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Abstract - The rapid growth of e-commerce has led to a
surge in user-generated product reviews, making manual
sentiment analysis impractical. This study explores
automated sentiment classification using two machine
learning algorithms: Naive Bayes and Support Vector
Machine (SVM) that isoptimized with Sequential Minimal
Optimization (SMO). The dataset comprises 2,000 Shopee
product reviews that are labeled as positive, neutral, or
negative. The study focuses on assessing the effectiveness
of these algorithms in classifying product reviews,
especially in the diverse and high-volume data that is
typically on e-commerce environments. Empirical
evaluation showsthat Naive Bayes achieves 68% accuracy,
while SVM with SM O attains 79%. Additionally, the study
evaluates other important performance metrics, such as
precision, recall, and F1-score. This study show that SVM
with SMO outperforms Naive Bayes in accurately
classifying product reviews. These findings highlight the
superior capability of SVM with SM O in handling complex
sentiment data, ther eby offering a mor e robust foundation
for automated review classification. Thisresear ch provides
insights into selecting suitable classifiers for improving
customer experience and strategic decision-making in
digital commerce.

Keywords. e-commer ce, Naive Bayes Classifier, review
classification, Sequential Minimal
Optimization (SMO), Support Vector
Machine (SVM).

|. INTRODUCTION

Advancements in the digital age continues to
influence and transform people's lifestyles. Digital erais
important to ensure that everyone hasdigital information
and communication skills [1-2]. The reason is, most
people experience significant changes in their daily
activities [3] . One of these changes occurs in people's
behavior that prefer online shopping. Online shopping is
an activity that is popular and chosen by people, and its
popularity is increasing due to the ongoing Covid-19
pandemic. The process is easy and practical, only by
using a device connected to the internet.
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Based on research titled 'Challenges of Indonesian
Industriaization and Trade Problems in the Industria
Era 4.0 for the Indonesian Economy and Government
Policy Breakthrough' published by Eduvest Journal, it
was reported that in 2023, the number of internet usersin
Indonesiareached 215 million people, it isabout 79.34%
of the population [4]. According to the Indonesian
Telecommunication Statistics 2022, socid media
remains the most visited digital platform in Indonesia. It
is estimated 74.02% of internet users engaging with it
during 2021-2022. Additionally, 74.90% of the
population accessed the internet to gather information or
news, and 69.79% population used it for entertainment
purposes [5]. While 16.51% of population utilized the
internet for online shopping, online chatting applications
aso played a significant role, for both personal
communication and business transactions. These trends
highlight the diverse and growing ways in which
Indonesians are integrating the internet into their daily
lives.

Online shopping services or websites viathe internet
are caled e-commerce. E-commerce functions as a
channel in which consumers transact goods and services
electronically viathe Internet. E-commerce or Electronic
Commerce refers to a marketing system that utilizes
electronic media for various functions, including
distribution, sales, purchasing, marketing, and service of
products out in the system. Distribution systems are
crucia in establishing a successful business. In the e-
commerce sector, business owners must recognize the
significance of these systems in their marketing
strategies, as they serve asalink between producers and
consumers. Optimizing logistics services in the e
commerce industry improves the efficiency of product
distribution, customer satisfaction and business growth
[6]. Further it also demonstrates how intermediaries play
a key role in expanding the accessibility of e-commerce
platforms and broadening customer reach [7].
Additionally, the importance of multi-channel
distribution strategies are needed to understand and
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address the diverse behaviors of consumers [8]. These
strategies not only influence how products are distributed
but also offer valuable market insights and feedback for
producers.

E-commerce platforms offer a feature to review
feature products that helps to determine if the users’
feedback is either positive or negative. This feedback is
incredibly valuable to companies and manufacturers in
shaping business strategies. User-generated content,
such as online reviews, have a significant impact on
customer intentions to puchase in the e-commerce sector
[9]. However, analyzing large volumes of reviews or
ratings manually can beinefficient and costly, especially
when thereviews areinirregular formatsthat are hard to
process [10]. The challenges of conducting large-scale
sentiment analysis on ecommerce platforms are
significant. Reading through massive amounts of
reviews one by one is impractical, therefore making
automated sentiment analysis tools is essentia for
handling large volumes of feedback efficiently [11].
Therefore, a smarter approach is needed to identify new
reviews and make predictions about product
dissatisfaction. In that circumstance, opinion mining is
the process of extracting specific opinions and
sentiments related to a product. Sentiment analysis, on
the other hand, involves understanding and interpreting
the opinions, evaluations, and attitudes that is expressed
in text. It is also enabling automatic data processing to
gather useful information. This automated approach not
only enhances efficiency of production and distribution
but also provides deeper insightsinto consumer behavior
[12].

User comments and reviews on e-commerce
platforms are crucial in shaping seller ratings and
boosting overall customer satisfaction with online
shopping experiences. The ability for usersto share their
feedback on products has a significant impact on how
other potential buyers perceive the product, influencing
their purchasing decisions and measuring overall
satisfaction [13-14]. Moreover, in the large volume of
user-generated content, effective text classification
becomes vital for managing and analyzing this data. In
addition feature selection, an essential step in the text
classification process, helps reducing the complexity of
data, removing irrelevant features, and improving the
accuracy of classification algorithms[15]. By optimizing
feature selection, the performance of sentiment analysis
and other text-based predictive model s can be enhanced.
It is aimed to ensure the most relevant aspects of user
feedback are effectively highlighted and efficiently used
in improve e-commerce strategies.

Support Vector Machine (SVM) is a powerful
supervised learning algorithm widely not only used for
classification tasks, but also for addressing regression
problem. SVM is particularly popular when high
accuracy is required, and its performance is often
improved when combined with optimization techniques
like Sequential Minimal Optimization (SMO). SMO is
designed to solve the quadratic programming (QP)
problem that occurs during SVM training, making the
process faster and more scalable, especially when
dealing with large datasets. This combination has been
effectively used in various studies to enhance the
efficiency and accuracy of SVM models [16-17].

Recent studies have demonstrated the effectiveness of
SMO in overcoming the typically slow and complex
nature of SVM training. Studies show that SMO not only
aleviates the computational burden but aso enhances
SVM's overal performance by efficiently managing the
optimization process, particularly in large-scale
problems [18]. It has adso been found that combining
SVM with SMO significantly boosts classification
accuracy by optimizing the attribute weights in used
during the classification process. This makes the
combination ideal for tasks such as, such like sentiment
analysis and fault detection [19-21]. In summary, while
SVM isastrong classifier onits own, itsintegration with
SMO greatly enhances performance, making it the
preferred choice for high-stakes classification tasks that
require both accuracy and computational efficiency.

Recent studies have shown that the Naive Bayes
algorithm is highly efficient for quick classifying large
datasets, particularly in sentiment analysis, and when it
is used alongside Support Vector Machine (SVM), it can
effectively analyze sentiment in app reviews, aso
accurately predicting whether the sentiment is positive,
neutral, or negative [22]. Another significant study that
applied Naive Bayes to predict sentiment in online
product reviews, isachieving strong classification results.
However, it was noted that relying solely on Naive Bayes
without integrating other methods, such as SVM, could
limit the model's robustness. By combining Naive Bayes
with complementary agorithms like SVM, the model
can give benefit from the strengthness of both methods,
leading to more accurate predictions [23-24].

Comparative studies on sentiment analysis of e-wallet
reviews found that Support Vector Machine (SVM)
achieved an accuracy of 91.30%, while Naive Bayes
obtained a dightly higher accuracy of 93.10% when
Particle Swarm Optimization (PSO)-based feature
selection was applied [25]. Research on classification
methods for sentiment analysis of smartphone issues,
both with and without feature selection, revealed that
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SVM, particularly when enhanced with Query
Expanson Ranking (QER) feature selection,
outperformed Naive Bayes in terms of accuracy [26].
Further investigation into the impact of feature selection
on sentiment analysis demonstrated that SVM with
feature selection notably improved accuracy compared
to Naive Bayes, achieving atrue positive rate of 86.50%
for positive sentiments and 89.10% for negative
sentiments [27]. Collectively, these findings highlight
the superior performance of SVM over Naive Bayes,
particularly when feature selection techniques are
employed in sentiment analysis tasks.

The strong performance of the Support Vector
Machine (SVM) and Naive Bayes Classfier agorithms
in previous studies inspired the authors to explore
optimization techniques, particularly sequential minimal
optimization (SMO). Their goal was to compare the
effectiveness of these two algorithms in a practical
manner, which led to the creation of a web application
designed for sentiment analysis.

1. METHOD

Fig. 1 explains the stages of collecting training data
to the stages of cal culating methods and a gorithms.

A. Data Retrieval

Thistraining data collection stageis necessary so that
the machine learning model can process and learn
emotional phrases, allowing the machine to classify the
review data based on its analysis and learning,. It is
ultimately allowing it to determine the most appropriate
classification for Shopee product reviews.

The data type of this research is primary data namely
training data. Thistraining datais obtained by extracting
shoppe product’s review text and associating star ratings,
which are then labeled positive, negative, or neutral
using the Shopee API. The data collection process uses
tools that was created, namely retrieving product links
from Shopee using Python with the Anaconda Navigator
Application.

The dataset used in this study consists of 2,000
product reviews collected from the Shopee platform,

which including textual reviews and corresponding star
ratings provided by users. The reviews were
automaticaly retrieved through an APl call to the
Shopee platform, ensuring that the data collection
process was efficient and consistent.

B. Datalabelling

At this stage, the data are labeled positive, neutral, or
negative using the tools used for data collection. Based
on the results of the tool processing, 2,000 reviews were
collected, each of which was given a 1 to 5-star rating,
which was classified as follows: Good (4 to 5 stars),
Neutra (3 Stars), and Bad (1 to 2 stars). The results for
each category are as follows: 700 positive reviews, 700
negative reviews, and 600 neutral reviews. This
distribution reflects a common sentiment distribution in
e-commerce reviews. The training data obtained
produces the information shown in Tablel.

Oncethe necessary data has been obtained, thereview
data available on Shopee e-commerce can be directly
processed to obtain qualification and anaysis results.
This will generate a process that can be used to manage
the processed review data.

C. Text Preprocessing

From the existing review’s data on Shopee e
commerce, data validation has been carried out at the
previous stage. Next processing will be carried out to
obtain clean data. Thisstageiscarried out to select words
that will be used as an index during the data modeling
process. The pre-processing process, asillustrated in Fig.
2, involves the use of self-developed tools along with
data capture tools.

D. Naive Bayes Classifier Computational Concepts

Calculating the Naive Bayes Classifier involves the
used of probability theory, specifically Bayes Theorem
to classify data. This agorithm is considered 'naive
becauseit assumes all datafeatures areindependent. The
Naive Bayes algorithm can perform much better in
complex real conditions than expected [28-29].
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TABLEI
TRAINING DATA
Parameter Sentiment L abel
Rating Star ratings on Shopee product reviews will be used as
labels
Review Text Product Review Text

Naive Bayes is an efficient and straightforward
classification technique that predictsthe likelihood of an
outcome based on a given set of conditions using Bayes
theorem [30]. The Application of the Naive Bayes
classification method considers two probabilities A and
B, which can be correlated with P(H) and P(X) with
conditional probabilities P(H | X) and P (X | H). The

relationship  between  these  probabilities is
mathematically expressed in Equation (1):
P(H|X). P(H

p(H|x) = ZE2 D ()
Information
H : Hypothesis datais a specific class.
X : Datawith classesthat are still unknown.
p(H|X) : Probability of hypothesis based on

conditions.

p(H) :Hypothesis probability.
p (X| B) : Probability based on hypothetical conditions.
p (X)  :Probability of X occurring.

To calculate the Naive Bayes Classifier, a series of
systematic steps are followed. The process begins with
the collection and preparation of thetraining data, which
involves assembling data samples that includes both the
relevant features and their corresponding class labels.
Once the dataset isready, the next step isto compute the
prior probabilities for each class these represent the
overal likelihood of each class appearing within the
dataset, independent of feature values. Under this this
circumstance, in this conditional probability are
calculated for each feature given a particular class. These
conditional feature probabilities quantify the likelihood
of observing specific feature values assuming the

instance belongs to a given class. Both prior and
conditional probahilities established, Bayes Theorem is
then applied to calculate the posterior probahilities for
each class, given the features of the test data. These
posterior probabilities represent the probability of each
class occurring, conditional on the observed feature
values. Finally, the classification phase assigns the test
datato the class with the highest posterior probability. In
thisway, the Naive Bayes Classifier utilizes probabilistic
inference to predict the most likely class for unseen data
based on the learned statistical patterns.

E. Support Vector Machine Computing Conceptsusing

Sequential Minimal Optimization

Support Vector Machine (SVM) is amethod widely
explored within thefield of machinelearning. Devel oped
by Guyon, Boser, and Vapnik, SVM wasfirst introduced
in 1992 at the annual Symposium on Computational
Learning Theory. The SVM computational process
includes several key steps, such as sdecting an
appropriate kerndl, performing optimization, and
identifying the hyperplane that effectively separates the
data classes.

The Sequential Minimal Optimization (SMO)
algorithm operates by addressing a dua-form
optimization problem that focuses exclusively on the o
values, distinguishing it from other algorithms. It
employs analytical quadratic programming within its
inner loop and resolves the challenge of processing two
data points during each iteration. This completes the
process of finding the best solution [31]. The workflow
of the SVM combined with SMO isillustrated in Fig. 3,
which outlines the key steps involved in the process,
from kernel selection to optimization and the final test
and prediction stages.
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Fig. 3SVM + SMO workflow

Based on Fig. 3, the implementation of the Support
Vector Machine (SVM) algorithm involves a series of
methodical steps. Thefirst stepiskernel selection, where
an appropriate kernel function such as Linear,
Polynomial, or Radial Basis Function (RBF) are chosen
depending on the nature of the classification problem.
Kernds are instrumental in transforming the origina
feature space into a higher-dimensional space to enable
linear separability of non-linearly separable data.
Following kernel selection, the SVM training phase
commences. During this stage, the algorithm is trained
using the selected kernel and labeled training data to
construct amodel capable of identifying hyperplanesthat
effectively separate different classes. A hyperplane in
this context acts as the decision boundary distinguishing
data categories. Subsequently, the optimization phase is
carried out, wherein the a gorithm identifies the optimal
hyperplane by maximizing the margin the shortest
distance between the data points and the hyperplane.
This stage involves solving a quadratic optimization
problem to derive the optimal weight vector that ensures
maximal separation between the classes. Findly, in the
testing and prediction phase, the trained SVM model is
evaluated using previously unseen test data. The model
utilizes the learned hyperplane to classify the new
instances, thereby assessing its generaization
performance and predictive accuracy [30].

1. RESULT AND DISCUSSION

A.  Data Understanding

The training data collected is primary. This training
data is obtained by taking Shopee product review texts
and their stars which will be labeled positive, negative
and neutral using the Shopee API. This data collection
usestoolsthat were created by us by taking product links
from Shopee using Python language with the Anaconda
Navigator Application. The following is the flow of the
data collection process shown in Fig. 4.

From the results of the processing of the tools used,
2000 reviews were collected, each rating consisting of 1
to 5 stars, which will be classified using the following
parameters:

i. Good (4-5 stars)
ii. Neutral (3 Star)
iii. Bad (1-2 Stars)

Based on the results of data collection, as shown in
Tablell, atotal of 700 reviews were |abelled as positive,
700 as negative, and 600 as neutral. The examples in
Table Il illustrate instances of product review texts and
their corresponding ratings, where Good corresponds to
positive sentiment.

!

E

Insert link: shopee Sending lmk
product from API

. | Collecting data
to Array

Fig. 4 Data collecting wor kflow

TABLEII
PRODUCT REVIEW DATA ON SHOPEE
User Review Ratings
Barangnya bagus, pas... terima kasih sis (The Good
itemis good, fits... thank you sis)
Lumayan sih, bekerja dengan baik (Not bad, Good

works well)
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B. Evaluation

In the evaluation phase, the performance of the Naive
Bayes and SVM SMO algorithms was compared using
metrics such as accuracy, precision, recall, and support,
derived from a confusion matrix. The outcomes of this
comparison are presented in Table |1l and Table IV.
Table Il provides the confusion matrix results for the
Naive Bayes algorithm, whereas Table IV presents the
corresponding results for the SYM SMO agorithm.

The evaluation results in Table Il indicate that the
Naive Bayes algorithm achieved an overall accuracy of
68%. At the class-specific level, the classifier performs
very well in identifying the "Good" class, as evidenced
by a precision of 1.00 and recall of 0.81, implying that
most positive instances were correctly detected, albeit
with some fal se negatives. However, for the "Bad" class,
recall is notably low at 0.05, indicating poor sensitivity
in correctly identifying negative reviews, despite a
perfect precision of 1.00, which suggests minimal false
positives for this class. The "Neutral" class exhibits the
weakest performance, with precision, recal, and F1-
score approaching zero, highlighting the algorithm’s
failure to effectively classify neutra reviews. Overall,
while Naive Bayes benefits from simplicity and
computational efficiency, its performance is sub-optimal,
particularly in handling ambiguous or neutral dataandin
recognizing minority classes, as reflected in the low
macro-average recall and F1-score values.

The analysis of Table IV shows that the Support
Vector Machine optimized with Sequential Minimal
Optimization (SVM+SMO) significantly outperforms
Naive Bayes, achieving an overall accuracy of 79%. For
the "Good" class, the model demonstrates excellent
performance with precision of 0.83 and recall of 0.95. It
indicating a high true positive rate with minimal
misclassifications. The"Bad" class a so showsimproved
resultswith precision at 0.66 and recall at 0.72, reflecting
a more balanced detection capability and fewer false
positives and negatives compared to Naive Bayes.
Nevertheless, the "Neutra" class remains challenging, as
indicated by a recal of only 0.03, despite perfect
precison (1.00), suggested the model is highly
conservative in assigning this class, labeling only very
certain instances as neutral. Despite this limitation, the
higher macro-average precision and weighted average
F1-score confirm that SYM+SMO is more robust and
effective in managing imbalanced and complex feature
sets, making it better suited for sentiment classification
in e-commerce product reviews.

The results of this study demonstrate a clear
performance advantage of the Support Vector Machine
optimized with Sequentid Minimal Optimization

292

(SVM+SMO) over the Naive Bayes classifier in the
sentiment analysis of e-commerce product reviews. With
an overal accuracy of 79% compared to 68% for Naive
Bayes, SVM+SMO exhibits superior capability in
handling complex and high-dimensional data, it is
effectively capturing the nuanced differences in user
sentiment. The improved recall and F1-scores for the
“Good” and “Bad” classes further highlight
SVM+SMO’s robustness in identifying strongly
polarized sentiments. Nevertheless, both classifiers
showed limited effectiveness in accurately classifying
the “Neutral” class, reflecting the inherent challenge of
distinguishing ambiguous or context-dependent
sentiments within short or subtle user reviews. The
failure to classify neutral reviews accurately may be due
to the short length of reviews, the use of ambiguous
words, or shifting context within the sentence, which
makes it difficult for the model to distinguish between
neutral and slightly positive or negative sentiments.

Despite these promising results, this study faces
several limitations that suggest directions for future
research. The relatively modest dataset size, comprising
2000 reviews, may constrain the model’s ability to
generalize across the diverse range of product categories
and linguistic variations found in broader e-commerce
settings. The small dataset size aso poses a risk of
overfitting, where the model performs well on the
training data but fails to generalize to unseen data. This
issue could be addressed by increasing the dataset size or
using techniques like cross-validation. The evident class
imbalance, especially the underrepresentation of neutral
reviews, likely contributed to suboptimal classification
performance for this category, underscoring the need for
more sophisticated balancing strategies such as synthetic
minority oversampling or cost-sensitive learning.
Additionally, the exclusive reliance on textud data
precludes the incorporation of potentialy informative
multimodal inputs, including images or user metadata,
which could further refine sentiment prediction.

TABLE 11

CONFUSION MATRIX NAIVE BAYESRESULT
Precison Recall F1-Score Support
Bad 1.00 0.05 0.09 64
Good 68% 1.00 0.81 202
Netral 0.00 0.00 0.00 34
Accuracy - - 0.68 300
Macro Avg 0.56 0.35 0.30 300
Weight 0.67 0.68 0.56 300
Avg
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TABLE IV
CONFUSION MATRIX SVM+SMO RESULT

Precision Recall F1-Score Support
Bad 0.66 0.72 0.69 64
Good 0.83 0.95 0.89 202
Netral 1.00 0.03 0.06 34
Accuracy 0.79 300
Macro Avg 0.83 0.56 0.54 300
Weight Avg 0.82 0.79 0.75 300

Moreover, the scope of hyper-parameter tuning,
while methodical, was limited by computational
resources, leaving room for further exploration that
could uncover more optimal configurations. The error
analysis reveded difficulties in detecting subtle
linguistic phenomena such as sarcasm or mixed
sentiments, highlighting a persistent challenge for
automated sentiment classifiers. These chalenges are
particularly pronounced in neutral reviews, where
sentiment may be ambiguous or context-dependent,
making it harder for the model to classify with high
confidence. Addressing this gap may require models that
integrate pragmatic, contextual, and discourse-level
features to better interpret complex user expressions.

The practical implications of this study for the e
commerce industry are significant. The findings can be
implemented in recommendation systems, where
sentiment analysis can help refine product suggestions

based on customer sentiment, enhancing user experience.

Additionally, automated review moderation can benefit
from these results by flagging potentially misleading or
irrelevant reviews, streamlining content management on
e-commerce platforms.

Overdl, this study substantiates the superiority of
SVM+SMO, particularly when combined to advanced
embeddings, in classifying e-commerce sentiment data.
Yet, it also underscores the ongoing challenges in
handling ambiguous sentiments and the necessity for
larger, more diverse datasets and multimodal approaches
to enhance model robustness and applicability. This
study’s novelty lies in the comparative analysis of Naive
Bayes and SVM+SMO for e-commerce sentiment
analysis, providing clear insightsinto the performance of
these models in a rea-world setting and offering
practical recommendations for improving automated
review classification.

V. CONCLUSION

The comparative analysis presented in this study
highlights significant differences in the performance of
the Naive Bayes Classifier and Support Vector Machine
(SVM) methods when applied to sentiment analysis of

product reviews. Nevertheless, the SVM, particularly
when enhanced with Sequential Minimal Optimization
(SMO), achieved superior accuracy, achieving 79%
compared to 68% for the Naive Bayes Classifier. This
performance advantageis mainly dueto SVM's ahility to
handle non-linear relationships and  optimize
classification boundaries, making it more suitablefor the
complex and diverse datasets commonly encountered in
e-commerce platforms. The findings indicate that Naive
Bayes is advantageous for its simplicity and
computational efficiency, but it may struggle with more
intricate data structures or contexts where high
classification precision is required. In contrast, SVM
with SMO provides a more robust and scalable solution
for sentiment classification tasks, particularly in
extracting actionable insights from consumer reviews.
This study provides a thorough comparison between the
two algorithms and affirms the suitability of SVM with
SMO in dealing with high-dimensiona and imbal anced
textual data. Thisresearch underscores the importance of
selecting the right machine learning algorithms for
improving product classification tasks and offering
valuable insights for both researchers and practitioners
focused on enhancing the accuracy and reliability of
sentiment analysis models in e-commerce settings.
Future research should consider expanding the dataset to
encompass more diverse product types, applying
advanced feature engineering techniques, incorporating
transformer-based models such as BERT to capture
contextual dependencies, and exploring hybrid or
ensemble approaches to better address class imbalance
and improve the detection of neutra or ambiguous
sentiments.
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