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 Abstract  

Visitor opinions on tourist destinations can be evaluated through 

sentiment analysis based on textual reviews. This study aimed to 

compare the performance of Support Vector Machine (SVM) and Naive 

Bayes (NB) algorithms in classifying visitor sentiments toward reviews 

of Saloka Theme Park, while also assessing the impact of parameter 

optimization using Particle Swarm Optimization (PSO). A total of 740 

reviews were collected from the Traveloka platform and underwent text 

preprocessing. The optimization process targeted key parameters of 

each algorithm to improve the F1-score. Experimental results showed 

that the unoptimized SVM achieved an accuracy of 89 percent, while NB 

reached 86 percent. After applying PSO, SVM's accuracy dropped to 84 

percent, whereas NB improved to 85 percent with more balanced 

classification across sentiment classes. These results recommend the 

integration of Naive Bayes with Particle Swarm Optimization as a 

potential approach for sentiment classification of tourism reviews, 

particularly in the case study of Saloka Theme Park. 

Introduction 

Tourism is one of the strategic sectors that makes a significant contribution to regional 

economic growth (Gunawan & Kuswanto, 2024; Laut et al., 2021; Li et al., 2024). Along with 

the development of information technology, the behavior of tourists in seeking information 

and providing assessments of tourist destinations has also changed. Nowadays, tourists tend 

to rely on user-generated content such as online reviews to determine the choice of tourist 

attractions. These reviews are available in large quantities on various digital platforms, one 

of which is Traveloka, which not only provides booking services but also houses users' 

opinions and experiences regarding the destinations they visit (Syaqufa & Kusumawati, 2024; 

Dewantra et al., 2024; Saputra et al., 2025). 

Online reviews contain information that can reflect the level of satisfaction, quality of service, 

and visitor experience of a tourist attraction (Nguyen et al., 2023; Glaveli et al., 2023; 

Camilleri & Filieri, 2023). Therefore, the analysis of this data has great potential in supporting 

evaluation and decision-making by destination managers.  However, the high volume of data 

makes the manual analysis process inefficient. In this context, (Widodo et al., 2024; Adepoju 

et al., 2022; Werner et al., 2021). the text classification approach is a relevant solution. 

Through classification, the system can automatically group reviews into specific classes, 

including supportive and critical responses, so that they reflect general public opinion. 
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The object of the research raised was Saloka Theme Park, a themed theme park located in 

Central Java Province (Ryani & Soesanto, 2021; Shaumarli & Nurwitasari, 2024; Robinson, 

2023). This destination is one of the most visited destinations and receives various reviews 

from visitors through the Traveloka platform. To analyse the review, popular    (Choirunnisa 

et al., 2021) machine learning algorithms were used, namely the Support Vector Machine 

(SVM) and Naive Bayes (NB) methods. SVM is known to have a good ability to handle high-

dimensional data with a maximum margin of separation between classes. Meanwhile, NB is 

an efficient probabilistic-based approach in handling large-scale text classification (Yulia & 

Arrow, 2021l; Rizki et al., 2025; Jamil et al., 2022).  

Although both algorithms have been widely used, challenges in achieving optimal 

classification results are still encountered, especially when the data has an imbalance of class 

distribution. To solve this problem, the Particle Swarm Optimization (PSO) algorithm is used,  

which is a method inspired by the social behavior of groups of living things such as flocks of 

birds or fish in an effort to find optimal solutions collectively. Through the implementation 

of PSO, important parameters in the classification model can be set automatically to improve 

overall performance. 

The purpose of this study is to evaluate the performance  of the SVM and Naive Bayes 

algorithms in the process of classifying the evaluation of Saloka Theme Park visitors collected 

from Traveloka, with the help of parameter optimization using the PSO algorithm. The stages 

carried out include data retrieval through web scraping, text pre-processing, feature extraction 

using Term Frequency–Inverse Document Frequency (TF-IDF), model training, parameter 

optimization with PSO, and model performance evaluation using accuracy and f1-score 

metrics. It is hoped that the results of this study can produce an accurate text classification 

model and provide benefits for destination managers in understanding the needs and 

perceptions of visitors more deeply (Arnap et al., 2024; Srinivasan et al., 2023; Gregoriades 

et al., 2023). 

Methods  

This research was focused on achieving the goal of designing and comparing the performance 

of two classification models, namely  the Support Vector Machine (SVM) and Naive Bayes 

(NB) classification methods which are widely used in text analysis which is each optimized  

Figure 1. Diagram of Crawling Steps 
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This method included a number of systematic stages ranging from literature review, problem 

formulation, data collection, text pre-processing, to model performance evaluation. This 

approach is designed to be replicative and objectively implemented (Rukmana et al., 2023). 

Problem Formulation 

Formally, the problem of text classification in this study can be formulated as follows: 

Given a review dataset: 

𝐷 = {(𝑥1, 𝑦1), (𝑥2,𝑦2), . . . , (𝑥𝑛, 𝑦𝑛)} (1) 

where is a feature vector representation of the extracted third review with 𝑥𝑖 ∈ ℝ𝑚Term 

Frequency–Inverse Document Frequency (TF-IDF), and {0,1} is the class label of the review 

(e.g. 0 for negative and 1 for positive).𝑦𝑖 ∈ 

The main purpose of this study is to find the function of the hypothesis 

ℎ ∶ ℝm → {0,1} (2) 

can map review features into appropriate classes, minimizing  the error function of the error 

function E(h), , namely: 

E(h)  =  
1

𝑛
∑ ∥  (ℎ(

𝑛

𝑖=1

(𝑥𝑖) ≠ 𝑦1) (3) 

With is the indicator function, which is valued at 1 if the argument is true, and 0 if false.∥ {. }  

Dataset Collection 

The dataset was collected through a scraping process  from the Traveloka review page for 

Saloka Theme Park destinations. The data collected amounted to seven hundred and forty 

reviews in the form of review text and star ratings as label references. Reviews with a rating 

of four or more are labeled positive, while a rating of two or less is labeled negative. Reviews 

with a rating of three were omitted to maintain clarity of the class.   (Amini, 2023)  

 

Figure 2. Scraping dataset view 
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Text Preprocessing 

In text processing, a series of pre-processing stages are carried out to ensure optimal data 

quality before being applied to the classification model. The steps taken include: 

First, case folding. The goal of this stage is to equalize the text format by converting the entire 

character to lowercase, so that unnecessary variations can be minimized. 

Second, tokenization. This step aims to separate the text into simpler word elements, so that 

it can support the advanced analysis process more efficiently. 

Third, stopword removal. This process aims to eliminate terms that do not provide significant 

analytical value, such as "which", "and", "in", so that only words with a high weight of 

information are retained. 

Fourth, special character cleaning. At this stage, emojis, symbols, numbers, and other 

punctuation are removed to reduce noise in the text that may interfere with the analysis results. 

Fifth, voting. Stemming is done by utilizing the Literary library  to change words to their basic 

form, so that words that have the same root can be standardized and reduce the diversity of 

word forms. 

Each of these steps is designed to minimize interference in the data and improve the accuracy 

of the model at the classification stage (Yuhandri et al., 2024), so that only important 

information is taken into account in subsequent analysis. 

 

Figure 3. Preprocessing text. 

The pre-processing stages of the text are carried out using Python  libraries such as NLTK 

and Sastrawi. This process involves tokenization, stopword removal, character normalization, 

and stemming  (Munir et al., 2022) . As illustrated in Figure 3. 

Table 1. Pre-Processing Process 

Before Pre-processing After Pre-processing 

"The rides are really exciting, 

especially Disco Waves and Jet 

Coaster. There's a bit of hysteria 

too, but I don't dare to go up. 

Overall good" 

"It's a great way to get rid of the hysteria, but I 

don't want to be the one to do it." 

"I'm going to be with my friends 

over the weekend." 
"Friends Are Coming Soon" 

"The place is okay, good. However, 

to print tickets, you still have to 

queue up and there is an 

"Okay, it's good to print the BLM queue ticket 

printing machine" 
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Handling of Unbalanced Datasets 

Label distribution is often uneven. Therefore, an oversampling or undersampling approach  

is used to balance the amount of data for each class so that the model is not biased towards 

the majority class. This study applied the Synthetic Minority Oversampling Technique 

(SMOTE) method to increase the amount of data in minority classes. 

Classification Modeling 

The classification model is carried out with two algorithms: 

Naive Bayes (NB), with a probabilistic model based on Bayes' Theorem: 

𝑃(𝑦|𝑥) ∝ 𝑃(𝑦) ∏ 𝑃(𝑥𝑖|𝑦)𝑚
𝑖=1 (4)

Support Vector Machine (SVM), which searches  for optimal hyperfields: 

𝑓(𝑥)  =  𝑠𝑖𝑔𝑛(𝑤𝑇𝑥 +  𝑏) (5) 

with w and b are the parameters of the model that are determined through the training process. 

The Naive Bayes method and the Support Vector Machine (SVM) have been used extensively 

It is used in text classification due to its ability to handle high-dimensional data. The Naive 

Bayes algorithm models the probability of a class based on a Bayesian Theorem such as 

Equation (4), while the SVM looks for the optimal hyperfield that separates data classes such 

as Equation (5).   (Nugroho & Maharani, 2024)  

Parameter Optimization with PSO 

In order to optimize the performance of the classification model,  the Particle Swarm 

Optimization (PSO) algorithm parameter optimization process is carried out.This method 

includes  a metaheuristic approach  that uses a population approach as the basis for its search 

inspired by the collective behavioral behavior of groups, such as flying creatures or fish, in 

search of the best position in the search space. In this study, PSO was used to adjust important 

parameters on two classification algorithms. The two algorithms used are Naive Bayes and 

Support Vector Machine (SVM). 

In the Naive Bayes algorithm, the  parameter that the optimization focuses on is 

var_smoothing, which controls how much variation value is added to each feature to prevent 

division by zero. The objective function used in PSO aims to maximize the f1-score value  by 

minimizing its negative form. The var_smoothing value  sought is in the range between 1× to 

1×.10−1010−1 

Meanwhile, for SVM, the optimized parameters are C and gamma on the Radial Base Function 

(RBF)  kernel   (Ramadhani et al., 2020) . Parameter C regulates the balance between model 

complexity and misclassification, while gamma controls the influence of a single data on the 

formation of a hyperplane. PSO works by generating a set of particles that represent a 

combination of parameter values, and then evaluating the performance of each particle using 

independent ticket printing 

machine." 

"It's not very good but it's not bad 

either. Yes, it's normal" 
"It's Bad" 

"The staff at the location were all 

very friendly. Ticket redemption & 

redemption is very easy. The queue 

at every ride is not too long?" 

"Friendly location staff exchange redeem tickets 

easily queue up for rides" 
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the f1-score metric. Each iteration updates the position and velocity of the particles based on 

individual experiences and the best experiences of the population. 

This optimization is carried out with a population (swarmsize) of 10 particles and a maximum 

of 10 iterations, to maintain process efficiency without reducing the accuracy of the results. 

The results of the PSO show the optimal parameter values used for the best model retraining. 

The performance of the model after optimization is assessed using a classification report that 

includes accuracy, precision, recall, and f1-score. This optimization process has been proven 

to increase the effectiveness of classification, especially when the data has an imbalance in 

distribution between classes. 

Model Training 

The model training process is carried out by utilizing data that has previously gone through 

the preprocessing stage. The training process is performed for all parameter combinations 

generated by Particle Swarm Optimization (PSO), and the best-performing model is selected 

based on  the highest f1-score value.   (Faisal et al., 2020)  

Model Evaluation 

To assess the performance of the model, a confusion matrix is used as an evaluation tool. 

Through this matrix, a number of important indicators such as accuracy, precision, sensitivity 

(recall), and f1-score can be calculated. The confusion matrix breaks down the model's 

prediction results into four components, namely accurate predictions of data belonging to the 

positive class (True Positive/TP), false predictions as positive (False Positive/FP), correct 

predictions for negative classes (True Negative/TN), and errors in predicting as negative 

(False Negative/FN).  The trained Support Vector Machine (SVM) model  was evaluated 

using several performance metrics, including:   (    Nurzaman     et al., 2024)  

Accuracy, which is the correct proportion of the prediction to all test data. 

𝐴𝑘𝑢𝑟𝑎𝑠𝑖 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
(6) 

Precision, which is the proportion of the correct positive prediction. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(7) 

Recall, is the ratio between positive data that is predicted correctly. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(8) 

F1-score, is the harmonious average value between precision and recall. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙
(9) 

Metrics, this serves to measure the extent of the model's ability to classify sentiment on review 

data. 

Results and Discussion 

This study was conducted with the intention of evaluating and comparing the performance of 

the Support Vector Machine (SVM) and Naive Bayes (NB) algorithms  in the classification of 

sentiment to the reviews of Saloka Theme Park visitors, as well as to evaluate the influence 

of parameter optimization using Particle Swarm Optimization (PSO). Performance 
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assessments were conducted using accuracy, precision, recall, and f1-score metrics,  which 

were calculated for positive and negative grades, respectively.   (Diva Aliyah et al., 2024)  

Prior to model training, review data has gone through a number of pre-processing stages  to 

improve feature quality. This process includes case folding, word separation (tokenization), 

stopword removal, special character cleaning, and stemming using the Literary library. The 

results of this stage are shown in Table 1, which shows the reduction of irrelevant words and 

the equalization of the form of the root word, so that the model more easily recognizes 

sentiment patterns in the text. 

Furthermore, because the distribution of labels in the dataset is unbalanced (the majority is 

positive),  the Synthetic Minority Oversampling Technique (SMOTE) technique is used  to 

multiply the data in the minority (negative) class. This process helps reduce the model's bias 

towards the dominant class, as seen in the increase  in negative class f1-scores after 

optimization.   (    Stuttgart     et al., 2023)  

To further improve model performance, a parameter optimization process was carried out 

using Particle Swarm Optimization (PSO). In the Naive Bayes algorithm, the optimized 

parameters are var_smoothing in the range of 1e–11 to 1e–3, while in SVM,  the parameters 

C (1–100) and gamma (1e–4–1) on the RBF  kernel are adjusted. The PSO is run with 10 

particles and 10 iterations, using 5-fold cross validation as an internal evaluation to avoid 

overfitting. 

After obtaining the best combination of parameters from the optimization results, a retraining 

process is carried out on each model. Naive Bayes works with a probabilistic approach based 

on word distribution, whereas SVM forms  an optimal separator hyperplane in the feature 

vector space transformed by the kernel. The results of each combination both before and after 

the PSO were then quantitatively evaluated using accuracy, precision, recall, and f1-score 

metrics. 

Classification Results Without Optimization 

Table 2. Naive Bayes Evaluation before PSO 

The Naive Bayes model that has not gone through the optimization process has shown 

adequate initial performance. Based on the data in Table 2, the accuracy achieved reached 86 

percent, with an f1-score value of 0.90 in the positive class and 0.73 in the negative class. In 

addition, the recall value for the positive class was recorded at 0.90, which indicates the 

model's ability to identify most positive-tone reviews. 

This result suggests that even in its baseline form, the Naive Bayes algorithm is already 

capable of performing effective sentiment classification, particularly in distinguishing 

positive sentiments. The high recall and f1-score for the positive class demonstrate that the 
model is sensitive to detecting positive reviews and rarely misses them, a feature that is 

especially valuable in contexts where capturing favorable opinions is prioritized, such as 

product review analysis or customer satisfaction monitoring. However, the relatively lower 

Sentiment 

Class 
Precision Recall F1-Score Support 

Negative 0.72 0.74 0.73 38 

Positive 0.91 0.90 0.90 110 

Accuracy   0.86 148 

Macro avg 0.81 0.82 0.82 148 

Weighted avg 0.86 0.86 0.86 148 
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f1-score for the negative class implies that the model still struggles to accurately classify 

negative sentiments, possibly due to class imbalance or the subtler linguistic cues present in 

negative reviews. This discrepancy indicates potential areas for improvement through 

optimization techniques such as hyperparameter tuning, feature selection, or text 

preprocessing refinement. In summary, while the initial results are promising and confirm the 

model’s general robustness, further optimization would likely enhance its discriminatory 

power and balance its performance across both sentiment classes. 

 

Figure 4. Confussion Matrix NB before PSO 

Figure 4 shows the confusion matrix of the model. Most of the data in the positive class was 

correctly classified (True Positives), while there were some misclassifications in the negative 

class (False Negatives), which reflected an imbalance in the data. 

Table 3. SVM evaluation before PSO 

Meanwhile, the unoptimized Support Vector Machine (SVM) model  (Table 3) yielded an 

accuracy of 89 percent, with an f1-score of 0.92 for the positive class and 0.77 for the negative 

class. This shows SVM's superiority  in recognizing the majority class. 

 

Figure 5. Confussion Matrix SVM before PSO 

Sentiment Class Precision Recall F1-Score Support 

Negative 0.80 0.74 0.77 38 

Positive 0.91 0.94 0.92 110 

Accuracy   0.89 148 

Macro avg 0.86 0.84 0.85 148 

Weighted avg 0.88 0.89 0.88 148 
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However, from the confusion matrix shown in Figure 5, it can be seen that despite the high 

accuracy, the model tends to be biased towards positive classes. There is an increase in False 

Negatives in the negative class, which indicates the model's suboptimal ability to handle 

unbalanced data. 

Classification Results After PSO Optimization 

Table 4. NB Evaluation after PSO 

After the implementation of Particle Swarm Optimization (PSO), there was a change in the 

performance of both models. In  the optimized Naive Bayes model  , the accuracy decreases 

slightly to 85 percent, but the balance between classes increases. The F1-score for the negative 

class rose to 0.72, while the positive class remained high at 0.90 (Table 4). This suggests that 

PSO helps to increase the sensitivity of the model to minority classes. 

Table 5. Evaluation of SVM after PSO 

In contrast, the results on the SVM model  after optimization experienced a decrease in 

performance. Accuracy dropped to 84 percent, and although  the positive class recall was very 

high (0.95), the negative class f1-score decreased to 0.66 (Figure 7). This shows that the 

model is increasingly leaning towards positive classes. 

Mechanism of Implementation of PSO in Parameter Optimization 

The application of Particle Swarm Optimization (PSO) in this study aims to optimize the 

important parameters of two classification algorithms, namely var smoothing in Naive Bayes 

and C and gamma in Support Vector Machine (SVM) with Radial Base Function (RBF) 

kernels. Optimization is carried out with the aim of increasing the f1-score value of the model. 

PSO works by forming an initial population of 10 particles, where each particle represents a 

random combination of parameter values in a predefined search space. The search process 

was carried out over 10 iterations. Each particle is evaluated using an objective function of a 

negative value of the f1-score, as PSO by default operates to minimize the value of the 

function. Particle performance evaluation was carried out using k-fold cross validation with 

k = 5 to avoid overfitting and obtain more stable results. 

The parameter value range used in the optimization process is as follows: for the Naive Bayes 

algorithm, var_smoothing  parameter is searched in the range 1e-11 to 1e-3. Whereas in SVM, 

parameter C is searched in the range of 1 to 100, and gamma in the range 1e-4 to 1. At each 

iteration, the position and velocity of the particles are updated based on the individual's best 

Sentiment Class Precision Recall F1-Score Support 

Negative 0.76 0.69 0.72 42 

Positive 0.88 0.92 0.90 106 

Accuracy   0.85 148 

Macro avg 0.82 0.80 0.81 148 

Weighted avg 0.85 0.85 0.85 148 

Sentiment Class Precision Recall F1-Score Support 

Negative 0.82 0.55 0.66 42 

Positive 0.84 0.95 0.89 106 

Accuracy   0.84 148 

Macro avg 0.83 0.75 0.78 148 

Weighted avg 0.84 0.84 0.83 148 
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experience (pbest) and the global best experience in the population (gbest), following the  

standard PSO  formula. 

After the iteration is complete, the best parameter combination of the optimization results is 

used to retrain the model with the entire training data. The retraining model was then evaluated 

using performance metrics such as accuracy, precision, recall, and f1-score. Based on the 

results of the evaluation that has been presented previously, PSO has been shown to help 

improve the balance of classification, especially in the Naive Bayes model, while in SVM, the 

effect does not always result in consistent performance improvements 

Conclusion  

This study is focused on a comparative analysis of the performance  of the Support Vector 

Machine (SVM) and Naive Bayes (NB) algorithms  in classifying sentiment from visitor 

reviews of Saloka Theme Park tourist attractions. The classification stage includes pre-

processing data, giving word weights using the Term Frequency–Inverse Document 

Frequency (TF-IDF) approach, algorithm training, and parameter tuning using the Particle 

Swarm Optimization method. 

The data used consisted of 740 reviews collected from the Traveloka platform. Based on the 

labeling criteria, reviews with ratings four and five are classified as positive sentiment, while 

ratings one and two are categorized as negative sentiment. Reviews with a rating of 3 were 

excluded from the dataset to maintain class clarity. As a result, the distribution of data 

becomes unbalanced, with a predominance of positive reviews. To overcome this inequality, 

the SMOTE (Synthetic Minority Oversampling Technique) method  is applied to increase the 

number of samples in the minority (negative) class, so that the model can learn from more 

balanced data. 

Based on the results of the experiment, the  enhanced Naive Bayes algorithm  using the 

Particle Swarm Optimization approach  showed a more balanced classification ability in 

distinguishing between positive and negative sentiments. Although the accuracy of 85 percent 

is slightly lower than SVM without 89 percent optimization, Naive Bayes recorded an f1-

score value of 0.90 for the positive class and 0.72 for the negative class, indicating the stability 

of performance in the face of unbalanced data. In contrast,  the optimized SVM model  

experienced a decline in the ability to recognize negative reviews, as reflected in  the lower 

recall and f1-score values for the class. 

The results of the study show that the application  of the optimized Naive Bayes algorithm  

using Particle Swarm Optimization is more appropriately used to handle the classification of 

sentiment on tourism review data that has an unbalanced distribution. This approach can be 

an effective alternative in supporting public perception analysis as well as strategic decision-

making in the tourism sector. 
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