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Abstract 
In today’s digital background, sentiment analysis has become an essential fac-
tor of Natural Language Processing (NLP), offering valuable insights from vast 
online data sources. This paper presents a comparative analysis of sentiment 
analysis techniques leveraging machine learning. As digital content continues 
to expand rapidly, decoding public sentiment has become increasingly important 
for businesses and researchers. The study examines various approaches, in-
cluding traditional machine learning methods like Support Vector Machines 
(SVM) and Naïve Bayes (NB), as well as deep learning models such as Convo-
lutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) net-
works. It also explores hybrid frameworks that combine the strength of both 
paradigms. By evaluating the advantages and limitations of these models, es-
pecially within the context of e-commerce, this review provides a comprehen-
sive understanding of their performance. Additionally, the paper addresses 
critical challenges such as real-time sentiment detection and multi-label clas-
sification. Through a synthesis of existing research, it highlights promising di-
rections for future work and contributes to the development of more accurate 
and practical sentiment analysis solutions across various applications. 
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1. Introduction 

In this digital age, as people increasingly rely on the Internet to share their thoughts 
and opinions, sentiment analysis has become a crucial aspect of Natural Language 
Processing (NLP). Social media platforms like Twitter, Instagram, Reddit, and Fa-
cebook serve not only as communication channels but also as valuable sources for 
understanding public sentiment [1]. Whether businesses aim to refine their mar-
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keting strategies or researchers seek to detect fake news, extracting meaningful 
insights from textual data is essential [2]. As the amount of digital content rapidly 
expands, leveraging sentiment analysis enables us to interpret trends, distinguish 
genuine from misleading information, and make data-driven decisions [3]. 

To effectively analyze sentiments expressed in digital content, various machine 
learning and deep learning approaches have been developed. Sentiment analysis 
techniques determine the sentiment polarity of text—whether it is positive, nega-
tive, or neutral [4]. By utilizing natural language processing methods such as to-
kenization, word embeddings, and sentiment lexicons, these models can analyze a 
vast amount of textual data with high accuracy [5]. Businesses and organizations 
rely on sentiment analysis to gain valuable insights into customer feedback, brand 
perception, and market trends [6]. Advanced deep learning architectures such as 
Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) 
networks further enhance the ability to capture contextual meaning and sentiment 
nuances. As sentiment analysis continues to evolve, it plays an increasingly important 
role in optimizing marketing strategies, improving customer experience, and de-
tecting misinformation in digital content [7]. 

This paper reviews the advancements in sentiment analysis, evaluating different 
methodologies and their effectiveness across existing research studies. By compar-
ing machine learning-based, deep learning-based and hybrid approaches, this study 
aims to provide insights into how different models can enhance decision-making, 
improve text classification accuracy, and optimize sentiment-based applications. 
Additionally, this study identifies limitations of different models, offering promis-
ing directions for future research. 

The following sections provide an overview of sentiment analysis trends, as well 
as a comprehensive literature review summarizing methodologies and applications 
of existing research. Finally, this paper discusses the challenges of current sentiment 
analysis research and concludes with insights into future directions. 

2. Background 

Over the past decade, sentiment analysis has evolved from simple text classification 
techniques to sophisticated machine learning and deep learning models. Early ap-
proaches primarily relied on lexicon-based and rule-based methods, which strug-
gled to capture the nuances of human sentiment. However, the growing availabil-
ity of large-scale labeled datasets enabled the adoption of supervised and unsuper-
vised learning techniques, improving sentiment classification accuracy. Recent 
trends emphasize enhancing model performance for multilingual and cross-domain 
applications and improving the interpretability of AI-based sentiment classifica-
tion. Studies have also explored various deep learning architectures, such as Bidi-
rectional Encoder Representations from Transformers (BERT) models [8] and re-
cursive deep models [9], to better understand sentiment in complex textual data. 
Additionally, sentiment analysis has been applied to a wide range of fields, includ-
ing e-commerce [10] and social media, highlighting its versatility and impact on 
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decision-making processes. 
This literature review explores several research questions, such as:  

 How can machine learning-based customer sentiment analysis of reviews be used 
to recommend shoppers and shops?  

 How can real-time sentiment analysis be applied to e-commerce applications? 
 How can machine learning be used for multi-label classification of e-commerce 

customer reviews? 
In the subsequent sections, this review delves into these questions, comparing 

existing methodologies and applications to provide insights into improving sen-
timent analysis models for e-commerce. 

3. Methodology 

This literature review was conducted through a systematic search of major aca-
demic databases, including IEEE Xplore, ACM Digital Library, ScienceDirect, and 
Google Scholar. The research strategy employed key terms such as “sentiment anal-
ysis”, “machine learning”, “deep learning”, “e-commerce”, “natural language pro-
cessing”, and combinations thereof using Boolean operators. Studies published be-
tween 2017 and 2024 were included to capture recent advancements while main-
taining focus on contemporary techniques. The inclusion criteria prioritized peer-
reviewed articles, conference proceedings, and journal publications that specifi-
cally addressed sentiment analysis applications in e-commerce contexts using ma-
chine learning approaches, while excluding studies focused solely on theoretical 
frameworks without empirical validation. 

4. Literature Review 
4.1. Overview of Sentiment Analysis in E-Commerce 

Sentiment analysis has become a crucial tool for understanding customer opin-
ions and enhancing e-commerce platforms. Shathik et al. [11] provide a compre-
hensive review of sentiment analysis applications using machine learning tech-
niques, discussing key challenges and improvements. A significant contribution 
is the categorization of machine learning based sentimental analysis methods, em-
phasizing their applications, strengths, and limitations. Chaturvedi et al. [12] ex-
amine sentiment analysis in business intelligence, emphasizing its role in deci-
sion-making. The paper introduces sentiment analysis as a key tool to process un-
structured data, offering practical and computational insights into its application 
for improving decision-making processes in competitive business environments. 
More recently, Huang et al. [13] reviewed current machine learning techniques 
for sentiment analysis in e-commerce, highlighting their effectiveness. The study 
systematically reviewed 54 experimental papers on sentiment analysis in e-com-
merce, results show that Support Vector Machine (SVM) and Naïve Bayes (NB) 
were the most widely used machine learning models consistently shown better 
results than others, whereas Recurrent Neural Networks (RNN) and its variation 
like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) were 
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dominant in deep learning models. The study also finds that deep learning tech-
niques like BERT, Convolutional Neural Networks (CNN), RNN, and LSTM 
classification are frequently used in recent studies. Alonso et al. [14] explore sen-
timent analysis for fake news detection, comparing models like Random For-
est (RF), NB, SVM, LSTM, and CNN. It discusses how fake news often contains 
emotionally charged language to manipulate readers and increase engagement. 
Various sentiment analysis techniques are evaluated, and the result shows that 
hybrid models outperform standalone classifiers. Kawade et al. [15] apply sen-
timent analysis to Uri attack using R for textual data processing. It highlights 
how sentiment analysis can mine public emotions from social media platforms 
like Twitter and process them for better understanding of public opinions on 
events. 

As shown in Figure 1, the sentiment analysis process generally involves stages 
such as data collection, preprocessing, feature extraction, model training, and 
evaluation.  
 

 
Figure 1. General sentiment analysis process pipeline. 

4.2. Machine Learning Approaches for Sentiment Analysis 

Building on the foundational overview of sentiment analysis techniques, several 
studies have implemented traditional machine learning techniques that have been 
widely applied for sentiment analysis in e-commerce. Yi et al. [16] apply multino-
mial NB, K-Nearest Neighbors (KNN), and SVM combined with collaborative fil-
tering to recommend products and shops based on customer reviews, achieving 
improved recommendation accuracy measured by Mean Absolute Error (MAE) 
and Root Mean Square Error (RMSE). By integrating collaborative filtering and 
product-product similarity techniques, the study provides a framework for iden-
tifying customer preferences and enhancing e-commerce experiences. Deniz et al. 
[17] introduce a multi-label classification approach using Binary Relevance, Multi-
label KNN, and One-vs-Rest classifiers with Logistic Regression (LR), Stochastic 
Gradient Descent (SGD), and XGBoost. The best performing model was One-vs-
Rest-XGBoost with 94.2% accuracy and 0.89 F1-score, indicating a low misclassi-
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fication rate. Among feature extraction techniques, Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) performed better than word embeddings and trans-
formers. Saura et al. [18] utilize SVM and Latent Dirichlet Allocation (LDA) to 
extract key indicators for startup business success, evaluated through topic coher-
ence scores and classification accuracy. LDA identifies words and separates each 
word into a different document, randomly identifies distribution of the topics in 
a sample and then selects the main topics found in the sample. The identified top-
ics are further analyzed using NVivo software to extract meaningful insight. Al-
nasrawi et al. [19] enhance sentiment classification by integrating text network fea-
tures with various machine learning models, including SVM, RF, LR, NB, Decision 
Trees (DT), Neural Networks (NN), Gradient Boosting (GB), and AdaBoost. Among 
all methods, NN outperformed other models with 88.7% accuracy and 0.85 F1-
score, and incorporating network-based features improved classification perfor-
mance by 5% - 8% across precision, recall and F1-score metrics, particularly for 
NN and ensemble methods. 

4.3. Deep Learning Approaches for Sentiment Analysis 

Despite the effectiveness of traditional machine learning models, their limitations 
in handling complex linguistic patterns have led researchers to explore deep learn-
ing techniques for more nuanced sentiment classification. Deep learning tech-
niques have been widely adopted for sentiment analysis due to their ability to cap-
ture complex language patterns. Mehta et al. [20] propose a CNN-based sentiment 
classification model enhanced with Word2Vec and TF-IDF to analyze customer 
reviews in the apparel sector using deep learning models, achieving 92.3% accu-
racy and 0.91 F1-score. The study does not evaluate other deep learning models, 
which could improve sentiment classification. Lin [21] employs Natural Language 
Processing (NLP) methods to analyze correlation between e-commerce customer 
review features and product recommendations. The researcher examined several 
different models, like Lasso Regression, Ridge Regression, Linear Kernel SVM, 
Radial Basis Function (RBF) Kernel SVM, RF, XGBoost, and LightGBM. The best 
result was achieved by LightGBM with 0.847 R-squared value and the correlation 
between review ratings and product recommendations was found to be strong. Kun-
dra et al. [22] compare traditional machine learning models such as NB, SVM, RF, 
and AdaBoost with deep learning based RNN and GRU. The research results show 
that the best-performing model is RNN-GRU with 89.5% accuracy and 0.87 F1-
score for unstructured data, but SVM achieved 91.2% accuracy for structured data 
analysis and performed best in both structured and unstructured data analysis, 
demonstrating that RNN captures the nuances of unstructured and context-rich 
information while traditional models excel with structured inputs.  

4.4. Hybrid Approaches for Sentiment Analysis 

To capitalize on the strength of both traditional and deep learning approaches, 

https://doi.org/10.4236/jdaip.2025.133016


E. S. Park et al. 
 

 

DOI: 10.4236/jdaip.2025.133016 274 Journal of Data Analysis and Information Processing 
 

recent studies have proposed hybrid models that aim to achieve higher accuracy 
and adaptability in sentiment analysis. Hybrid models have been developed to en-
hance sentiment analysis accuracy by combining traditional machine learning and 
deep learning methods. Zhao et al. [23] introduce a new optimized machine learn-
ing algorithm called the Local Search Improvised Bat Algorithm-based Elman 
Neural Network (LSIBA-ENN) for sentiment analysis, a new term weighting tech-
nique called Log Term Frequency-based Modified Inverse Class Frequency (LTF-
MICF) for sentiment classification, and a Hybrid Mutation-based Earthworm Al-
gorithm (HMEWA) for feature selection. The LSIBA-ENN model achieved 95.2% 
accuracy and 0.94 F1-score, outperforming traditional classifiers, and the LTF-
MICF weighting scheme improved performance by 3% - 5% compared to TF-IDF 
and Word2Vec-based approaches. There are several studies combining the CNN 
and LSTM methods to improve the accuracy of sentiment analysis. Vatambeti et 
al. [24] employ a ConvBiLSTM model, integrating CNN and (Bi-LSTM) with an 
Elephant Herd Optimization (EHO) algorithm. EHO is a swarm-based optimiza-
tion method used to optimize the weight of the Bi-LSTM, deep learning model 
parameters. The Optimized model achieved 93.8% accuracy with 0.92 precision 
and 0.91 recall on Twitter food service data. Behera et al. [25] present Co-LSTM, 
a combination of CNN and LSTM, for sentiment classification in social media 
data. The proposed model achieved 94.5% accuracy and 0.93 F1-score, outper-
forming standalone CNN with 87.2% accuracy and LSTM with 89.7% accuracy. 
The model is highly adaptable in examining big social data and is free from any 
particular domain, unlike conventional machine learning approaches. Co-LSTM 
performed particularly well on long and complex texts by effectively capturing 
dependencies between words. Ray et al. [26] also integrated CNN with rule-based 
methods to improve aspect-level sentiment analysis. The model achieved 88.4% 
accuracy and 0.86 F1-score, incorporating hierarchical clustering and dependency 
parsing to refine aspect categorization and improve accuracy. Jain et al. [27] im-
plemented a CNN-LSTM model for consumer sentiment analysis and the model 
demonstrated 91.7% accuracy with 0.89 precision and 0.88 recall, higher than 
standalone deep learning and machine learning models. Furthermore, Priyadarshini 
et al. [28] develop a hybrid LSTM-CNN model with Grid Search Optimization. 
The model achieved the highest performance with 96.1% accuracy, 0.95 precision, 
0.94 recall, and 0.94 F1-score. The model is compared with baseline algorithms, 
including CNN (88.2% accuracy), KNN (82.1% accuracy), LSTM (90.3% accu-
racy), CNN-LSTM (92.8% accuracy) and LSTM-CNN (93.4% accuracy), and LSTM-
CNN-Grid Search achieved higher performance as the research incorporated 
grid search as a hyperparameter optimization technique to minimize pre-defined 
losses. 

As illustrated in Figure 2, the machine learning workflow for sentiment analysis 
often integrates various stages, including data input, feature extraction, model se-
lection, and performance evaluation. 
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Figure 2. An example of machine learning workflow for sentiment analysis. 

4.5. Real-Time Application 

As sentiment analysis techniques continue to evolve, there is growing interest in 
applying these models in real-time systems to provide immediate feedback and 
actionable insights. Several studies focus on real-time sentiment analysis and AI-
driven emotion visualization. Jabbar et al. [29] implement a SVM-based real-time 
sentiment analysis system within a mobile application using Python and Flask. 
The system achieved 87.3% accuracy with an average response time of 0.8 seconds 
per query. When users submit a review, the application processes the text through 
the model, which predicts the sentiment polarity and provides immediate feedback. 
Li et al. [30] propose an explanation framework for AI-driven sentiment analysis, 
leveraging Bi-LSTM with attention mechanisms to visualize emotion-triggering 
words. The proposed framework achieved 91.2% accuracy and 0.88 F1-score while 
providing 78% user satisfaction in explainability surveys. The framework empha-
sizes considering the cause and trigger of emotions as the explanation for the deep 
learning-based emotion analysis. The proposed method has more functionality, us-
ability, reliability, and performance compared to SHapley Additive exPlanations 
(SHAP), which is a model interpretation package developed by Python and Local 
Interpretable Model-agnostic Explanations (LIME) which is an explainable frame-
work for black box deep learning models using a local explainable model to explain 
each separate prediction, with 15% higher user comprehension scores and 20% faster 
explanation generation time. 

This literature review highlights the diverse methodologies utilized in sentiment 
analysis, including traditional machine learning, deep learning, hybrid approaches, 
and real-time applications, reflecting the dynamic evolution of sentiment analysis 
in e-commerce. Together, these developments from traditional machine learning 
to real-time deep learning systems highlight the dynamic landscape of sentiment 
analysis in e-commerce, underscoring its critical role in enhancing user engage-
ment, personalization, and business intelligence. 
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4.6. Comparative Analysis Table of Sentiment Analysis Studies 

Study Dataset Model Type Domain 
Best Performing 

Model 
Best Metric 

Shathik et al. 
[11] 

Multiple datasets ML/DL Review 
General Review 

Paper 
N/A N/A 

Chaturvedi et 
al. [12] 

Business data ML 
Business 

Intelligence 
N/A 

(Framework) 
N/A 

Huang et al. 
[13] 

54 studies  
meta-analysis 

ML/DL Review E-commerce 
SVM, NB, LSTM, 

GRU 

Accuray and  
F1-score 

(Review paper) 

Alonso et al. 
[14] 

Fake news 
datasets 

ML/DL/Hybrid 
Fake News 
Detection 

Hybrid models 
Accuracy, 

Precision, Recall, 
F1-score 

Kawade et al. 
[15] 

Twitter data  
(Uri attack) 

ML 
Social 

Media/Events 
N/A N/A 

Yi et al. [16] Customer reviews 
ML + 

Collaborative 
Filtering 

E-commerce 
Recommendation 

Multinomial NB + 
Collaborative 

Filtering 

MAE, RMSE 
improvement 

Deniz et al. [17] 
E-commerce 

customer reviews 
Multi-label ML E-commerce 

One-vs-Rest-
XGBoost 

94.2% Accuracy, 
0.89 F1-score 

Saura et al. [18] 
Startup business 

data 
SVM + LDA Business/Startup SVM + LDA 

Topic coherence 
& classification 

accuracy 

Alnasrawi et al. 
[19] 

Text network data ML Ensemble General Neural Networks 
88.7% Accuracy, 

0.85 F1-score 

Mehta et al. 
[20] 

Apparel sector 
reviews 

CNN + 
Word2Vec/ 

TF-IDF 

E-commerce 
(Apparel) 

CNN with 
Word2Vec/ 

TF-IDF 

92.3% Accuracy, 
0.91 F1-score 

Lin [21] 
E-commerce 

reviews 
ML/Regression E-commerce LightGBM 0.847 R-squared 

Kundra et al. 
[22] 

Structured/ 
unstructured data 

ML/DL General 
RNN-GRU 

(unstructured), SVM 
(structured) 

RNN-GRU: 
89.5% Accuracy, 

0.87 F1-score; 
SVM: 

91.2% Accuracy 

Zhao et al. [23] Product reviews 
Hybrid  

(LSIBA-ENN) 
E-commerce 

LSIBA-ENN with 
LTF-MICF 

95.2% Accuracy, 
0.94 F1-score 

Vatambeti et al. 
[24] 

Twitter food 
service data 

ConvBiLSTM + 
EHO 

Social Media/Food 
ConvBiLSTM with 
EHO optimization 

93.8% Accuracy, 
0.92 Precision, 

0.91 Recall 

Behera et al. 
[25] 

Social media data 
Co-LSTM (CNN + 

LSTM) 
Social Media Co-LSTM 

94.5% Accuracy, 
0.93 F1-score 
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Continued 

Ray et al. [26] Aspect-level data 
CNN +  

Rule-based 
Aspect-level 

Analysis 
CNN with rule-based 

integration 
88.4% Accuracy, 

0.86 F1-score 

Jain et al. [27] Consumer data CNN-LSTM 
Consumer 
Analysis 

CNN-LSTM 
91.7% Accuracy, 
0.89 Precision, 

0.88 Recall 

Priyadarshini et 
al. [28] 

General sentiment 
data 

LSTM-CNN + 
Grid Search 

General 
LSTM-CNN with 

Grid Search 

96.1% Accuracy, 
0.95 Precision, 

0.94 Recall, 
0.94 F1-score 

Jabbar et al. 
[29] 

Mobile app 
reviews 

SVM 
Real-time  

E-commerce 
SVM (real-time) 

87.3% Accuracy, 
0.8s response 

time 

Li et al. [30] 
Emotion analysis 

data 
Bi-LSTM + 
Attention 

AI Explanation/ 
Visualization 

Bi-LSTM with 
attention 

91.2% Accuracy, 
0.88 F1-score, 

78% user 
satisfaction 

5. Limitations 

Despite the advancements in sentiment analysis methodologies, several limita-
tions persist in the current research. One major challenge lies in the implementa-
tion of real-time sentiment analysis systems. While real-time sentiment analysis 
applications are gaining traction, as evidenced by Jabbar et al. [29], the generali-
zability and robustness of real-time sentiment analysis models in handling diverse, 
high-volume data streams remain a challenge. Furthermore, the explanation frame-
works for AI-driven emotion visualization, like those proposed by Li et al. [30], are 
promising but are still in their early stages and require further validation in real-
world scenarios to ensure reliability and usability. 

Also, the literature highlights the increasing adoption of multi-label classifica-
tion approaches for sentiment analysis, as seen in Deniz et al. [17], which addresses 
the complexity of customer reviews containing multiple sentiments. However, the 
evaluation and comparison of these multi-label models are often conducted on spe-
cific e-commerce datasets, limiting the broader applicability of the findings. The 
performance of multi-label classifiers can vary significantly depending on the da-
taset’s characteristics, such as label distribution and text complexity. Additionally, 
the feature extraction techniques employed in these studies are effective but may 
not fully capture the nuanced relationships between different sentiment labels, lead-
ing to suboptimal model generalization across platforms or domains. 

6. Conclusions and Future Work 

This paper has reviewed the significant advancements and methodologies in sen-
timent analysis, particularly within the context of e-commerce. The evolution from 
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traditional machine learning techniques to sophisticated deep learning and hybrid 
models demonstrates the potential of sentiment analysis to enhance decision-mak-
ing processes in various applications. The findings indicate that while deep learning 
architectures, such as RNNs and BERT, have shown remarkable performance in 
capturing contextual nuances, traditional models like SVM and Naïve Bayes remain 
relevant for specific tasks, particularly in cases with limited data. 

Despite these advancements, several limitations persist, notably in the areas of 
real-time analysis, multi-label classification, and the interpretability of AI-driven 
models. The challenge of generalizing sentiment analysis models across diverse da-
tasets and the need for robust frameworks to visualize emotions underline the ne-
cessity for ongoing research. Future research should focus on enhancing real-time 
capabilities by developing more robust sentiment analysis systems that can effec-
tively handle high-volume, diverse data streams across multiple platforms. Addi-
tionally, further investigation into multi-label classification techniques is needed, 
particularly regarding their performance across various datasets, with an empha-
sis on establishing standardized benchmarks for broader applicability. Improving 
the interpretability of complex models is essential, and future studies could explore 
novel frameworks for emotion visualization that are user-friendly and reliable. More-
over, examining the transferability of sentiment analysis techniques across differ-
ent domains can provide insights into their adaptability and effectiveness, poten-
tially leading to the development of models that are less reliant on specific datasets. 
Finally, incorporating explainable AI techniques into sentiment analysis models can 
enhance user trust and understanding of model predictions, thereby improving the 
overall user experience. By focusing on these areas, future research can contribute 
to refining sentiment analysis methodologies, ultimately leading to more accurate 
and actionable insights in e-commerce and beyond. 
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