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 Recently, social media has established itself as a leading platform in various 
sectors. Meanwhile, text extraction and sentiment analysis classification 

have attracted significant attention in research. Regrettably, traditional 

sentiment analysis often falls short of accurately capturing sentiment 

nuances. At the same time, machine learning has enabled more effective 
sentiment analysis, data mining, and classification, as well as the 

development of models that incorporate artificial intelligence. Therefore, the 

purpose of this study is to optimize sentiment analysis of public opinion in 

social media regarding Grand Prix motorcycle racing (MotoGP) and World 
Superbike (WSBK) events using machine learning and an optimized 

machine learning method. This study applies the support vector machine 

(SVM) machine learning method and enhances its performance through 

optimization by integrating it with the particle swarm optimization (PSO) 
algorithm. This study found that the SVM method achieved 80.15% 

accuracy, 75.63% recall, and 76.89% F1-score. In contrast, the SVM method 

combined with PSO achieves accuracies of 81.82%, 79.9%, and 79.62% for 

recall, precision, and F1-score, respectively, in classifying the sentiment of 
sporting events. The implications suggest that applying Hybrid SVM with 

PSO significantly enhances classification accuracy in sentiment analysis. 
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1. INTRODUCTION 

In recent eras, numerous users have turned to social media to share their thoughts and express their 

opinions [1], [2]. Social media has established itself as a dominant public user-generated media platform 

across various fields [3], including tourism [4]. In essence, public opinion data sets on social media provide 

valuable insights into users’ sentiments through sentiment analysis [5]. Sentiment analysis is the 

classification of the polarity of emotions, attitudes, or public opinions [6]–[8] regarding an object or subject 

[7], which classifies the object into positive, negative, and neutral sentiment categories [8]. Sentiment 

analysis has received considerable attention in research for extracting and classifying sentiment polarities [7]. 

In short, the primary benefit of sentiment analysis is to determine public reactions and opinions toward a 

news issue [9]–[11], and the results provide a strong basis for making more accurate and precise decisions 

[12]. Unfortunately, traditional sentiment analysis often struggles to extract sentiment accurately [4]. As a 

consequence, sentiment analysis requires a complex classification model [7]. 

https://creativecommons.org/licenses/by-sa/4.0/
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In the meantime, advances in machine learning have enabled the performance of sentiment analysis 

on large datasets, yielding more effective results [13]. Machine learning is a valuable tool for classifying or 

predicting class membership, and it plays a significant role in data mining [14]. Moreover, machine learning 

methods can perform sentiment analysis on complex classification models [7]. It also serves as an effective 

and accurate method for building models or systems with artificial intelligence [14]. In short, the need to 

apply complex models for sentiment analysis or to distinguish classes or opinion labels in textual documents 

leads to the use of machine learning methods [6]. Machine learning is increasingly recognized as a valuable 

tool for data mining, enabling high-accuracy classification of datasets [15], [16]. That is why this study aims 

to optimize sentiment analysis on public opinion using the support vector machine (SVM) machine learning 

method and the SVM optimized with the particle swarm optimization (PSO) method.  

SVM is a supervised machine learning [8]. SVM is a machine learning method for classifying or 

categorizing data [17]. The SVM is a widely used machine learning technique applied in various fields of 

scientific research [18]. The SVM machine learning method has numerous applications in classifying datasets 

[19] and is well known as a classification method [19]. The SVM is an advanced algorithm known for its 

high prediction accuracy [20]. The SVM constitutes the most popularly used machine learning algorithm for 

sentiment analysis [8]. In the meantime, sporting events have become a rapidly growing trend, as they have a 

positive impact on societal economic growth [21]. Sporting events not only serve as events but also 

contribute to Indonesia’s tourism [21]. These events may be why research on support events has garnered 

significant attention [22], [23]. Unfortunately, research on sporting events is still limited [24]. In the 

meantime, previous research [25] indicates that using mixed methods can enhance performance. That is why 

this paper aims to perform sentiment analysis of public opinion on sports events using the SVM method and 

an SVM optimized with the PSO algorithm.  

Table 1 compares our work with previous related studies. Although earlier research includes various 

studies on sentiment analysis and methodological approaches, our study differs and is not a duplication or a 

case of plagiarism of existing work. Our study differs from previous studies [6], [8], [12], [21], [26]–[34]  

(see Table 1). A comparison of this research with related previous studies reveals notable differences in type, 

focus, methods, results, and subjects. It means that this study offers a novelty that earlier researchers have not 

explored. In essence, prior research has identified a significant issue. Shami et al. [26] and Houssein et al. 

[27] characterize the PSO method as highly popular in the existing literature. Additionally, Shami et al. [26] 

and Houssein et al. [27] provide a comprehensive overview of PSO. In contrast, the previous research by 

Shami et al. [26] and Houssein et al. [27] used a literature review focused on PSO, which differs from our 

approach. This study proposes a classification model that uses the SVM method in conjunction with the PSO 

algorithm. Meanwhile, Sogas et al. [21] reviewed the economic and social impacts of sporting events using a 

cost-benefit analysis. Sogas et al. [21] research is purely descriptive and does not propose a sentiment 

analysis model using machine learning methods, unlike our study. The similarity between Sogas et al [21] 

and our research lies only in the research object: both discuss sporting events.  

A study by Bordoloi and Biswas [28] reviewed the existing literature on sentiment analysis research 

conducted by previous scholars. The goal is to describe various systematic techniques and methods for 

developing sentiment analysis models. A limitation of prior research is that it is a review study and does not 

propose a sentiment analysis model based on machine learning, unlike the research presented in our article. 

The differences between previous research and our study lie in the research objectives, categories, and 

machine learning methods employed. A paper by Rodríguez-Ibánez et al. [29] provides a review of sentiment 

analysis techniques and their applications across various industries. A study by Rodríguez-Ibánez et al. [29] 

is not a study proposing a sentiment analysis model, nor is it an optimization study, as in our article. The 

similarity between [29] and our research lies solely in the focus on the object of sentiment analysis research. 

Abiola et al. [30] conducted a sentiment analysis on Twitter related to the coronavirus pandemic. Abiola  

et al. [30] utilized TextBlob and a Valence-Aware Dictionary in text mining. In contrast, our study uses term 

frequency-inverse document frequency (TF-IDF) in text mining. Abiola et al. [30] did not optimize the 

method’s performance for sentiment analysis classification. Denecke and Reichenpfader [31] on individual 

clinical health sentiment analysis was conducted by reviewing previous studies. The study by Bordoloi and 

Biswas [28] is a review article and does not propose a sentiment analysis model based on machine learning to 

improve performance. The research by [31] and our article differ in terms of research methods and objectives 

Singgalen [32] analyzed the motor sport event using K-nearest neighbor (KNN) and SVM 

algorithms. The results demonstrate that the KNN algorithm effectively classifies sentiment analysis. 

Research conducted by Singgalen [32] is closely related to the sentiment analysis of sports events discussed 

in our article. However, the difference lies in [32] not incorporating SVM optimization via the PSO 

approach, unlike our study. The advantage of our research is that it proposes optimizing the SVM method for 

sentiment analysis of sports events using the PSO algorithm, compared to the study by Singgalen [32]. 

Research by Pribadi et al. [33] employed the naïve Bayes method using data from 1,144 reviews of tourist 
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attractions in Mandalika, comprising 1,033 positive reviews and 111 negative reviews. A paper by Pribadi  et 

al. [33] categorizes tourists’ opinions of Mandalika tourist attractions into positive or negative sentiments. 

This study distinguishes itself from our article by utilizing machine learning techniques for sentiment 

analysis classification [33]. Our research focuses on different sentiments, whereas Pribadi et al. [33] research 

analyzes sentiments related to tourism. Meanwhile, a study by Anggrawan et al. [12] proposed a sentiment 

analysis model that utilizes the KNN and SVM machine learning methods. While both [12] research and our 

study focus on sentiment analysis using machine learning techniques for sentiment classification and 

compare the performance of two machine learning methods, Anggrawan et al. [12] research does not include 

a comparison between the SVM and the SVM combined with the PSO method. The research by Anggrawan 

et al. [12] is not research on sentiment classification using machine learning methods that have improved 

(optimized) their accuracy. On the contrary, the research in this article focuses on sentiment classification 

using machine learning methods, achieving improved accuracy. 

Lamani et al. [34] proposes a system for effectively detecting human actions using an SVM machine 

learning classifier. The focus of Lamani et al. [34] research is on different objects that differ from those in 

this article. Additionally, Lamani et al. [34] research does not verify the accuracy of the sentiment analysis 

results or the system’s recognition of human actions. Lamani et al. [34] Research is not about optimizing the 

performance of the SVM method, as in our research article. In the meantime, a paper by Chourasiya et al. [6] 

reviews various approaches to sentiment analysis, including machine learning methods such as Vader, 

Roberta, Naïve Bayes, and SVM. This prior research is a literature review and does not focus on a system. A 

paper by Zhao and Yang [8] employed the SVM method for text emotion classification. It proposed a 

multilevel SVM-based emotion classification model to categorize cultural inheritance tendencies in in-text 

comments on web networks. Research by Zhao and Yang [8] is similar to our study, as it applies machine 

learning to propose a sentiment analysis classification model. The difference lies in the research object, as the 

previous research is not related to MotoGP and WSBK objects. Additionally, the earlier research did not test 

the performance of SVM optimization with swarm particles, unlike the research presented in this article.  

There has been insufficient exploration of integrating the Vader Lexicon method with the SVM 

algorithm, particularly when optimized using PSO. Without these optimization techniques, feature selection 

often remains suboptimal, leading to lower accuracy in sentiment classification. The use of the Vader 

Lexicon and SVM, either separately or without a proper feature optimization strategy, can cause the model to 

struggle to distinguish complex sentiment polarities, especially with ambiguous or multi-meaning text data. 

Therefore, the combination of these three approaches has the potential to provide an innovative solution to 

overcome the limitations of previous research. In essence, this research serves as an example of a 

performance optimization model for a machine learning method using PSO in science, and the results 

contribute to the community of observers and organizers regarding public sentiment (positive, neutral, or 

negative) toward sporting events (MotoGP and WSBK). 

 

 

Table 1. Comparison of prior related works with our study 
Research authors Research type Research focus Using method Method performance Sporting event 

research SVM PSO SVM SVM with PSO 

Houssein et al. [27] Literature review Review PSO No Yes None None No 

Sogas et al. [21] Descriptive analysis Cost-benefit No No None None Yes 

Shami et al. [26] Literature review Review PSO No Yes None None No 

Bordoloi et al. [28] Literature review Sentiment No No None None No 

Rodríguez-Ibánez et al. [29] Literature review Sentiment No No None None No 

Abiola et al. [30] Proposed system Sentiment No No None None No 

Denecke et al. [31] Literature review Sentiment No No None None No 

Singgalen [32] Analysis Sentiment Yes No 87.54% None Yes 

Pribadi et al. [33] Analysis Sentiment No No None None No 

Anggrawan et al. [12] Analysis Sentiment Yes No 71% None No 

Lamani et al. [34] Analysis Recognition Yes No None None No 

Liu et al. [6] Literature review Sentiment No No None None No 

Zhao and Yang [8] Analysis Sentiment Yes No 85% None No 

Our research Optimizing Sentiment Yes Yes 80.15% 81.82% Yes 

 

 

2. RESEARCH METHOD 

Figure 1 illustrates that the research process commenced with text preprocessing, specifically tourist 

reviews related to the implementation of MotoGP and WSBK events in Mandalika. The collected data 

undergoes further text preprocessing, including case folding, text cleaning, normalization, filtering, 

tokenization, stop-word removal, and stemming. All of these text preprocessing stages improve data quality, 

making sentiment analysis more effective and accurate. Or essentially, the preprocessing conducted in this 

research was the first step towards achieving optimal performance from the applied sentiment classification 
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method. The next step after text preprocessing is to weight the features using the TF-IDF method. TF-IDF 

converts text into numerical features by emphasizing significant terms and minimizing the impact of less 

relevant words. The next step is to conduct sentiment analysis using the Vader Lexicon to obtain the sentiment 

polarity of each review. The classification stage, using the SVM method and PSO to optimize accuracy, is the 

next step. The final step is to measure or evaluate the model’s performance using a confusion matrix, which 

includes metrics such as accuracy, precision, recall, and F1-score. The next step is to evaluate the best model 

for classifying tourist sentiment towards events held in Mandalika. This study employs the Python 

programming language for data preprocessing and implementing TF-IDF. 

 

 

 
 

Figure 1. Research methodology flow diagram 

 

 

2.1.  Text preprocessing 

Text preprocessing is an essential stage in textual data processing that aims to clean and prepare data 

for easier analysis. In this study, various text preprocessing techniques were used, including text cleaning 

(cleansing), case folding, tokenization, stop word removal, and stemming. The entire text preprocessing 

process involves actions on the public opinion dataset related to the implementation of events in Mandalika. 

Case folding is the process of changing all letters in a text to lowercase to match the format of the text. Text 

cleanup involves removing irrelevant characters or elements, such as punctuation marks (e.g., periods, 

commas, exclamation marks), numbers, special characters (e.g., #, @, %), and HTML elements or URLs. 

Furthermore, tokenization breaks text into the smallest units, called tokens, such as words or 

sentences. The process of removing stop words aims to eliminate common words that appear frequently but 

have low analytical value, such as “and”, “which”, or “for”, so that the analysis can focus on more 

meaningful words. Finally, the stemming process is carried out to reduce words to their basic form by 

removing affixes, thereby bringing variations in word forms together into a consistent representation. 

 

2.2.  TF-IDF weighting 

The TF-IDF method is a text representation technique widely used in the fields of information 

retrieval and text mining [35]. The primary purpose of this method is to measure the level of importance of a 

word (term) in a document relative to the entire collection of documents (corpus). The TF-IDF plays a crucial 

role in distinguishing words that have significant meaning in a given context by assigning each term a weight 

based on its frequency of occurrence in individual documents and its rarity in the overall corpus. The TF-IDF 

method consists of two main components. First, term frequency (TF), which is a measure of how often a term 

appears in a document. This frequency is calculated by dividing the number of occurrences of a given term 

by the total number of terms in the document. This TF value indicates the importance of a term within a 

document’s local context. Second, IDF measures the degree of rarity of a term in the entire corpus—the 

fewer documents that contain the term, the higher the IDF value. The combination of these two components, 

i.e., the result of multiplication between TF and IDF, results in the weight of TF-IDF. This weight reflects the 

term’s significance in a document relative to the entire corpus, enabling a more accurate and meaningful 

analysis of the text, as shown in (1)-(3). 

 

𝑇𝐹(𝑡, 𝑑) =
𝑓𝑡,𝑑

𝑁𝑑
 (1) 
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The calculation of the IDF value utilized (2). Meanwhile, the (3) functions to obtain the TF-IDF 

value for term t in document d. In the [2], |D| indicates the total number of documents in the corpus, while |d: 

t ∈ d| indicates the number of records that contain the term t at least once. The result of multiplication 

between TF and IDF results in the final weight of TF-IDF, which reflects the level of significance of the term 

in the document relative to the overall corpus. 
 

𝐼𝐷𝐹(𝑡, 𝐷) = 𝑙𝑜𝑔 (
|𝐷|

1+|𝑑:𝑡∈𝑑|
) (2) 

 

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑, 𝐷) = 𝑇𝐹(𝑡, 𝑑)𝑥𝐼𝐷𝐹(𝑡, 𝐷) (3) 

 

2.3.  Vader Lexicon 

Vader or Valence Aware Dictionary and Sentiment Reasoner is a lexicon-based sentiment analysis 

method designed to classify texts into positive, negative, and neutral sentiment categories [36]. This method 

utilizes a dictionary of words (lexicon) that has been assigned a valence score based on the emotional polarity 

of each word [37]. One of Vader’s strengths is its ability to handle informal language, including emoticons, 

internet abbreviations, and emphasis on writing styles such as capitalization or exclamation marks [38], [39]. 

The primary output of Vader is the total score, also known as the compound score, which is calculated by 

summing the valence scores of all words in the text [37] and then normalized to a range of -1 to +1. A value 

close to -1 indicates highly negative sentiment, a value close to +1 indicates strong positive sentiment, and a 

value close to 0 indicates neutral sentiment. 
 

2.4.  Classification method 

The SVM method classifies using training and testing data. In this study, the dataset is split into 

80:20, with 80% for training and 20% for testing. The SVM is a powerful and versatile classification 

algorithm in machine learning. This algorithm works by searching for hyperplanes in a high-dimensional 

feature space that can separate data classes with maximum margins [40]. The hyperplane serves as a decision 

boundary that distinguishes the two classes, intending to maximize the distance (margin) between the data 

points of the two classes closest to the hyperplane. The data points closest to the hyperplane are called 

support vectors, as shown in (4). 
 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(𝑤. 𝑥 + 𝑏) = {
 + 1. 𝑤. 𝑥 + 𝑏 ≥ 0 
 − 1. 𝑤. 𝑥 + 𝑏 < 0

}  (4) 

 

2.5.  Performance evaluation 

A confusion matrix is a method for evaluating the performance of classification models by 

comparing the model’s predictions to the actual labels. This matrix typically consists of two main classes -

Positive (P) and Negative (N) -and contains four key components. True positive (TP) refers to the number of 

positive data points whose predictions are accurate. At the same time, a false negative (FN) is the amount of 

positive data whose prediction is wrong as negative. In contrast, a false positive (FP) indicates the number of 

negative data points that are incorrectly predicted as positive, and a true negative (TN) indicates the number 

of negative data points that are correctly predicted as negative [15]. Accuracy measures the percentage of 

total correct predictions from the overall data. Recall, or sensitivity, indicates the proportion of positive data 

that the model correctly recognizes. Precision measures the extent to which the model’s positive predictions 

are accurate. Meanwhile, the F1-score is the harmonic average of precision and recall, which is useful when 

there is a class imbalance in the data. Finally, specificity indicates the model’s ability to correctly identify 

negative data, i.e., the true negative proportion of all negative data, as shown in Table 2 (see equations 5-7). 
 
 

Table 2. Confusion matrix 

 
Actual 

Positive Negative 

Predicted Positive TP FP 

Negative FN TN 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+FP +TN+FN
  (5) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP+FN
  (6) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2∗(Precision∗Recall)

(Precision+Recall)
  (7) 
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3. RESULTS AND DISCUSSION 

This section presents the results of sentiment analysis of a dataset of tourist reviews on the 

implementation of sporting events. The analysis process comprises several stages, including text 

preprocessing, feature weighting, application of the Vader Lexicon method, and optimization using the PSO 

algorithm. The dataset used in this study comprised 7,184 reviews of the implementation of various events in 

Mandalika, as shown in Table 3. Each review contains traveler opinions labeled positive, neutral, or negative. 

In preparing for further analysis, data preparation occurs during the text preprocessing stage. Text 

preprocessing includes cleaning, case folding, removing unimportant words, tokenization, and stemming.  
 

 

Table 3. Dataset sentiment 
Text Sentiment 

sangat bahagia adik Positive 

Polda antisipasi kemacetan lalu lintas di motogp mandalika Neutral 

Pertunjukan Indonesia akan dimeriahkan oleh penampilan artis nasional Positive 

ditonton oleh ratusan juta orang di seluruh dunia Neutral 

siapa yang akan menjadi pemenangnya Positive 
…………………………….. ……….. 

…………………………….. ……….. 

di negara kita sendiri debunya jelek Negative 

 

 

Tables 4-7 present the results of each preprocessing process. Figure 2 shows the source code of text 

pre-processing. Meanwhile, Table 8 illustrates the subsequent process after preprocessing, specifically the 

application of the TF-IDF weighting technique. 

 

 

Table 4. Case folding 
PreProcessing After case folding 

Case folding bahagia banget dek 

Polda antisipasi kemacetan lalu lintas  motogp mandalika 

pertunjukan indonesia akan dimeriahkan penampilan artis nasional 

ditonton ratusan juta orang dunia 

siapa jadi pemenang 

........................................................ 

........................................................ 

negara sendiri debu jelek 

 

 

Table 5. Stop word removal 
PreProcessing After stop word removal 

Stop word removal “bahagia”, “banget”, “dek” 

“polda”, “antisipasi”, “kemacetan”, “lalu”, “lintas”, “motogp”, “mandalika” 

“pertunjukan”, “indonesia”, “akan”, “dimeriahkan”, “penampilan”, “artis”, “nasional” 

“ditonton”, “ratusan”, “juta”, “orang”, “dunia” 

“siapa”, “jadi”, “pemenang” 

........................................................ 

........................................................ 

“negara”, “sendiri”, “debu”, “jelek” 

 

 

Table 6. Tokenizing 
PreProcessing After tokenizing 

Tokenizing “bahagia”, “banget”, “dek” 

“polda”, “antisipasi”, “kemacetan”, “lalu”, “lintas”, “motogp”, “mandalika” 

“pertunjukan”, “indonesia”, “akan”, “dimeriahkan”, “penampilan”, “artis”, “nasional” 

“ditonton”, “ratusan”, “juta”, “orang”,        “dunia” 

“siapa”, “jadi”, “pemenang” 

........................................................ 

........................................................ 

“negara”, “sendiri”, “debu”, “jelek” 

 

 

Figure 3 illustrates a snippet of source code that implements the SVM algorithm combined with the 

PSO method to enhance classification performance. In this encoding, PSO optimizes the hyperparameters of 

the SVM, namely C (regularization) and gamma (RBF kernel parameter), which significantly influence the 
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model’s accuracy. The process begins by defining objective functions —the functions the PSO will 

minimize. The function returns a negative value for the average cross-validation accuracy of an SVM model 

with a specific parameter combination. The PSO then performs a global search over a predefined parameter 

space to find the C and gamma values that yield the highest classification accuracy, as shown in Table 9. 

 

 

Table 7. Stemming 
Preprocessing After stemming 

Stemming “bahagia”, “banget”, “dek” 

“polda”, “antisipasi”, “kemacetan”, “lalu”, “lintas”, “motogp”, “mandalika” 

“pertunjukan”, “indonesia”, “akan”, “dimeriahkan”, “penampilan”, “artis”, “nasional” 

“ditonton”, “ratusan”, “juta”, “orang”,       “dunia” 

“siapa”, “jadi”, “pemenang” 
........................................................ 

........................................................ 

“negara”, “sendiri”, “debu”, “jelek” 

 

 

 

 

Figure 2. Source code of text preprocessing 

 

 

Table. 8 TF-IDF 
Tf Df IDF (log D/df) W 

D1 D2 D3   D1 D2 D3 

1 0 0 1 0.85 0,85 0 0 

0 1 0 1 0.85 0 0.28 0 

0 1 0 1 0.85 0 0.28 0 

0 1 0 1 0.85 0 0.28 0 

0 0 1 1 0.85 0 0 0.28 

0 0 1 1 0.37 0 0 0.12 

0 0 1 1 0.37 0 0 0.12 

 

 

 
 

Figure 3. Source code SVM PSO 
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Table 9. hyper parameter SVM PSO 

Best hyperparameter (c) Accuracy 

1,4347501497014852 0,818282 

 

 

Figure 4 shows the classification results using the original SVM model (without optimization). 

Based on these results, the model correctly predicted 50 instances for the negative class, 191 cases for the 

meutral class, and 286 instances for the Positive class. These results indicate that classification accuracy 

remains limited, particularly in the negative class, which has the lowest true prediction rate. Conversely, 

Figure 5 shows the classification results obtained with an SVM model optimized using PSO. In this model, 

the number of correct predictions has increased significantly: 105 for the negative class, 410 for the neutral 

class, and 531 for the positive class. The improved performance across the class demonstrated that 

implementing the PSO algorithm improved the quality of hyperparameter selection in SVM, making the 

model more adaptable to data patterns and resulting in higher overall classification accuracy. 

Figure 6 illustrates that applying the PSO method as an optimization algorithm to the SVM model 

yields a significant improvement in classification performance. PSO plays a role in finding the optimal 

combination of hyperparameters, including C (cost) and other kernel parameters that affect the margin of 

separation between classes. The experimental results showed that PSO successfully improved the model’s 

accuracy compared to SVMs run with default parameters or without optimization. The optimal parameter 

value found is 1.4347, representing the optimal configuration obtained by PSO after an iterative process to 

identify the best solution in the parameter space. This increase in accuracy suggests that parameter search via 

PSO can better tailor the model to the data’s characteristics, resulting in more precise classification. In 

addition, it indicates that SVMs rely heavily on parameter selection and that metaheuristic-based approaches, 

such as PSO, can be an efficient strategy for improving their performance. Thus, integrating PSO into the 

SVM model training process not only improves numerical accuracy but also demonstrates that an 

optimization-based approach can enhance the model’s ability to capture essential patterns in the data, 

particularly in high-complexity sentiment classification tasks. 

 

 

 
 

 

Figure 4. Confusion matrix of SVM original Figure 5. Confusion matrix of SVM PSO 

 

 

The results of this study demonstrate that using the SVM method to classify sentiment in sports event 

text data, when optimized with PSO, yields improved performance metrics. Specifically, the accuracy, recall, 

and F1-score increased to 81.82%, 79.9%, and 79.62%, respectively. In contrast, the performance without PSO 

yielded lower metrics: 80.15% accuracy, 75.63% recall, and 76.89% F1-score. The findings of this study align 

with the opinions of previous research [27], [41] that PSO is a crucial aspect of optimization research in 

science and technology, as demonstrated by this study, which shows that SVM with PSO improves SVM 

classification performance. In addition, this study strengthens the literature review of [26], which suggests that 

the use of optimization techniques, such as PSO, can improve the performance of classification models, 

particularly for the SVM method in sentiment analysis tasks. This research is unique and distinct from 

previous related studies [6], [8], [12], [21], [26]–[34]; in other words, the results of this research are novel. 
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Figure 6. Comparison of SVM and SVM PSO 

 

 

4. CONCLUSION AND FUTURE WORK 

The results showed that classifying text data related to sentiment towards the sporting event into 

three classes - positive, neutral, and negative - produced accuracy, recall, and F1-score of 81.82%, 79.9%, 

and 79.62%, respectively, when using the SVM method optimized with PSO. Meanwhile, the SVM method 

without optimization (original) yields accuracy, recall, and F1-scores of 80.15%, 75.63%, and 76.89%, 

respectively. This research represents a new study in terms of its topics, research objects, objectives, and 

results, which have not been explored by researchers before. The main contribution of this study is to reveal 

the sentiment of user X towards the event in Mandalika in more depth by classifying opinions into three main 

categories. Additionally, this study demonstrates that applying PSO can significantly improve the accuracy of 

SVM for sentiment classification. 

This research confirms that SVM relies heavily on appropriate parameter selection and that 

metaheuristic-based approaches such as PSO can improve its performance. The findings of this study support 

the views of previous researchers who have argued that PSO is a crucial element in optimization research 

within science and technology. This study demonstrates that using PSO with SVM can improve SVM 

classification performance. Additionally, these results are consistent with earlier literature indicating that 

PSO can improve the performance of machine learning classification models. The weakness of this study is 

that it only compares the original SVM with the SVM optimized using PSO. Further analysis with diverse 

object data sets is needed to clarify the accuracy differences between the SVM method without PSO and the 

SVM method with PSO. Besides that, further research proposals should compare other machine learning 

methods, such as Naïve Bayes and random forest, both without and with PSO treatment. To determine the 

extent of optimization in accuracy, recall, and F1-score using PSO on various machine learning methods. In 

addition, it is necessary to conduct further research by applying other optimization methods, such as genetic 

algorithm, grid search, or bayesian optimization, to compare and determine the best optimization method and 

to determine which machine learning method to use. 
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