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Abstract 

Honkai Star Rail is a turn-based JRPG developed by COGNOSPHERE PTE. LTD. that has attracted a large number of players with 

over 10 million downloads and 339,000 reviews on the Google Play Store. While most reviews are positive, some users have expressed 

their dissatisfaction. Sentiment analysis is crucial for extracting insights from reviews without having to read the entire text. The 

objective of this research is to conduct sentiment analysis on Honkai Star Rail users using the Naïve Bayes algorithm. This research 

employs the Naïve Bayes method due to its simplicity and ability to produce accurate predictions. Review data was collected through 

scraping from the Google Play Store and analyzed using the TF-IDF technique for word weighting. The model testing results showed 

the highest accuracy on test data using split validation with a 75:25 ratio, achieving 84.7%. The evaluation of the confusion matrix for 

positive sentiment resulted in a precision of 100%, recall of 12%, and an F1-Score of 22%, while for negative sentiment, it resulted in 

a precision of 84%, recall of 100%, and an F1-Score of 92%. This research contributes by providing feedback for game developers to 

improve quality and enhance player satisfaction. 
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1. Introduction 

The rapid development of the mobile gaming industry has encouraged increased user interaction through digital distribution platforms, one 

of which is Google Play Store. This platform not only functions as a medium for application distribution, but also as a means for users to 

convey their opinions, experiences, and satisfaction levels in the form of reviews [1]. User reviews contain valuable information that can 

be used to evaluate application quality and understand user perceptions broadly. Honkai Star Rail is a turn-based role-playing game (JRPG) 

developed by COGNOSPHERE PTE. LTD [2]. his game has attracted global attention with over 10 million downloads and approximately 

339,000 reviews on the Google Play Store. Although it has generally received high ratings, user reviews show a variety of sentiments, 

ranging from appreciation for the gameplay and story to complaints about technical performance, battle mechanics, and the overall gaming 

experience. The large number of reviews makes manual analysis inefficient and potentially subjective, requiring an automated approach 

to systematically extract sentiment information.This game has attracted global attention with over 10 million downloads and 

approximately 339,000 reviews on the Google Play Store. Although it has generally received high ratings, user reviews show a variety 

of sentiments, ranging from appreciation for the gameplay and story to complaints about technical performance, battle mechanics, and the 

overall gaming experience. The large number of reviews makes manual analysis inefficient and potentially subjective, requiring an 

automated approach to systematically extract sentiment information [3]. One of the algorithms widely used in text classification is Naïve 

Bayes, due to the simplicity of the model, its computational efficiency, and its relatively stable performance on high-dimensional text 

data, especially when combined with word weighting techniquessuch as TF-IDF. In the context of Honkai Star Rail, sentiment analysis 

research is still limited, especially on Indonesian-language reviews on the Google Play Store. In addition, the problem of imbalanced 

datasets often arises in real review data and can have a significant impact on recall and F1-score values, especially in minority classes. 

Therefore, empirical studies are needed that not only measure accuracy but also evaluate model performance more comprehensively 

using metrics such as precision, recall, F1-score, and AUC [4].This study aims to analyze the sentiment of Honkai Star Rail user reviews 

on Google Play Store using the Naïve Bayes algorithm with TF-IDF word weighting. The dataset used consists of Indonesian-language 

reviews obtained through web scraping, with model evaluation conducted through several testing schemes, specifically split validation 

and cross-validation, to obtain the most optimal and representative configuration. It is hoped that the results of this study can provide a 

deeper understanding of user perceptions and serve as input for game developers in improving quality and gaming experience. 
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2. Research Method 
This section presents the methodology used in the research, from dataset collection to model evaluation. The overall research workflow is 

shown in Figure 1, which illustrates the sequential stages from preparation to final evaluation. 

 

 
Fig. 1: Research flow diagram 

2.1. Data Collection 
 

The data used consists of reviews written in Indonesian. In this study, the researcher used Google Colab to collect and analyze the data. 

At the data collection stage, the researcher decided to use secondary data available on the Google Play Store website using the data 

scraping method. Data scraping is the process of automatically collecting data from a specific source [5]. The dataset consists of 200 

Indonesian language reviews accompanied by rating scores. The data was selected based on relevance and used as a representation of 

user opinions about the game. 

 

2.2. Data Labeling 
 

Sentiment labeling is performed automatically based on review ratings. Reviews with high ratings are categorized as positive sentiment, 

while reviews with low ratings are categorized as negative sentiment. This process produces a labeled dataset that is then used as training 

data and test data in the classification process. Data labeling is used to divide these sentiment sentences into positive or negative sentiment 

before entering the data training stage [6]. At this stage, positive or negative sentiment labels are assigned based on the rating value. 

 

2.3. Data Preprocessing 
 

Data preprocessing is a crucial stage in the data mining process because not all data or attributes in the dataset are used in the analysis [7]. 

This stage aims to simplify the data, identify relationships between variables, perform normalization, remove outliers, and extract relevant 

features [8]. In this study, data preprocessing is divided into several stages, namely: data cleaning, case folding, stopword removal, 

tokenizing, and stemming. 

 

2.4. Ekstraksi Fitur 
 

Feature extraction is an important technique in the data reduction process that aims to identify, select, and generate the most relevant 

features that have a significant contribution to model formation, thereby improving data processing efficiency [9]. In this study, the feature 

extraction stage was carried out by extracting the pre-processed text represented in the form of numerical vectors using the TF-IDF method 

so that it could be processed by the classification algorithm. 

 

2.5. Evaluasi Model 
 

In this study, the feature extraction stage was carried out by extracting the pre-processed text represented in the form of numerical vectors 

using the TF-IDF method so that it could be processed by the classification algorithm learning and test data used to evaluate the performance 

of the proposed model [10]. Meanwhile, cross-validation is a model validation technique to assess the performance and accuracy of 

predictive models and reduce bias in the data [11]. 

 

3. Results and discussion 
 

3.1. Sentiment Data Distribution 
 

Before the classification process, a preliminary analysis of the sentiment class distribution in the dataset was conducted. This distribution 

is important for understanding the characteristics of the data and potential model bias. The data used in this study is public opinion data 

on the game Honkai Star Rail obtained from the Google Play Store platform. A total of 200 data points were used, sorted by relevance. 
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Table 1. Sentiment class distribution of reviews 

Sentiment Number of Data Percentage 

Positif 114 57% 

Negatif 86 43% 

Total 200 100% 
 

 

Table 1 shows that the dataset has a relatively unbalanced class distribution, with positive sentiment dominating over negative sentiment. 

Although the difference is not extreme, this condition still has the potential to affect the performance of the classification model, especially 

on the recall and F1-score metrics. Datasets with unbalanced distributions often cause models to be more inclined to recognize the majority 

class and ignore the minority class. 

 

3.2. Sentiment Classification Results 
The experiment was conducted using the Multinomial Naïve Bayes algorithm with TF-IDF feature representation and several evaluation 

schemes, namely split validation (80:20, 75:25, and 70:30) and cross-validation. The test results show that model performance varies 

depending on the ratio of training data and test data used. 

Table 2. Evaluation results of the Naïve Bayes model based on the testing scheme 

Evaluation Scheme Accuracy AUC 

Split 80:20 83.3% 0.75 

Split 75:25 84.7% 0.78 

Split 70:30 82.0% 0.73 

Cross-validation (mean) 81.0% 0.74 

 

Based on Table 2, the split validation scheme with a 75:25 ratio produced the best performance with an accuracy value of 84.7% and an 

AUC of 0.78, compared to other split configurations. Meanwhile, cross-validation produced an average accuracy value of around 81%, 

which shows that the model's performance is relatively stable but slightly lower than the best results in split validation. 

This difference in results indicates that in small datasets, such as 200 reviews, the composition of training and test data has a significant 

effect on model performance. A 75:25 split provides a better balance between the amount of training data and test data, allowing the model 

to learn word patterns more representatively without losing too much test data. 

3.3. Confusion Matrix Analysis and Evaluation Metrics 

 

Confusion matrix analysis on the best configuration (75:25) shows a noticeable difference in performance between positive and negative 

classes. The model achieved 100% recall on the negative class, which means that all negative reviews in the test data were classified 

correctly. However, the recall on the positive class was only 12%, even though the precision reached 100%. 

 
Table 3. Confusion matrix of classification results (75:25) 

Actual \ Predicted Positif Negatif 

Positif 3 22 
Negatif 0 25 

 

Table 3 shows that all negative data was classified correctly, while most positive data was misclassified as negative. This indicates the 

model's tendency to prioritize negative class predictions. This condition shows that the model is very conservative in predicting positive 

sentiment. In other words, the model only classifies a review as positive when its confidence level is very high, so that many positive 

reviews are classified as negative. This pattern is common in unbalanced datasets, where one class is more dominant or has more consistent 

word characteristics. 

 
Table 4. Evaluation metrics per class 

Sentimen Precision Recall F1-score 

Positif 100% 12% 22% 
Negatif 84% 100% 92% 

 

Table 4 shows a clear trade-off between precision and recall. The very high recall value in the negative class indicates that the model is 

very effective in detecting negative reviews. However, the very low recall in the positive class indicates that many positive reviews are not 

recognized. This condition often occurs in datasets with class imbalance and greater vocabulary variation in positive sentiments. The high 

F1-score value in the negative class (92%) and low value in the positive class (22%) reinforce the indication that the model is more optimal 

in recognizing negative review patterns. This may be due to the use of more explicit and consistent vocabulary in negative reviews, such 

as complaints related to performance or bugs, compared to positive reviews, which tend to be more varied and subjective. 

3.4. ROC Curve and AUC Value 
 

The ROC curve in Figure 2 shows that the model has fairly good discriminatory ability, with an AUC value of 0.78. This value indicates 

that the model is able to distinguish between positive and negative sentiment at an acceptable level, although it is not yet optimal. This 

confirms that even though the accuracy is quite high, the model's performance is still influenced by data distribution and feature limitations. 
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Figure 2.:ROC Curve 

The AUC value of 0.78 in the best configuration shows that the model has fairly good discriminatory ability in distinguishing between 

positive and negative sentiments. This value indicates that the model's probability of giving a higher score to the correct class is still at an 

acceptable level for text-based sentiment analysis applications. Conversely, testing without data separation (using the entire dataset as 

training and test data) resulted in a very high accuracy value (0.98), but with an AUC value of 0.00. This result indicates overfitting, where 

the model fails to generalize to new data. This finding emphasizes the importance of using an appropriate evaluation scheme in sentiment 

analysis research, especially on limited datasets. 

3.5. Implications and discussion 
 

The results show that the Naïve Bayes algorithm with TF-IDF is effective in detecting negative reviews of Honkai Star Rail. This has 

significant practical implications for game developers, as negative reviews generally contain important information related to technical 

issues and user experience. However, the low recall on positive sentiment indicates the model's limitation in capturing the diversity of 

user satisfaction expressions. Methodologically, this finding emphasizes the importance of addressing data imbalance and exploring other 

more robust classification methods, such as Support Vector Machine or ensemble learning. 

 

4. Conclusion 
 

This study applied the Multinomial Naïve Bayes algorithm with TF-IDF weighting to analyze the sentiment of Honkai Star Rail game 

reviews on the Google Play Store and achieved a maximum accuracy of 84.7% with an AUC value of 0.78 on a 75:25 split validation 

scheme. The evaluation results show that the model is very effective in detecting negative sentiment (recall 100%), thus potentially helping 

developers accurately identify user complaints, although its performance on positive sentiment is still limited. The limitations of this 

study lie in the relatively small dataset size, class distribution imbalance, and the use of a single classification algorithm without comparing 

other methods. Therefore, further research is recommended to use a larger and more diverse dataset, apply imbalanced data handling 

techniques, and compare various classification algorithms or richer labeling approaches to improve generalization and depth of sentiment 

analysis. 
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