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ABSTRACT  

The rapid advancement of digital technology has driven significant growth in e-commerce applications in 
Indonesia, with Shopee emerging as one of the leading platforms boasting millions of active users. User reviews 
on the Google Play Store serve as a crucial data source for sentiment analysis and evaluating the quality of app 
services. However, the sheer volume and linguistic complexity of these reviews demand efficient and accurate 
analytical methods. This study aims to compare the performance of the Random Forest and XGBoost algorithms 
in classifying the sentiment of Shopee user reviews. Review data were collected through web scraping from the 
Google Play Store and processed using several labelling, casefolding, cleaning, tokenizing, stopword removal, and 
stemming. Feature extraction was performed using the TF-IDF method, and the data were split into training and 
testing sets. Sentiment classification models were built using the Random Forest and XGBoost algorithms and 
evaluated based on accuracy, precision, recall, and F1-score metrics. The results of this study are expected to 
provide recommendations for the most effective algorithm for sentiment analysis in e-commerce applications 
and contribute to the development of services and further research in data mining and natural language 
processing. 
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1. INTRODUCTION  
Technological advancements have transformed various aspects of human life, including how people 
interact with digital services. One rapidly growing innovation is e-commerce applications, which allow 
users to shop online more easily. Shopee, as one of the largest e-commerce platforms in Indonesia, has 
millions of active users who provide reviews regarding their experiences using the app. User reviews on 
the Google Play Store are an important indicator in assessing app quality, both in terms of functionality, 
convenience, and user satisfaction with the services provided (Saputra et al., 2025). 
 Reviews provided by users on the Google Play Store reflect their real-life experiences using the 
Shopee app. These reviews not only contain positive assessments of features that facilitate transactions, 
but also negative assessments, such as complaints about technical issues, such as bugs, errors, or 
problems with the payment and delivery systems. The sheer volume of reviews often makes it difficult 
for app developers to manually analyze user sentiment. Furthermore, the complexity of language, such 
as the use of slang ("mantap", "gak nyampe"), and ambiguity in context can potentially lead to 
misclassification. The large volume of data and class imbalance (more positive or negative reviews) 
require robust algorithms to minimize bias in the analysis process. Therefore, a computational approach 
capable of efficiently managing large and diverse data is needed (Nurian et al., 2024). 
 Based on the above issues, sentiment analysis is needed to transform textual review data into 
strategic insights, such as identifying logistics issues or product quality. Review data is taken directly 
from the Google Playstore app and from Shopee app reviews, while adhering to Shopee's privacy policy 
and avoiding the use of users' personal information. Research shows that 70% of consumers consider 
reviews a crucial factor in purchasing decisions, making accurate sentiment classification fundamental 
to service improvement. Sentiment analysis is a computational process using Natural Language 
Processing (NLP) and machine learning to classify text into positive and negative categories. Algorithms 
like Random Forest work by building multiple decision trees (bagging) and combining the results to 
improve prediction accuracy. This algorithm is known for its resilience to overfitting and its ability to 
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handle large amounts of data. Meanwhile, XGBoost optimizes results through an iterative gradient 
boosting technique. Previous studies have shown XGBoost to be 532% faster in data processing, while 
Random Forest is more stable on imbalanced datasets. However, both have similar accuracy (~95%) in 
classification (Budaya et al., 2024). 
 The output of this study is a sentiment classification model capable of distinguishing reviews 
into two main categories: positive and negative. This model was evaluated using several standard 
machine learning metrics, such as accuracy, precision, recall, and F1-score. Accuracy is used to measure 
the model's ability to correctly classify data. Precision and recall help assess the model's performance 
against specific classes, especially in cases of imbalanced data. F1-score is used as an overall metric that 
combines precision and recall for a more objective evaluation (Atmajaya et al., 2023). 
The main text format consists of a flat left-right columns on A4 paper. The margin text from the left and 
top are 2.5cm, right and bottom are 2 cm. The manuscript is written in Microsoft Word, single space, 
Cambria 10pt and maximum 12 pages, which can be downloaded at the website. 
 This research seeks to improve the performance of sentiment analysis compared to methods 
used in previous research. One of the main approaches implemented is the use of the XGBoost algorithm, 
which has proven superior in various domains, particularly in machine learning-based classification 
tasks. XGBoost is known for its ability to handle large amounts of data, address overfitting through 
regularization, and utilize boosting techniques to improve model accuracy. 
 In addition to using XGBoost, this study also focused on preprocessing and feature extraction. 
Preprocessing included data cleaning, such as removing special characters, normalizing text, and 
eliminating stemming that doesn't significantly contribute to sentiment analysis. This approach is 
expected to significantly improve the model's accuracy and effectiveness in classifying sentiment 
compared to previous research. 
 
2. RESEARCH METHOD/MATERIAL AND METHOD/LETERATURE REVIEW  
A. Random Forest 
Random Forest is an ensemble-based machine learning algorithm consisting of many decision trees. This 
algorithm works by combining predictions from multiple trees to improve accuracy and reduce 
overfitting (Kurniawan et al., 2024). 

 

Fig 1. Random Forest Working Concept 
 
B. XGBoost 

XGBoost (Extreme Gradient Boosting) is a gradient-based boosting algorithm developed to improve the 

performance of machine learning models, particularly in data science competitions. This algorithm 

gradually optimizes decision trees by correcting prediction errors in previous iterations (Srinivas et al., 

2021). 

 XGBoost's advantages over other methods are its robustness in training, its ability to handle 

imbalanced data, and its effectiveness in handling large numbers of features. However, its drawback is 

its higher model complexity compared to simpler algorithms like decision trees or logistic regression. 
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C. Data Preprocessing 
The next stage after data collection is preprocessing. Briefly, this stage is carried out to process the data 
so that it is ready for use in subsequent stages. One of the steps performed is case-folding, which converts 
all text to lowercase to ensure there is no difference between words that have the same capitalization. 
Then, a cleaning process is carried out, which removes unnecessary characters or symbols, such as 
punctuation, numbers, and special characters that have no meaning in sentiment analysis. The next stage 
is tokenizing, which separates sentences into individual words. 
 After that, stopword removal is performed, which removes irrelevant words. Finally, stemming 
is performed to convert words to their base form. For example, the words "memakan" and "dimakan" 
are returned to their base form "makan." This preprocessing process makes the review data used in the 
study cleaner, more uniform, and ready for further processing in the feature extraction and sentiment 
classification stages (Yuyun et al., 2023). 
 
D. Feature Extraction with TF-IDF 

After the data is collected and processed, the next step is feature extraction using Term Frequency-
Inverse Document Frequency (TF-IDF). TF-IDF is a technique used in text processing to convert text data 
into numeric representations. This technique works by calculating the weight of each word in a 
document based on how frequently the word appears in that document and how rarely it appears across 
the entire document collection. The more frequently a word appears in one document but rarely in 
another, the higher its weight. 
 The feature extraction process using TF-IDF begins with tokenization, which involves breaking 
down text into individual words. Each word is then weighted based on its frequency of occurrence within 
a given document and its relevance compared to other documents in the dataset. This process is 
automated using text processing libraries, such as scikit-learn, which can convert text into numeric 
vectors. 
 The application of TF-IDF in this study aims to capture the meaning of user reviews more 
effectively than simple methods like bag-of-words. With this weight-based representation, machine 
learning algorithms can more easily recognize emerging patterns in the data. Once the features are 
successfully extracted, the data, converted into numerical form, is ready for use in the data splitting stage 
for training a classification model. 
 
 
3. RESULTS AND DISCUSSION  
A.  Data retrieval  
Review data collection was performed using Google Colab scraping to obtain 500 reviews related to the 
Shopee app on the Google Play Store. The steps are as follows: 

a. Get the URL directly from the Play Store 
https://play.google.com/store/apps/details?id=com.shopee.id&hl=id 

b. Use the google_play_scraper library 
c. Script to take comments 
d. Saved review data 

 
Fig 2. Review Data 

https://play.google.com/store/apps/details?id=com.shopee.id&hl=id
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B. Sentiment Labeling Results   
Sentiment labeling is based on the star rating provided by users, with the following conditions: 
a. Positive Sentiment: If the rating is 4 stars or higher, the review is categorized as positive. 
b. Neutral Sentiment: If the rating is 3 stars, the review is categorized as neutral. 
c. Negative Sentiment: If the rating is 2 stars or lower, the review is categorized as negative. 

 
Fig 3. Sentiment Labeling Results 

C. Case-folding 
After classifying sentiment, the next step is to carry out a case-folding process on some of the 

selected review data, where all letters are changed to lowercase. 

 
Fig 4. Case-folding Results 

 
D. Cleaning 

After case-folding is done, the next stage is the cleaning process, where numbers, symbols, or 
punctuation marks will be cleaned. 
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Fig 5. Cleaning Results 

 
E. Stopword Removal 

After tokenizing, the next stage is the stopword removal process, where words that do not contribute 
meaningfully to the analysis are removed. 

 
Fig 6. Stopword Removal Results 

 
F. Stemming 

After stopword removal is carried out, the next stage is the stemming process, where words that have 
affixes are removed. 

 
Fig 7. Stemming Results 
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G. TF-IDF 

After the preprocessing stage is complete, the next step is feature extraction using TF-IDF (Term 
Frequency-Inverse Document Frequency), which converts text data into numeric values. Frequently 
occurring words will have a lower weight, while infrequent words will have a higher weight. The following 
is a list of frequently occurring and infrequent words, along with their weights: 

 
Fig 8. TF-IDF Results 

 
 

H. Data Splitting 
After the TF-IDF stage is complete, the next stage is data splitting, where the data is divided into two parts: 
training data (80% of the total data) used to train the model, and test data (20% of the total data) used to 
test the model's performance. The following is the result of the data splitting: 

 
Fig 9. Data Splitting Results 

 
Based on the image above, the results of the data splitting show that the training data shows 331 positive 
data, 61 negative data, and 8 neutral data. The total training data is 400 data, corresponding to the 
division of 80% of the training data from the 500 existing data. The test data shows 83 positive data, 15 
negative data, and 2 neutral data. The total test data is 100 data, corresponding to the division of 20% 
of the test data from the 500 existing data. 

 
I. Data Classification 
The next stage is data classification, where the data will be categorized into three classes: positive 
sentiment (2), neutral sentiment (1), and negative sentiment (0). The following are the results of the 
data classification: 
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Fig 10. Data Classification Results 

 
After the data classification was completed, both models were trained with the script and the results 
were as follows: 

 

 
Fig 11. Training the Model 

 
 

J. Confusion Matrix Results 
After the Random Forest and XGBoost models are trained, several evaluation results, such as a 

Confusion Matrix, will appear. Here's what the Confusion Matrix from Random Forest and XGBoost looks 
like: 

 
Fig 12. Confusion Matrix Random Forest 



                ISSN: 3063-8305 

Indonesian Journal of Applied Technology, Computer and Science (Ijatcos)  

Vol.2, No.2, August 2025 :  57 – 67 

64 

 
 

Table 1. Summary of Each Class in RF 

Class TP FP FN TN 

Negative 2 1 13 84 

Neutral 0 0 2 98 

Positive 82 15 1 2 

 
Apart from that, there are also results from the XGBoost confusion matrix which will be attached 

as follows: 

 
Fig 13. Confusion Matrix XGBoost 

 
 

K. Classification Report Results 
After the Confusion Matrix evaluation appears, the Classification Report results for both models will 
appear. Here's a look at the Classification Reports for Random Forest and XGBoost: 

 
Fig 14. Classification Report Random Forest 

 
 Based on the image above, the accuracy of the Random Forest model is 0.8400, or 84%. Manual 
calculations for each Random Forest Classification Report can be performed using the Random Forest 
Confusion Matrix.  



ISSN: 3063-8305  

 

(Laila Salsabila) 

65 

 
Fig 15. XGBoost Classification Report 

 
Based on the image above, the accuracy of the XGBoost model is 0.7800, or 78%. Manual calculations for 
each XGBoost Classification Report can be performed using the XGBoost Confusion Matrix. 
 
L. Pie Chart Results 

After the Classification Report appears, a pie chart will appear showing the actual and predicted 
distributions of both models. Here's a pie chart showing the actual and predicted distributions of 
Random Forest and XGBoost: 

 

 
Fig 16. Pie Chart Results 

 
Based on the pie charts of both Random Forest and XGBoost distributions, it can be concluded that both 
model predictions show an increase in the proportion of positive sentiment compared to the actual 
distribution, while the proportion of negative sentiment decreases and the neutral category disappears. 
This indicates that the models successfully recognize positive polarity but may be less sensitive in 
capturing neutral sentiment. 
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M. WordCloud Results 

 

 
Fig 17. WordCloud Results 

 
Based on the Word Cloud above, it can be concluded that both models demonstrate positive 

perceptions of Shopee, with an emphasis on ease of shopping and service efficiency. Despite some 
complaints, the majority of comments tend to be positive, indicating that Shopee has successfully met 
the expectations of many users. This analysis can serve as a reference for service improvements, 
particularly in terms of delivery and customer service response, to enhance user satisfaction. 

 
4. CONCLUSION  
The conclusion of the comparison of the Random Forest and XGBoost algorithms for sentiment analysis 
on the Shopee e-commerce application is as follows: Based on the research conducted, the 
implementation of the Random Forest and XGBoost algorithms for sentiment analysis of Shopee 
application reviews was carried out through several main stages. This begins with data collection, 
followed by data preprocessing, which consists of case-folding, converting all text to lowercase. Then, a 
cleaning process is carried out, removing unnecessary characters or symbols from the text. The next 
stage is tokenizing, separating sentences into individual words. Stopword removal is then performed, 
removing irrelevant words. Finally, stemming is carried out to convert words to their base form. This is 
followed by stemming, converting words with affixes to their base form. Feature extraction is then 
performed using TF-IDF, which converts text data into numbers based on their frequency of occurrence. 
Data separation and classification are then performed, and the algorithm model is trained using several 
metrics, such as accuracy, precision, recall, and f1-score. With these systematic steps, Random Forest 
and XGBoost can be effectively applied to analyze Shopee review sentiment. A comparison of the 
performance results between the Random Forest and XGBoost algorithms shows that the two algorithms 
have different accuracy values. The Random Forest algorithm obtained an accuracy of 0.8400 or 84%, 
while the XGBoost algorithm obtained an accuracy of 0.7800 or 78%. 
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