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The development of digital technology has driven the emergence of various 

application-based financial services, including GoPay within the Gojek platform. 

GoPay facilitates cashless transactions such as payments for transportation, food, and 

bills. As the number of users increases, various reviews reflecting satisfaction and 

complaints about the service have emerged. This study aims to analyze user sentiment 

toward the GoPay service in the Gojek application using the Naïve Bayes method. 

User review data were obtained through a web scraping process totaling 1,000 entries, 

followed by data cleaning, text normalization, tokenizing, and sentiment labeling into 

positive, negative, and neutral categories. The TF-IDF method was used for word 

weighting to convert text into numerical form before classification with the 

Multinomial Naïve Bayes algorithm. The results show that the Naïve Bayes model is 

capable of classifying user reviews with an accuracy rate of 90%. Based on the 

confusion matrix and classification report, the neutral sentiment category dominates 

with the highest recall value of 1.00, while positive and negative sentiments have lower 

proportions. This indicates that most users provide neutral feedback regarding the 

GoPay service in the Gojek application. Overall, the Naïve Bayes method has proven 

effective in analyzing user sentiment toward digital services such as GoPay, making 

the results of this study a useful reference for Gojek developers in improving service 

quality and user satisfaction. 

Keywords: 

Sentiment Analysis, 

GoPay, 

Gojek, 

Naïve Bayes, 

Usser Reviews. 
 

1. Pendahuluan 

The development of digital technology has transformed the way people conduct financial transactions, 

particularly through application-based services. In Indonesia, digital payment systems have become one of the 

major innovations in the financial technology (fintech) sector, offering convenience, speed, and security in cashless 

transactions [1]. GoPay, as one of the leading digital wallets, is integrated into the Gojek platform and facilitates 

various transactions ranging from transportation payments and food purchases to bill payments [2]. The rapid 

growth of GoPay users has been accompanied by an increasing number of user reviews on the Gojek application 

on the Google Play Store, which contain opinions and perceptions regarding service quality [3]. Analyzing these 

reviews is important to understand user satisfaction and to provide feedback for developers in improving service 

quality.  

Sentiment analysis is an approach widely used to extract user opinions from review texts by classifying 

them into positive, neutral, and negative categories [4]. The Naïve Bayes algorithm, particularly the Multinomial 

Naïve Bayes variant, has proven effective in text classification because it can efficiently handle large datasets 

while delivering competitive performance [5]. Previous studies, such as that conducted by Rahman et al. [6], 

indicate that Naïve Bayes can achieve high accuracy in classifying online transportation application reviews. In 

addition, the Term Frequency–Inverse Document Frequency (TF-IDF) technique is used for feature weighting, 

transforming textual data into numerical representations prior to classification, thereby improving model accuracy 

[7]. 

Despite the effectiveness demonstrated by previous studies, several limitations remain. Some studies 

employ limited datasets that do not adequately represent the diversity of user opinions, while neutral sentiment 

reviews are often neglected, even though they can provide valuable insights into user perceptions that are neither 

entirely positive nor negative [8]. Furthermore, several studies have not utilized web scraping techniques to 

automatically collect data from application platforms, resulting in datasets that may not be up to date. 
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Consequently, it remains unclear how well the Naïve Bayes method performs in classifying the full spectrum of 

user opinions regarding GoPay services on Gojek. 

Based on these gaps, this study aims to analyze user sentiment toward GoPay services on the Gojek 

application using the Naïve Bayes method, supported by text preprocessing steps including data cleaning, 

tokenization, text normalization, sentiment labeling, and word weighting using TF-IDF. The main objective of this 

research is to evaluate the performance of Naïve Bayes in classifying reviews into positive, neutral, and negative 

categories, as well as to provide insights that can be utilized by Gojek developers to improve service quality and 

user satisfaction. 

 

2. Research Methods 

This research uses a quantitative approach with text mining methods to analyze user review sentiment 

regarding the GoPay service within the Gojek app. The entire process is automated using coding, from data 

collection to classification model evaluation. The research flow consists of six main stages: 

A.  Data collection 

Review data was obtained from the Google Play Store through web scraping using the Python programming 

language. The focus of data collection was reviews discussing GoPay services. The collected data included review 

text, date, and star rating, and was immediately saved in CSV format for further analysis. 

 

B.  Data Preprocessing  

The review text is processed automatically through a preprocessing stage, which includes: 

1. Text cleaning (data cleaning): removing irrelevant punctuation, numbers, and special characters. 

2. Stopword removal: removing common words that don't provide significant meaning. 

3.Tokenization: separating text into meaningful words as part of automated preprocessing.  

 

C.  Data Labeling 

Each review is automatically assigned a sentiment label (positive, negative, or neutral) using a custom 

Python script, so all training and testing data is consistent and standardized. 

 

D.  Feature Extraction 

The processed text is automatically converted into a numerical representation using the Term Frequency–

Inverse Document Frequency (TF-IDF) method. TF-IDF weights words based on their frequency of occurrence in 

documents and their relevance across the corpus, ensuring optimal features for classification. 

 

E.  Classification with Naïve Bayes 

A Multinomial Naïve Bayes model was trained using automatically processed data to predict review 

sentiment on the test data. The data was divided into a training set (80%) and a test set (20%), with all splitting 

performed via a Python script. 

 

F.  Model Evaluation 

Classification results were automatically evaluated using accuracy, precision, and recall. Additionally, a 

confusion matrix was generated through the code to visualize model performance and determine the distribution 

of the most dominant sentiments toward GoPay services. 

 

3. Results and Discussion 

This chapter presents the results of a sentiment analysis of user reviews of the GoPay service on the Gojek 

app. The research results are presented systematically following the analysis process, from data processing to 

model performance evaluation. This presentation includes visualization, model performance measurements, and 

result interpretation to provide a comprehensive overview of the review characteristics and the effectiveness of the 

methods used. 

 

3.1  Data Collection Stage 

Data collection was the initial stage of this research, aimed at obtaining user reviews regarding the GoPay 

service within the Gojek app. Data was collected automatically using web scraping from the Google Play Store, 

allowing for efficient and large-scale collection of reviews. 

This scraping process resulted in 1,000 user reviews, which were then stored in CSV format for further 

analysis. The data collected included review text and additional information such as star ratings and review dates. 

However, the focus of this research analysis was on review text discussing the GoPay service. The raw data from 

GoPay user reviews is visualized in Figure 1. 
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Figure 1. Raw Data Display of GoPay Service User Reviews 

 

3.1 Data Preprocessing Stage 

After obtaining the raw data, a data quality check was performed to ensure all reviews were ready for further 

processing. At this stage, the data was checked for missing text, duplicates, and irrelevant characters that could 

impact the analysis results. This step laid the foundation for the data cleaning process to ensure the reviews used 

in the research were of good and consistent quality, as seen in Figure 3. 

 
Figure 2. GoPay Review Data Display After Cleaning 

 

3.2 Data Labeling 

The next step is data labeling to determine the sentiment of each review. Each review is automatically 

labeled as positive, negative, or neutral using a Python script, readying the data for feature extraction and 

classification. A visualization of the labeling results can be seen in Figure 3. 

 
Figure 3. GoPay Review Data Display After Labeling 

3.3 Feature Extraction 

The feature extraction stage aims to transform preprocessed text data into a numerical representation for 

processing by a classification algorithm. The method used is Term Frequency–Inverse Document Frequency (TF-

IDF), which assigns weights to each word based on its frequency of occurrence in a document and the entire 

corpus. Prior to the feature extraction process, a word analysis was performed to identify the most frequently 

occurring words in user reviews of GoPay services. 
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(a) 

 
(b) 

Figure 4 (a) and (b). Wordcloud view and graph of the 20 most frequently appearing words. 

 

WordCloud visualizations and a top-20-word chart were used to display the most frequently occurring 

words in user reviews related to GoPay services. In WordCloud, word size reflects their frequency of occurrence, 

so larger words appear more frequently in the review corpus. Meanwhile, a bar chart of the top 20 words presents 

quantitative frequency of occurrence, making it easier for readers to directly compare dominant words. These two 

visualizations provide an initial overview of the topics and opinions frequently appearing in reviews and serve as 

the basis for the feature extraction phase using the TF-IDF method. 

After word analysis, the text data is converted into numerical form using the TF-IDF method. The resulting 

transformation is a large-dimensional matrix, where each row represents one review and each column represents 

one word feature. The TF-IDF transformation yields: 
 

Bentuk data TF-IDF training : (784, 1000) 

Bentuk data TF-IDF testing  : (196, 1000) 

 

A snapshot of the TF – IDF transformation results can be seen in Figure 5. 
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Figure 5. Display of TF-IDF Transformation Results 

 

Figure 5 shows the results of a numerical representation using the TF-IDF method, where the weight of 

each word reflects its frequency in a single review relative to the entire corpus. The data snippet shows that most 

of the initial features have a value of 0.0, indicating that the words do not appear in a particular review, while 

several columns have numeric values, representing the weight of the words in the review. This TF-IDF matrix 

serves as the input feature for the Naïve Bayes algorithm, allowing the model to learn word patterns associated 

with positive, neutral, or negative sentiment for accurate classification. 

 

3.4 Klasifikasi Dengan Naïve Bayes 

After successfully extracting the data using TF-IDF, the next step was the classification process using the 

Multinomial Naïve Bayes algorithm. 

The data was divided into two parts: 784 training data sets and 196 test data sets. The model was trained 

using the training data to learn the relationship patterns between features and sentiment labels (negative, neutral, 

positive). 

The training data showed that the Naïve Bayes model had an accuracy of 0.9 (90%) on the test data. This 

value indicates that the model is quite good at classifying user reviews into the appropriate sentiment categories. 
Akurasi Model: 0.9 

 

3.5 Evaluasi Model 

Model evaluation was conducted to assess classification performance based on the model's prediction 

results on the test data. Measurements were performed using a Confusion Matrix and Classification Report, which 

includes Precision, Recall, and F1-Score metrics for each sentiment class. The resulting confusion matrix can be 

seen in Figure 6. 
Confusion Matrix: 

[[  1   5   0] 

[  0 163   0] 

[  0  15  16]] 

 
Figure 6. Confusion Matrix Display 

 

Figure 6 displays the Naïve Bayes classification confusion matrix in heatmap form, ranging from white to 

dark blue, with darker colors indicating a higher number of predictions. This matrix visually demonstrates how 

well the model recognizes each sentiment class. The heatmap shows that the neutral class has the highest number 
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of correct predictions, indicated by the dark blue color on the diagonal, while the negative and positive classes 

have smaller diagonal values, indicating several prediction errors. This visualization provides an intuitive overview 

of the model's error distribution and classification performance for each class. 
 

Classification Report: 

precision    recall  f1-score   support 

 

negatif       1.00      0.17      0.29         6 

netral        0.89      1.00      0.94       163 

positif       1.00      0.52      0.68        31 

 

accuracy                          0.90       200 

macro avg     0.96      0.56      0.64       200 

weighted avg  0.91      0.90      0.88       200 

 

Based on the Data Classification Report, the Naïve Bayes model performed differently for each sentiment 

class. The neutral class performed best with a recall of 1.00 and an f1-score of 0.94, indicating that all neutral 

reviews were correctly recognized. The positive class had a recall of 0.52 and an f1-score of 0.68, indicating that 

only about half of the positive reviews were correctly classified. Meanwhile, the negative class performed the 

lowest, with a recall of 0.17 and an f1-score of 0.29, indicating that the model still struggled to detect negative 

reviews. Overall, the model achieved an accuracy of 0.9 (90%), with a weighted average f1-score of 0.88, 

indicating that Naïve Bayes was effective in classifying user review sentiment, especially for the neutral class. 

To provide a clearer picture of the performance comparison between sentiment classes, a comparison graph 

of Precision, Recall, and F1-Score values is shown in the following graph. 

 
Figure 7. Comparison Graph of Precision, Recall, and F1-Score Values 

 

Graph 7 displays a comparison of Precision, Recall, and F1-Score values for each sentiment class: negative, 

neutral, and positive. The graph shows that the negative class has the highest Precision value of 1.00, but its Recall 

value is very low at 0.27, resulting in an F1-Score of 0.29. This indicates that the model is very accurate in 

recognizing truly negative data, but there are still many negative data that are not detected properly. In the neutral 

class, the Precision value is 0.68 and Recall reaches 1.00 with an F1-Score of 0.80, indicating that the model is 

able to recognize all neutral sentiment data well although there are still some misclassifications from other classes. 

Meanwhile, the positive class obtained a Precision value of 0.92, Recall 0.52, and F1-Score 0.68. These results 

indicate that the model is quite good at identifying positive data, although there are still some positive data that 

are not perfectly detected. Overall, this graph illustrates that the best model performance is in the neutral class, 

followed by the positive class, while the negative class has the lowest performance in terms of the balance between 

prediction accuracy and completeness. 

 

4. Conclusion 

This study analyzes user review sentiments towards GoPay services on the Gojek application using the TF-

IDF-based Naïve Bayes method. Data of 1,000 reviews were obtained through web scraping and processed through 

the stages of cleaning, labeling, feature extraction, classification, and model evaluation. The feature extraction 

results show that the TF-IDF numerical representation is able to capture word weights effectively to distinguish 

user sentiments. The classification process using Multinomial Naïve Bayes divided the data into 784 training data 

and 196 test data, resulting in an accuracy of 0.9 (90%), indicating the model is quite reliable in classifying reviews. 

Based on the evaluation using the Confusion Matrix and Classification Report, the best performance was obtained 

in the neutral class with a recall of 1.00 and an f1-score of 0.94, while the positive class had a recall of 0.52 and 
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an f1-score of 0.68, and the negative class was the most challenging class with a recall of 0.17 and an f1-score of 

0.29. These findings indicate that the majority of user reviews are neutral, and the Naïve Bayes model is quite 

effective in supporting sentiment analysis in digital services like GoPay. 

Overall, this study demonstrates that Naïve Bayes with TF-IDF can be a reliable tool for automatically 

understanding user opinions. The analysis results can then be used as input for Gojek developers to improve service 

quality and user satisfaction. 

 

References 

[1] Bank Indonesia, Laporan Sistem Pembayaran Digital di Indonesia, Jakarta, 2023. 

[2] Gojek, Profil GoPay: Dompet Digital Terintegrasi, Jakarta, 2023.  

[3] Google Play Store, Ulasan Aplikasi Gojek, [Online]. Available: 

https://play.google.com/store/apps/details?id=com.gojek.app.  

[4] B. Liu, Sentiment Analysis and Opinion Mining, San Rafael, CA: Morgan & Claypool, 2012. 

[5]  K. Nigam, A. McCallum, S. Thrun, and T. Mitchell, "Text classification from labeled and unlabeled 

documents using EM," Machine Learning, vol. 39, no. 2–3, pp. 103–134, 2000. 

[6]  M. Rahman, S. Islam, and R. Khan, "Sentiment analysis of online transportation service reviews using 

Naïve Bayes," Journal of Computational Science, vol. 25, pp. 75–82, 2018. 

[7]  G. Salton and C. Buckley, "Term-weighting approaches in automatic text retrieval," Information 

Processing & Management, vol. 24, no. 5, pp. 513–523, 1988. 

[8]  H. Pang and L. Lee, "Opinion mining and sentiment analysis," Foundations and Trends in Information 

Retrieval, vol. 2, no. 1–2, pp. 1–135, 2008. 

[9]  T. Rahmayanti and co-authors, “Analysis of Intention to Use E-Wallet DANA with the UTAUT Model,” 

East Asian Journal of Multidisciplinary Research (open access article), 2024.  

[10]  “Determinan Penggunaan E-Wallet DANA Sebagai Alat …,” Jurnal Akuntansi & Keuangan (UMSU), 

artikel (PDF), accepted Mar 14, 2024.  

[11]  M. Z. M. Isnoe, “Analisis E-Service Quality Aplikasi DANA dalam …,” Jurnal Bisnis STEKOM, 2024.  

[12]  N. D. Kandhi, “Wallet pada Aplikasi DANA (Studi Kualitatif/Kuanti),” Skripsi/tesis (UIN), 2024 (PDF).  

[13]  “Minat Menggunakan E-Wallet DANA di Kalangan Mahasiswa,” Jurnal JESYA / STIE Al Washliyah 

Sibolga (PDF), 2025.  

[14]  “Model of Adoption and Sustainability of E-Wallet Use of DANA, OVO, and Gopay in Surakarta City: 

A TAM Approach,” EkonBis Review / Jurnal Universitas... (PDF), 2024/2025.  

[15]  F. Fahri et al., “Comparative Study of the Factors that Influence Behavioral Intention: DANA vs OVO,” 

Journal of Medical/Business (Pontianak), 2025 (PDF).  

[16]  “Analisis Perbandingan Tingkat Kepuasan Mahasiswa Terhadap Empat E-Wallet (Dana, OVO, 

ShopeePay, Gopay),” Jurnal Moneter / AREAI, June 9, 2025 (PDF).  

[17]  J. Y. Mambu, “Quality Analysis of DANA Application on the Customer …,” Jurnal Paradigma (BSI), 

2022.  

[18]  N. E. Masliah, “Functional Testing of The DANA E-Wallet Transaction Features,” InfoSains / SEAN 

Institute (paper), 2025.  

 

 

 


