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Abstract. Sentiment analysis is widely used in cases of text processing and comments. One of the case 
studies is about the analysis of a hotel review by the public. The method used in analyzing a sentiment 
from comments or reviews of a hotel is the Naïve Bayes Classifier. One that can be used is the 
Multinomial Naïve Bayes method. In improving the results of the accuracy of the method required an 
optimization method. There are many optimization methods that can be applied to algorithms in sentiment 
analysis case studies. One well-known method is Particle Swarm Optimization (PSO). This study aims to 
determine the effect of PSO optimization on the Multinomial Naïve Bayes algorithm in the case of 
sentiment analysis. From the results of optimization and model testing, the highest accuracy was obtained 
in the Multinomial Naïve Bayes test with PSO optimization as hyperparameter tunning and feature 
selection of 97%.
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1 Introduction 

Sentiment analysis is a scientific discipline that focuses 

on methods of analyzing opinions, views, and 

judgments from an individual towards an object 

(Husada & Paramita, 2021). Sentiment analysis is used 

to categorize text polarity in documents or sentences, 

with the aim of determining positive, negative, or 

neutral sentiments (Samsir et al., 2021). Sentiment 

analysis is one of the fields in text mining which aims 

to analyze the sentiment of a problem object 

automatically by a machine and makes it possible to 

obtain predictive results for every opportunity related 

to the results of the analysis. 

This research has influenced various aspects, political 

sentiment analysis was performed to analyze the 

sentimental relationship between the social media and 

general pupils (M. Aman Ullah, 2020). More massive 

usage related to sentiment analysis research is used in 

the economic field. In research conducted by (Chen et 

al., 2020) it was explained that online reviews have a 

major influence on the views and decisions of a 

consumer in buying a product. Determining algorithms 

in computing is the most important thing in developing 

sentiment analysis, this is because the accuracy of 

sentiment analysis results depends on the 

computational algorithm used to classify the data to be 

tested. 

Based on previous research, in recent years many 

studies have been developed related to the 

development of sentiment analysis using various 

algorithms to produce an optimal sentiment analysis 

system. One of the algorithms that is often used to 

perform sentiment analysis is the naive Bayes classifier 

algorithm, one example is the use of the naive Bayes 

multinomial approach. 

The Naïve Bayes Multinomial Algorithm is a 

probability learning technique based on the Bayes 

theorem, and is often applied in Natural Language 

Processing (NLP). In this algorithm, the working 

principle is based on the frequency of occurrence of 

words in a document known as term frequency (Yuyun 

et al., 2021). In some cases, it is not uncommon for 

Multinomial Naïve Bayes to obtain lower accuracy 

than other algorithms. In research conducted by 

(Puspita & Widodo, 2020) on a comparison of the 

KNN, Decision Tree, and Naïve Bayes methods for 

sentiment analysis cases, it shows that the results for 

the accuracy of Naïve Bayes get the lowest value 

compared to the other 2 methods. In this study, KNN 

obtained an accuracy of 96.01%. The use of the 

Decision Tree method results in an accuracy of 

96.13%. The Naïve Bayes method only gets an 

accuracy value of 89.14%. If the research accuracy 

using the Naïve Bayes algorithm gets low accuracy, a 

solution is needed to increase the accuracy value. The 

solution used is by using an optimization method.  

There are many optimization methods that can be 

applied to algorithms for sentiment analysis cases, one 

of which is the Particle Swarm Optimization (PSO) 

method. Particle Swarm Optimization (PSO) is a 

method used to optimize a result. PSO optimization 

can control the determination of a subset to produce the 

best accuracy (Hayuningtias & Sari, 2019). In the 

research conducted (Hayuningtias & Sari, 2019) on 

sentiment analysis using Naïve Bayes and Particle 

Swarm Optimization for TMII tourist attractions 

resulted in higher accuracy than the Naïve Bayes 

method without optimization, which is 94%. In the 

above research, modeling only uses 1 data sharing 

scenario, the role of PSO is used as feature selection 

only. Research conducted by (Maulana, 2022) on 

sentiment analysis of users of protective applications 

on the Twitter platform using the CNN and PSO 

algorithms shows that PSO has an effect on increasing 

accuracy in sentiment analysis cases where PSO is 

used to search for the best parameters/hyperparameter 

tuning for the CNN algorithm. Test results using the 

PSO optimization method get an accuracy of 81%. 

While the test results without PSO optimization get an 

accuracy value of 77%. 

In addition to using the optimization method, the 

acquisition of high accuracy can also be determined by 

training data and test data. This is shown in research 

conducted by (Putri, 2022) regarding sentiment 

analysis on BCA mobile application reviews using the 

Naïve Bayes Classifier. There are 12 test scenarios 

with different distribution of training data and test data 

with different accuracy results. The results of the 

highest accuracy in this study reached 96% in the 

efficiency aspect with 90% training data and 10% test 

data. The lowest accuracy was obtained for the 

Learnability and Satisfication aspects with 80% 

training data and 20% test data. Based on the things 

explained in previous studies, this research was carried 

out to optimize the multinomial naive Bayes method 

using particle swarm optimization in the hypertunning 

and feature selection processes. Testing will be carried 

out by dividing the training data and test data to 

produce analysis sentiment with the highest accuracy. 

The case study used in this research is an analysis of 

4.355 comments from hotel guests at Favehotel 

Kusumanegara Yogyakarta.  

2 Methods 

The steps to be taken in this research are shown in 

Figure 1. 
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Fig. 1. Application Flow Chart 

The data in this research were taken directly from the 
hotel management as much as 4.355 data. In the data 
labeling process, labeling is done automatically using 
the Vader Lexicon. Then in the preprocessing stage, 
the dataset is cleaned to remove noisy data or 
unnecessary data. The next step is the word weighting 
process using the TF-IDF method. Making models for 
18 types of testing using Multinomial Naïve Bayes and 
Multinomial Naïve Bayes based on Particle Swarm 
Optimization. In the final stage, an analysis of the 
results of positive and negative sentiments will be 
carried out using the Confusion Matrix. 

1.1 Labelling Data 

The dataset from the hotel manager is raw data that 

does not have a label. Therefore, a data labeling 

process is needed to provide label information for each 

data. The dataset used is Indonesian data, so it is first 

converted into English using the Translator library 

before calculating the compound value using the Vader 

Lexicon. The compound value is used to determine 

whether the data is a positive, negative or neutral 

sentiment. If the compound value of the 19 sentence 

data set is above 0 then the sentence is considered a 

positive sentiment, otherwise if the compound value of 

a sentence is below 0 then the sentence is considered a 

negative sentiment. Meanwhile, if the compound value 

of the sentence is equal to 0 then the sentence is 

considered a neutral sentiment. 

1.2 Preprocessing Data 

The initial stage of data preprocessing is to carry out 

the cleaning process. This process reduces non-

alphabetical data to reduce noise in the data. The 

removed characters are punctuation marks, symbols, 

emoticons, and website address links. Followed by the 

case folding stage, this is the process of changing the 

alphabetic characters that have gone through the 

cleansing stage into lower case letters. The tokenizing 

step aims to break sentences into small parts called 

terms or tokens based on each word that makes them 

up. The tokenizing process is done by breaking 

sentences based on the spaces between the words. The 

stopword removal process is a stage that aims to 

remove words that often appear, but have less 

informative value or are not significant in text analysis, 

such as prepositions, conjunctions, and other common 

words. This is intended so as not to affect the final 

result of the analysis. The final process is stemming, 

this process aims to change the words that have affixes 

to become the base word for each word that has been 

selected. 

1.3 Data Weighting 

This research discusses about sentiment analysis, and 

word weighting step is a process that cannot be missed. 

Word weighting is a method for giving weight to each 

word in a text. This process improves the ability of 

sentiment analysis in the text mining process. In this 

study, the authors used the Term Frequency Inverse 

Document Frequency (TF-IDF) method for weighting 

words in datasets. Data that has passed the 

preprocessing stage must be in numerical form so that 

it can be processed. TF-IDF is used to convert data into 

numeric. In the process of calculating the weight of the 

first word, it is necessary to know the value of 𝑡𝑓𝑡,𝑑, 

namely the value of the term frequency which is the 

weight of term t in document d. Then, determine the 

value of 𝑖𝑑𝑓 which is the number of documents that 

contain the term you are looking for. If both values 

have been found then multiply the two values to get the 

weight (𝜔). The less the frequency of occurrence of a 

term in the document, the lower the weight value 

(Yulita et al., 2021). Equation 1 is the computation 

used to calculate the TF-IDF value. 

 𝑇𝐹 − 𝐼𝐷𝐹 = 𝑡𝑓𝑡,𝑑𝑥 𝑙𝑜𝑔 𝑙𝑜𝑔 𝑁𝑑𝑓𝑡              (1) 

 

Where,  𝑇𝐹 − 𝐼𝐷𝐹𝑡,𝑓 = The weight of each word of 

term t contained in the 

document d 𝑡𝑓𝑡,𝑑 = The value of the term 

frequency which is the weight 

of the term t in the document d 𝑖𝑑𝑓 = The number of documents 

containing the search term 

t = Term or Word 
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1.4 Optimation and Model Testing  

 

Fig. 2. Optimation Diagram and Model Testing  

The first stage in PSO optimization is to initialize 
random particles based on the dataset. Particle 
initialization includes the process of initializing lower 
bound, upper bound, swarm size, and random particle 
positions. At each iteration, the fitness value is 
checked. In this trial the fitness value is calculated 
based on the accuracy value of the Multinomial Naïve 
Bayes algorithm. After that, it is followed by the 
initialization or updating of the Pbest and GBest values 
based on the particles. The Pbest value will be updated 
based on the particle results while the Gbest value will 
be reviewed based on the overall particle value. The 
process for updating the values is carried out in the 
particle, the latest velocity and the latest position with 
the acceleration equation formula (2). 
 𝜗𝑛+1 = 𝜔𝜗𝑛 + 𝑐1𝑟1(𝜌𝑏𝑒𝑠𝑡 − 𝑥𝑛) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑛)     (2) 
 
Where 𝑐1 and 𝑐2 are constant numbers, 𝑟1 and 𝑟2 are 
random numbers, 𝜔 are inertia, and 𝑛 are the iterations. 
The displacement formula uses equation (3). 
 𝑥𝑛+1 = 𝑥𝑛 +  𝑣𝑛+1 

 
Recalculation of the fitness value is carried out to 
obtain the latest accuracy of the Multinomial Naïve 
Bayes algorithm. This will continue to be repeated in 
an iteration until it enters the Stop Criteria condition. 
After the stop criterion condition occurs, the Gbest 
value will be captured and a final test will be carried 
out using Multinomial Naïve Bayes. 
 

The model evaluation process is carried out using the 
Confusion Matrix. This is useful for knowing the value 
of accuracy, precision, recall, and f1-score from the 
model testing process. Stop criteria in Particle Swarm 
Optimization (PSO) are conditions for stopping the 
iteration process in the PSO algorithm. This condition 
is determined to ensure that the PSO algorithm has 
produced a good enough solution. In other words, this 
condition is close to the optimal solution. Examples of 
stop criteria conditions in PSO include the maximum 
number of iterations that have been determined, the 
fitness value that has reached a certain value, or the 
difference in fitness value between the last iteration 
and the previous iteration that is considered quite 
small. With the stop criterion conditions, the PSO 
algorithm can stop automatically when an adequate 
solution has been found. This saves time and resources 
used in the optimization process. 

2 Experiments and Result 

To get the results of the Multinomial Naïve Bayes 
algorithm optimization test using Particle Swarm 
Optimization, a number of test scenarios are performed 
which are shown in Table 1. 

 
 
 
 

Table 2. Testing Scenario 

Scenario 

Number 

Classification 

Model 

Data 

Training 
Data Testing 

1 Multinomial Naive 

Bayes 

90% 10% 

2 80% 20% 

3 70% 30% 

4 MNB & PSO 

(Hyperparameter 

Tuning and Feature 

Selection) 

90% 10% 

5 80% 20% 

6 70% 30% 

7 NMB & PSO 

(Hyperparameter 
Tuning) 

90% 10% 

8 80% 20% 

9 70% 30% 

10 NMB & PSO 

(Feature Selection) 

90% 10% 

11 80% 20% 

12 70% 30% 

 

The analysis stage in this research is the calculation of 

the test results with the confusion matrix. It aims to 

compare the results of several test scenarios that have 

been carried out. The values compared from the test 

scenarios are accuracy, precision, recall, and F1 score. 
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2.1 Model Evaluation Senario 1 

In the first scenario, sentiment analysis is tested using 

Multinomial Naïve Bayes. The dataset is a customer 

assessment of the Favehotel Kusumanegara 

Yogyakarta hotel. In this test scenario, data separation 

is carried out, 90% as training data and 10% as test 

data. The results of the confusion matrix table in the 

first scenario can be seen in Figure 3.  

 

Fig. 3. Confusion Matrix of Scenario 1 

Based on data testing in the first scenario, this model 
correctly predicts 346 data out of 372 data. There are 
287 data with positive labels and 59 data with negative 
labels. Meanwhile, the number of data that failed to 
predict was 26 data. Figure 4 is the result of the 
classification report for scenario 1. 
 

 

Fig. 4. Confusion Matrix of Scenario 1 

The accuracy obtained in testing scenario 1 is 93%. 

The Precision value obtained is 91% on negative 

sentiment and 93% on positive sentiment. In other 

words, based on 65 test data that get negative 

sentiment, there are 59 data that are truly negative and 

6 data that fail to be predicted. Then, based on 307 test 

data that received positive sentiment, there were 287 

data that were truly positive, and 20 data that failed to 

be predicted. Recall value in scenario 1 results in 75% 

negative sentiment and 98% positive sentiment. In 

other words, based on 79 data that should have 

negative sentiments, there are 59 data that the model 

was able to detect and 20 data that the model did not 

know. Based on 293 data that should have positive 

sentiments, there were 287 data that the model 

managed to find out and 6 data that the model didn't 

know. After obtaining the Precision and Recall values, 

the F1-Score is obtained which is the harmonic average 

value of precision and recall. The results of the F1-

Score for scenario 1 are 82% negative sentiment and 

96% positive sentiment. 

2.2 Result  

The next step is carried out after classifying and 
evaluating the model. Comparative analysis of the 
results of model testing is carried out based on the 
scenarios that have been made. The purpose of this 
section is to find out the differences and also the effect 
of the Particle Swarm Optimization optimization 
method on sentiment analysis. The data used is the 
customer assessment of the Favehotel Kusumanegara 
Yogyakarta hotel. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. Testing Scenario 

 
No

. 

Classification 

Model 

Data 

Trainin

g 

Data 

Testin

g 

Accurac

y 

Precissio

n 

Recal

l 

F-1 

Scor

e 

1 Multinomial 

Naive Bayes 

90% 10% 93% 92% 86% 89% 

2 80% 20% 91% 90% 82% 86% 

3 70% 30% 89% 90% 79% 83% 

4 MNB & PSO 

(Hyperparamet
er Tuning and 

Feature 

Selection) 

90% 10% 97% 96% 96% 96% 

5 80% 20% 93% 91% 90% 90% 

6 70% 30% 93% 92% 89% 91% 

7 NMB & PSO 
(Hyperparamet

er Tuning) 

90% 10% 96% 94% 94% 94% 

8 80% 20% 93% 91% 89% 90% 

9 70% 30% 92% 80% 88% 89% 

10 NMB & PSO 

(Feature 

Selection) 

90% 10% 95% 96% 89% 92% 

11 80% 20% 91% 91% 83% 86% 

12 70% 30% 90% 92% 85% 85% 

 

In Table 2, in scenarios 1, 2 and 3, model testing was 

carried out with Multinomial Naïve Bayes (MNB) 

without using optimization methods. Testing 75 

methods using MNB with a comparison of training 

data and test data of 90% and 10%. The results of this 

test produce an accuracy value of 93% and an F1-Score 

value of 89%. Tests using the MNB method with a 

comparison of training data and test data of 80% and 

20% produce an accuracy value of 91% and an F1-

Score value of 86%. Tests using the MNB method with 

a comparison of training data and test data of 70% and 

30% produce an accuracy value of 89% and an F1-

Score value of 83%. In scenarios 4, 5, and 6, model 
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testing was carried out with Multinomial Naïve Bayes 

and using the Particle Swarm Optimization 

optimization method for hyperparameter tunning and 

feature selection. Testing the MNB and PSO methods 

for hyperparameter tunning and feature selection with a 

comparison of training data and test data of 90% and 

10% resulted in an accuracy value of 97% and an F1-

Score of 96%. 

  

Testing the MNB and PSO methods for 

hyperparameter tunning and feature selection with a 

comparison of training data and test data of 80% and 

20% produces an accuracy value of 93% and an F1-

Score value of 90%. While testing the MNB and PSO 

methods for hyperparameter tunning and feature 

selection with a comparison of training data and test 

data of 70% and 30% produces an accuracy value of 

93% and an F1-Score value of 91%. In scenarios 7, 8, 

and 9, model testing was carried out with Multinomial 

Naïve Bayes and using the Particle Swarm 

Optimization optimization method for hyperparameter 

tunning. Testing the MNB and PSO methods for 

hyperparameter tuning with a comparison of training 

data and test data of 90% and 10% resulted in an 

accuracy value of 96% and an F1-Score value of 94%. 

Then testing the MNB and PSO methods for 

hyperparameter tuning with a comparison of training 

data and test data of 80% and 20% produces an 

accuracy value of 93% and an F1-Score value of 90%. 

Testing the MNB and PSO methods for 

hyperparameter tuning with a comparison of training 

data and test data of 70% and 30% resulted in an 

accuracy value of 92% and an F1-Score value of 89%. 

In scenarios 10, 11, and 12, model testing was carried 

out with Multinomial Naïve Bayes and using the 

Particle Swarm 76 Optimization optimization method 

for feature selection. 

  

Testing the MNB and PSO methods for feature 

selection is processed with a comparison of training 

data and test data of 90% and 10%. This test produces 

an accuracy value of 95% and an F1-Score value of 

92%. Testing the MNB and PSO methods for feature 

selection with a comparison of training data and test 

data of 80% and 20% produces an accuracy value of 

91% and an F1-Score value of 86%. Meanwhile, 

testing the MNB and PSO methods for feature 

selection with a comparison of training data and test 

data of 70% and 30% produces an accuracy value of 

90% and an F1-Score value of 85%. Based on the 

results of the tests that have been carried out, all 

accuracy values have increased after optimization. This 

shows that the Particle Swarm Optimization 

optimization method has an influence in increasing the 

accuracy value of the Multinomial Naïve Bayes 

method for sentiment analysis cases of customer 

appraisal of the Favehotel Kusumanegara Yogyakarta 

hotel. The results of the highest accuracy of all tests 

were obtained in scenario 4. Optimization of 

hyperparameter tunning and feature selection with an 

accuracy value of 97% with a total comparison of the 

distribution of training data and test data of 90% and 

10%. The highest accuracy results were obtained in the 

optimization of hyperparameter tunning in scenario 7, 

namely 96% with a comparison of the distribution of 

training data and test data of 90% and 10%. In 

optimizing feature selection, the highest accuracy is 

obtained in scenario 10, which is 95% with a 

comparison of the distribution of training data and test 

data of 90% and 10%. 

3 Conclusion 

The distribution of test data and training data has an 

influence on the accuracy value. The highest accuracy 

results in this study were obtained in the distribution of 

data with a ratio of 90% for training data and 10% for 

test data. The Particle Swarm Optimization 

optimization method has an effect on increasing the 

accuracy of the Multinomial Naïve Bayes algorithm in 

the case of sentiment analysis of hotel customer ratings 

at Favehotel Kusumanegara Yogyakarta. All accuracy 

values have increased after optimization. The highest 

accuracy value of all scenarios is obtained in the 

hyperparameter tunning and feature selection 

optimization scenario for Multinomial Naïve Bayes 

with an accuracy value of 97%. The highest accuracy 

result in the Naïve Bayes Multinomial test without 

optimization is 93%. The highest accuracy results in 

the hyperparameter tuning optimization scenario are 

96%. Meanwhile, the highest accuracy results in the 

feature selection optimization scenario are 95%. 
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