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Abstract: Sentiment analysis, or opinion mining, is a technigque used to analyze text data and extract opinions or emotions expressed
within the text. It plays a significant role in various domains, including web data mining, machine learning, and decision-making
processes in industries. With the prevalence of online communication channels like Twitter, Facebook, and YouTube, sentiment
analysis has become crucial in understanding human sentiments and opinions shared on these platforms. This paper reviews different
methodologies and approaches in sentiment analysis, including machine learning algorithms like Naive Bayes, Support Vector
Machine, and Maximum Entropy. Challenges such as polarity shift, accuracy issues, binary classification, and data sparsity are
discussed, along with techniques like TF-IDF feature extraction, semantic similarity, and sentiment polarity detection. The study
encompasses various applications, from analyzing product reviews to understanding public opinions on social networks, and
highlights the ongoing advancements, challenges, and trends in sentiment analysis techniques.
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l. INTRODUCTION

Opinion mining, or sentiment analysis, is a rapidly developing topic of study that touches on several fields, including machine
learning, web data mining, and decision-making processes. It deals with how subjectivity, sentiment, and opinion are treated
computationally in text data. Sentiment analysis is a crucial tool for comprehending human emotions and ideas expressed on social
media platforms since online communication channels have dramatically increased the number of opinion-rich resources.

This study offers a comprehensive overview of the techniques used in sentiment analysis, emphasizing the application of machine
learning algorithms like Maximum Entropy, Support Vector Machine, and Naive Bayes. It explores the difficulties encountered in
the area, such as polarity shift, problems with accuracy, and the intricacy of binary classification. In order to improve sentiment
analysis's precision and effectiveness, the study also covers cutting-edge methods like sentiment polarity detection, semantic
similarity, and TF-1DF feature extraction.

The scope of sentiment analysis is vast, encompassing applications ranging from product reviews to public opinion analysis on
social networks. This study reviews the current state of sentiment analysis and sheds light on the ongoing advancements, challenges,
and future trends. It underscores the importance of sentiment analysis in today’s digital age and its impact on various industries,
thereby setting the stage for further research and development in this dynamic field.

1. LITERATURE REVIEW

This literature review focuses on exploring the diverse methodologies and applications of sentiment analysis across various domains,
highlighting the advancements in machine learning algorithms and the challenges faced in accurately interpreting human emotions
and opinions from textual data.

Jan Ole Krugmann et al. [1] explored the proficiency of Large Language Models (LLMSs) in sentiment analysis, an essential task in
marketing research for understanding consumer emotions, opinions, and perceptions. It benchmarked the performance of state-of-
the-art LLMSs against established transfer learning models. The study used over 3,900 unique text documents from 20 different
datasets, including product reviews, user-generated comments, and social media posts, to conduct binary and three-class sentiment
classification tasks in a zero-shot setting.
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The paper addressed the gap in the comprehensive benchmarking of LLMs against established transfer learning models, particularly
in investigating factors influencing classification accuracy, such as data origin and textual data characteristics. The LLMs
demonstrated competitive performance, with some models surpassing traditional transfer learning methods in sentiment
classification accuracy. The paper found that linguistic features like the presence of lengthy words improve classification
performance, while features like single-sentence reviews reduce it.

Jayant Mishra et al. [2] extracted opinions, attitudes, and emotions from Twitter data using sentiment analysis. The paper classified
tweets into positive or negative sentiments using machine learning classifiers. The study addressed the limitations of traditional
sentiment analysis methods by proposing a system that utilized sentiment features for higher accuracy rather than relying on text
classification techniques alone. A publicly available labeled dataset from Kaggle was used, including pairs of tweets and their
corresponding sentiment labels, facilitating supervised machine learning. The paper reported the highest accuracy of 83.71% using
a linear Support Vector Machine (SVM) model. However, logistic regression was chosen for classification due to its superior Area
Under the ROC Curve (AUROC) performance.

Zhongnan Zhao et al. [3] addressed the scarcity of labeled data in opinion analysis by proposing a public opinion sentiment analysis
mining method based on multi-model fusion transfer learning. The research utilized ERNIE model-generated dynamic
representations of text word vectors in the dataset, along with TextCNN and BiGRU, for extracting local and overall features.

Existing methods faced challenges due to the limited amount of labeled data, which constrained the learning and construction of
models, especially in online opinion analysis and mining. The paper conducted thorough experiments, comparing eight aspects,
including the word embedding model, model combination, attention mechanism, and transfer learning, using four indicators:
accuracy, precision, recall, and Fl-measure to evaluate the method’s performance. The results demonstrated an effective
improvement in opinion mining performance.

Qing Wang et al. [4] overcame the limitations of traditional deep learning algorithms in aspect sentiment analysis by introducing a
CNN-BILSTM sentiment analysis method. The method integrated adversarial training and a multi-layer attention mechanism to
enhance the model’s capability in extracting text features and improving stability. This study used public datasets from SemEval
2014, specifically Laptop reviews and Restaurant Reviews, to validate the model’s accuracy in aspect-level sentiment classification
tasks. The paper identified a gap in the utilization of adversarial training and fusion models in text sentiment analysis. It observed
that most current research focused on single neural network models and lacked the implementation of combined network models in
this domain.

Zhou Gui Zhou et al. [5] proposed a bidirectional long-term and short-term memory network model based on emotional
multichannel, which combined the attention mechanism and convolutional neural network features in deep learning. The model
sought to improve the effective expression of short-text emotional features and enhanced the short-text emotional classification
effect.

The research utilized multidomain classification datasets such as NLPIR and NLPCC2014 to compare the proposed models.

The paper identified a gap in the ability of customary machine learning methods to recognize semantic features and potential
emotional features of short texts due to sparsity in the vector space model and lack of semantic information. The proposed model
addressed this gap by integrating shallow learning and deep learning to better identify the semantic information and potential
emotional information of short texts.

Yancong Zhou et al. [6] enhanced the accuracy of emotion classification while mitigating the loss of semantic information. This
was achieved through the proposal of a new hybrid sentiment analysis model that integrated the doc2vec model with deep learning
models and an attention mechanism. For this research, two datasets were utilized: the IMDB dataset, comprising 50,000 movie
reviews for binary sentiment classification, and the Daily Dialog dataset, containing dialogues classified into several sentiment
categories. The paper identified a gap in existing sentiment analysis models. These models either failed to effectively integrate the
advantages of different approaches or struggled to minimize semantic loss while improving text feature expression and classification
accuracy.

Narisa Zhao et al. [7] addressed Aspect-Based Sentiment Analysis (ABSA), which involved identifying views and sentiment
polarities towards a given aspect in reviews. It sought to provide more detailed and complete information compared to general
sentiment analysis. The research conducted extensive experiments on datasets of hotels and cars. These datasets were used to
evaluate the performance of the proposed model in terms of aspect extraction and sentiment classification.
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The paper identified a gap in ABSA with neural networks, noting that most existing research is in English and there were not many
studies in Chinese on this topic. It also pointed out the need for in-depth study of neural networks for ABSA, as current methods do
not fully consider local features or deep-seated relations among features in texts.

Abhishek Bhagat et al. [8] conducted sentiment analysis of text messages employing supervised machine learning techniques, with
a focus on online product reviews, general tweets, and movie reviews. For this research, five different datasets commonly utilized
in Twitter sentiment analysis studies were employed. These datasets included the IMDB dataset, Sentiment 140, SemEval-2013,
SemEval-2014, and STS-Gold, each containing varying numbers of positive, negative, and total messages. The paper identified
several gaps in the existing literature. These included the necessity for aspect-based sentiment analysis, which took into account
various aspects of the text; the challenge of multilingual sentiment analysis due to the diverse languages used on social media
platforms; and the requirement for efficient methods to analyze messages at the subject-level aspect. Additionally, it noted the
limitation of machine learning approaches in treating each opinion as a uniform statement without considering the individual
subjects discussed in the message.

Kai Wang et al. [9] improved aspect-based sentiment analysis (ABSA) by effectively encoding syntax information. It introduced a
novel aspect-oriented dependency tree structure and a relational graph attention network (R-GAT) to better establish connections
between aspects and opinion words for sentiment prediction.

The research utilized three public datasets: Laptop and Restaurant review datasets from SemEval 2014 Task 4, and a Twitter dataset
used by Dong et al. (2014). These datasets contained online reviews with various sentiment polarities towards different aspects.

The paper addressed the limitations of attention-based neural network models in ABSA that often confused the connections between
aspects and opinion words due to language complexity and the presence of multiple aspects in a single sentence. The proposed R-
GAT model aimed to overcome those challenges by incorporating comprehensive syntactic information.

Amit Kumar Goel et al. [10] employed deep learning methods to classify Hindi tweets into positive or negative sentiment. Its
primary focus was on sentiment analysis to contribute towards addressing social issues and facilitating government actions. The
central objective of the paper revolved around utilizing deep learning techniques to classify Hindi tweets into positive or negative
sentiment. While acknowledging the significance of sentiment analysis in tackling social issues and supporting government actions,
the paper also identified crucial gaps. These gaps encompassed the necessity for more accurate models capable of handling large-
scale data and achieving human-level performance in comprehending social media text. Additionally, the paper lacked a thorough
exploration of the intricacies involved in enhancing model accuracy. The dataset referenced was a compilation of Hindi tweets,
accessible for download from GitHub under the name "hindi.xlIsx". This dataset served as the foundation for training the sentiment
analysis model. The paper underscored the importance of sentiment analysis in the realm of social media and advocated for a deep
learning approach to enhance the accuracy of sentiment classification in Hindi tweets.

Jianyan Li et al. [11] enhanced sentiment analysis by refining word embeddings through an enhanced genetic algorithm. It
endeavored to improve the performance of sentiment classification tasks by optimizing word vectors to capture both semantic and
sentiment information. For this research, two datasets were utilized: the Internet Movie Database (IMDB) for binary classification
and the Stanford Sentiment Treebank (SST) for fine-grained classification. These datasets consisted of movie reviews accompanied
by sentiment labels ranging from very negative to very positive. The identified gap lies in the fact that existing word embedding
models such as Word2vec and GloVe predominantly captured semantic information while neglecting sentiment information.
Consequently, words with similar semantics but opposing sentiment polarities often possessed similar vector representations,
potentially impacting sentiment classification performance. To address this gap, the paper proposed a model that refined word
vectors using sentiment lexicons and an enhanced genetic algorithm to differentiate words with opposing sentiment polarities.

Abdullah Alsaeedi et al. [12] offered a comprehensive overview of sentiment analysis or opinion mining, which involved utilizing
natural language processing, text mining, and computational linguistics to identify and extract subjective information from text. It
delved into various levels of sentiment analysis to advisory statements that solely recommended or discouraged trying something,
lacking explicit indicators of sentiment within the sentences. Lastly, the fourth category involved expressions of double negation,
which posed additional complexities for current models including document-level, sentence-level, and aspect/feature-level, and
compared different approaches such as supervised, unsupervised, lexicon-based, and hybrid methods for analyzing Twitter data.
The paper aimed to investigate existing sentiment analysis methods applied to Twitter data and elucidated discussions and
comparisons of these approaches. The identified research gap in this paper was the necessity for effective sentiment analysis
techniques capable of handling the vast and diverse data generated on Twitter. The paper underscored the significance of analyzing
Twitter data to comprehend public opinion on various topics, which was pivotal for businesses, services, and societal issues. The
dataset utilized for the study comprised Twitter data, encompassing tweets expressing opinions on different subjects.
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These tweets were utilized to explore various sentiment analysis methods and their outcomes, with a focus on classifying the
sentiment polarity of the tweets as positive, negative, or neutral. The paper did not specify the exact dataset used, but it implied that
the dataset consisted of publicly available Twitter posts relevant to the sentiment analysis task at hand.

Murilo C. Medeiroset al. [13] outlined a methodology for examining sentiments and uncovering insights within tweets pertaining
to the Brazilian stock market. The approach encompassed preprocessing and profiling tweets to generate a corresponding vector-
space model. Subsequently, it utilized dimensionality reduction techniques such as Principal Component Analysis and t-Stochastic
Neighbor Embedding. The analysis of sentiment in stock market tweets involved tasks including sentiment classification, topic
modeling, and clustering, supplemented by a visual analysis procedure. The dataset utilized in this study comprised 4516 tweets
discussing the Brazilian Stock Market. Each tweet was categorized according to Plutchik’s Psychoevolutionary Theory of Basic
Emotions, including joy, trust, fear, surprise, sadness, disgust, anger, and anticipation. Tweets lacking a predominant sentiment were
labeled as neutral. The paper identified a void in the existing literature concerning sentiment analysis within tweets about the
Brazilian stock market. Although methodologies for sentiment analysis exist, there was a shortage of comprehensive approaches
that account for multiple sentiments within the specific context of the Brazilian stock market. The paper endeavored to address this
gap by proposing a methodology that integrated feature extraction, classification, and topic extraction techniques to analyze and
predict various sentiments expressed in Brazilian tweets.

Xin Chen et al [14] sought to propose a novel methodology for feature extraction in sentiment analysis (SA) of product reviews. Its
focus was on enhancing SA performance by mitigating data sparsity and integrating semantic similarity, local patterns, and word-
order information. The experiments were conducted on three publicly available datasets: ChnSentiCorp-Htl-del-4000 (Chinese hotel
reviews), ChnSentiCorp-Nb-del-4000 (Chinese notebook reviews), and the English movie review dataset IMDB Review Dataset.

The paper identified a gap in existing SA methods, which frequently encountered issues with data sparsity and neglected the diverse
expression forms of online reviews, the varying lengths of reviews, and the importance of word-order information for semantic
representation. The proposed method addressed these challenges through an enhanced feature extraction technique.

Ahmed Sulaiman M Alharbi et al. [15] enriched Twitter sentiment analysis by integrating user behavioral information into a
Convolutional Neural Network (CNN) model, thereby deepening the understanding of sentiment classification tasks. For this
research, two datasets sourced from the SemEval-2016 Workshop were utilized. These datasets comprised manually annotated
tweets categorized with positive and negative sentiments. Traditional sentiment analysis methods primarily concentrated on textual
content and often disregarded additional user information. This paper filled that void by proposing a model that incorporated user
behavior.

Mirsa Karim et al. [16] extracted crucial information from review websites utilizing Natural Language Processing techniques to
discern the sentiment of content or documents. The paper juxtaposed rule-based mechanisms against machine-learning approaches
for sentiment analysis. It discerned the necessity for accurate sentiment analysis methods capable of handling the intricacies of data
sourced from review websites. The paper scrutinized the efficacy of various techniques and concluded that machine learning
approaches, notably Naive Bayes with LDA analysis, were more apt owing to their superior accuracy. The study employed the
movie review dataset from Cornell University, categorized as positive and negative, to train and assess the sentiment analysis
models.

Nur Sakinah Diyanah Abdullah et al. [17] analyzed sentiments derived from nethography data, with the objective of understanding
the reactions of the online crowd towards brand provocations on social media platforms. The dataset comprised input gathered from
brand community subscribers on various social media platforms such as Facebook, Twitter, and Instagram. This data is analyzed
utilizing AYLIEN, Text Analysis API, and Monkeylearn software. The identified research gap underscored the necessity for
efficient management of provocation sentiments. This is crucial for fostering interaction within and between the online crowd and
brand community subscribers, thereby facilitating the sustenance of long-term relationships over social media platforms and
enabling effective brand communication strategies.

Rajalaxmi Hegde et al. [18] improved system efficiency by handling large datasets using incremental aspects of machine learning
for aspect-based feature extraction and sentiment classification of review datasets. The experiments conducted in the paper utilized
customer product review datasets to compare the performance of the proposed iterative decision tree method against other machine
learning algorithms. The paper identified a need for automatic summarization of web user opinions and addressed the challenge of
identifying sentiments and aspects in opinion mining, which is crucial for accurate sentiment classification.

The proposed method, Incremental Decision Tree Classification (IDTC), showed an increase in accuracy up to 83.5%,
outperforming the Naive Bayes and SVM methods, which scaled up to 78.44% and 80.34% respectively.
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Saif M. Mohammad [19] explored the automatic detection of affectual states from text, focusing on sentiment analysis to determine
feelings, valence, emotions, and other affectual states. It identified a need for improved methods in sentiment analysis, particularly
in the detection of arousal and the understanding of emotions beyond valence in text. The research utilized various datasets,
including tweets, blog posts, customer reviews, and Facebook posts, annotated for valence and emotions.

Monisha Kanakaraj et al. [20] enhanced sentiment classification accuracy by integrating semantic information into feature vectors
and employing ensemble methods for more effective classification. The paper presented a novel approach that integrated Natural
Language Processing (NLP) techniques, specifically Synsets and Word Sense Disambiguation, to improve prediction precision and
address class imbalance issues in sentiment analysis systems. The identified research gap in the paper lied in the limitation of
traditional sentiment analysis systems that rely on a bag-of-words approach, which considered only individual words and their count
as feature vectors. This approach may mislead the classification algorithm, especially in sentiment classification, due to its inability
to capture the relationship between words and the overall context of sentences. The paper proposed enhancing sentiment
classification by incorporating semantics into feature vectors and utilizing ensemble methods for classification, with the aim of
overcoming the bias towards a particular class that machine learning algorithms often exhibit. The addition of semantically similar
words and context-sense identities is expected to increase the accuracy of prediction. Additionally, the paper highlighted the need
for further research on optimizing feature vector size to reduce computational overhead and considering paragraph-level context in
sentiment classification. The datasets utilized in the paper for sentiment analysis are as follows: Election Dataset: Consisting of
7,086 classified tweets. General Tweet Datasets: Two datasets with 1,578,627 and 5,513 classified tweets respectively. Movie
Review Dataset: Containing 25,000 tweets. These datasets were employed to train and assess the performance of the proposed
sentiment analysis system.

Table 1 presents summary of performance of different sentiment analysis techniques

Researcher Model used Purpose Dataset Result
Name + Year
Jan Ole GPT-3.5, GPT-4, Llama | Sentiment Analysis | 20 different datasets LLMs can compete with or surpass
Krugmannet |2 traditional methods in sentiment
al. 2024 classification accuracy
Jayant Mishra | logistic regression The objective of this | Dataset from Kaggle | The accuracy of the logistic
et al. 2023 model + research paper isto | consists of pairs of regression model is 82.47
Bayes model + classify a large tweets and their The accuracy of the Bayes model is
linear SVC model volume of Twitter corresponding 80.61.
data into sentiment labels, The accuracy of the linear SVC
two sentiment supervised model is 83.71.
categories: positive | machine learning is
and employed
negative.
Zhongnan ERNIE, TextCNN, Research on Online public opinion | Improved accuracy and
Zhao et al. BiGRU sentiment analysis data generalization in sentiment
2023 method of opinion analysis
mining based on
multi-model fusion
transfer learning
Qing Wang et [ CNN-BIiLSTM Aspect-level Laptop reviews and Improved accuracy by 1-1.9%
al. 2022 sentiment analysis Restaurant Reviews compared to the baseline model
Zhou Gui Bidirectional Long- To improve the NLPIR and The proposed model achieved good
Zhou, 2022 Term and Short-Term effectiveness of NLPCC2014 datasets | improvement in accuracy and F1
Memory Network short-text sentiment value for short-text sentiment
Model (BIiLSTM) classification by analysis. The paper highlights the
combining deep effectiveness of combining
learning with emotional multichannel features
shallow learning with attention mechanisms and
features.
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convolutional neural network
features in deep learning.
Yancong doc2vec + CNN + To reduce the loss of | IMDB and Accuracy: 91.3% (IMDB), 93.3%
Zhou et al. BIiLSTM + Attention semantic DailyDialog (DailyDialog); Loss rate: 22.1%
2022 information and (IMDB), 19.9% (DailyDialog).
improve prediction
accuracy in text
sentiment analysis
Narisa Zhao | Combination of To perform Aspect- | Chinese online review | The proposed model achieved
etal. 2021 Convolutional Neural Based Sentiment datasets of hotels and | excellent performance in terms of
Network (CNN) and Analysis (ABSA) on | cars aspect extraction and sentiment
Gated Recurrent Unit Chinese online classification, with great domain
(GRU) review datasets of expansion capability demonstrated
hotels and cars on both hotel and automotive
datasets. The AUC values for the
hotel dataset were 83.06% and
83.17%, and for the car dataset,
they were 86.93% and 77.42%.
Abhishek Naive Bayes, Decision | Sentiment Analysis | Various Twitter Varied accuracy and F1-scores
Bhagatetal. | Tree, SVM datasets across datasets
2020
Kai Wang et | Relational Graph To improve aspect- | SemEval 2014 and R-GAT significantly improves the
al., 2020 Attention Network (R- | based sentiment Twitter datasets performance of Graph Attention
GAT) analysis by Network (GAT) and achieves
effectively encoding superior performance to baseline
syntax information Methods
Amit Kumar | Deep Learning Sentiment Analysis | Hindi tweets dataset RNN model outperformed with
Goel, Classification of Short Messages greater accuracy; LSTM model
Kalpana scored 0.34, machine learning
Batra 2020 algorithms scored 0.54
Jianyan Liet | Improved Genetic Refining word IMDB, SST Improved binary and fine-grained
al. 2020 Algorithm embeddings for classification
sentiment analysis
Abdullah Supervised Machine Sentiment Analysis | Tweets with Emojis Accuracy of 83%
Alsaeedi et Learning for Twitter Data
al. 2019
Murilo C. TF-IDF, PCA, t-SNE, Analyzing 4516 tweets about the | Satisfactory performance in
Medeiros et LDA, NMF, SVM, sentiments and Brazilian Stock sentiment classification and visual
al. 2019 Random Forest knowledge Market labeled with analysis revealed relationships
discovery in tweets | emotions among topics and clusters
regarding the
Brazilian stock
market
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Xin Chen et Generalized TF-IDF, Sentiment Analysis | ChnSentiCorp-NB- Improved performance for
al. 2018 OPSM Biclustering, of Product Reviews | del-4000, Sentiment Analysis on product
Improved PrefixSpan ChnSentiCorp-Htl- review
Algorithm del-4000, IMDB
Review Dataset
Ahmed Convolutional Neural Sentiment Analysis | SemEval-2016 Outperforms baseline models
Sulaiman M Network (CNN) on Twitter Workshop datasets (Naive Bayes, Support Vector
Alharbi et al. Machines)
2018
Mirsa Karim | Rule-based mechanisms | Sentiment Analysis | Movie review dataset | Machine learning technique (LDA
etal. 2018 (Sentiment Vader, on Textual Reviews | from Cornell on Naive Bayes) found to be best
SentiWordNet) and University labeled as | suited for Sentiment Analysis with
Machine Learning positive and negative | 75.2% accuracy
(LDA on Naive Bayes)
Nur Sakinah | AYLIEN, Text Analysis | To analyze Data from Facebook, Identified sentiment polarities
Diyanah API and Monkeylearn sentiments from Twitter, and Instagram | (Positive, Negative, Sarcastic,
Abdullah online crowd input related to Starbucks Ideology, Neutral) and managed
etal. 2017 towards brand Malaysia provocation sentiment for effective
provocation on brand communication strategies
social media
Rajalaxmi Incremental Machine To perform aspect- | Customer product The accuracy increased up to
Hegde et al. Learning Algorithm based feature reviews 83.5%.
2017 extraction and
sentiment
classification of
review datasets
Saif M. The document discusses | To automatically The text mentions the | accuracy on the test set was found
Mohammad various models and determine feelings use of different to be about 68%
2016 approaches for from text, which datasets for training
sentiment analysis, includes detecting and testing models,
including statistical valence, emotions, including tweets,
machine learning and other affectual reviews, and other
techniques and rule- states. social media data.
based approaches.
Monisha Ensemble Classifiers Sentiment Analysis | Twitter posts Outperforms traditional bag-of-
Kanakaraj et on Twitter Data words approach by 3-5%
al. 2015

Table 1. Performance analysis of sentiment analysis techniques

1. CONCLUSION

The comprehensive study presented in this paper elucidates the multifaceted domain of sentiment analysis, emphasizing its
significance in interpreting human emotions and opinions across various online platforms. The exploration of machine learning
algorithms such as Naive Bayes, Support Vector Machine, and Maximum Entropy has revealed their pivotal role in enhancing the
accuracy and efficiency of sentiment analysis. The challenges encountered, including polarity shift and binary classification
complexity, underscore the need for advanced techniques like sentiment polarity detection and semantic similarity integration4.
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This study has successfully highlighted the vast applications of sentiment analysis, from product reviews to social network opinion
mining, and acknowledged the ongoing advancements and future trends in this dynamic field. The integration of adversarial training,
multi-layer attention mechanisms, and ensemble classifiers has shown promising results in improving model performance.
Furthermore, the paper has identified research gaps, particularly in aspect-level classification and emotion classification, which pave
the way for future investigations.

In conclusion, sentiment analysis stands as a crucial tool in today’s digital era, with its impact resonating across multiple industries.
The findings of this study set a foundation for further research and development, aiming to refine sentiment analysis techniques and
contribute to the decision-making processes in industries.
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