
 

 

 

Sentiment Analysis of MobileJKN App Reviews using 

Neural Network Algorithm 
 

Muhammad Daffa Ayyasy 1 *, Rudi Kurniawan, Yudhistira Arie Wijaya 3 

 
1,2,3STMIK IKMI Cirebon 

mdaffaayyasy1102@gmail.com 1 * 

 

 

Abstract 
 

The advancement of information technology has encouraged the use of user data to improve digital services, particularly in health-related 

applications such as MobileJKN, developed by BPJS Kesehatan Indonesia. This research conducts sentiment analysis on user reviews of 

MobileJKN from the Google Play Store, aiming to identify key areas for improvement based on user perceptions. A Deep Learning 

approach is utilized, with Neural Networks as the primary model and Altair AI Studio as the main data processing tool. Following the 

Knowledge Discovery in Databases (KDD) methodology, the study involves various preprocessing stages including case folding, 

tokenization, filtering, stopword removal, and stemming, using the Kamus Besar Bahasa Indonesia (KBBI) to standardize local language 

terms. After preprocessing, clustering and classification are performed to extract sentiment patterns. The most frequently mentioned 

keywords “register,” “app,” “number,” “sign in,” and “verify” highlight common user concerns. The sentiment classification model 

achieved a 100% accuracy rate, with the Shuffled Sampling technique and a 90:10 training-testing ratio yielding optimal results. These 

findings demonstrate the effectiveness of Neural Networks in analyzing sentiment within health applications, providing valuable insights 

for developers seeking to enhance MobileJKN’s performance and user satisfaction. The study also offers a practical reference for future 

sentiment analysis research in the Indonesian digital health context. 
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1. Introduction 

The development of information and communication technology has led to significant changes across various sectors, such as business, 

education, and healthcare. These changes have resulted in a massive and diverse volume of data from various digital platforms, such as 

social media, mobile applications, and e-commerce. In order to improve the quality of healthcare services, leveraging user data through 

sentiment analysis of health app reviews has become crucial. The MobileJKN app, released by BPJS Kesehatan Indonesia, has many 

reviews on the Google Play Store, offering an opportunity to gather useful information through sentiment analysis. Deep learning 

approaches, particularly neural networks with complex architectural structures, have shown great potential in classifying sentiments with 

higher accuracy, especially for Indonesian text rich in context [1].  

 

One of the main challenges in sentiment analysis of MobileJKN app reviews is identifying the most frequently occurring words or phrases 

in specific sentiments. These words typically have unique characteristics, both in their usage patterns and context, which require special 

approaches for accurate identification. Furthermore, selecting the appropriate sampling technique to produce the best accuracy model is 

also a challenge that needs to be addressed. The comparison between the training and testing data ratio also affects the model's performance 

in sentiment classification, making it essential to find the most effective ratio. Several previous studies have developed deep learning 

models for sentiment analysis, such as multi-head attention mechanisms, RNN classification, and LSTM-CNN optimized with grid search 

[2].  

 

While these models have demonstrated good performance in sentiment analysis, most of these studies focused on the English language or 

specific domains that may not be relevant to Indonesian and the context of local health apps. This study seeks to address this gap by 

adapting neural network models for Indonesian language reviews and integrating relevant dictionaries to improve classification 

performance [3].  

 

The goal of this research is to enhance the sentiment classification model for MobileJKN app reviews using Neural Networks. By tailoring 

the deep learning model for Indonesian, particularly in health apps, this study aims to fill the gaps in previous research. The practical 

benefits of this research include improving the quality of app services through a deeper understanding of user reviews, as well as 

contributing to information and communication technology related to sentiment analysis. The approach used in this study is quantitative, 

using experiments based on a deep learning framework to build a Neural Network model, utilizing labeled review data through clustering 
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techniques. The methodology applied refers to Knowledge Discovery in Database (KDD), which includes the stages of Data Selection, 

Pre-Processing, Transformation, Data Mining, and Evaluation. During preprocessing, case folding, tokenization, token filtering (by length), 

stopword filtering, and stemming are performed [4].  

 

The Kamus Besar Bahasa Indonesia (KBBI) is used as a reference to ensure optimal data normalization. This stage also includes 

transforming local language into standard language and removing irrelevant foreign language terms. Local and foreign languages in this 

context refer to non-standard lexicons, abbreviations, or informal expressions commonly used on social media. The model's performance 

will be measured using metrics such as accuracy, precision, and recall, aiming to extract patterns or critical information from MobileJKN 

app user reviews [5].  

 

The expected outcome of this research is to improve the accuracy and precision of sentiment classification models, which can be beneficial 

in understanding user feedback. These findings have the potential to form the basis for future research on sentiment analysis technologies 

specific to the healthcare domain and the Indonesian language [6].  

Additionally, this study can provide practical insights for app developers, which are essential in ensuring that digital healthcare services 

are more responsive and data-driven [7]. 

 

2. Research Methodology 

 
This study utilizes a quantitative research method with an experimental approach, focusing on sentiment analysis of user reviews for the 

MobileJKN application available on the Google Play Store. The objective is to explore user perceptions and experiences with the app 

through a structured classification of sentiment using Neural Network algorithms. The reviews are categorized into three sentiment classes: 

positive, negative, and neutral. The choice of Neural Networks is based on their ability to handle large, unstructured textual data and 

identify complex patterns, making them suitable for analyzing diverse and spontaneous user feedback. The experimental approach in this 

context is used to test hypotheses and validate theoretical assumptions related to user satisfaction and service performance in the 

MobileJKN app.  

 

The data used in this study is secondary data, sourced from 1,400 user reviews collected through scraping techniques from the Google Play 

Store. A netnographic approach was applied in the data collection process to ensure authentic, user-generated content that reflects real-life 

experiences. The data was stored in CSV format to facilitate efficient preprocessing, which includes case folding, tokenization, filtering by 

word length, stopword removal, and stemming.  

 

 

The Kamus Besar Bahasa Indonesia (KBBI) was used as the reference lexicon to standardize Indonesian terms, while foreign and non-

standard language content was excluded. The analysis process follows the Knowledge Discovery in Databases (KDD) methodology, which 

consists of several stages: data selection, preprocessing, transformation, data mining, and evaluation. The sentiment classification process 

using the Neural Network algorithm achieved a 100% accuracy rate, with the Shuffled Sampling method and a 90:10 train-test data split 

yielding the most optimal results.  

Key terms such as “register,” “app,” “number,” “sign in,” and “verify” emerged as the most frequently mentioned words in the reviews, 

highlighting user concerns related to account access and verification issues. These findings not only demonstrate the effectiveness of Neural 

Networks in sentiment analysis but also provide actionable insights for app developers to improve service delivery and user experience.  

The study was conducted over a four-month period from September to December 2024, allowing for a structured and thorough 

implementation of all research stages, and offering practical contributions to both academic research and the development of health-related 

digital services in Indonesia. 

3. Results and Discussion 

3.1. Results 

 

 

 

 

Fig. 1: Install google-play-scraper 
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Fig 2: MobileJKN Data Scraping Process 

Table 1: Python Scraping Data Results 

No Parameter Content 

1 Type Include attributes 

2 Attribute filter type A subset 
3 Select subset ReviewId 

 

Evaluation is a crucial step in assessing the performance of the generated model, as well as manually calculating accuracy, recall, and 

precision values. The calculation is based on the results obtained from the Split Data operator using the Shuffled Sampling technique with 

a ratio of 90% training data and 10% testing data. The table below shows the results of applying the 90% training data and 10% testing 

data ratio using the Split Data operator, demonstrating the Neural Network model's excellent performance with a 100% accuracy rate [8].  

All data in each cluster (neutral, positive, and negative) were accurately predicted without any misclassification. Predictions for true 

cluster_0 (neutral), consisting of 10 data points, true cluster_2 (positive) with 8 data points, and true cluster_1 (negative) with 21 data 

points, each achieved perfect precision and recall, both at 100%.  

 

This demonstrates the model's optimal performance in distinguishing data based on sentiment and highlights the Neural Network 

algorithm's capacity to effectively learn patterns and relationships within the dataset. Below are the manual calculations for evaluation: 

Precision and recall for each cluster were calculated by dividing the number of correctly predicted data points by the total number of data 

points in the cluster. For cluster_0 (neutral), the model correctly predicted all 10 data points, achieving 100% precision and recall. Similarly, 

for cluster_2 (positive) and cluster_1 (negative), the model also predicted all data points correctly, resulting in 100% precision and recall 

for both clusters. These perfect scores demonstrate the model’s efficiency in classifying sentiment accurately across all clusters [9]. 

3.2. Discussion 

At this stage, the goal is to identify the most frequently appearing words in user reviews of the MobileJKN application. This process is 

carried out to study language patterns and identify key words that are dominant in these reviews. This research aims to uncover important 

words that may reflect user sentiment toward the application, whether positive, negative, or neutral, through frequency data analysis. The 

identification results will be presented in a table, utilizing the Wordlist to Data operator, Sort, and Filter Example Range in Altair AI Studio 

[10].  

The identification process can be seen in Figure 3.3 below. 

 
Fig 3: Identification Process 

Figure 3 displays the WordList to Data operator used to convert a list of words into a structured dataset. This dataset contains 

information such as the list of words, the frequency of word occurrences in the document, and the total number of words. The results of 

WordList to Data are shown in Table 1 below. 

Table 2: WordList to Data Results 

No Word In Document Total 

1 abaikan 1 1 

2 abis 7 7 

3 aceh 1 1 

4 ada 3 3 

5 admin 19 25 
... ... ... ... 

250 entas 1 1 

251 error 44 50 

252 erti 5 5 
... ... ... ... 

951 ya 7 7 

952 zaman 3 3 
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After obtaining the results from the WordList to Data operator, the process continues with the use of the Sort operator to sort the 

frequency of word occurrences from the most frequent to the least frequent (descending order). Next, the Filter Example Range operator 

is used to select the data to be displayed. In this study, the first row to the 25th row will be shown. Therefore, the results displayed are 

limited to rows 1 through 25. The process and results of the combination of the Sort and Filter Example Range operators [11]. 

Table 3: Sort Operator Parameters 

No Parameter Content 

1 sort by attribute name   
sorting order  

total descending 

 
Table 4: Filter Example Range Operator Parameters 

No Parameter Content 

1 first example 1 

2 last example 25 

 
Table 5: Sort and Filter Example Range Results 

No Word In Document Total 

1 daftar 431 656 

2 aplikasi 467 646 

3 nomor 252 420 
4 masuk 259 367 

5 verifikasi 253 353 

6 kode 198 255 

7 tolong 227 251 

8 baik 193 200 
9 pakai 146 197 

10 coba 156 184 

11 susah 146 169 

12 buka 130 164 

13 mohon 153 161 
14 mudah 137 154 

15 bantu 139 146 

16 kirim 113 144 

17 muncul 119 144 

18 udah 117 144 
19 kali 119 135 

20 bpjs 106 133 

21 data 111 128 

22 antre 93 121 

23 layan 98 115 
24 ulang 85 112 

25 akun 92 111 

 

Table 5 displays the results of identifying the most frequently occurring words in user reviews of the MobileJKN application. The words 

“daftar” (register) and “aplikasi” (application) appear most frequently, with 656 and 646 occurrences respectively, followed by words such 

as “verifikasi” (verification), “masuk” (login), and “nomor” (number). These words indicate that users are primarily focused on the 

registration and verification processes as well as technical issues. In addition, words like “tolong” (please/help), “bantu” (assist), and 

“mohon” (request) reflect user appeals for help, while “mudah” (easy) and “baik” (good) suggest positive experiences. On the other hand, 

words such as “susah” (difficult) and “ulang” (repeat) indicate problems users have encountered [12].  

These findings provide an overview of the key concerns and points of satisfaction expressed by users, which can serve as a basis for 

improving the quality of the MobileJKN application services. The following section presents a word cloud visualization featuring the 25 

most frequently mentioned words in user reviews of the MobileJKN app. The size of each word corresponds to its frequency larger words 

indicate higher frequency [13]. 

 

These findings are supported by research conducted by Pal, which indicates that user experiences with digital healthcare applications are 

often influenced by technical aspects and the ease of use of the application. Additionally, Zhao emphasizes the importance of user 

experience in digital service environments to enhance satisfaction and trust in digital products. 

At this stage, an analysis was conducted to determine which sampling technique yields the highest accuracy for the Neural Network model 

used in this study. The techniques assessed include Linear Sampling, Shuffled Sampling, and Stratified Sampling, with evaluation based 

on the model's accuracy for each respective method. The analysis is presented systematically to identify the most effective sampling 

technique in managing data distribution, thus ensuring optimal model performance. This analysis is displayed in Table 6 to facilitate 

understanding of the described process [14].  
Table 6: Analysis of Sampling Techniques on Model Accuracy 

No Sampling Technique Ratio Accuracy (%) 

1 Linear Sampling 90 : 10 97.44   
80 : 20 93.59   
70 : 30 89.74 

2 Shuffled Sampling 90 : 10 100.00   
80 : 20 94.87   
70 : 30 96.58 

3 Stratified Sampling 90 : 10 92.31 
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80 : 20 96.15   
70 : 30 94.87 

 

Based on Table 6 it is evident that the Shuffled Sampling technique with a training and testing data ratio of 90:10 yields the highest accuracy 

value of 100%, followed by the same technique at a 70:30 ratio with an accuracy of 96.58%. This technique outperforms both Linear 

Sampling and Stratified Sampling, which show lower accuracy across all data split ratios. These results indicate that Shuffled Sampling 

can better handle data variation, ensuring a random yet proportional distribution. Therefore, Shuffled Sampling is selected as the most 

effective sampling technique to support the performance of the Neural Network model in this study. This analysis highlights the importance 

of choosing the appropriate sampling technique to maximize the results of data classification. An effective sampling technique is crucial 

for dealing with imbalanced data and improving classification accuracy [15].  

 

Although Stratified Sampling can provide a more proportional data distribution in cluster analysis, it may still face limitations in handling 

the complexity of textual data. In contrast, this study achieved the best accuracy using Shuffled Sampling [16].  

This approach enables the Neural Network model to be trained with a better data distribution, resulting in optimal classification 

performance. Hence, these findings emphasize the significance of selecting the right sampling method to support the effectiveness of 

sentiment classification models. 

 

This stage focuses on comparing different train-test data ratios to determine which yields the best accuracy for the Neural Network model. 

In this study, three sampling techniques were tested Linear Sampling, Shuffled Sampling, and Stratified Sampling using different data split 

ratios: 90:10, 80:20, and 70:30. The goal is to identify the data split ratio that delivers the best performance based on the accuracy results 

obtained from each sampling technique [17].  

 

Based on Table 3.7, the 90:10 ratio delivers the best results for the Shuffled Sampling technique, achieving an accuracy of 100%. 

Meanwhile, for Linear Sampling and Stratified Sampling, although the 90:10 ratio also yields relatively high accuracy 97.44% and 92.31% 

respectively it still falls short compared to the results obtained using Shuffled Sampling at the same ratio [18].  

Overall, the comparison of train-test data ratios shows that the 90:10 ratio provides optimal performance in enhancing the Neural Network 

model's accuracy, particularly when using Shuffled Sampling as the sampling technique. These results indicate that selecting the optimal 

train-test data ratio is crucial to ensuring a balanced model training and testing process [19].  

Moreover, research by highlights that the 90:10 ratio is commonly used in various applications due to its ability to produce consistent and 

accurate results, especially in handling complex data such as sentiment analysis. This aligns with the current study’s findings, where the 

best results were achieved using a 90% training and 10% testing ratio. However, the findings also show that despite generally good 

performance across techniques, Stratified Sampling produced the lowest accuracy in the experiment using the 90:10 ratio [20]. 

4. Conclusion  

This study presents several key findings regarding the sentiment analysis of app reviews based on experimental results. In line with the 

research questions, the following conclusions can be drawn. First, the sentiment analysis revealed that the most frequently occurring words 

in user reviews are “daftar” (register), “aplikasi” (application), “nomor” (number), “masuk” (login), and “verifikasi” (verification), 

indicating that users primarily focus on technical aspects of the app usage process. Second, the application of the Neural Network algorithm, 

combined with Shuffled Sampling, successfully achieved a maximum accuracy of 100%, demonstrating the effectiveness of this 

combination in optimizing model performance and accurately classifying sentiment in reviews. Third, the optimal train-test data ratio 

identified in this study is 90% training data and 10% testing data, which significantly contributed to the model's high accuracy. Based on 

these findings, several recommendations are proposed to improve user experience, enhance algorithm performance, and refine training 

methodologies for better outcomes. Firstly, considering the frequent occurrence of technical-related keywords, it is recommended that 

developers focus on improving the user experience in processes such as registration, verification, and app access. Addressing these concerns 

through more intuitive features could help reduce the user difficulties frequently mentioned in the reviews. Secondly, while the Neural 

Network algorithm and Shuffled Sampling have proven highly effective, it is advised to continue testing with larger and more diverse 

datasets to maintain performance under more complex conditions. Future research may also explore the influence of additional algorithm 

parameters to enhance processing speed and model efficiency. Furthermore, while the 90:10 train-test data ratio yielded optimal results in 

this study, it is advisable to continue using this ratio in similar training scenarios. However, testing alternative ratios remains important to 

evaluate model stability under varying conditions and to understand potential accuracy shifts under different data configurations. Overall, 

these findings emphasize the significance of technical factors in user satisfaction and the importance of choosing effective sampling 

techniques and data ratios to support robust sentiment classification. Future work that builds on these insights may further improve the 

development of digital health applications and their reception among users. In conclusion, this research highlights the value of data-driven 

approaches in understanding user sentiment and improving app performance. By focusing on the most frequent pain points identified 

through text analysis and optimizing machine learning methods, developers and researchers alike can better address user needs and enhance 

the functionality of health-related digital platforms. 
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