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ABSTRACT

This study offers a complete learning on the application of
numerous machine learning algorithms used for sentiment
analysis of product evaluations. The aim is to categorize
opinions by means of positive, negative, or impartial by using
leveraging the competencies of one-of-a-kind algorithms. The
survey delves into deep learning approaches, highlighting the
advancements introduced by Long Short-Term Memory
Networks (LSTMs), Gated Recurrent Units (GRUs) and
Recurrent Neural Networks (RNNs). Transformer-based
models, such as Generative Pre-trained Transformers (GPT)
and Bidirectional Encoder Representations from Transformers
(BERT) established novel standards in  sentiment
categorization. Additionally, In this examine multimodal
approaches that integrate textual data with other data types like
images and audio to enhance sentiment analysis accuracy. Each
method is assessed for its strengths, limitations, and practical
applications, focusing on its impact on product review analysis
in various languages. The study ends by a review of present
challenges and imminent instructions, emphasizing the
ongoing need for innovations to handle complex sentiment
nuances and multilingual datasets. This review purposes to
offer a complete grasp of sentiment analysis advancements,
offering insights for researchers and experts in the field.
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1. INTRODUCTION

The internet era has transformed how people express their
feelings, viewpoints, and reviews. Nowadays, they primarily
do so through blog posts, online media, review websites, and
social media platforms like Facebook, Twitter, and Google
Plus. This interactive online environment allows consumers to
share information and influence others. Social media creates a
huge amount of sentiment-rich data in the form of tweets, status
updates, blog posts, comments, and reviews. Trades can
leverage this platform to link with customers and advertise.
Individuals heavily rely on user created content online to make
decisions, such as researching product reviews and discussing
services on social platforms formerly making a purchase. The
sheer volume of user created content necessitates the use of
automated sentiment analysis methods to develop and analyze
such data.

The (SA) feature allows users to assess the product's details and
determine if the information provided is adequate before
making a purchase. Businesses and marketers utilize this
analysis data to gain insights and understanding.

2. RELATED WORK

The fast growth of electronic commerce and digital platforms
run to an unparalleled surge in product reviews, which play a
critical role in shaping customer choices and business tactics.
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With millions of reviews generated daily, manual analysis
could be more practical, driving the need for automated
systems to interpret customer sentiment efficiently. Sentiment
analysis involves mining particular information from textual
data, such as views and reactions. In latest years, Al-based
sentiment evaluation has received momentum as a effective
device for appreciation purchaser remarks in product reviews.
However, sentiment analysis has its challenges. Product
reviews are often written in diverse modern languages, each
with its unique structure, syntax, and cultural nuances. The
complexity of sentiment extraction is further compounded by
informal language, slang, and abbreviations frequently used in
online reviews. Traditional sentiment analysis methods, which
rely on rule-based or statistical techniques, need help to keep
up with these complexities, resulting in limited accuracy and
generalization. Artificial Intelligence (Al), mainly through
deep learning architectures, has revolutionized sentiment
analysis by enabling more sophisticated models to handle vast
amounts of unstructured data. Al-based methods, such as
CNNSs, RNNSs, and transformer-based models like BERT, have
successfully captured intricate patterns in text data. These
architectures allow more nuanced sentiment analysis to
understand context, sarcasm, and varying emotional intensities
in product reviews across multiple languages.

This review comprehensively examines Al-based sentiment
analysis architectures specifically tailored to product reviews
in modern languages. It delves into the critical challenges of
sentiment analysis across many languages, explores state-of-
the-art Al models, and discusses the significance of datasets,
preprocessing  techniques, and  evaluation  metrics.
Additionally, the paper highlights recent advancements in
sentiment analysis, addressing the importance of handling
cross-linguistic variations and the potential for bias reduction.
By focusing on the intersection of Al, sentiment analysis, and
product reviews, this review aims to offer insights into how
modern architectures are shaping the future of automated
opinion mining. It also provides an outlook on emerging trends
and future directions for enhancing the performance and
scalability of Al-driven sentiment analysis systems in a
multilingual, globalized digital landscape.

Rule-Based Approaches

Rule-based methods count number on predefined linguistic
regulations and sentiment lexicons to consider the sentiment of
a given text. Lexicons like SentiWordNet, AFINN, and
VADER provide sentiment scores for words. These scores are
aggregated using simple rules (e.g., summing scores of positive
and negative words) to classify text as positive, negative, or
neutral.

Machine Learning-Based Approaches

These approaches train machine learning algorithms on labeled
datasets to classify sentiment. Algorithms such as Naive Bayes
(NB), Support Vector Machines (SVM), and Logistic
Regression (LR) are in many instances used. These strategies
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involve characteristic extraction methods like bag-of-words,
TF-IDF, or phrase embeddings to translate textual content into
numerical illustrations.

3. ARCHITECTURES

In sentiment analysis, various architectures have been
employed to manner and analyze textual content facts
effectively. These architectures vary from common machine
learning pipelines to superior deep learning frameworks. Below
is an overview of these architectures and their key
characteristics:

3.1 Transformer Architecture Advantages
The transformer framework allows for parallel processing,
making BERT computationally efficient compared to RNNs
for large datasets. These architectures collectively form the
backbone of modern sentiment analysis systems. Traditional
methods are well-suited for simple and interpretable models,
while deep learning approaches like CNNs, RNNs, and
transformers excel in capturing intricate patterns and
contextual information from text. Among these, transformer-
based models such as BERT represent the state-of-the-art,
offering unmatched accuracy.

Table 1. Comparative Analysis

Approach | Pros Cons Use Cases
Rule- Simple, Domain- Basic
Based interpretable specific, fails | analysis
on complex
data
ML-Based | Handles large Requires Product
datasets, feature reviews,
scalable engineering social
media
Deep Contextual Resource- Healthcare,
Learning- understanding, intensive, customer
Based scalable complex analytics
architectures

4. LITERATURE REVIEW

Sentiment analysis has evolved significantly from basic
statistical methods to advanced Al-driven architectures. Early
approaches primarily used rule-based methods and lexicon-
based techniques, which were effective in constrained
environments but struggled with the complexities of modern,
informal language used in product reviews. The emergence of
machine learning and deep learning models has directed to
more sophisticated sentiment analysis systems capable of
handling the challenges posed by large, unstructured datasets
and diverse modern languages.

4.1 Traditional Approaches to Sentiment
Analysis

Rule-based systems and lexicon-based approaches were used
to develop the foundation of sentiment analysis. Rule-based
approaches identified attitudes using predetermined language
criteria, whereas lexicon-based systems employed a sentiment
dictionary to categorize words as positive, negative, or neutral.
Early researchers [1], investigated machine learning techniques
such as Naive Bayes, Support Vector Machines (SVM), and
Maximum Entropy for sentiment categorization, with better
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results than rule-based systems. However, these approaches
struggled to handle contextual meaning, irony, and domain-
specific language, notably in product reviews where informal
language and domain-specific terminology are common.

4.2 Machine Learning Models Used in

Sentiment Analysis

Sentiment analysis' accuracy and scalability improved
significantly as machine learning techniques advanced. Bag-of-
words (BoW) and Term Frequency-Inverse Document
Frequency (TF-IDF) models gained popularity for feature
extraction, allowing models to represent text data as numerical
vectors. While successful for binary sentiment classification,
this approach often needed to capture complex linguistic
structures and dependencies between words. Research
presented in [2] demonstrated that traditional machine learning
models like SVM and Random Forests could perform well in
specific domains but were limited by their inability to
generalize across different contexts and languages.

4.3 Rise of Deep Learning in Sentiment

Analysis

Deep learning revolutionized sentiment analysis by allowing
models to learn hierarchical features from raw text data without
requiring explicit feature engineering. CNNs were initially
applied to text classification tasks, proving effective in
capturing local dependencies between words. Kim (2014)
showed that CNNs could significantly outperform traditional
methods on sentiment analysis tasks, particularly in scenarios
involving short product reviews where word order and local
context are critical. Recurrent Neural Networks (RNNS),
particularly Long Short-Term Memory (LSTM) and Gated
Recurrent Units (GRU), further improved sentiment analysis
by capturing sequential dependencies in text. Research
presented in [3] on LSTM networks laid the groundwork for
handling long-range dependencies, essential for understanding
context and sentiment in longer product reviews. LSTMs and
GRUs have been widely adopted in product review analysis,
where understanding the flow of ideas and emotions across a
sentence or paragraph is crucial for accurate sentiment

detection.

4.4 Transformer-Based Models
Transformer-based models, such as Bidirectional Encoder
Representations from Transformers (BERT) [4] and their
descendants, expressively progressive natural language
processing responsibilities, including sentiment analysis.
BERT's capacity to capture bidirectional context and grasp
word relationships in a sentence has considerably enhanced
sentiment analysis systems' accuracy, particularly in
multilingual and domain-specific applications such as product
reviews. Transformers excel in grasping the nuances of modern
language, such as sarcasm, irony, and context-dependent
meaning, which are common in user-generated reviews.

4.5 Multilingual Sentiment Analysis

Among the significant challenges in product review sentiment
analysis is the diversity of languages consumers use
worldwide. Sentiment analysis systems that work well in one
language often struggle to generalize to others due to syntactic,
semantic, and cultural differences. Recent research has focused
on developing multilingual models capable of handling
multiple languages with minimal performance degradation.
XLM-R [5] and BERT [4] are examples of models trained on
multilingual corpora, enabling cross-linguistic sentiment
analysis. These models have shown promising results in
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handling modern languages and dialects, which are
increasingly used in global product reviews.

4.6 Datasets for Sentiment Analysis in

Product Reviews

Datasets are critical to the success of sentiment analysis
models. The availability of large-scale datasets, such as
Amazon Product Reviews [5] and Yelp Reviews, has facilitated
the training and evaluation of Al-based sentiment analysis
systems. These datasets provide diverse examples of product
reviews across various languages and categories, making them
valuable resources for testing modern Al architectures.
However, researchers like [5] have highlighted the need for
more domain-specific and multilingual datasets that reflect the
complexities of modern languages used in product reviews.

4.7 Gender and Cultural Bias in Sentiment
Analysis

An emerging area of research is the recognition of gender and
cultural biases present in Al-based sentiment analysis models.
Research in [6] has shown that sentiment models trained on
biased datasets often propagate these biases, leading to unfair
or inaccurate sentiment predictions for specific demographic
groups. Addressing these biases is critical, particularly in
multilingual sentiment analysis, where cultural differences can
significantly affect emotional expression and sentiment
interpretation.

4.8 Transfer Learning and Pretrained
Models

Transfer learning has become essential in sentiment analysis,
allowing models to use knowledge from pre-trained models
such as BERT and GPT-3. Researchers fine-tuned their models
on specific domains, such as product evaluations, using the
labeled data to reach cutting-edge performance. Pre-trained
models can transfer knowledge from high-resource to low-
resource languages, finding this approach beneficial when
multilingual data is limited [9].

4.9 Lexicon based vs. Machine Learning
based Approaches

In their study, [8] compared lexicon-based and machine
learning-based approaches for sentiment analysis on social
media data. The lexicon-based method involves predefined
dictionaries that assign sentiment to words based on their
semantic orientation, while the machine learning approach
employs algorithms competent on labelled information to
classify sentiments. Both approaches demonstrated similar
performance when identifying positive comments, though
machine learning showed stronger overall classification
capabilities, particularly when larger datasets were available.

However, the authors argue that a hybrid model—Ileveraging
lexicon-based techniques to inform the machine learning
process—improves sentiment analysis accuracy. Challenges in
handling sarcasm and negative sentiment were highlighted,
indicating that both methods are more effective in classifying
positive sentiments. This research supports the need for
combining these methods to boost accuracy and precision in
social media sentiment analysis, providing valuable insights for
improving digital marketing strategies [6].

International Journal of Computer Applications (0975 — 8887)
Volume 186 — No.81, April 2025

4.10 Voting-based Ensemble Models for

Sentiment Classification

The study [10] presents a voting-based sentiment classification
model that improves sentiment analysis accuracy by combining
several classifiers. It enhances robustness and precision over
conventional methods by using an ensemble approach that uses
a voting mechanism to harness the capabilities of individual
classifiers. The study is placed within the framework of
intelligent communication systems and shows how well it
performs text processing tasks, especially sentiment analysis on
social media.

4.11 Feature Selection in “Multi-class

Sentiment Classification”

This paper by [7] emphases on evaluating the impact of various
feature selection methods and machine learning strategies for
multiclass sentiment classification. By comparing methods like
chi-square and information gain across models such as SVM,
Naive Bayes, and decision trees, the research demonstrates how
effective feature selection can significantly enhance
classification accuracy. This work offers insights for improving
the presentation of machine learning models in complex
opinion analysis tasks.

4.12 Overview of “Sentiment Analysis”

and Applications

Sentiment analysis, additionally acknowledged as opinion
mining, includes examining textual information to perceive and
extract subjective statistics such as opinions, attitudes, and
emotions. It plays a crucial role in understanding customer
feedback, enhancing user experience, and guiding business
decisions. Applications of sentiment analysis span various
domains, including:

Customer Feedback Analysis: Helps businesses understand
customer opinions about products and services, enabling them
to improve their offerings and address customer concerns.

Market Research: Assists in understanding market trends and
consumer preferences by analyzing reviews, blogs, and forum
discussions.

Political Analysis: Gauges public views on political stuffs,
aspirants, and procedures, aiding in strategic decision-making
for campaigns.

Healthcare: Analyzes patient feedback and reviews to improve
healthcare services and patient satisfaction. Paper [4].

4.13 Historical Context and Previous

Studies on Traditional

Early sentiment analysis efforts relied heavily on lexicon-based
approaches and traditional machine learning algorithms. These
techniques worried the use of predefined dictionaries of high-
quality and bad phrases to analyze the sentiment of texts. While
easy and interpretable, lexicon-based strategies frequently
struggled with context-dependent sentiment expressions.
Traditional machine learning algorithms, such as Support
Vector Machines (SVMs), Logistic Regression, Decision
Trees, and Naive Bayes, marked significant progress in
sentiment analysis by leveraging statistical techniques. These
algorithms rely on features extracted from text, such as:
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Bag of Words (BoW): Signifies textual content by means of a
series of words, ignoring sentence structure and phrase
direction.

Term Frequency - Inverse Document Frequency (TF-1DF):
Imitates the significance of a phrase in a file comparative to a
series of forms.

N-grams: Captures sequences of n consecutive words,
preserving some context.

4.14 Ontology based sentiment review

analysis:

Fake reviews on e-commerce platforms are a serious issue that
has a big impact on consumer purchase decisions and product
development. This study addresses this issue. The study offers
a multifaceted approach to detecting false reviews that
incorporates sentiment analysis, Part-of-Speech (POS) tagging,
and linguistic traits, among other important review-related
factors. Feature-level sentiment analysis is based on the
mapping of these characteristics into a domain-specific feature
ontology. The approach accomplishes a thorough
representation of review data and enables a more thorough
examination of the patterns connected to fraudulent reviews by
utilizing this ontology [11].

The study uses a rule-based classifier that uses the ontology for
inferencing to improve detection accuracy and make well-
informed judgments about whether a review is dishonest. This
work's method for dealing with the lack of a labeled dataset, a
frequent problem in fake review identification, is a noteworthy
breakthrough. Outliers in an unlabeled dataset are found using
the Mahalanobis distance approach, and for the sake of training
the model, these outliers are regarded as fraudulent reviews.
The system is able to overcome the constraints produced by the
absence of labeled data. Thanks to this unsupervised method.

While the study shows that incorporating linguistic, POS, and
sentiment analysis elements improves the rule-based
classifier's performance, there are certain limits. Because
building a manually generated domain ontology may be time-
consuming and domain-specific, it presents issues with
scalability and applicability to many domains. Furthermore, the
presumption that outliers identified by Mahalanobis distance
are fraudulent reviews might result in inaccurate classifications
of genuine reviews with distinctive features as fraudulent in a
variety of datasets. By offering a novel and methodical
approach to phony review identification, the research makes a
substantial contribution to the area in spite of these limitations.
Outliers in an unlabeled dataset are found using the Mahala
Nobis distance approach, and for the sake of training the model,
these outliers are regarded as fraudulent reviews.

4.15 Biomedical Natural Language

Processing

A substantial quantity of real-world statistics has been
produced via the full-size use of digital fitness file (EHR)
structures in the healthcare industry, developing new
possibilities for scientific research. One vital synthetic Genius
method for deriving widespread data from medical narratives
in digital health documents (EHRs), which regularly
incorporate vital however unstructured medical data, is the use
of herbal language processing (NLP) techniques. To absolutely
make use of this data, however, state-of-the-art biomedical
NLP methods are required due to the fact a massive component
of it is nevertheless trapped in free-form medical narratives. In
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order to help functions that direct medical decisions, become
aware of scientific problems, and possibly stop or put off the
begin of diseases, these strategies enable the computerized
conversion of narrative textual content into structured scientific
statistics. [12]

The use of biomedical NLP techniques still faces a number of
obstacles in spite of these developments. Progress is
nevertheless hampered by problems such data heterogeneity,
privacy issues, incompatibility with EHR systems, and the
requirement for annotated information. Furthermore,
maintaining model generalizability across various patient
demographics and medical environments continues to be a top
research focus. To fully utilize NLP's potential in healthcare,
these issues must be resolved.

4.16 Biomedical Natural Language

Processing

The process of determining, extracting, and evaluating people's
views, sentiments, attitudes, perceptions, and feelings about a
variety of entities, including subjects, goods, services, and
events, is called sentiment analysis (SA). Due to the quick
development of Internet-based platforms such as blogs, social
networks, forums, and webpages, a large volume of user-
generated material including reviews and comments on a
variety of topics has been produced. In order to comprehend
public sentiment, obtain useful business intelligence, and make
well-informed judgments, sentiment analysis has become a
potent tool for governments, corporations, and researchers to
glean insightful information from this data.[13]

This essay gives a thorough introduction to sentiment analysis,
going over its methods, difficulties, uses, and potential
developments. It provides a thorough review of sentiment
analysis and related topics, acting as a global survey for
academics. The study examines the many uses of sentiment
analysis, showing how it may be applied to predict market
trends, monitor brand reputation, assess consumer satisfaction,
and investigate public attitudes. It also describes the general
steps in sentiment analysis, including gathering data, preparing
it, extracting features, classifying it, and interpreting the
findings. The paper explores the different methods used in
sentiment analysis and divides them into three categories:
lexicon-based methods, contemporary deep learning
techniques, and traditional machine learning methods. Through
a comparison and analysis of different approaches, the paper

The paper additionally highlights the challenges related with
sentiment analysis, such as dealing with sarcasm, ambiguity,
multilingual text, and domain-specific terminology. These
challenges underscore the want for ongoing lookup to enhance
extra strong and adaptable sentiment evaluation fashions.
Furthermore, ethical considerations, such as ensuring privacy
and mitigating biases in sentiment analysis systems, are
discussed as critical aspects that require careful attention.

Finally, the paper identifies future directions for sentiment
analysis research, including advancements in real-time
sentiment monitoring, multimodal sentiment analysis, and the
integration of sentiment analysis with other artificial
intelligence technologies. By addressing these challenges and
embracing rising trends, sentiment evaluation can proceed to
evolve as a treasured device for appreciation and inspecting
public sentiment throughout numerous domains. In conclusion,
this paper provides an extensive study of sentiment analysis,
offering insights into its approaches, challenges, and
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applications. It serves as a valued means for researchers and
experts, guiding future innovations in this dynamic field.

4.17 Contextually Relevant Responses

A revolutionary development in artificial intelligence, Open-
Al's Chat Generative Pre-Trained Transformer (Chat-GPT) has
fundamentally changed the way humans and Al communicate.
After a brief interaction, Chat-GPT shows off its exceptional
capacity to provide thorough, accurate, and contextually
appropriate answers in a wide range of fields. Several research
assessing Chat-GPT's performance on reputable natural
language processing (NLP) tasks have surfaced. However,
there are substantial gaps in the assessment of its capabilities
because these evaluations are frequently small in scope, mostly
manual, and devoid of thorough automation. The performance
of Chat-GPT on 25 different analytical NLP tasks—both
subjective and objective—is methodically examined in this
study. Sentiment analysis, mood recognition, offensiveness
detection, and stance detection are examples of subjective tasks
that even people may find confusing or interpretative.
Conversely, objective tasks need logical reasoning and
contextual knowledge and include word sense disambiguation,
linguistic acceptability, and question responding. In order to
provide a comparative viewpoint, the study also assesses the
GPT-4 model's performance on five chosen subsets of these
tasks. In this automated the GPT-4 and Chat-GPT prompting
procedures and examined more than 49,000 responses to
guarantee a thorough assessment. According to our findings,
Chat-GPT's quality is mediocre in comparison to current State-
of-the-Art (SOTA) solutions.[14]

In addition to quantitative assessments, In this investigated the
possibility of employing a novel Random Contextual Few-Shot
Personalization technique to customize ChatGPT's replies in
subjective tasks. This method produced noticeably better user-
specific predictions, highlighting the possibility of customizing
Al replies to suit personal tastes. Additionally, a thorough
qualitative examination revealed biases in ChatGPT's
responses, which were probably caused by the limitations and
instructions that Open Ai’s human trainers placed on it during
training. This work offers important new information on the
capabilities and drawbacks of predictive natural language
processing models such as Chat-GPT and GPT-4. It highlights
the need for improved learning and validation processes to
improve these tools' dependability, equity, and usefulness
while posing important queries regarding their societal
ramifications. Our results lay the groundwork for insightful
discussion.[19]

4.18 Sentiment Analysis (SA) Across A
Wide Range of Industries

In response to the continuously growing quantity of textual
information on the internet, this find out about discovers the
practice of Machine Learning (ML) fashions for sentiment
evaluation (SA) throughout a range of expert domains and
businesses, such as social media, consumer reviews,
healthcare, and banking. The article provides a thorough grasp
of the approaches used in SA by analyzing different machine
learning  models used by researchers, highlighting
preprocessing strategies and data gathering procedures. In
fields including social media monitoring, healthcare
diagnostics, educational insights, tourism, hospitality, finance,
and e-commerce, the incorporation of machine learning (ML)
becomes a disruptive force that produces notable positive
outcomes. These developments highlight sentiment analysis's
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adaptability and demonstrate its capacity to find novel uses and
tackle challenging real-world issues.[15]

Sentiment analysis has significant impediments, such as
linguistic variety, ethical quandaries, and domain-specific
barriers, despite its tremendous potential. These intricacies
necessitate additional research and creativity in order to
improve algorithms and provide flexible, domain-specific
solutions. To improve sentiment analysis's accuracy and
dependability and open the door for its incorporation into a
wider range of professional domains, these issues must be
resolved. This study lays the groundwork for future research by
promoting the growth of sentiment analysis into a more
complex and domain-focused field, which will enable the
investigation of new use cases and the creation of specialized
techniques. It highlights how ML is a major enabler of
actionable insights and a progress catalyst in a variety of
industries. The authors proposed a novel method on application
product ranking based on opinion mining. [27]

4.19 Cognitive-Inspired Deep Learning
Models

Inspired by cognitive computation techniques, deep learning
(DL) models have become effective instruments for attaining
human-like performance in challenging cognitive tasks like
sentiment analysis. The quickly emerging field of Deep
Learning-assisted  aspect-based sentiment analysis s
thoroughly reviewed in this work. The study investigates
publishing and citation trends, international scientific
collaborations, key subjects, and future research directions
using bibliometric pointers, social network analysis, and
subject demonstrating tools. [26] The results show that DL-
ABSA research has grown significantly as a result of
contributions from a wide range of organizations, nations, and
publication sources. International involvement in developing
the field is highlighted by collaborative networks, especially
those between the USA and China. Neural networks for
sequence modeling, syntax and shape analysis, and domain-
specific utility are essential matters.[16]

A subfield of natural language processing (NLP) called aspect-
based sentiment analysis (ABSA) looks for sentiments
associated with particular elements of textual material. ABSA
has advanced significantly with the spread of deep learning
(DL) models, allowing for a more sophisticated comprehension
of attitudes across domains. With an emphasis on bibliometric
trends, collaborative networks, emerging issues, and future
potential, this study investigates the dynamics of DL-assisted
ABSA (DL-ABSA). This work offers academics and
practitioners a road map for utilizing cutting-edge analytical
approaches to fully realize DL-ABSA's promise in tackling
domain-specific problems. [17]

4.20 Rapid detection of fake news

A fast-developing field with enormous research and practical
application potential is DL-assisted ABSA. This review
emphasizes the strategic significance of DL-ABSA in
advancing sentiment analysis by looking at bibliometric trends,
collaborative networks, and new themes. By tackling present
issues and investigating potential directions, scholars and
professionals will be able to utilize the revolutionary potential
of DL-ABSA, opening the door for advancements in NLP and
other fields.

4.21 Key Traditional Algorithms

Support Vector Machines (SVMs): Known for its usefulness in
high dimensional spaces, SVMs separate data into classes with

14



determined margin. Studies like Pang et al. (2002)
demonstrated their application for movie review classification,
showecasing strong performance.

Logistic Regression. A broadly used statistical approach for
binary classification, logistic regression applies a logistic
characteristic to mannequin the likelihood of a sure
classification or event. It has been utilized in sentiment
evaluation for its simplicity and interpretability. [18]

Decision Trees: These models partition data based on feature
values, creating a tree-like structure. Although interpretable,
they are prone to overfitting. Random Forest, an ensemble of
decision trees, was introduced to mitigate this issue and
improve accuracy.

K-Nearest Neighbors (KNN): Classifies facts based totally on
the majority category amongst the k-nearest neighbors. While
easy and high quality for small datasets, it turns into
computationally high priced for massive datasets.

Naive Bayes: Based on Bayes' theorem, this probabilistic
classifier assumes feature independence, which simplifies
computations. Despite its simplicity, Naive Bayes has been
effective for text classification tasks.

Fig. 1: General Flow for ML and Al for Sentiment
Analysis

Preprocessing Pipelines for Sentiment Analysis: Effective
preprocessing of textual facts is an indispensable step in
sentiment analysis, particularly when dealing with the noisy
and unstructured nature of user-generated content material
from social media systems. However, there are several research
gaps and limitations in existing preprocessing like Lack of
standardized and optimized pre-processing pipelines:

Most studies explore individual pre-processing techniques or
combinations without a systematic evaluation of their impact
on sentiment analysis performance.

There is no consensus on the optimal sequence and
combination of pre-processing steps for different types of
social media data (e.g., tweets, reviews, comments) and
domains (e.g., product reviews, political discussions).

5. PROPOSED SYSTEM APPROACH

The research work emphasizes on working toward filling the
research Gap identified. The major emphasis being on pre-
processing sequence and the negation and slag word
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identification and replacement. The core approach in proposed
system includes:

A. Negation Word Replacement with

Antonyms includes

e Build a lexicon of negation terms along with their
respective antonyms.

e Develop a rule-based system to substitute negation
words in a text with their corresponding antonyms.

e  Leverage contextual information to identify the most
suitable antonym based on surrounding words and
phrases.

e Investigate machine learning methods, such as
sequence-to-sequence models or transformer-based
architectures, to automatically learn the relationships
between negation terms and their antonyms from
data.

B. Slang  Word Detection  and

Replacement
The detection and replacement of slang words in text data is a
crucial task for improving the quality and reliability of natural
language processing (NLP) systems. Slang words often deviate
from standard linguistic norms, posing challenges in various
applications such as sentiment analysis, machine translation,
and conversational Al. Addressing these challenges requires
robust methodologies that balance precision and efficiency. By
combining supervised, unsupervised, and rule-based methods,
this framework aims to enhance the robustness of slang word
detection and replacement in NLP systems. The adoption of
advanced machine learning techniques, coupled with dynamic
dataset updates, provides a scalable and effective approach for
handling slang in various textual applications. [20] Compile a
dataset of slang words paired with their standard equivalents.
Train a supervised machine learning model, such as a recurrent
neural network (RNN) or convolutional neural network (CNN),
to distinguish between slang and standard words.
*Develop methods to detect and replace slang words with their
standard counterparts during the pre-processing stage.
Investigate unsupervised or semi-supervised techniques, such
as word embeddings or clustering algorithms, to identify and
group slang words.

Positive Neutral Negative .|  Word
Sentence Sentence Sentence " Features

Y

\ Features
] Extractor
Training .
Set '
‘ Features
Extractor 4  Sentence
Classifier 4—'
»|  Positive
»|  Neutral
| Negative

Fig. 2: General Block Diagram for Sentiment Analysis
System
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C. Pre-processing Step Sequence

e Analyze the effect of different pre-processing step
orders on sentiment analysis performance.

e  Design experimental frameworks to systematically
assess how varying pre-processing sequences
influence model accuracy.

e Apply techniques like cross-validation or
bootstrapping to ensure the reliability and robustness
of the results.

e Use statistical methods or machine learning
approaches to study the interactions between pre-
processing steps and sentiment analysis results.

D. Evaluation Metrics and Benchmarks

e Establish suitable evaluation metrics to assess
the effectiveness of the proposed techniques for
handling negation words and slang.

e Relate the overall performance of the developed
fashions with present sentiment evaluation systems
using standard datasets and real-world text corpora.

e  Perform comprehensive qualitative and quantitative
analyses to interpret the results and pinpoint areas for
improvement.

Effective evaluation of models addressing linguistic challenges
such as negation and slang is critical to ensuring their reliability
and applicability in real-world natural language processing
(NLP) tasks. This section outlines a robust framework for
establishing evaluation metrics, conducting comparative
analyses, and identifying areas for refinement in models
designed to handle negation and slang in textual data.

Parsed

Sentences
4 Y N\
\ .
: Polarity
Manual ity extraction
Aspect lexicons
extraction +
* Feature Linguistic
extraction analysis
Aspect | T
level SA| + /

Document Sentence
level SA level SA

Classification

Fig. 3: General Architecture for Sentiment Analysis
System

E. Machine Learning Algorithms

Implemented

Machine learning algorithms can be used to label sentiments.
Sentiment evaluation is the manner of recognizing and
measuring the sentiment of textual content or audio using
natural language processing, textual content analysis,
computational semantics, and different techniques. Data series

International Journal of Computer Applications (0975 — 8887)
Volume 186 — No.81, April 2025

from social media and processing step for sentiment evaluation
in Supervised Learning category.
e Naive Bayes: Used multinomial Naive Bayes for text
classification.
e Support Vector Machine (SVM): Applied SVM with
linear and RBF kernels to classify sentiment.
e Logistic Regression: Performed binary classification
using logistic regression with L2 regularization.
e Decision Tree: Built a decision tree classifier with
hyperparameter tuning for depth and split criteria.
e  K-Nearest Neighbours (KNN): Implemented KNN
with varying values of k to identify the best-
performing neighbours. [23]

A. Model Training and Testing

Train-Test Split: Divided the dataset into 80% training and 20%
testing. The dataset comprised of 100,000 lac records of textual
reviews extracted from the e-commerce product businesses
such as Amazon and Flip cart.

Cross-Validation: Applied k-fold cross-validation (e.g., k=5) to
ensure robust performance evaluation.

Evaluation Metrics: Accuracy, Precision, Recall, and F1-Score,
Confusion Matrix for detailed error analysis.

B. Toolsand Libraries
Text Processing: NLTK, SpaCy, Scikit-learn
Model Implementation: Scikit-learn
Visualization: Matplotlib, Seaborn

C. Interpretation of Results

The bar chart in Fig. 4 illustrates the accuracy performance of
various machine learning algorithms applied to sentiment
analysis of product reviews.

Accuracy Comparison of ML Algorithms for Sentiment Analysis
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0.85

Accuracy

0.80

075

0.70

Naive Bayes SVM Logistic Regression Decision Tree KNN
Algorithms

Fig 4: Accuracy performance of the different machine
learning algorithms

Support Vector Machine (SVM) achieves the highest accuracy
among all models, indicating its strong capability in handling
high-dimensional feature spaces typically associated with text
data. Its margin-based classification approach helps in effective
sentiment separation, making it a reliable choice for such tasks.
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Logistic Regression closely follows SVM in performance. Its
robustness and interpretability make it a practical choice for
real-world sentiment analysis, especially when a balance
between performance and simplicity is desired.

Naive Bayes also delivers reasonably high accuracy, which is
consistent with its known efficiency in text classification tasks.
Despite its strong independence assumption, it handles
vocabulary variations effectively, especially with proper
preprocessing.

In contrast, Decision Tree and K-Nearest Neighbors (KNN)
demonstrate comparatively lower accuracy. Decision Tree
models tend to overfit on smaller datasets or sparse feature
spaces, which can limit their generalization capabilities in
sentiment analysis. KNN, being a non-parametric method,
suffers from scalability issues and performance drops in high-
dimensional spaces, which explains its lower accuracy.

Comparative Analysis:

The performance gap between SVM/Logistic Regression and
Decision Tree/KNN highlights the influence of algorithm
selection on sentiment classification performance.

Algorithms that are better suited for handling sparse, high-
dimensional data (like SVM and Logistic Regression)
consistently outperform those that rely heavily on data density
or tree-based splits.

These results reinforce the importance of algorithm-data
compatibility, especially in NLP tasks involving informal or
evolving vocabulary such as product reviews.

6. CONCLUSION

This thorough examination of earlier studies has shown a
number of important holes in sentiment analysis, especially
when it comes to product reviews. The difficulties in
identifying and interpreting slang words and informal
language, which are commonly used in product reviews, are
among them. Negation analysis is another area where systems
have trouble interpreting sentiments in sentences with
negations (for example, "not good™ being incorrectly classified
as positive). Pre-processing sequencing is another important
area where the sequence and importance of pre-processing
operations, such tokenization, stemming, stopword removal,
and normalization, may have a big influence on the calibre of
feature extraction and overall model performance. This study
emphasizes that although sentiment analysis relies heavily on
typical pre-processing procedures, novel steps and sequences
designed to overcome the aforementioned issues are becoming
increasingly necessary. For example, the pipeline should
incorporate specialized pre-processing methods for slang word
recognition (e.g., using contextual embeddings or domain-
specific slang dictionaries) and negation handling (e.g.,
detecting and restructuring sentences to reflect true sentiment
polarity). Furthermore, it could be necessary to modify the
order of stages to guarantee that crucial contextual information
is maintained during pre-processing. For example, creating
context-aware tokenization techniques or putting semantic
normalization after tokenization. The study also highlights how
these improvements are critical to the efficacy of the sentiment
analysis pipeline, which includes pre-processing, feature
extraction, model training, and assessment. Comparisons show
that even these sophisticated models are prone to errors brought
on by incorrect pre-processing or omitted steps, even though
transformer-based models like BERT—which use pre-trained
models and frameworks like Hugging Face perform better than
conventional machine learning techniques in capturing
contextual nuances. This research lays the groundwork for
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creating more reliable sentiment analysis methods by filling in
these gaps and redesigning conventional pre-processing
pipelines to incorporate additional stages and enhance
sequencing. These improvements have the potential to greatly
increase systems' capacity to manage linguistic difficulties in
practical applications, such product evaluations, resulting in
sentiment categorization that is more accurate and trustworthy.
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