavior without a
comprehensive knowledge base that incorporates human expertise. Another drawback of
knowledge-based approaches is that the way in which information is represented is often
rigidly defined, making it difficult to account for nuanced concepts and the inference of

semantic and emotional features associated with them.

2.3.3 Hybrid approach

The Hybrid Approach to SA is a technique that improves upon the performance of
sentiment classification by combining the advantages of ML -based approaches with
lexicon-based methods (Dhaoui et al. 2017). By fusing the two approaches, hybrid
models attempt to address the limitations inherent in each method.

Hybrid approaches often start by using ML classifiers to identify sentiments in a sentence.
These classifiers can take advantage of features like word embeddings to capture context
and semantic relationships between words, making them robust and accurate in many
cases (Giatsoglou et al. 2017). However, ML models may struggle with specific
sentiment modifiers, rare words, or domain-specific terms not present in their training
data.
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Hybrid models incorporate lexicon-based systems as a complementary step to mitigate
these limitations,. The lexicon-based component can handle domain-specific terms
effectively, as it relies on predefined sentiment lexicons. It can also address specific

linguistic nuances that might be challenging for ML models to capture accurately.
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3. MATERIALS AND METHODS

Our study process included gathering a Twitter and categorizing it using a lexicon. The
proportion of positive and negative opinions was taken from the vocabulary after
categorization. In this section, we have detailed the steps of the proposed method. Its

general flowchart is shown in Figure 3.1.
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3.1 Collection of Dataset

Data collected from the Twitter API can be a valuable resource for SA and other NLP
tasks. The Twitter APl allows developers to access a wide variety of data related to tweets,
including the text of the tweets, the user who posted the tweet, the time and date the tweet

was posted, and metadata such as the number of likes, retweets, and replies.

Considering that the number of positive and neutral data in this collection is much more
than the negative data, therefore one of the important challenges in this section is the
imbalance of the data set, in this research, due to the existing challenges. In the data set,

we use the Recall criterion to evaluate the model.

3.2 Data Pre-processing

3.2.1 Data cleaning

All social media tweet data Twitter often contains a large number of words and characters
that are ineffective for data analysis (Birjali et al. 2021). For example, there are data
tweets such as “@safemoonjustv?, hilari and educ. The data found useless words or
characters such as “@” and “?”. Data cleaning techniques paired with regex can find
superfluous characters and remove them from the core data to enhance the dataset’s

quality.

3.2.2 Remove html http tags

Unstructured text often contains a large amount of noise, especially if techniques such as
web or page scraping are used. HTML and HTTP tags are usually components that do not
add much value to the understanding and analysis of the text. Therefore, in this section,

we remove the unnecessary tags and keep the textual information in all the documents.
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3.2.3 Delete named entities

In every text document, there are special terms that represent special institutions, and have
a more informative aspect and have a unique framework. These entities are called named
entities. This term specifically refers to objects in the real world such as people, places,
organizations, etc., which often have specific names. Because these entities do not

provide us with meaningful information for SA, so we remove them in this section.

3.2.4 Remove punctuation marks

We remove all sets of punctuation marks including [~{[}’ [\]|@?<=>;:/.-,+*()’&%$# “!]

Because these signs are seen in all sentences, removing them will lead to positive results.

3.2.5 Delete numbers

During text preprocessing, we remove the numbers in the text data that are not related to

the text analysis and do not lead to the production of meaningful information.

3.2.6 Vocabulary separation

Vocabulary separation, also referred to as Tokenization, involves breaking down larger
blocks of text into smaller, more manageable units of language called tokens. Tokens
represent the smallest linguistic units and can be anything from words and numbers to

punctuation marks.

3.2.7 Remove stop words

Stop words are actually words that are commonly used. Words that are meaningless or
have no special meaning, especially when semantic features are extracted from the text.
These items are usually very frequent in the text, and usually these words include

adjectives, conjunctions, additions and such. Some examples of stop words include and,
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the, an, a, and the like. During NLP, there is no tendency for these types of words to
occupy space or take up valuable processing time. For this reason, these words can be

easily removed in this section.

Prepositions, conjunctions, adjectives, slank words, pronouns, and many more words are
quite useful. These terms are typically seen combined with the primary word; therefore,
it is not distinctive and has no special meaning. A stop word or stop list is a list of words

that do not contribute much to analytical content.

3.2.8 Normalization

In this subsection, all the letters in the text data are converted to lowercase letters.

3.2.9 Stemming and lemmatization

In every language, words will have different appearances according to the role they play
in sentences. But considering that all of them are made from the same root, they will help
us in terms of meaning and concept. Therefore, in many NLP-based methods, we must
first find the root of the words. The act of rooting makes it possible to convert different
forms of a word into a single form. With this, the number of features is reduced and also
the different forms of a word are removed and the computer can consider different forms
of a word as one. The process of returning words to their root form is called the operation
of lexical rooting and semantic rooting, so these two methods are usually used to find the
root of words. There are different algorithms to perform lexical rooting. Porter’s
algorithm is very famous in English. According to a series of regular rules, this algorithm
can obtain the roots of words with good accuracy. Semantic rooting can also be done by
methods. In this practice, it is necessary to use a dictionary or something similar to obtain
the roots of words, because generally, the methods of finding semantic roots are not

regular.
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Lemmatization: This is a process in NLP where words are reduced to their base or
root form, called 'lemma.’ It helps in standardizing words to their canonical form,
which is linguistically correct. For example, the words "running,” "runs,” and "ran"
would all be converted to their base form "run." This process is crucial in SA, as it
allows for the grouping and analysis of similar sentiments expressed through
variations of a word. While it doesn't directly handle slang or non-standard
terminology, it helps to unify different forms of standard words, thereby enhancing

the accuracy of the SA.

Stemming: Stemming is a process where words are shortened by removing their
prefixes or suffixes. This process aims to reduce a word to its stem or root form, which
may not necessarily be a valid word on its own. For instance, stemming could reduce
the word influences to the simpler form "influence”. Search engines and other text
analysis tools often use stemming to improve the efficiency and relevancy of their

results.

3.3 Select the Important Features

The TF-IDF (term frequency-inverse document frequency) vectorizer was employed in

an application. TF-IDF is a metric that quantifies the significance of a word within the

context of a document in a corpus. It is achieved by multiplying the term frequency (TF)

a measure of how often a word occurs in a document by the inverse document frequency

(IDF), which gauges how uncommon a term is across the corpus. This computation yields

the document term weight, not density (DT). A collection of text documents can be

transformed into a matrix of TF-1DF features using the TF-IDF vectorizer, with each row

representing a document and each column a word. A SA ML model can take this matrix

as input and provide an interpretation of the data. In SA and other NLP applications, the

TF-IDF vectorizer is a widely used feature extractor (Rajput et al. 2021).
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3.4 VADER Sentiment Analysis

VADER, or Valence Aware Dictionary and Sentiment Reasoner, is a lexicon and rule-
based SA tool that performed exceptionally well on social media SA according to
(Alamoodi et al. 2022). A distinctive feature of VADER is that it eschews polarity from
the document scoring process, instead providing positive, negative, neutral, and
compound scores. An advantage of VADER is that it doesn't require training data, thus

enabling us to apply it to previously unseen data.

This system is capable of detecting both the polarity (positive/negative) and intensity
(strength) of emotion. It is included in the NLTK (Natural Language Toolkit) package
and can be applied to unlabeled text data without any preprocessing. To enhance the
accuracy of SA, they assign values to each word based on whether it is positive, negative,
or neutral. For instance, on a numeric scale, the positive word 'good’ was assigned an
emotional weight of 0.52. Adding an intensifier such as 'so' increased the score by 0.61,
compared to when only the word 'good’ was used. Conversely, the word 'bad' was given
a negative score of -0.48, as it is typically associated with negative sentiments. This
scoring approach better reflects the emotional weight each word carries. VADER
categorized tweets about Al assistants into positive, negative, and neutral groups, and
assessed the sentiment of each document matrix. If a tweet contained no positive or
negative terms, the matrix would register a score of 'zero’. Additionally, the system could
provide a percentage indicating how many of the words used were positive, negative, or

neutral.

3.5 ML Models

We investigate several popular ML algorithms for SA in this article. SA, a form of opinion
mining, utilizes NLP to identify the positive, negative, or neutral emotions expressed in
a piece of text. We will delve into the functionalities of four widely-used ML models for
SA Like (Logistic regression, XGBoost, AdaBoost and SGD ).
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3.5.1 Logistic regression

Logistic regression (LR) is a simple linear classification model that makes predictions
based on a weighted combination of input features (Hosmer et al. 2013). For SA, LR
takes in a text input and predicts whether the sentiment is positive or negative based on
the presence and frequency of certain words and phrases (Medhat et al. 2014). It is easy
to implement and interpret, but struggles to handle complex linguistic nuances. LR has
been widely applied as a baseline sentiment classifier (Araque et al. 2017). However, it

is generally outperformed by more advanced methods.

3.5.2 XGBoost

XGBoost is an implementation of gradient boosted decision trees designed for speed and
performance (Chen and Guestrin 2016). For SA, XGBoost builds an ensemble of decision
trees where each tree learns from the errors of the previous one to make increasingly
accurate predictions. XGBoost performs well on SA tasks across many domains and
datasets (Ke et al. 2017). It captures non-linear relationships and interactions between
words better than linear models like LR. XGBoost is also efficient to train and tune,

making it popular for sentiment modeling.

3.5.3 AdaBoost

AdaBoost, short for Adaptive Boosting, is another ensemble method that combines
multiple weak learners, typically decision trees (Freund and Schapire, 1997). For SA,
AdaBoost iteratively trains classifiers on modified versions of the data that emphasize
previously misclassified examples (Esuli and Sebastiani, 2009). This focus on hard
examples improves accuracy. AdaBoost has outperformed LR and Naive Bayes models
for sentiment classification (Bangyal et al. 2021).
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3.54 SGD

SGD optimizes models by taking small steps along estimated gradients, leading to fast
model updates (Bottou 2010). For SA, SGD enables efficient training of linear classifiers
like LR on large datasets (Umer et al. 2021). It is easy to implement and appropriate for
text data where examples are high-dimensional and sparse. However, convergence can be
slow and tuning is required to control step sizes. SGD remains a popular optimization

technique but is often used within more advanced neural network architectures.

3.6 SMOTE

SMOTE (Synthetic Minority Oversampling Technique) is a popular resampling method
used to balance class distributions in datasets with a skewed class imbalance (Chawla et
al. 2002).

SMOTE addresses class imbalance by generating new synthetic minority class samples
rather than merely duplicating existing samples as in basic oversampling. The algorithm
selects a minority class sample and computes its k-nearest neighbors from the minority

class. New samples are interpolated between the selected sample and its neighbors.

3.7 Evaluation Criteria

Various criteria have been introduced to evaluate the performance of the text
classification system.

The accuracy criterion expresses the number of correct predictions made by the classifier,
divided by the total number of predictions made by the same classifier. In general,
accuracy refers to how well the model predicts the output, Equation (3.1) represent to

accurecy calcultion (Baker et al. 2022).

TP+TN

Accuracy = —m8M8M88 —
Y = TP+FP+TN+FN

(3.1)
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Where TP is ture possitive, TN is true negative, FP is false positive and FN is false

negative.

As shown in Equation (3.2), the Recall criterion is the ratio of the number of text data
correctly classified in a specific class to the total number of data that should be classified
in the same specific class. When the False Negatives value is high, the Recall criterion
will be a suitable criterion (Nigam et al. 2000).

TP
TP+FN

Recall = (3.2)

The measure F1 criterion combines accuracy and correctness parameters to determine
how well a classification model performs. Compared to the accuracy criterion, measure
F1 draws a more accurate picture of how the classification model works on all the classes
in the data. The F1 criterion is one at best and zero at worst, Equation (3.3) shows the
calaulation of F1-score (Adak et al. 2022).

2xPrecision*Recall
F1 = (3.3)

Precision+Recall

When the classes in the data are unbalanced, the accuracy criterion is not a suitable
criterion to evaluate the performance of a classifier. Therefore, to evaluate the
performance of our proposed model, considering that the data set used is unbalanced, we

use the average accuracy criterion.
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4. RESULTS AND DISCUSSION

We present the findings of our thesis in this section. As mentioned previously, we
employed VADER SA to assign labels to our cleaned dataset. This dataset was
subsequently utilized in ML models, both with and without the application of the
Synthetic Minority Over-sampling Technique (SMOTE) for balancing. Lastly, we define
the evaluation metrics we used to gauge the accuracy and efficiency of these models.

4.1 Dataset labeling and using VADER

In this subsection, we describe the process of labeling our dataset, which is a crucial step
in supervised ML tasks. The dataset was initially raw and unannotated, and we needed to
assign appropriate labels to each instance to indicate the target variable or outcome we

are trying to predict.

The labeling process involved human annotators who were provided with clear guidelines
and context to assign labels based on the specific task. Depending on the nature of the
study, the labeling could be binary (e.g., positive/negative, yes/no) or multiclass (e.g.,
low/medium/high).

To ensure consistency and accuracy in the labeling process, we performed regular quality
checks and resolved any discrepancies through discussions with the annotators. The final
labeled dataset became the foundation for our supervised ML models.

In addition to the target variable labels, we also used VADER for SA on certain text data
within our dataset. SA helps us understand the emotional tone or polarity of the text,
which can be valuable in various applications, such as customer reviews, social media

SA, and market research.
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Using VADER, we assigned a sentiment score to each text instance in the dataset. The
scores ranged from -1 (most negative) to +1 (most positive), with 0 indicating a neutral
sentiment. VADER utilizes a lexicon and rule-based approach, which makes it

particularly suitable for social media text and short informal texts.

This SA using VADER allowed us to explore the emotional trends within the data and
potentially find correlations between sentiment and the target variable (if applicable). It
provided additional insights that could be used in combination with other features for
more robust predictive modeling. Figure 4.1 shows the results of applying VADER on
our dataset. The figure shows that the majority of tweets are positive, on the other hand
the minority of tweets are negative.
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Figure 4.1 VADER sentiment analysis

Figure 4.2 shows a word cloud visualization of words frequently associated with negative
sentiment tweets. The dominant terms include "ref", "bad", "worst", "horrible", "terrible",
"devil" and "pain” which indicate strong negative emotions. On Other terms like

"money", "cost" and "price" suggest dissatisfaction regarding financial elements. The

prevalence of words like "not™, "don't", "can't" and "wouldn't" imply negation and refusal.
Overall, the word cloud provides a summarized snapshot of key terms in tweets

expressing negative opinions and attitudes.

36



0 pIeas inform order. account..sorri hear-o whiteston dome v L
R ualifi purchas
amazon- associ 3 purchas

100 1ck amazon

assocrwearn
ea I"n qua ;. want~ = power color. red;
200 Sioel pé?rson Anformatione time - A
EleisoE 1al ‘media
300 LQ__ U S e'fLZfC Ode ;j amazon amazon -Never reall 1 i'l', ¢ i 'L streen protector g
100 aiQOk go”ﬂ gi» ey g : E
N ”m.]f“_" P ight ) g?
0 b et ~ rl%} even S
500 | £ "¢ = — $ iz y activ_hour =
5 LS e e -
pedhLc atc: amaZOW@&ﬂ;nk atcsuie red” devil

600 llnk mention bad

wong tri “idevilk amd
i wwthink %
T 1
buy E on" i

h >N

o m

PA§as, RLOVId e bras
0 200 400 600

CCOUI‘I

700 |

* "accessori click

1s knowdevil-1link .
1200 1400

Figure 4.2 Word cloud sentiment in negative

Figure 4.3 shows a wordcloud for terms associated with positive sentiment. Dominant

happy”,
strong positive emotions. The terms "thank™, "help"” and "support™ imply gratitude and

words include "love™, "like", "good", "best", "great", amazing" which convey
appreciation. Words such as "friend", "family™ and "child" suggest positive affiliations
and relationships. The prevalence of present tense verbs indicates optimism and
enthusiasm. Overall this word cloud summarizes key terms in tweets with favorable and

upbeat sentiments.
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Figure 4.3 Word cloud sentiment in positive
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Comparing the two graphs, the negative sentiment terms appear more diffuse while the
positive words are more concentrated around a few main concepts like "love", "like" and
"good". The positive terms also seem more personal and relationship-oriented while the
negative words relate more to general emotions. The word clouds provide an efficient
visualization of the lexical differences between tweets of opposing sentiment. Analyzing
the frequent terms provides useful insights into how sentiment is expressed in the text
data.

4.2  Applying ML Models on the Dataset without Using SMOTE

In this section, we tested several ML models on the raw data without adjusting the
distribution of the variables. The aim was to evaluate the performance of these models
despite the imbalanced class composition. We employed commonly used classifiers such
as LR, XGBoost, AdaBoost, and SGD. Evaluation metrics included accuracy, precision,
recall, F1-score, cross-validation, and the area under the Receiver Operating
Characteristic (ROC) curve. These metrics are outlined in Table 4.1.

Table 4.1 Result analysis of sentiment analysis by splitting dataset to 60 Training 40
Testing (without using SMOTE)

PROPOSED ACCURECY PRECISION RECALL F1-SCORE MCC | AUC
ALGORITHMS

LR 0.963 0.963 0.963 0.963 0.901 | 0.947
XGBoost 0.934 0.934 0.934 0.934 0.821 | 0.903
AdaBoost 0.896 0.896 0.896 0.896 0.720 | 0.861
SGD 0.919 0.917 0.919 0.919 0.774 | 0.866

From Table 4.1, we observe that LR achieved the highest accuracy score of 0.963. This
indicates that LR correctly classified 96.3% of the instances in the dataset. XGBoost and
SGD also demonstrated strong accuracy, with values of 0.934 and 0.919, respectively.
However, AdaBoost showed a slightly lower accuracy of 0.896. In addition, we can see
that all algorithms achieved high precision scores, indicating their ability to minimize
false positives. LR, XGBoost, and AdaBoost performed equally well with precision
values of 0.963, while SGD obtained a slightly lower precision of 0.917. Looking at the
results, we find that LR, XGBoost, and SGD achieved the highest recall scores of 0.919.
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This suggests that these algorithms were effective at capturing most of the positive
instances. AdaBoost, on the other hand, obtained a recall score of 0.896, which was
slightly lower. From Table 4.1, we see that LR, XGBoost, and SGD obtained identical
F1-scores of 0.919, indicating a balance between precision and recall. AdaBoost, with an
F1-score of 0.896, exhibited slightly lower performance in this aspect. The Matthews
Correlation Coefficient (MCC) takes into account both true and false positives and
negatives, making it a valuable metric for assessing model performance, especially in
imbalanced datasets. Based on the results, LR achieved the highest MCC of 0.901,
followed by XGBoost (0.821), SGD (0.774), and AdaBoost (0.720). LR achieved the
highest AUC of 0.947, suggesting good overall discrimination. XGBoost and SGD also
demonstrated competitive AUC values of 0.903 and 0.866, respectively. However,
AdaBoost had a relatively lower AUC of 0.861. Figure 4.4 shows the Confusion matrix
for applied ML models.
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Figure 4.4 Confusion matrix for applied ML models
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Figure 4.5 shows the ROC plot results for obtained ML models after applying 60:40
before applying SMOTE. A higher score signifies a classifier's increased capability to
differentiate between the two classes being measured. Therefore, based on this criteria,

LR was determined to have classified the positive class of the dataset more accurately.
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Figure 4.5 The ROC plot results for obtained ML models after applying 60:40 before
applying SMOTE

In addition, we split our dataset into 70:30 to check the performance of used ML models.
Table 4.2 shows the result analysis of SA by splitting dataset to 70 Training 30 Testing
(without using SMOTE).

Table 4.2 Result analysis of sentiment analysis by splitting dataset to 70 Training 30
Testing (without using SMOTE)

PROPOSED ACCURECY | PRECISION | RECALL | F1-SCORE | MCC | AUC
ALGORITHMS

LR 0.966 0.966 0.966 0.966 0.908 | 0.950
XGBoost 0.938 0.937 0.938 0.938 0.830 | 0.907
AdaBoost 0.896 0.897 0.896 0.896 0.721 | 0.862
SGD 0.919 0.918 0.919 0.919 0.774 | 0.865

The accuracy metric represents the overall correctness of the model's predictions. From
the results of table 4.2, we observe that LR achieved the highest accuracy of 0.966,
followed by XGBoost with an accuracy of 0.938. SGD obtained an accuracy of 0.919,
while AdaBoost had the lowest accuracy of 0.896. LR, XGBoost, and AdaBoost
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demonstrated similar precision scores of around 0.966 and 0.897, respectively. SGD
achieved a slightly lower precision of 0.918. LR, XGBoost, and SGD achieved recall
scores of approximately 0.966 and 0.919, respectively, while AdaBoost obtained a recall
score of 0.896. All algorithms exhibited high F1-scores, with LR, XGBoost, and SGD
obtaining scores of around 0.966 and AdaBoost achieving a score of 0.896. LR achieved
the highest MCC of 0.908, followed by XGBoost (0.830), SGD (0.774), and AdaBoost
(0.721). 1n addition, LR achieved the highest AUC of 0.950, suggesting excellent
discrimination. XGBoost and SGD also demonstrated competitive AUC values of 0.907
and 0.865, respectively, while AdaBoost had a relatively lower AUC of 0.862. Figure 4.6
shows the Confusion matrix for applied ML models.
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Figure 4.6 Confusion matrix for applied ML models

Figure 4.7 shows the ROC plot results for obtained ML models after applying 70:30

before applying SMOTE. A higher score signifies a classifier's increased capability to
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differentiate between the two classes being measured. Therefore, based on this criteria,
LR was determined to have classified the positive class of the dataset more accurately.
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Figure 4.7 The ROC plot results for obtained ML models after applying 70:30 before
applying SMOTE

Next we split our dataset into 80:20 to check the performance of used ML models. Table
4.3 shows the result analysis of SA by splitting dataset to 80 Training 20 Testing (Without
using SMOTE).

Table 4.3 Result analysis of sentiment analysis by splitting dataset to 80 Training 20
testing (without using SMOTE)

PROPOSED ACCURECY | PRECISION | RECALL | F1-SCORE | MCC | AUC
ALGORITHMS

LR 0.960 0.967 0.967 0.967 0.911 | 0.952
XGBoost 0.936 0.935 0.936 0.936 0.824 | 0.903
AdaBoost 0.895 0.895 0.895 0.895 0.719 | 0.860
SGD 0.919 0.918 0.919 0.919 0.774 | 0.865

It can conduct from Table 4.3 that LR achieved an accuracy of 0.960, making it the
highest among the four algorithms. XGBoost had an accuracy of 0.936, SGD achieved
0.919, and AdaBoost had the lowest accuracy of 0.895. LR, XGBoost, and AdaBoost
demonstrated similar precision scores of around 0.967 and 0.895, respectively, while
SGD achieved a slightly lower precision of 0.918. LR, XGBoost, and SGD achieved
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recall scores of approximately 0.967 and 0.919, respectively, while AdaBoost obtained a
recall score of 0.895. In addition, All algorithms exhibited high F1-scores, with LR,
XGBoost, and SGD obtaining scores of around 0.967 and AdaBoost achieving a score of
0.895. LR achieved the highest MCC of 0.911, followed by XGBoost (0.824), SGD
(0.774), and AdaBoost (0.719). In terms of AUC, LR achieved the highest AUC of 0.952,
suggesting excellent discrimination. XGBoost and SGD also demonstrated competitive
AUC values of 0.903 and 0.865, respectively, while AdaBoost had a relatively lower
AUC of 0.860. Figure 4.8 shows the Confusion matrix for applied ML models.
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Figure 4.8 Confusion matrix for applied ML models

Figure 4.9 shows ROC plot the results for obtained ML models after applying 80:20
before applying SMOTE. The higher the value for a classifier, the better its ability to
distinguish between positive and negative classes. So it can be said that LR has done a

better job in classifying the positive class in the dataset.
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Figure 4.9 The ROC plot results for obtained ML models after applying 80:20 before
applying SMOTE

4.3 Applying ML models on the dataset using SMOTE

We utilized the Synthetic Minority Over-sampling Technique (SMOTE) to rectify the
class imbalance in our dataset. SMOTE creates artificial samples for the underrepresented
group by extrapolating between nearby real-world instances. This section explains the
implementation of SMOTE and its impact on student enrollment. Subsequently, we
applied the same family of ML models to the SMOTE-balanced dataset. The objective of
this study was to ascertain whether balancing the dataset could improve model
performance. We present the final results, including metrics such as accuracy, precision,
recall, F1-score, Matthew's Correlation Coefficient (MCC), and Area under the ROC
Curve (AUC), in Table 4.4.

Table 4.4 Result analysis of sentiment analysis by splitting dataset to 60 Training 40
testing (using SMOTE)

PROPOSED ACCURECY | PRECISION | RECALL | F1-SCORE MCC | AUC
ALGORITHMS

LR 0.956 0.959 0.956 0.956 0.888 | 0.956
XGBoost 0.929 0.931 0.929 0.929 0.813 | 0.916
AdaBoost 0.883 0.887 0.883 0.883 0.695 | 0.858
SGD 0.904 0.917 0.904 0.904 0.768 | 0.910
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From Table 4.4, we observe that LR achieved an accuracy of 0.956, making it the highest
among the four algorithms. XGBoost had an accuracy of 0.929, SGD achieved 0.904, and
AdaBoost had the lowest accuracy of 0.883. LR, XGBoost, and AdaBoost demonstrated
similar precision scores of around 0.959 and 0.887, respectively, while SGD achieved a
slightly higher precision of 0.917. LR, XGBoost, and SGD achieved recall scores of
approximately 0.956 and AdaBoost obtained a recall score of 0.883. All algorithms
exhibited high F1-scores, with LR, XGBoost, and SGD obtaining scores of around 0.956
and AdaBoost achieving a score of 0.883. LR achieved the highest MCC of 0.888,
followed by XGBoost (0.813), SGD (0.768), and AdaBoost (0.695). LR achieved the
highest AUC of 0.956, suggesting excellent discrimination. XGBoost and SGD also
demonstrated competitive AUC values of 0.916 and 0.910, respectively, while AdaBoost
had a relatively lower AUC of 0.858. Figure 4.10 shows the Confusion matrix for applied
ML models.
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Figure 4.10 Confusion matrix for applied ML models
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Figure 4.11 shows the ROC plot results for obtained ML models after applying 60:40
after applying SMOTE. If a classifier has a higher value, it is better equipped to
differentiate between positive and negative categories. Consequently, we can conclude

that LR effectively classifies the positive class of the dataset.
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Figure 4.11 The ROC plot results for obtained ML models after applying 60:40 after
applying SMOTE

In addition, we split our dataset into 70:30 to check the performance of used ML models.
Table 4.5 shows the result analysis of SA by splitting dataset to 70 Training 30 Testing
(using SMOTE).

Table 4.5 Result analysis of sentiment analysis by splitting dataset to 70 training 30
testing (without using SMOTE)

PROPOSED ACCURECY | PRECISION | RECALL | F1-SCORE | MCC | AUC
ALGORITHMS

LR 0.959 0.961 0.959 0.959 0.893 | 0.957
EGB 0.931 0.933 0.931 0.931 0.818 | 0.918
Adaboost 0.883 0.888 0.883 0.883 0.696 | 0.859
SGD 0.904 0.917 0.904 0.904 0.768 | 0.910

From the results of Table 4.5, we observe that LR achieved an accuracy of 0.959, making
it the highest among the four algorithms. EGB had an accuracy of 0.931, SGD achieved
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0.904, and AdaBoost had the lowest accuracy of 0.883. LR, EGB, and AdaBoost
demonstrated similar precision scores of around 0.961 and 0.888, respectively, while
SGD achieved a slightly higher precision of 0.917. LR, EGB, and SGD achieved recall

scores of approximately 0.959 and AdaBoost obtained a recall score of 0.883. All

algorithms exhibited high F1-scores, with LR, EGB, and SGD obtaining scores of around
0.959 and AdaBoost achieving a score of 0.883. LR achieved the highest MCC of 0.893,
followed by EGB (0.818), SGD (0.768), and AdaBoost (0.696). LR achieved the highest
AUC of 0.957, suggesting excellent discrimination. EGB and SGD also demonstrated

competitive AUC values of 0.918 and 0.910, respectively, while AdaBoost had a

relatively lower AUC of 0.859. Figure 4.12 shows the Confusion matrix for applied ML

models.
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Figure 4.12 Confusion matrix for applied ML models
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Figure 4.13 shows the ROC plot results for obtained ML models after applying 70:30
after applying SMOTE. The higher the value for a classifier, the better its ability to
distinguish between positive and negative classes. So it can be said that LR has done a

better job in classifying the positive class in the dataset.

ROC Plot

1.0

_____________________

0.8

True Positive Rate
=4
o

1
S
s

0.24

--- LogisticRegression (AUC = 0.957)
xgboost (AUC = 0.918)
—— AdaBoost (AUC = 0.859)

0.0+ —— 5GD (AUC = 0.910)

T T T T T T
0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

Figure 4.13 The ROC plot results for obtained ML models after applying 70:30 after
applying SMOTE

Next, we split our dataset into 80:20 to check the performance of used ML models. Table
4.6 shows the result analysis of SA by splitting dataset to 80 Training 20 Testing (using
SMOTE).

Table 4.6 Result analysis of sentiment analysis by splitting dataset to 80 training 20
testing (using SMOTE)

PROPOSED ACCURECY | PRECISION | RECALL | F1-SCORE | MCC | AUC
ALGORITHMS

LR 0.961 0.963 0.961 0.961 0.899 | 0.959
XGBoost 0.930 0.932 0.930 0.930 0.816 | 0.917
Adaboost 0.883 0.887 0.883 0.883 0.696 | 0.857
SGD 0.904 0.916 0.904 0.904 0.767 | 0.910

It can conduct from Table 4.6 that LR achieved an accuracy of 0.961, making it the
highest among the four algorithms. XGBoost had an accuracy of 0.930, SGD achieved
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0.904, and AdaBoost had the lowest accuracy of 0.883. LR, XGBoost, and AdaBoost
demonstrated similar precision scores of around 0.963 and 0.887, respectively, while
SGD achieved a slightly higher precision of 0.916. LR, XGBoost, and SGD achieved
recall scores of approximately 0.961 and AdaBoost obtained a recall score of 0.883. All
algorithms exhibited high F1-scores, with LR, XGBoost, and SGD obtaining scores of
around 0.961 and AdaBoost achieving a score of 0.883. LR achieved the highest MCC of
0.899, followed by XGBoost (0.816), SGD (0.767), and AdaBoost (0.696). the ROC
Curve (AUC): LR achieved the highest AUC of 0.959, suggesting excellent
discrimination. XGBoost and SGD also demonstrated competitive AUC values of 0.917
and 0.910, respectively, while AdaBoost had a relatively lower AUC of 0.857. Figure

4.14 shows the Confusion matrix for applied ML models.

Confusion matrix Confusion matrix

- 60000 - 60000

=] 68620000 2560.000 - c0000 = E7118.000 4062.000 50000

40000 - 40000

£ - 30000 L - 30000
- - 20000 B

- - 1056.000 22132.000 - 2529 000 20659 000 20000
- 10000 10000

] ) 1 o 1

Predicted Predicted
LR XGBoost
Confusion matrix Confusion matrix

- 50000 - 60000

£411.000 - 50000 - £3961.000 7219.000 - 30000

- 40000 - 40000

§ ™
2 2
< - 30000 ¥ - 30000
i o0 - - 20000
— 4537.000 18651.000 20000 - 1835.000 21353.000
- 10000 - 10000
o 1 !
Predicted o . 1
Predicted
Adaboost SGD

Figure 4.14 Confusion matrix for applied ML models
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Figure 4.15 shows the ROC plot results for obtained ML models after applying 80:20
after applying SMOTE. A higher score indicates that a classifier is more capable of
differentiating between the two classes being measured. Therefore, LR has been assessed

to classify the positive class of the dataset more accurately.
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Figure 4.15 The ROC plot results for obtained ML models after applying 80:20 after
applying SMOTE

From our experiments, it is evident that LR consistently outperformed the other
algorithms across most evaluation metrics. LR demonstrated the highest accuracy,
precision, recall, F1-score, MCC, and AUC, making it the most suitable choice for this
particular task. XGBoost and SGD also exhibited competitive performance and can be
considered viable alternatives, especially when interpretability is less critical and higher

model complexity is acceptable.

However, it is important to note that the performance of the algorithms may vary
depending on the specific characteristics of the dataset and the nature of the task.
Therefore, it is recommended to conduct further experiments on different datasets and

tasks to validate the generalizability of the results.
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5. CONCLUSIONS AND RECOMMENDATION

In this work, we performed an automatic tagging and SA method on raw Twitter data
related to e-commerce activity. This was done using VADER for sentiment polarity
detection, along with four ML algorithms. Before data analysis, the data was cleaned
through processes like folding, data deletion, rewording, stop word removal, and
stemming. Once cleaned, the data could be automatically tagged and classified with the
four ML algorithms. The combined workflow of VADER sentiment polarity detection
and ML algorithms effectively analyzed raw Twitter data across three scenarios. From
our experiments, it is evident that LR consistently outperformed the other algorithms
across most evaluation metrics. It demonstrated the highest accuracy, precision, recall,
F1-score, MCC, and AUC, making it the optimal choice for this particular task. XGBoost
and Stochastic Gradient Descent (SGD) also exhibited competitive performance, and
could be viable alternatives, particularly when interpretability is less critical and a higher
degree of model complexity is acceptable. However, it's important to note that the
performance of these algorithms may vary depending on the specific characteristics of
the dataset and the nature of the task. Therefore, we recommend conducting further

experiments on different datasets and tasks to validate the generalizability of the results.

We can summarize the results as following:

e LR achieved the best results overall based on the evaluation metrics. It had the highest
accuracy, precision, recall, F1-score, MCC and AUC.

e XGBoost and SGD also performed reasonably well on this dataset.

e AdaBoost lagged behind the other algorithms in terms of performance.

e Additional experiments on different data are needed to fully validate the findings and
determine if they generalize across tasks.

e Dataset characteristics and problem type can impact relative model performance.

e So while LR appears optimal for this case, the other algorithms may prove superior
given different criteria and data. More research is required to fully compare the

models' applicability.
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In the future, we will strive to apply various ways to make our model more efficient, as
well as employ other aspect-based analytic methodologies on negative review data sets
to identify problematic product attributes. As a result, the business may improve the

quality of its products and boost its sales rate.

The techniques and algorithms used for SA are rapidly advancing, but there are still many
unsolved problems in the field of opinion research. Based on this, in this part and
according to the axes of this research, titles with the aim of continuing research and

developing knowledge in the field of research; It is suggested to the next researchers.

1) Visualizing the results obtained in this research with the aim of helping users to better
understand the feelings extracted from the text of the comments, on the target website
can be an effective step in researching opinions about products and services.

2) The results obtained in relation to the analysis of sentiments around products and
services are very important, and organizations, companies and e-commerce websites,
as well as research in the field of digital marketing, can benefit from these results and
in line with Take more effective steps to promote digital marketing.

3) It is still difficult to identify fake comments from other comments, and the effect of
the positive or negative polarity of these comments on the final result is
uncontrollable. Therefore, the identification of fake opinions in the field of analysis
of Turkish language should be considered as a very important field of study by
researchers.

4) Every opinion text with a positive polarity can be considered as a valuable resource,
which always suggests products or services to other users and customers. Based on
this, companies, organizations, as well as e-commerce websites can benefit from this
comment text and with the help of recommender systems, products and services to
other customers and users who choose the category. Products and services have the
same taste as the people providing the opinion.

5) Creating and developing tools with high efficiency and accuracy to convert colloquial
expressions into official expressions and a tool to detect spelling mistakes in the text

of comments.
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6)

7)

It is suggested that other researchers should also use the word cloud technique in
addition to the opinion analysis steps they are considering for their research, so that
the audience can understand the content mentioned in relation to the text of the
comments in a more comprehensible way.

E-commerce websites can take effective steps in attracting more and better users and
customers by using the word cloud technique and using the text of the comments on
the website, because the word cloud technique, in addition to having visual appeal,
helps users and It helps customers to understand in a shorter time the features

mentioned in the comments about products and services.
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APPENDICES

APPENDIX 1. Study software and hardware information
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APPENDIX 1. Software and hardware information

1) Software requirements

e Python with suitable JDK i.e., Jupyter notebook software.

2) Hardware requirements

e Graphics: NVIDIA GeForce RTX2070 8G Max-Q GDDR6 w/ New Ray Tracing
Technology

e Processor: Intel Core i7-8750H 2. 2 - 4. 1GHz
e Memory: 32GB (16G*2) DDR4 2666MHz 2 Sockets; Max Memory 32GB.
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