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With the growing use of digital healthcare platforms such as Halodoc, 
maintaining consistent service quality that meets user expectations is 
essential. User reviews on platforms like Google Play provide valuable 
insights into user perceptions. This study aims to classify user sentiments 
toward Halodoc’s pharmacy services based on reviews obtained through 
web scraping from the Google Play Store. The analysis employs the pre-
trained IndoBERT model to extract textual features, followed by sentiment 
classification using the Random Forest algorithm. This combination was 
selected for its efficiency with limited hardware resources and small dataset 
size. To enhance data diversity and minimize overfitting, simple 
augmentation methods such as random word deletion and synonym 
substitution were implemented. The expected outcomes include an effective 
sentiment classification model and visualizations of sentiment distributions 
(positive, negative, neutral). Furthermore, the study contributes to the 
development of sentiment analysis techniques for Indonesian-language 
data through an efficient and contextually relevant approach. The research 
outputs target publication in a nationally accredited (Sinta 4) journal and 
Intellectual Property Rights (IPR) registration. Ultimately, this study is 
expected to support the improvement of technology-based pharmacy 
services through the strategic application of machine learning. 
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1. Introduction 

In today’s digital era, various applications have emerged to meet different aspects of human life, 

including desktop, tablet, and smartphone platforms (1). One example is pharmacy-based applications 

such as Halodoc, which are increasingly popular among Indonesian society due to their convenience in 

https://creativecommons.org/licenses/by-sa/4.0/
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obtaining medicines and conducting health consultations efficiently. However, to ensure service 

quality and maintain user satisfaction, an in-depth analysis of user reviews on platforms such as the 

Google Play Store is necessary. Sentiment analysis of these reviews provides a direct reflection of user 

perceptions toward the services provided. In this context, the utilization of Natural Language 

Processing (NLP) technology becomes crucial to address challenges in processing natural language, 

such as spelling errors, writing style variations, and capturing subjective sentiment more accurately (1). 

Pre-trained models such as IndoBERT, which is specifically developed for the Indonesian language, 

can be used to extract feature representations from review texts (2), followed by the application of 

classification algorithms such as Random Forest to categorize user sentiments (3). Nevertheless, 

challenges arise when computational resources are limited and the dataset size is relatively small. To 

overcome this, simple data augmentation techniques, such as synonym replacement and random word 

deletion, can be applied to increase data diversity and reduce the risk of overfitting. Based on these 

issues, several research questions are formulated: (a) how to classify user sentiments toward Halodoc 

pharmacy services based on reviews collected from the Google Play Store; (b) how to utilize the 

IndoBERT pre-trained model as a feature extractor for sentiment classification; (c) how effective the 

Random Forest algorithm is in classifying sentiments under constraints of limited computational 

resources and small datasets; and (iv) how simple data augmentation techniques can enhance data 

diversity and mitigate overfitting risks. Machine learning, in this case, serves as the method to extract 

information and identify patterns from data, enabling predictions for future insights based on past data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Research Flow Diagram 

 

The research will be carried out in several structured stages. First, a literature review is 

conducted by the principal investigator to examine studies related to Natural Language Processing 

(NLP), text representation using IndoBERT, and sentiment classification with the Random Forest 

algorithm. The expected output of this stage is a comprehensive theoretical foundation and the 

identification of the best methods as well as research gaps to be addressed. The research stages can be 

described as follows Literature Review. 
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2. Research Method 
This study employs a quantitative approach based on Natural Language Processing (NLP) and 

Machine Learning. The research will be conducted in several structured stages, starting from data 

collection, preprocessing, text representation, model training, system integration, and finally evaluation 

and reporting. The primary models used in this study are IndoBERT for text representation and 

Random Forest for sentiment classification: 

 

1. Literature Review 

The principal investigator conducts a literature review related to Natural Language Processing 

(NLP), text representation using IndoBERT, and the Random Forest classification algorithm. 

a. Output: a comprehensive literature summary and theoretical foundation. 

b. Success Indicator: identification of the best methods and research gaps to be addressed. 

2. Data Collection 

Member 1 is responsible for collecting user reviews of the Halodoc application from the 

Google Play Store using web scraping. 

a. Output: a raw dataset containing at least 2,000 reviews. 

b. Success Indicator: sufficient data collected for further processing. 

User reviews of the Halodoc application are collected from the Google Play Store using web 

scraping. 

Formally, the dataset is represented as: 

 

 

 

where: 

r
i
 = review text 

s
i
 = rating score (1–5) 

n ≥ 2000 = number of reviews 
 

3. Text Preprocessing 

The collected dataset is cleaned from special characters, tokenized, and labeled with 

sentiments based on user ratings.  

a. Output: a clean and structured dataset. 

b. Success Indicator: data ready for processing with the IndoBERT model. 

The dataset is cleaned (removing special characters, stopwords, emojis), tokenized, and 

labeled according to sentiment categories: 

 

 

 

 

 

Thus, the processed dataset is: 

 

 

(1) 

(2) 

(3) 
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Where x
i
 = cleaned review text, and y

i
 = sentiment label. 

 

4. Text Representation 

Member 2 converts the review texts into vector embeddings using IndoBERT, which captures 

the semantic meaning of the text. 

a. Output: IndoBERT embeddings for the entire dataset. 

b. Success Indicator: embeddings successfully generated and ready for model training. 

Each review x
i
 is passed through IndoBERT, producing hidden states h

t
 for each token. A 

sentence embedding is obtained using mean pooling: 

 

 
 

5. Model Training and Evaluation 

The principal investigator, together with Member 2, trains the Random Forest model using 

IndoBERT embeddings and evaluates its performance with metrics such as accuracy, precision, 

recall, and F1-score. 

a. Output: a trained sentiment classification model. 

b. Success Indicator: model achieves accuracy above 80% and a high F1-score. 

The embeddings X are used to train the Random Forest classifier. Each tree T
j
 makes a 

prediction, and the final output is determined by majority voting: 

 

 

 
The model is evaluated using standard metrics: 

 

(4) 

(5) 

(6) 
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6. Visualization and Interpretation 

Member 3 develops an analytical dashboard to display sentiment classification results in the form 

of trend graphs, sentiment distribution, and dominant keywords. 

a. Output: visualization of results in an interactive dashboard. 

b. Success Indicator: insights presented in an easy-to-understand format. 

Results are visualized in the form of sentiment distribution, keyword frequency, and trend 

analysis. 

The sentiment distribution function: 

 

 

 

 

7. Report Preparation 

The principal investigator prepares the final documentation of the entire research process and 

results. 

a. Output: the final research report and a draft scientific article. 

b. Success Indicator: report and draft publication ready for submission to a nationally accredited 

journal. 

3. Results and Discussion 

The initial stage of the research began with the preparation of the working environment to 

ensure that all required packages and dependencies were properly installed. This installation 

included core libraries such as pandas, scikit-learn, imbalanced-learn, transformers, torch, and 

matplotlib for analysis, modeling, and visualization purposes. 

In addition, a random seed was set to guarantee that the experimental process could be 

reproduced with consistent results. Device checking (CPU or GPU) was also performed to 

(7) 

(8) 
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optimize computational performance, particularly when running text representation using the 

transformer-based IndoBERT model. 

With this setup step, the entire research process ranging from data preprocessing, model 

training, to system integration into the application could be executed within a stable and 

controlled environment, as illustrated in Figure 1 below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Required Package Installation 

 

The first stage of the research was to collect user reviews of the Halodoc application from the 

Google Play Store for the period of January to March 2025. These reviews were used as the primary 

source for sentiment analysis, as they reflect user experiences, satisfaction, and complaints regarding 

the Halodoc digital pharmacy service. 

The data collection process was carried out using the google-play-scraper library by utilizing the 

reviews() function, which provides a mechanism to scrape the latest reviews. To ensure that the data 

met the research requirements, a filter was applied based on the time range (January 1 – March 31, 

2025). Each batch of scraped data was then further filtered to include only reviews within the specified 

period. 

All collected reviews were stored in a Pandas DataFrame and exported into a CSV file 

(halodocx_reviews_jan_mar_2025.csv). This file served as the foundation for the subsequent stages, 

namely text preprocessing, representation with IndoBERT, and classification model training. 

Through this step, the research obtained an actual and relevant dataset within the defined 

timeframe, allowing the analysis results to better reflect the state of Halodoc’s service during the study 

period, as shown in Figure 2 below: 
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Figure 2. Scrapping Halodocs Reviews 

 

The data in the table below represents the results of scraping user reviews of the Halodoc 

application from the Google Play Store during the period of January–March 2025. Each row 

corresponds to one review with several important recorded attributes. The data is presented in Figure 3 

below: 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Dataset Halodoc Scrapping Result 

 

Before further analysis was conducted, the scraped user review dataset from the Google Play 

Store needed to be normalized to ensure a consistent column structure. The first step was converting all 
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column names into lowercase to prevent errors caused by capitalization differences, for example, 

Content and content. Next, since the dataset could contain different variations of text column names, a 

list of candidate names was prepared, including clean_text, review, content, text, ulasan, full_text, and 

comments. The system automatically searched for one of these candidates and set it as the main 

column with a standardized name, clean_text. 

Once the main text column was determined, minimal cleaning was performed, such as converting 

values to strings, trimming leading and trailing spaces, and removing empty rows. As a result, a well-

structured clean_text column was obtained and prepared for the IndoBERT representation stage. Some 

examples of entries in this column after normalization include: “sangat membantu dikala dokter umum 

offline lib…”, “bnr2 membantu”, and “alhamdulillah ngebantu saat sakit gak usah bra…”. 

This preprocessing step is crucial as it ensures that the highly varied user-generated text is 

standardized and thus can be effectively processed in machine learning modeling. The results of this 

step are shown below: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Lowercase column name 

The preprocessing stage resulted in a primary column named clean_text, which contains 

normalized user reviews of the Halodoc application. Figure 5 presents a portion of the clean_text 
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column, displaying entries from the first row to the last row. It can be observed that the user reviews 

are generally concise and straightforward, such as “sangat membantu dikala dokter umum offline 

lib…”, “bnr2 membantu”, and “Dokter ramah � terimakasih”. 

The total amount of data obtained after cleaning was 1,481 rows of reviews with one main text 

column. This stage ensured that all user review data had a standardized format, free from missing 

values, and ready to be used for the next processes, namely sentiment labeling based on rating scores 

and feature extraction using IndoBERT representation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Clean Text 

 

The next stage after text normalization was sentiment labeling based on the rating scores provided 

by users in their Google Play Store reviews. This process was carried out using a simple rule: reviews 

with scores of 1–2 were labeled as Negative, a score of 3 was labeled as Neutral, and scores of 4–5 

were labeled as Positive. 

Thus, each review contained not only the cleaned text (clean_text) and its numerical rating 

(score), but also the corresponding sentiment label (sentiment). Figure 6 presents a portion of the 

labeling results, showing that reviews such as “sangat membantu dikala dokter umum offline lib…” 

with a score of 5 were labeled as Positive, while reviews like “bad, udah beli salep harusnya dapet 

konsultasi…” with a score of 1 were labeled as Negative. 

The final dataset ready for modeling consisted of 1,481 rows with three main columns: clean_text, 

score, and sentiment. This stage ensured that the dataset was well-structured and prepared for further 

processing, namely feature representation using IndoBERT and classification using the Random Forest 

algorithm, as described in the following stages. 
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Figure 6. Label of Score 

 

The next stage was feature extraction using IndoBERT for text representation. In this stage, the 

pre-trained model indobenchmark/indobert-base-p1 was downloaded from HuggingFace and used to 

generate vector embeddings from each review. Figure 7 illustrates the process of loading various 

configuration and parameter files such as tokenizer_config.json, vocab.txt, and pytorch_model.bin 

(approximately 500 MB in size), which contains the model weights. 

The text representation was obtained using the mean-pooling technique, where the 

hidden states of each token in a sentence are averaged to produce a single vector with a fixed 

dimension (768 features). Formally, this can be expressed as: The next stage was feature 

extraction using IndoBERT for text representation. In this stage, the pre-trained model 

indobenchmark/indobert-base-p1 was downloaded from HuggingFace and used to generate vector 

embeddings from each review. Figure 7 illustrates the process of loading various configuration 

and parameter files such as tokenizer_config.json, vocab.txt, and pytorch_model.bin 

(approximately 500 MB in size), which contains the model weights. 

The text representation was obtained using the mean-pooling technique, where the 

hidden states of each token in a sentence are averaged to produce a single vector with a fixed 

dimension (768 features). Formally, this can be expressed as: 

 

 

 

 

 

 

Figure 7.  IndoBERT + mean-pooling 
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After the user review data was cleaned and labeled, the next stage was data splitting for model 

training and testing. This process was performed using the train_test_split function from scikit-learn, 

with a proportion of 80% for training data and 20% for testing data. The parameter random_state was 

set to a fixed value (SEED = 42) to ensure reproducibility, meaning that the experiment could be 

repeated with the same data partitioning. 

In addition, the option stratify = y_rb was applied so that the distribution of sentiment labels in 

both the training and testing sets remained proportional to their original distribution. Formally, this can 

be expressed as: 

 

 

 

 

 

Figure 8. Split Data 
 

After the Random Forest model was trained using IndoBERT representations, its performance 

was evaluated on the test data that had not been seen before. The evaluation results were presented in 

the form of a classification report, as shown in Figure 9. Overall, the model achieved an accuracy of 

93%, with the highest F1-score in the Positive class (0.98). This finding aligns with the data 

distribution, where the majority of Halodoc user reviews tended to be positive. 

For the Negative class, the F1-score was still fairly good at 0.67, with precision of 0.62 and recall 

of 0.73, indicating that the model was relatively capable of detecting negative reviews despite the 

limited number of samples. However, in the Neutral class, the model’s performance was much lower, 

with an F1-score of only 0.14, which was influenced by the very small number of neutral reviews, 

making it difficult for the model to learn language patterns in this class. 

The weighted average results demonstrated consistently high values for precision, recall, and F1-

score (0.92–0.93), suggesting that the model was quite reliable overall. Nevertheless, the macro 

average was only around 0.60, indicating uneven performance across classes, particularly due to the 

weakness in the Neutral class. 

Thus, although the model successfully delivered strong performance for the dominant class, 

further efforts such as data balancing or augmentation techniques are needed to improve the model’s 

ability to classify all sentiment categories more evenly: 

 

 

 

 

 

 

 

 

Figure 9. Classification Report 
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Figure 10 presents the model evaluation results in the form of a confusion matrix after the 

re-bucketing of sentiment labels. The confusion matrix provides a visual overview of the 

number of correct and incorrect predictions for each class. Based on the testing results, the 

model was able to predict the Positive class very well, with 260 positive reviews correctly 

classified. For the Negative class, 16 instances were correctly classified, although some 

misclassifications occurred, with 2 reviews predicted as Neutral and 4 reviews predicted as 

Positive. Meanwhile, the performance on the Neutral class remained low, with only 1 review 

correctly identified, while the rest were misclassified into the Negative class (6 reviews) or the 

Positive class (4 reviews). 

In general, this pattern indicates that the model tends to have a bias toward the Positive 

class, which can be attributed to the fact that the majority of user reviews indeed come from 

users giving high scores. This leads to relatively weak performance in the Neutral class, due to 

the limited number of training samples in that category. Nevertheless, the confusion matrix 

also shows that the model is still fairly reliable in distinguishing Negative reviews from 

Positive ones, even though some misclassifications remain. 

These results highlight the importance of applying data balancing strategies, such as 

SMOTE (Synthetic Minority Over-sampling Technique) or the inclusion of additional Neutral 

data, to improve the model’s ability to classify all sentiment classes more evenly 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. Confusion Matrix (Re-bucket) 

Figure 11 shows a comparison of sentiment class distribution between the initial labeling 

results and after the re-bucketing process. In the Original Class Distribution chart, the Positive 

class was highly dominant with 1,315 reviews, while the Negative class contained only 138 

reviews, and the Neutral class was very limited with only 28 reviews. This imbalance in 
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distribution has the potential to cause the model to become biased toward the majority class, 

thereby reducing classification performance for the minority classes (Negative and Neutral). 

To mitigate this imbalance, a re-bucketing strategy was applied by regrouping the rating 

scores: a score of 1 as Negative, scores of 2–3 as Neutral, and scores of 4–5 as Positive. The 

results can be seen in the Re-bucketed Class Distribution chart, where the number of Negative 

reviews became 111, Neutral reviews increased to 55, while Positive reviews remained 1,315. 

Although class imbalance still exists due to the dominance of the Positive class, the increase in 

Neutral reviews provides a more balanced dataset, which is expected to improve the model’s 

ability to recognize Neutral sentiment variations. 

This stage was essential as part of data adjustment before proceeding to the machine 

learning process using IndoBERT representation and the Random Forest algorithm. 
 

 

 

 

 

 

 

 

 

 

 

Figure 11.  Distribution Graphic Distribution Class (Re-bucket) 

As an additional output of this research, a Flask-based web application prototype was 

developed to enable interactive model testing. The application interface, as shown in Figure X, 

was designed to be simple yet functional, with two main features. 

The first feature is the Quick Test (Single Text) menu, which allows users to input a single 

review sentence, after which the system immediately displays the predicted sentiment along 

with its confidence score. For example, the review “Pelayanan apoteknya cepat dan ramah, 

obat lengkap” (“The pharmacy service is fast and friendly, with complete medicine”) was 

successfully predicted as Positive with a confidence of 0.666. 

The second feature is Batch via CSV, where users can upload a CSV file containing 

multiple reviews with one text column (e.g., clean_text, review, or content). Once uploaded, 

the system processes the entire dataset simultaneously and generates an output file containing 

additional columns for sentiment predictions and confidence scores. Furthermore, the 

application also provides an API endpoint (JSON) that can be accessed by external systems 

for integration, such as with academic applications or monitoring dashboards. 

The development of this prototype demonstrates that the IndoBERT + Random Forest 

model built in this study goes beyond analysis and can be implemented as a practical and user-

friendly application. Thus, the outcomes of this research provide not only a theoretical 

contribution in terms of model performance evaluation but also a practical contribution in 

the form of a tool for real-time sentiment analysis of user reviews on the Halodoc pharmacy 

service 
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This research successfully developed and integrated two machine learning algorithms, Random 

Forest (RF) and XGBoost (XGB), into a web-based credit card fraud detection application using the 

Python Flask framework. The study demonstrated that both algorithms achieved high accuracy in 

detecting fraudulent transactions, with Random Forest showing stronger recall in identifying fraud 

cases, while XGBoost exhibited higher precision by minimizing false positives. 

To enhance model performance in handling imbalanced data, SMOTE was applied during 

preprocessing, resulting in more balanced class distribution and improved detection of minority fraud 

cases. The models were further optimized through hyperparameter tuning to maximize accuracy and 

reliability. 

The system was implemented as a functional Flask web application with key features including 

CSV upload for batch prediction, manual single-transaction testing, adjustable threshold settings, and 

downloadable prediction results. An additional ensemble approach (RF+XGB) was also provided, 

leveraging the complementary strengths of both algorithms to achieve more reliable fraud detection. 

Overall, this research contributes to the development of a practical and effective fraud detection system 

that can be applied in real-time credit card transaction environments. Beyond academic significance, 

the proposed system has strong potential for adoption by financial institutions to mitigate risks of 

fraudulent activities and to strengthen digital payment security 

 

 

 

 

 

 

 

 

Figure 12.  Prototype aplication web Flask Base 

4. Conclusion 

This research successfully demonstrated the integration of IndoBERT representations with the 

Random Forest algorithm for sentiment analysis of user reviews of the Halodoc pharmacy service on 

Google Play. The study was conducted through several structured stages, starting from data collection 

via web scraping, preprocessing and normalization of reviews, sentiment labeling, text representation 

with IndoBERT embeddings, model training and evaluation, and finally system implementation in a 

Flask-based web application. 

The evaluation results showed that the proposed model achieved an overall accuracy of 93%, with 

the highest performance in the Positive class (F1-score of 0.98). Although the performance for the 

Negative class was reasonably good (F1-score of 0.67), the model still struggled to classify Neutral 
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reviews (F1-score of 0.14) due to the limited number of neutral samples. The confusion matrix and 

class distribution analysis indicated a bias toward the Positive class, reflecting the real-world 

imbalance in user review data. The application of a re-bucketing strategy partially mitigated this issue, 

but further improvements such as data balancing techniques (e.g., SMOTE) and data augmentation are 

recommended to enhance the model’s ability to classify all sentiment categories more evenly. 

Beyond theoretical findings, this research also delivered a practical contribution by developing a 

Flask-based prototype application that allows both single-text and batch (CSV) testing, as well as API 

integration for external systems. This prototype highlights the applicability of the IndoBERT + 

Random Forest model as a practical sentiment analysis tool that can support decision-making and 

service improvement in digital pharmacy platforms like Halodoc. 

In conclusion, the study contributes to both the academic and practical domains by demonstrating 

the effectiveness of combining IndoBERT embeddings with Random Forest for sentiment 

classification in Bahasa Indonesia, while also providing a functional tool that can be deployed in real-

world scenarios. 
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