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Abstract 

 Sentiment analysis of customer reviews is a crucial component in understanding consumer 
perception of coffeeshop services, especially in Padang City. This study aims to enhance text classification 
performance by employing two machine learning algorithms, Support Vector Machine (SVM) and Naïve 
Bayes (NB) and optimizing them using Particle Swarm Optimization (PSO). To address data imbalance, 
the Synthetic Minority Over-sampling Technique (SMOTE) was applied. The dataset consists of customer 
reviews categorized into three sentiment classes: negative, neutral, and positive. Evaluation results indicate 
that the optimized SVM+PSO model achieved the highest accuracy of 78.57%, while NB+PSO achieved 
73.21%. The implementation of PSO successfully improved the accuracy and f1-score compared to baseline 
models. This study demonstrates that combining SMOTE and PSO can significantly enhance the 
performance of multi-class sentiment classification in local business domains such as coffeeshops. 

  
Keywords: sentiment analysis, machine learning, SMOTE, PSO, coffeeshop. 
  
 
1. Introduction 

Coffee shops have become an important part of urban lifestyle, including in the city of Padang, West 
Sumatra. Places such as Kubik Coffee are popular destinations for enjoying a relaxing atmosphere while 
savoring quality coffee. The popularity of these coffee shops has led many customers to leave comments 
or reviews on platforms such as Google Review. These reviews provide valuable insights into customer 
experiences regarding product quality, service, price, location, and ambiance. From a business perspective, 
analyzing customer feedback is highly useful for improving service quality, understanding customer 
preferences, and supporting better strategic decision-making. 

Sentiment analysis is one of the approaches that can be used to automatically identify customer 
opinions from review data. Machine learning methods have been widely applied in sentiment analysis 
because they are able to process large amounts of textual data efficiently and classify opinions into specific 
sentiment categories [1]. Among various machine learning algorithms, Support Vector Machine (SVM) 
and Naïve Bayes (NB) are commonly used in text classification tasks. SVM is known for its ability to find 
an optimal hyperplane for separating data classes, especially in high-dimensional feature spaces [2]. 
Meanwhile, Naïve Bayes is a probabilistic algorithm that is simple, efficient, and suitable for text data with 
many features [3]. 

Several previous studies have demonstrated the use of machine learning algorithms for sentiment 
analysis in various domains. Munawaroh and Ridhoi [4] applied Naïve Bayes using Orange to analyze 
public sentiment toward the risks of IKN development in East Kalimantan. The study showed that Naïve 
Bayes could be used effectively for public opinion classification. However, the research did not compare 
the performance of Naïve Bayes with other algorithms and did not address the problem of class imbalance. 
Fremmuzar and Baita [5] evaluated several SVM kernels for sentiment analysis of Telkomsel services on 
Twitter. Their study showed that SVM could achieve strong classification performance, but the research 
focused mainly on kernel testing and did not apply an optimization technique to improve model parameters. 
Sitorus and Zufria [6] used Naïve Bayes to classify user reviews of the Shopee application on the Play 
Store. Although the method produced acceptable results, the study suggested that data balancing techniques 
and additional algorithms could be used to improve classification performance. Ditami et al. [7] also applied 
SVM for sentiment analysis related to marketplace promotional events on Twitter and obtained promising 
results. However, their research did not explore further optimization methods or data balancing strategies.  

mailto:ilmawati@upiyptk.ac.id


 

JISAI Vol. 7, No. 1, (November) (2026).  

58 

Based on these previous studies, it can be observed that SVM and Naïve Bayes have been widely 
used and proven effective in sentiment analysis. However, most prior research still focused on using 
conventional machine learning models without sufficient attention to two important issues: data imbalance 
and parameter optimization. In real-world customer review datasets, sentiment classes are often imbalanced 
because positive reviews usually dominate neutral and negative reviews. This condition may cause the 
model to be biased toward the majority class and reduce its ability to recognize minority classes. Therefore, 
the Synthetic Minority Over-sampling Technique (SMOTE) is needed to balance the number of samples in 
each class [8].  

In addition to data imbalance, the performance of machine learning models is also influenced by the 
selection of optimal parameters. SVM requires appropriate parameter settings such as C and gamma, while 
Naïve Bayes requires suitable smoothing parameters to improve classification performance. If these 
parameters are not properly selected, the model may not achieve optimal results. Particle Swarm 
Optimization (PSO) is one of the metaheuristic optimization algorithms that can be used to search for 
optimal parameter combinations. PSO is inspired by the social behavior of bird flocks or fish schools in 
finding the best solution [9]. Previous research has shown that PSO can improve the performance of 
machine learning models by optimizing their parameters [10], including in sentiment analysis tasks 
involving SVM [11]. 

Although previous studies have applied SVM, Naïve Bayes, SMOTE, and PSO in different contexts, 
there is still limited research that combines SMOTE and PSO to improve multi-class sentiment 
classification of coffee shop customer reviews, particularly in the local business context of Padang City. 
This research gap becomes the main basis for conducting the present study. Therefore, this study proposes 
the integration of SMOTE and PSO to improve the performance of SVM and Naïve Bayes in classifying 
customer review sentiments into negative, neutral, and positive classes. The main objective of this study is 
to evaluate whether PSO-based parameter optimization can enhance the performance of SVM and Naïve 
Bayes after the dataset is balanced using SMOTE. The results of this study are expected to contribute to the 
development of more accurate sentiment classification models and provide useful insights for coffee shop 
businesses in understanding customer perceptions. 
 
2. Method 

This study was conducted to develop and evaluate sentiment classification models for coffee shop 
customer reviews in Padang City. The proposed research flow consists of several main stages, namely data 
collection, sentiment labeling, text preprocessing, feature extraction, data balancing using SMOTE, model 
development using Support Vector Machine (SVM) and Naïve Bayes (NB), parameter optimization using 
Particle Swarm Optimization (PSO), and model evaluation. The complete research flow is illustrated in 
Fig. 1. 

 

 
Fig. 1 Research Methodology 

 
The research flow in Fig. 1 shows that the process begins with collecting customer review data and 

ends with evaluating the classification performance of the optimized models. Each stage is designed to 
ensure that the textual review data can be transformed into structured numerical features and classified into 
sentiment categories accurately. 

 
2.1. Data Collection 

The first stage of this research is data collection. The dataset used in this study consists of 500 
customer review data obtained from Google Review for several coffee shops in Padang City. The collected 
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data include customer review text and sentiment labels. The review text is used as the main input feature 
because it contains customer opinions related to service quality, product quality, place atmosphere, price, 
and overall customer experience. 

The dataset was classified into three sentiment classes, namely negative, neutral, and positive. The 
negative class represents reviews that contain complaints, dissatisfaction, or unfavorable customer 
experiences. The neutral class represents reviews that do not clearly express satisfaction or dissatisfaction. 
Meanwhile, the positive class represents reviews that contain satisfaction, appreciation, or favorable 
customer experiences toward the coffee shop. 

Before the data balancing process, the dataset distribution was imbalanced. The negative class 
consisted of 39 reviews, the neutral class consisted of 161 reviews, and the positive class consisted of 300 
reviews. This distribution shows that positive reviews dominated the dataset, while negative reviews were 
the minority class. Such an imbalance can affect the classification model because the model may tend to 
learn more from the majority class and have difficulty recognizing minority sentiment patterns. 

 
2.2. Preprocessing 

Text preprocessing is performed to clean and standardize the review text before it is processed by 
machine learning algorithms [12]. Customer reviews often contain unnecessary characters, inconsistent 
capitalization, punctuation, symbols, numbers, and informal expressions. Therefore, preprocessing is 
required to reduce noise and produce cleaner text data. The preprocessing stages in this study include: 
a. Case folding, which converts all letters into lowercase form to ensure consistency between words [13]. 
b. Cleaning, which removes punctuation marks, special characters, numbers, URLs, and irrelevant 

symbols [14]. 
c. Tokenization, which splits sentences into individual words or tokens [15]. 
d. Stopword removal, which removes common words that do not have strong meaning for classification 

[16]. 
e. Normalization, which converts informal words, abbreviations, or slang into standard forms [17]. 
f. Stemming, which reduces words to their root forms [18]. 

  
2.3. Feature Extraction Using TF-IDF 

After preprocessing, the cleaned text data are converted into numerical features using Term 
Frequency-Inverse Document Frequency (TF-IDF). TF-IDF is used to measure the importance of a word 
in a document based on how frequently the word appears in a review and how rare the word is across all 
reviews [19]. 

 
2.4. Data Blancing using SMOTE 

Before applying the classification models, the distribution of sentiment classes was first analyzed to 
identify whether the dataset had an imbalance problem. Class imbalance is an important issue in sentiment 
classification because the model may become biased toward the majority class and fail to recognize 
minority classes properly [20]. Therefore, SMOTE was applied to balance the number of samples in each 
sentiment class [21]. The comparison of class distribution before and after applying SMOTE is shown in 
Fig. 2. 

 
Fig. 2 Label Distribution Before and After SMOTE 
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Fig. 2 shows the distribution of sentiment labels before and after applying the Synthetic Minority 
Over-sampling Technique (SMOTE). Before SMOTE was applied, the dataset had an imbalanced class 
distribution. Label 2, which represents positive sentiment, had the highest number of data samples, while 
label 0, which represents negative sentiment, had the lowest number of samples. Label 1, which represents 
neutral sentiment, was positioned between the two classes. This condition indicates that the dataset was 
dominated by positive reviews, which could cause the classification model to learn more from the majority 
class and reduce its ability to correctly recognize minority classes. 

After SMOTE was applied, the number of samples in each class became balanced. The negative, 
neutral, and positive classes had the same number of data samples. SMOTE works by generating synthetic 
data for minority classes based on the nearest neighbors of existing samples. This process helps the model 
receive a more equal learning opportunity for each sentiment class. Therefore, the application of SMOTE 
is expected to reduce classification bias toward the majority class and improve the model’s ability to 
identify negative and neutral reviews more fairly. 

 
2.5. Classification using Naïve Bayes 

Naïve Bayes is used as one of the classification models in this study because it is simple, efficient, 
and widely used in text classification [22]. Naïve Bayes predicts the class of a review based on the 
probability of the words appearing in each sentiment class [23]. The classification process in Naïve Bayes 
can be expressed as: 

 
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑	𝑐𝑙𝑎𝑠𝑠 = 𝑎𝑟𝑔𝑚𝑎𝑥	𝑃(𝑐𝑙𝑎𝑠𝑠) 	× 	𝑃(𝑤𝑜𝑟𝑑	|	𝑐𝑙𝑎𝑠𝑠)   (1) 

 
In this formula, P(class) represents the probability of each sentiment class, namely negative, neutral, 

and positive. Meanwhile, P(words | class) represents the probability that the words in a review appear in a 
certain sentiment class. The class with the highest probability value is selected as the final sentiment 
prediction. 

 
2.6. Classification using Support Vector Machine 

Support Vector Machine is also used in this study because it performs well in high-dimensional data 
such as text classification. SVM works by finding the optimal hyperplane that separates data points into 
different sentiment classes. For binary classification, the decision function of SVM can be expressed as: 

 
𝑓(𝑥) = 𝑤. 𝑥 + 𝑏   (2) 

 
In this formula, x represents the TF-IDF feature vector of a review, w represents the weight vector, 

and b represents the bias value. The value of f(x) determines the position of a review toward the separating 
hyperplane. In this study, SVM is used to classify reviews into three sentiment classes: negative, neutral, 
and positive. 

 
2.7. Parameter Optimization using Particle Swarm Optimization 

Particle Swarm Optimization is applied to improve the performance of SVM and Naïve Bayes by 
searching for the best parameter combinations [21], [24]. In this study, PSO is used to optimize the 
smoothing parameter (\alpha) in Naïve Bayes and the (C) and gamma parameters in SVM. 

PSO works by moving a group of particles in the search space. Each particle represents a possible 
solution or parameter combination. The position and velocity of each particle are updated using the 
following equations: 
 

𝑣!"# = 𝑤 × 𝑣$%& + 𝑐1 × 𝑟1 × (𝑝𝑏𝑒𝑠𝑡 − 𝑥) + 𝑐2 × (𝑔𝑏𝑒𝑠𝑡 − 𝑥)  (3) 
 
In this formula, 𝑣!"# is the updated velocity of a particle, 𝑣$%& is the previous velocity, w is the 

inertia weight, c1 and c2 are learning factors, r1 and r2 are random values, pbest is the best solution found 
by an individual particle, gbest is the best solution found by all particles, and x is the current position of the 
particle. Each particle represents a possible parameter combination. The best parameter combination is 
selected based on the highest model performance, such as accuracy or F1-score. 

 
2.8. Model Evaluation 
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The final stage is model evaluation. The performance of each model is measured using accuracy, 
precision, recall, and F1-score. These metrics are used to evaluate how well the models classify customer 
reviews into negative, neutral, and positive sentiment classes. 

 
3. Result and Discussion 

This section presents the empirical findings and a comprehensive discussion of each result. The goal 
is to explain the outcomes in sufficient depth to address the problem statements outlined in the Introduction. 
The study evaluates performance gains for two machine learning algorithms—Naive Bayes (NB) and 
Support Vector Machine (SVM)—in classifying coffee shop customer reviews from Padang. We compare 
baseline (non-optimized) models against models optimized with Particle Swarm Optimization (PSO). 
Evaluation metrics include accuracy, precision, recall, F1-score, supported by confusion matrices and label 
distribution plots. 
 
3.1. Evaluation of the Naive Bayes Model 

The first model evaluated in this study is Naïve Bayes. This model was used as a baseline classifier 
because it is simple, efficient, and commonly applied in text classification tasks. The evaluation was 
conducted to observe how well Naïve Bayes classified coffee shop customer reviews into three sentiment 
classes: negative, neutral, and positive. The confusion matrix of the Naïve Bayes model is shown in Fig. 3. 

 

 
Fig. 3 Confusion Matrix - Naïve Bayes 

 
Fig. 3 shows the classification results of the Naïve Bayes model for each sentiment class. The matrix 

compares the actual labels and the predicted labels. The diagonal values represent correctly classified data, 
while the non-diagonal values represent misclassified data. 

For the negative class, the model correctly classified 8 reviews as negative. However, 1 negative 
review was incorrectly predicted as neutral, and 5 negative reviews were incorrectly predicted as positive. 
This result shows that the model still has difficulty recognizing negative sentiment patterns, especially 
because the number of negative data samples is relatively small compared to other classes. 

For the neutral class, the model correctly classified 33 reviews as neutral. However, 8 neutral 
reviews were predicted as negative, and 21 neutral reviews were predicted as positive. This indicates that 
the neutral class is often confused with the positive class. This may occur because neutral reviews 
sometimes contain words or expressions that are not strongly negative but may still resemble positive 
opinions. 

For the positive class, the model achieved the best performance. A total of 81 positive reviews were 
correctly classified as positive. Only 3 positive reviews were predicted as negative, and 8 positive reviews 
were predicted as neutral. This shows that Naïve Bayes is more effective in identifying positive sentiment 
than negative and neutral sentiment. Overall, the confusion matrix indicates that the model tends to perform 
better on the positive class, while classification errors are still found in the negative and neutral classes. 

To provide a more detailed quantitative evaluation, the classification report of the Naïve Bayes 
model is presented in Fig. 4. This report includes precision, recall, F1-score, and support for each sentiment 
class. 

 



 

JISAI Vol. 7, No. 1, (November) (2026).  

62 

 
Fig. 4 Classification Report - Naïve Bayes 

 
Fig. 4 presents the classification performance of the Naïve Bayes model. The model achieved an 

overall accuracy of 0.73, meaning that approximately 73% of the total test data were classified correctly. 
From a total of 168 test data, the model correctly classified most of the reviews, especially in the positive 
class. 

For class 0, which represents negative sentiment, the model obtained a precision of 0.42, recall of 
0.57, and F1-score of 0.48 with 14 data samples. The low precision value indicates that several reviews 
predicted as negative were actually from other classes. Although the recall is slightly higher, the F1-score 
shows that the model’s performance on the negative class is still limited. 

For class 1, which represents neutral sentiment, the model achieved a precision of 0.79, recall of 
0.53, and F1-score of 0.63 with 62 data samples. The high precision indicates that when the model predicts 
a review as neutral, the prediction is often correct. However, the lower recall shows that many actual neutral 
reviews were classified into other classes, especially positive sentiment. 

For class 2, which represents positive sentiment, the model achieved the best performance with a 
precision of 0.76, recall of 0.88, and F1-score of 0.81 with 92 data samples. The high recall value indicates 
that the model was able to identify most positive reviews correctly. This result is consistent with the 
confusion matrix, where the positive class had the highest number of correct predictions. 

The macro average values show a precision of 0.65, recall of 0.66, and F1-score of 0.64, indicating 
that the model performance across all classes is moderate. Meanwhile, the weighted average values are 
higher, with precision of 0.74, recall of 0.73, and F1-score of 0.72, because the positive class has a larger 
number of samples. Overall, the Naïve Bayes model provides acceptable baseline performance, but its 
ability to classify negative and neutral sentiment still needs improvement. Therefore, optimization using 
Particle Swarm Optimization is applied in the next stage to improve the classification performance. 

 
3.2. Naive Bayes + PSO Evaluation Model 

After evaluating the baseline Naïve Bayes model, Particle Swarm Optimization was applied to 
improve the model performance by searching for the best smoothing parameter. Based on the optimization 
process, the best alpha value obtained was 0.9038. The classification report of the Naïve Bayes model after 
PSO optimization is shown in Fig. 5. 

 

 
Fig. 5 Classification Report Naïve Bayes + PSO 

 
Fig. 5 shows the performance of the Naïve Bayes model after optimization using Particle Swarm 

Optimization. The optimized Naïve Bayes model achieved an accuracy of 73.21%, which is slightly higher 
than the baseline Naïve Bayes accuracy. This indicates that PSO was able to find a better smoothing 
parameter for the Naïve Bayes model, although the improvement was relatively small. 

For class 0, which represents negative sentiment, the model obtained a precision of 0.42, recall of 
0.57, and F1-score of 0.48 with 14 data samples. These values are the same as the baseline Naïve Bayes 
model, indicating that PSO optimization did not significantly improve the model’s ability to classify 
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negative reviews. This result shows that negative sentiment remains the most difficult class to identify, 
possibly because the number of negative reviews is smaller and the textual patterns are more varied. 

For class 1, which represents neutral sentiment, the model achieved a precision of 0.79, recall of 
0.55, and F1-score of 0.65 with 62 data samples. Compared with the baseline Naïve Bayes model, the recall 
and F1-score of the neutral class increased slightly. This means that after PSO optimization, the model 
became better at recognizing actual neutral reviews, although some neutral reviews were still classified into 
other sentiment classes. 

For class 2, which represents positive sentiment, the model obtained a precision of 0.76, recall of 
0.88, and F1-score of 0.82 with 92 data samples. This is the best performance among all classes. The high 
recall value indicates that the optimized Naïve Bayes model was able to correctly identify most positive 
reviews. This result also shows that positive sentiment has clearer textual patterns compared to negative 
and neutral sentiment. 

The macro average values show a precision of 0.66, recall of 0.67, and F1-score of 0.65. These 
values indicate that the overall performance across the three sentiment classes improved slightly after 
optimization. Meanwhile, the weighted average values show a precision of 0.75, recall of 0.73, and F1-
score of 0.73. The weighted average is higher because the positive class has more data samples than the 
other classes. 

Overall, the Naïve Bayes model optimized using PSO produced a slight improvement compared 
with the baseline model. The improvement can be seen particularly in the neutral and positive classes. 
However, the negative class still showed limited performance. Therefore, although PSO contributes to 
improving the Naïve Bayes model, further improvement is still needed, especially to increase the model’s 
ability to recognize negative sentiment. 

 
3.3. Evaluation of the Support Vector Machine Model 

. After evaluating the Naïve Bayes model, the next model tested in this study is Support Vector 
Machine. SVM was used because it is known to perform well in high-dimensional text classification tasks, 
especially when review data have been transformed into TF-IDF feature vectors. The evaluation was 
conducted to observe the ability of SVM to classify coffee shop customer reviews into three sentiment 
classes: negative, neutral, and positive. The confusion matrix of the SVM model is shown in Fig. 6. 

 

 
Fig. 6 Confusion Matrix - SVM 

 
Fig. 6 shows the classification results of the SVM model based on the actual and predicted sentiment 

classes. The diagonal values represent the number of correctly classified reviews, while the non-diagonal 
values represent classification errors. 

For the negative class, the SVM model correctly classified 6 reviews as negative. However, 5 
negative reviews were incorrectly classified as neutral, and 3 negative reviews were incorrectly classified 
as positive. This result shows that SVM still has difficulty identifying negative reviews. The limited number 
of negative samples may cause the model to have fewer learning patterns for this class. 

For the neutral class, the model correctly classified 47 reviews as neutral. However, 3 neutral 
reviews were predicted as negative, and 12 neutral reviews were predicted as positive. This indicates that 
the SVM model has a fairly good ability to recognize neutral sentiment, although some neutral reviews are 
still confused with positive sentiment. This can happen because neutral reviews may contain general 
expressions that are closer to positive comments than negative comments. 

For the positive class, the SVM model achieved the best classification result. A total of 78 positive 
reviews were correctly classified as positive. However, 14 positive reviews were predicted as neutral, while 
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no positive review was predicted as negative. This result indicates that SVM can recognize positive 
sentiment patterns quite well. The absence of positive reviews classified as negative also shows that the 
model can distinguish positive and negative sentiment more clearly. 

Overall, the confusion matrix shows that the SVM model performs better than Naïve Bayes, 
especially in classifying neutral and positive reviews. However, the negative class remains the most 
challenging class to classify correctly. This indicates that even though SVM has strong classification ability, 
the model still needs further optimization to improve its performance across all sentiment classes. 

To provide a more detailed quantitative evaluation, the classification report of the SVM model is 
presented in Fig. 7. This report shows the precision, recall, F1-score, and support values for each sentiment 
class. 

 

 
Fig. 7 Classification Report SVM 

 
Fig. 7 presents the performance evaluation of the SVM model. The model achieved an overall 

accuracy of 77.98%, or approximately 78%. This means that the SVM model correctly classified most of 
the test data. Compared with the baseline Naïve Bayes model, SVM produced better overall performance. 

For class 0, which represents negative sentiment, the model obtained a precision of 0.67, recall of 
0.43, and F1-score of 0.52 with 14 data samples. The precision value indicates that when the model predicts 
a review as negative, the prediction is relatively reliable. However, the low recall value shows that many 
actual negative reviews were still classified into other classes, especially neutral. This means that the model 
is still not sensitive enough in detecting negative sentiment. 

For class 1, which represents neutral sentiment, the model achieved a precision of 0.71, recall of 
0.76, and F1-score of 0.73 with 62 data samples. These values show that SVM performs reasonably well in 
classifying neutral reviews. The recall value of 0.76 indicates that most neutral reviews were successfully 
recognized by the model. However, some neutral reviews were still misclassified as positive, which shows 
that the boundary between neutral and positive sentiment remains difficult to separate. 

For class 2, which represents positive sentiment, the model achieved the best performance with a 
precision of 0.84, recall of 0.85, and F1-score of 0.84 with 92 data samples. These values indicate that SVM 
is highly effective in recognizing positive reviews. The high precision and recall values show that the model 
can classify positive sentiment consistently and accurately. 

The macro average values show a precision of 0.74, recall of 0.68, and F1-score of 0.70. These 
values indicate that the model performance across all classes is good, although the negative class still lowers 
the overall balance of performance. Meanwhile, the weighted average values show a precision of 0.78, 
recall of 0.78, and F1-score of 0.78. These weighted values are higher because the positive class has more 
data samples and is classified more accurately by the model. 

Overall, the SVM model achieved better performance than the Naïve Bayes model, particularly in 
the neutral and positive classes. The accuracy increased to 77.98%, showing that SVM is more suitable for 
this sentiment classification task. However, the relatively low recall and F1-score for the negative class 
indicate that further optimization is still needed. Therefore, Particle Swarm Optimization is applied in the 
next stage to improve the parameter selection of SVM and enhance the overall classification performance. 
 
3.4. Evaluation of the Support Vector Machine + PSO Model 

After evaluating the baseline SVM model, Particle Swarm Optimization was applied to improve the 
model performance by optimizing the main SVM parameters. Based on the optimization process, the best 
parameter values obtained were C = 355.3433 and gamma = 0.0283. These parameters were then used to 
build the optimized SVM model. The classification report of the SVM model after PSO optimization is 
shown in Fig. 8. 
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Fig. 8 Classification Report SVM + PSO 

 
Fig. 8 presents the classification performance of the SVM model after optimization using Particle 

Swarm Optimization. The optimized SVM model achieved an accuracy of 78.57%, which is slightly 
higher than the baseline SVM accuracy of 77.98%. This result indicates that PSO was able to improve the 
overall classification performance by finding a better combination of SVM parameters. 

For class 0, which represents negative sentiment, the model obtained a precision of 0.62, recall of 
0.36, and F1-score of 0.45 with 14 data samples. The precision value shows that most reviews predicted 
as negative were relatively correct. However, the low recall value indicates that many actual negative 
reviews were still classified into other sentiment classes. This means that negative sentiment remains the 
most difficult class to identify, even after PSO optimization. 

For class 1, which represents neutral sentiment, the model achieved a precision of 0.75, recall of 
0.74, and F1-score of 0.75 with 62 data samples. These values show that the optimized SVM model 
performed well in recognizing neutral reviews. Compared with the baseline SVM model, the F1-score for 
the neutral class increased, indicating that PSO helped improve the balance between precision and recall 
for this class. 

For class 2, which represents positive sentiment, the model achieved the best performance, with a 
precision of 0.82, recall of 0.88, and F1-score of 0.85 with 92 data samples. The high recall value 
indicates that most positive reviews were successfully identified by the model. This result shows that the 
optimized SVM model is highly effective in detecting positive sentiment patterns in coffee shop customer 
reviews. 

The macro average values show a precision of 0.73, recall of 0.66, and F1-score of 0.68. These 
values indicate that the overall performance across all classes is still influenced by the low recall of the 
negative class. Meanwhile, the weighted average values show a precision of 0.78, recall of 0.79, and F1-
score of 0.78. The weighted average is higher because the positive class has more data samples and is 
classified more accurately by the model. 

Overall, the SVM model optimized with PSO produced the highest accuracy in this study, 
reaching 78.57%. The improvement was mainly observed in the neutral and positive classes. However, 
the performance for the negative class decreased compared with the baseline SVM model. This result 
shows that PSO can improve overall accuracy, but further improvement is still needed to increase the 
model’s ability to recognize negative sentiment more effectively. 

 
3.5. Comparative Analysis 

Overall, the experimental results show that Support Vector Machine produced better performance 
than Naïve Bayes in classifying coffee shop customer reviews into negative, neutral, and positive sentiment 
classes. The baseline Naïve Bayes model achieved an accuracy of 73%, while Naïve Bayes optimized with 
PSO slightly improved the accuracy to 73.21%. This indicates that PSO was able to improve the Naïve 
Bayes model, although the improvement was relatively small. 

The SVM model achieved better performance than Naïve Bayes, with a baseline accuracy of 
77.98%. After applying PSO optimization, the SVM model obtained the highest accuracy of 78.57%. This 
result shows that PSO successfully improved the SVM parameter selection, particularly through the 
optimization of C and gamma values. Among all tested models, SVM + PSO produced the best 
classification performance. 

Based on the classification reports, the positive sentiment class achieved the highest performance in 
almost all models. This indicates that positive reviews have clearer textual patterns and are easier for the 
models to recognize. In contrast, the negative sentiment class had the lowest recall and F1-score, showing 
that negative reviews were more difficult to classify correctly. This may be caused by the smaller number 
of negative samples and the variation of negative expressions in customer reviews. 



 

JISAI Vol. 7, No. 1, (November) (2026).  

66 

In conclusion, the combination of SMOTE and PSO can improve machine learning performance in 
multi-class sentiment classification. SMOTE helps balance the data distribution, while PSO helps find 
better model parameters. However, further improvement is still needed, especially to increase the model’s 
ability to recognize negative sentiment more accurately. This study also obtained quite good results 
compared to previous research on sentiment analysis as shown in Table 1. 

 
Table 1. Comparison With Previous Studies 

No Researcher  Model Accuracy 
1 [25] Support Vector machine 72.12% 
2 [26] Support Vector machine 59% 
3 [27] Support Vector machine 75,5% 

Naïve Bayes 75% 
4 [28] Naïve Bayes 72,14% 
5 [29] Support Vector machine 70,82% 

Naïve Bayes 63,02% 
6 This Research Support Vector machine + PSO 78.57% 

Naïve Bayes + PSO 73.21% 
 

Table I presents a comparison of the model performance in this study with a number of previous 
studies that used Support Vector Machine (SVM) and Naïve Bayes algorithms in text classification, 
particularly in the context of sentiment analysis or customer reviews. 

From the table, it can be seen that most previous studies used SVM as the main model. For example, 
the study referred to by [25] showed an accuracy of 72.12%, and [26] achieved only 59%, which is the 
lowest value among all results. Study [27] used two models, namely SVM (75.5%) and Naïve Bayes (75%), 
which showed competitive results, but still below the model proposed in this study. 

Study [28], which used only Naïve Bayes, obtained an accuracy of 72.14%, while [29] applied both 
models with SVM accuracy of 70.82% and Naïve Bayes of 63.02%. This study recorded the best results of 
all those compared, namely: 
• SVM + PSO with an accuracy of 78.57% 
• Naïve Bayes + PSO with an accuracy of 73.21% 

This shows that integrating the PSO optimization algorithm into the SVM and Naïve Bayes models 
provides a significant improvement in classification performance. This improvement is most likely due to 
PSO’s ability to optimally adjust hyperparameters, which was not carried out in most previous studies. 

Overall, this table reinforces the finding that using metaheuristic optimization techniques such as 
PSO can not only improve accuracy, but also provide a competitive advantage over conventional 
approaches previously used in similar studies. 

 
4. Conclusion 

This study successfully demonstrates that applying the Particle Swarm Optimization (PSO) 
optimization method can improve the performance of two popular machine learning algorithms, namely 
Support Vector Machine (SVM) and Naïve Bayes (NB), in sentiment classification of coffee shop customer 
reviews in the city of Padang. With the support of data balancing using SMOTE, the models can avoid bias 
toward the majority class and produce a fairer classification distribution. The evaluation results show that 
SVM optimized with PSO achieved the highest accuracy of 78.57%, followed by NB+PSO with an 
accuracy of 73.21%. These findings reinforce the effectiveness of combining SMOTE and PSO in 
addressing imbalance issues and automatically tuning model parameters. For future research, it is 
recommended that this approach be tested in other review domains, such as the culinary or tourism sectors, 
and that the results be compared with other optimization methods such as Grid Search or Genetic Algorithm 
to obtain more comprehensive outcomes. 
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