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Abstract: This investigation examines more than 65,000 user evaluations 

from the Google Play Store concerning sentiment toward the Digital 

Korlantas POLRI application. Reviews were systematically processed and 

categorized through Naïve Bayes, Support Vector Machine, and Random 

Forest classifiers, thereby highlighting the perceived strengths and 

weaknesses of the platform. Among the tested models, Naïve Bayes 

outperformed the others, yielding the greatest accuracy, precision, and recall. 

The analysis therefore provides quantifiable evidence of the application’s 

functional efficacy, the nuances of user experience, and the quality-of-

service delivery. Such findings constitute actionable feedback for iterative 

enhancements aimed at optimizing application performance and augmenting 

user satisfaction. Future investigations may expand this foundational work 

by broadening the dataset to encompass diverse feedback channels and 

employing aspect-based sentiment analysis to isolate and scrutinize 

particular features and localized user concerns. 
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Introduction 

Gusman (2024) explains that the incorporation of 

Information and Communication Technology (ICT) into 

public administration has significantly transformed 

service delivery systems. Indonesia’s e-government 

initiatives aim to improve transparency, efficiency, and 

citizen participation. Digital Korlantas POLRI 

application (also referred to as SINAR) is one of the 

applications developed by Indonesian National Police 

(POLRI) which enables the issuance and renewal of 

drivers’ licenses (SIM), registration of vehicles, and 

provision of information on traffic violations (Fig. 1). 

Andriansyah, et al. (2024) note that digitization removes 

the need for citizens to physically visit police offices for 

services. 
Jusal (2024) emphasizes that user satisfaction and user 

experience are critical indicators of the effectiveness of 

digital public service platforms. Puspasari et al. (2024) 

state that online reviews and user feedback from the 

Google Play Store provide valuable insights into public 

perceptions of digital applications. The low rating of 3.7 

stars out of 5 in April 2025, along with numerous user 

complaints indicates disappointing services. (Kurniawati 

et al., 2019) found that user ratings and feedback often 

reveal service dissatisfaction and highlight areas requiring 

improvement.  
 

 
 
Fig. 1: Digital Korlantas POLRI Application 

 

The increasing user base of the Digital Korlantas 

POLRI has led to evaluations that enhance its resource 

capacity, leading to better the quality of digital public 

services for law enforcement. User reviews, particularly 

research analyzing reviews, clearly discusses certain 

aspects of the overall status of user experience, 
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functionality-related difficulties, and general user 

satisfaction. Purba and Yadi (2023); Utami and Erfina 

(2021) indicate that application store reviews are a 

valuable source of user-generated feedback for evaluating 

digital services. Thus, the goal of this research is to 

identify focus areas that need intervention through the 

application of critical sentiment analysis methods along 

with the evaluation of trends in user sentiment across 

these areas. The research will take into account the 

evassluation of the feedback coming from users 

concerning the Digital Korlantas POLRI application 

which has been acquired across the one-year duration. 

Sentiment analysis is used as a text-mining tool 
measures user perspectives based on both positive and 
negative reviews about Digital Korlantas POLRI 
application (Avlach and Yamasari, 2025; Nurcahyawati 
and Mustaffa, 2023). The public reviews are fundamental 
in determining application development strategies and 
digital government service innovations (Thakkar and 
Varma, 2020). The research's main objective is to collect 
and analyze user appraisals on the Digital Korlantas 
POLRI application from the Google Play Store. 
(Wankhade and Patil, 2020) explain that web scraping 
combined with sentiment analysis enables systematic 
evaluation of user feedback. This helps enhance 
understanding of users' expectations. Their pain points 
and the satisfaction factor lead to purposeful evidence 
application into practical application to improve strategy.  

Sentiment analysis, in NLP parlance, is the 
computational study of the emotions, sentiments, and 
opinions expressed through textual data. Sentiment 
analysis has been used in the area of public service 
delivery in understanding user reviews for a range of e-
government applications, forming data-informed insights 
to improve services (Rizkiansyah et al., 2022). Sentiment 
analysis has been used in studies to evaluate the user's 
view on some regional e-government applications in 
Indonesia, such as Sapawarga and Jaki. This could show 
the important factors that shape user satisfaction such as 
application performance, usability, and data security 
(Nurmalasari et al., 2023).  

The Digital Korlantas POLRI application can be 
utilized for the analysis of sentiments as to the experiences 
and attitudes of users with the app in order to make 
recommendations for its innovations in service delivery 
thereby enhancing the image of POLRI to the public 
(Handika et al., 2024). Naïve Bayes is a classification 
method utilizing Bayes' theorem and is statistical by using 
probability. Random Forest, which employs internal 
division on the predictor variable to predict the outcome 
and is simple in its model, and Support Vector Machine, 
which is based on statistical learning theory, are some 
algorithms that can be analyzed for user sentiment and find 
inside the most common themes from user-generated 
evaluations on the Digital Korlantas POLRI platform (Chen 
et al., 2021; Choudhury, 2012; O’Connell et al., 2025).  

In this study, Naïve Bayes, Random Forest, and 

Support Vector Machine algorithms are applied to the 
collection of reviews written by Indonesian users over the 
span of one year. These models will be further tested to 
determine their classification effectiveness in the attempt 
to extract meaningful and reliable methodologies for 
analyzing Indonesian user reviews. The insights gleaned 

could be instrumental in gathering information that could 
be utilized for the proactive enhancement of user 
satisfaction, the robustness of the application, and the 
overall user experience. 

Data Mining 

Data mining is an application of machine learning that 
employs machine learning processes to determine 
important trends or patterns in large databases. 
Essentially, the process generates "knowledge" by 
analyzing the data in a systematic manner from amongst 

a large volume of data. Through this, it could search for 
the underlying patterns found on the applications 
advantages and disadvantages using such techniques to 
analyze the users' comments regarding the Digital 
Korlantas POLRI application. Murphy (2012) describes 
data mining as a process of extracting meaningful 

knowledge from large datasets. 

Sentiment Analysis 

Sentiment analysis refers to a collection of natural 

language processing techniques that interpret user 

emotions based on textual feedback to provide a data-

centric view on user satisfaction and experience. It 

analyzes and identifies linguistic and psychological 

understandings from comments and app reviews, dividing 

them based on sentiments to discover the features in the 

application that strike a chord with users or aggravate 

them. Rahman et al. (2020) suggest that sentiment 

analysis helps developers understand user emotions and 

improve application design. 

Aspect-Based Sentiment Analysis (ABSA) 

ABSA (Aspect-Based Sentiment Analysis) is an 

advanced form of sentiment analysis focused on the 

particular aspects of a product and the feelings 

corresponding to them by the users (Witten et al., 2011). 

It thus allows intricate analysis of user feedback about 

different aspects of the application, such as interface 

design and system performance, when applied in the 

Digital Korlantas POLRI application. 

Classification 

Classification includes a set of systematic processes to 

assign data elements to pre-existing categorical groups in 

machine learning. Mikolov et al. (2013) explain that 

classification techniques assign data elements into 

predefined categories. This classification technique helps 
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in understanding user sentiments by putting unstructured 

textual feedback into structured, analysable data capable 

of spotting patterns in user experiences and their 

satisfaction levels. 

Confusion Matrix 

Manning et al. (2008) described the confusion matrix as 

a common technique for evaluating classification accuracy. 

Related Work 

Recent studies into the sentiment analysis around the 

Digital Korlantas POLRI program demonstrate the 

efficacy of the machine learning models in user-review 

scenarios. It has been observed from the work assessing 

the public sentiment about the performance of POLRI that 

the implementation of Naïve Bayes serves quite well 

when large-scale sentiment data are involved (Handika et 

al., 2024). A number of comparative studies carried out 

on different machine learning algorithms emphasized the 

need for carefully selecting an appropriate one to increase 

the accuracy. It has been established that Naïve Bayes is 

an excellent choice for sentiment analysis of application 

reviews, given the high level of accuracy with which it 

can determine the sentiment of users (Puspasari et al., 

2024). Furthermore, Random Forest serves to analyze 

very complex sentiment data for public services like the 

Digital Korlantas POLRI application because it is 

recognized as a good algorithm for handling complex data 

sets while some-how maintaining the stability of the 

models (Handika et al., 2024). Continuous development 

of these models gives insight into the further enhancement 

of digital public service platforms like POLRI's 

(Puspasari et al., 2024). 

Methods 

Analysis of sentiment starts from implementing the 

Google Play Scraper library using Python in Jupyter 

Notebook to execute web scraping. The data was 

retrieved, went through the necessary steps including pre-

processing, feature extraction, and dividing the data into 

training and testing data subsets. Afterward, classification 

of sentiments was performed for analysis and results were 

compared and evaluated. Ultimately, the information 

gained throughout the process is visualized in order to 

gain greater understanding. 

Data Collection 

The entirety of the data collection process is outlined 

in Figure 2. For this particular case, the data under 

consideration was gathered from users’ ratings and 

reviews of the Digital Korlantas POLRI application on 

Google Play Store. This process involves web scraping 

and data exporting. With regard to this web scraping 

project, we employed the “Google Play Scraper” package 

in Python. The complete dataset comprises approximately 

65,629 reviews. 

Following this step, the results are stored in an XLSX 
file. The collected dataset comprises several columns 
containing attributes and functions which are shown in 
Table 1. 

The dataset supporting this research is publicly 
available through Zenodo: 
https://doi.org/10.5281/zenodo.16877219 

Text Preprocessing 

Text preprocessing refers to the methods of the procedure 
defined as transforming unprocessed text into an organised, 
clean format that can be analysed. Kannan and Gurusamy 
(2015) explain that text preprocessing converts raw textual 
data into a structured format suitable for analysis. 

Data Labeling 

Data labeling is the process of attaching a particular 

category or sentiment to a given piece of text, marking the 

beginning of supervised learning. Proper labeling guarantees 

that models learn the linkage between the features and output 

classes to be accurate (Sambasivan et al., 2021). In this study, 

reviews are labeled into categories based on sentiment to 

enable the application of classification algorithms.  

Case Folding 

Case folding is a type of text normalization which 

makes all letters of a given text into the same case, usually 

lower case, for uniformity across the text. This step 

reduces the effect of capitalization differences, treating 

words like ’Good’, ‘GOOD’, and ‘good’ as the same for 

analysis purposes. Case folding makes the text uniform 

and enhances the consistency of results in later steps like 

tokenization, filtering, and classification. Literature 

shows that incorporating case folding in the preprocessing 

pipeline improves the performance of text classification 

tasks by lower the perplexity and increasing accuracy on 

models (Uysal and Gunal, 2014).  
 

 
 
Fig. 2: Data collection method 
 
Table 1: Data Attribute and Data Type 

Attribute Description Type 

userName User’s name used  String 

 in the Google Play  

 Store  

score User’s rating Integer 

at Date when the  

 review was posted Datetime 

content User’s review String 

https://doi.org/10.5281/zenodo.16877219
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Data Filtering 

Data filtering enhances the accuracy and effectiveness 

of any subsequent analyses or modelling procedures 

through the selection of relevant data from a larger dataset 

by removing redundancy, irrelevant data, or noisy 

information (Radha et al., 2016).  

Tokenizing Data 

Tokenizing refers to the splitting of words into smaller 

parts known as tokens. Camacho-Collados and Pilehvar 

(2018) state that tokenization facilitates the discovery of 

certain linguistic patterns within the corpus. For data 

processing, tokenization is vital as it enables the computer 

system to process and comprehend the data by treating 

each token as an individual entity. 

Stop Word Removal 

Stop words include words such as “the,” “is,” “and,” 

“in,” and “of.” Within the domain of Natural Language 

Processing (NLP), such words are often omitted as they 

add unwanted noise to the data and increase its 

dimensionality. Eliminating stop words yields a well-

structured dataset that is less complex and more 

streamlined for analysis. 

It has been noted in previous works that the elimination 

of stop words is a fundamental step in tasks such as 

information retrieval, indexing, and even in more advanced 

operations like topic modeling and text classification 

(Sarica and Luo, 2021). Removing these words improves 

the text’s signal-to-noise ratio, thus increasing its statistical 

relevance in relation to the words that are essential for the 

operation at hand. For this research, a list of custom dataset-

specific stop words was created by merging the provided 

Indonesian stop words list from the NLTK database. This 

approach helps ensure the generic as well as context-

specific stop words are removed which improves the 

quality of textual data for deeper analysis. 

Data Stemming 

According to Jivani (2011), stemming is an integral 

part of an NLP project and is defined as the process that 

involves reduction of inflected or derived words to their 

base or root form. Text normalization is the process of 

transforming a vast number of diverse word forms into a 

small number of standardized and uniform representations. 

Stemming helps to improve the efficiency of text 

normalization and is also a useful step for a number of other 

text-related tasks including text classification, information 

retrieval, and even sentiment analysis.  

In this research, the Sastrawi stemming library for the 

Indonesian language has been used to apply the stemming 

technique to the Indonesian text data set. The stemming 

process reduces the redundancy of various word forms (by 

removing affixes) and improves the uniformity of the words. 

This leads to an increase in the effectiveness and accuracy of 

the text analyses that will be performed subsequently. 

Data Splitting 

Data splitting is an essential step in a machine learning 

workflow and occurs during the preprocessing phase in 

which a dataset is divided into multiple subsets. At the 

very least, one of the subsets is used for training and the 

other is used for testing. The evaluation method utilizes 

the principle of determining how accurate a model is that 

has been trained on one subset of data and produces 

predictions on a different subset of data (which was not 

used for training) and, therefore, enables the evaluation of 

the model’s ability to generalize. The importance of data 

splitting for the evaluation of machine learning models is 

discussed by Joseph and Vakayil (2022). 

In this research study, the pre-processed dataset was 

split into training and testing subsets following an 80:20 

split. An 80:20 data split is commonly used for this 

purpose because it aids in achieving a model-learning/ 

evaluation data sample balance (Alakwaa et al., 2017; 

Joseph and Vakayil, 2022; Gholamy et al., 2018) indicate 

that a data split allocation of around 70–80% is 

recommended for training the model and obtaining an 

evaluable model performance. Using this split, 9,021 

samples were used for training and 2,256 for testing, 

allowing the model to be trained on a sufficiently large 

data sample, while an unbiased data sample was retained 

for evaluating the model performance. 

Classification of Sentiment Analysis 

After completing the processes concerning data 

preprocessing, the next step of the investigation will be 

sentiment analysis implementation. In this step, the 

training of models which employs specific data mining 

techniques will be performed. The study performs 

comparative analysis using three algorithms for 

classification, namely: Naive Bayes, Support Vector 

Machine, and Random Forest. 

Naïve Bayes 

Naive Bayes is a probabilistic classifier which considers 

that the features are strongly independent, calculated through 

Bayes' theorem. It is widely employed in sentiment analysis 

because of its effectiveness and ease, especially with large 

datasets. With all its shortcomings, it still greatly excels in 

classifying text (Sumantiawan, et al., 2023). 

Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a supervised 
machine learning algorithm used at large for classification 
activities like sentiment analysis. SVM does this by 
determining the hyperplane that has the maximum 
distance from the nearest data points of any class, also 
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known as support vectors. In sentiment analysis, SVM is 
proven to work well in multidimensional feature space 
due to their considering each word as a feature. Since 
SVM is robust to overfitting and accommodates 
numerous sophisticated decision boundaries, it is well-
suited to differentiating positive and negative sentiments 
in the text data (Ahmad et al., 2018). 

Random Forest 

Random Forest is an ensemble learning method that 
builds large numbers of decision trees and averages their 
predictions to increase accuracy and stability. It is 
particularly helpful in sentiment analysis due to the large 
datasets where they tend to overfit (Pervan and Keleş, 2017). 

Sentiment Analysis Algorithm 

The next step after the preprocessing phases is the 
execution of the implementation of the processes of 
sentiment classification. An 11,277-record dataset is split, 
using a division of 80 to 20 for training versus testing. 
This study applies 3 classification algorithms, which 
include Naive Bayes, Support Vector Machine (SVM), 
and Random Forest, using the scikit-learn library. These 
algorithms allow data to be classified in a systematic way, 
thus enabling data to be classified for in-depth analytics. 

Evaluation and Comparison 

The Confusion Matrix for comparison and evaluation, 
which is used in this research, allows for evaluation across 
all evaluation and classification methods. Each step of the 
process receives a score, as all classification methods are 
compared on how well each instance is classified. This leads 
to one of the four outcomes: True Positive (TP), False 
Positive (FP), True Negative (TN), and False Negative (FN). 
Once classification outcomes are obtained, the effectiveness 
of each classification method is assessed based on the 
measures of Precision, Recall, F1 Score, and accuracy. 

Results and Discussion 

This study utilized a dataset of 65,629 user reviews 
collected from the Google Play Store within the timeframe 
of 22𝑛𝑛 April 2024 to 22𝑛𝑛 April 2025. During the data 
cleaning phase, a substantial portion of the raw data was 
excluded to ensure analytical reliability and data quality. 
Entries were filtered out if they had duplicates, missing or 
blank text fields, non-Indonesian language content, 
irrelevant characters, spam-like behavior, too short, 
semantically empty comments, or reviews with only emojis 
or punctuation. Using these validation and preprocessing 
parameters, 11,277 samples remained and were kept for 
analysis. The dataset was preprocessed and split into 
training and testing subsets in an 80:20 ratio, resulting in 
9,021 samples for training and 2,256 samples for testing. In 
addition, the distribution analysis showed that among the 
reviews in the processed dataset, negative reviews were 
more than those that were positive. 

When it comes to model construction, the same 

training set is employed to implement each method, and a 

different testing set is used to determine the validity of the 

model. Each of the processes, including the classification, 

was done in the Python programming environment and 

using the Scikit-Learn library. Below are the results for 

model classification. 

Classification Model 

This study uses three classification models: Naive 

Bayes, Support Vector Machine (SVM), and Random 

Forest. The comparison aims to identify which model 

performs best in classifying user sentiment. 

Naïve Bayes 

Along with customized module implementations for 

Scikit-Learn and NLTK, the Naive Bayes classification 

model was employed for keyword-based classification of 

data. Evaluation of the Naive Bayes method (see Figure 

3) was done using the confusion matrix which indicated 

1114 True Positives (TP), 132 False Positives (FP), 948 

True Negatives (TN), and 62 False Negatives (FN). 

The Naïve Bayes model has an accuracy of 0.91 on the 

testing set, which Table 2 shows as one of the better 

classification performances. This model has a precision of 

0.89 and a recall of 0.95 for negative reviews, which 

shows it was good at pinpointing negative sentiment and 

had very few false negatives. This is a relevant class for 

public service reviews, as problematic negative feedback 

will have a complaint or a signal of a broken system that 

requires attention.  

 

 
 
Fig. 3: Confusion Matrix of Naïve Bayes Model 

 
Table 2: Classification Report of Naïve Bayes model 

 Precision Recall F1-score Support 

Negative 0.89 0.95 0.92 1176 

Positive 0.94 0.88 0.91 1080 

Accuracy - - 0.91 2256 

Macro avg 0.92 0.91 0.91 2256 

Weighted avg 0.92 0.91 0.91 2256 
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For positive reviews, she had a better precision of 0.94, 

but a worse recall of 0.88, meaning that when the model 

predicted a review as positive, she was almost correct, but 

a handful of positive reviews remained misclassified. The 

negative and positive sentiment F1-scores of 0.92 and 

0.91 tell us that the model was able to sustain a similar 

performance across both classes. All of the above 

demonstrates that Naïve Bayes, despite criticism for a lack 

of sensitivity for negative user feedback, can actually be 

invaluable for pinpointing service problems for the 

dataset presented and the public digital services domain 

due to the consistency of performance it has in the 

majority of the classes it predicts  

Support Vector Machine (SVM) 

Support Vector Classifier (SVC) makes use of the 
linear kernel from the Python Scikit-Learn module. To 
assess the performance of the Support Vector Machine 
(SVM) method a confusion matrix is used which is shown 
in Figure 4. In the data there were 1122 True Positives 
(TP), 141 False Positives (FP), 939 True Negatives (TN), 
and 54 False Negatives (FN). 

Table 3 shows that the Support Vector Machine Model 
has an overall accuracy of 0.91 which is on par with the 
Naïve Bayes model. In terms of negative reviews, the 
model scored a precision of 0.89 and a recall of 0.95. This 
is the same as Naïve Bayes and shows that the model is 
good at identifying the negative sentiments. On the other 
hand, SVM scored a positive review precision of 0.95 
which is a bit better than Naïve Bayes, but the recall was 
0.87 which is lower. This indicates that SVM was good at 
identifying positive reviews, but Naïve Bayes were able 
to find more positives that SVM missed. The F1 Scores 
were good as well with SVM obtaining 0.92 for negative 
and 0.91 for positive sentiments, thus proving the model 
to be well performing overall. The slightly lower recall for 
positive reviews shows that SVM may be more careful 
when labeling the positive class. Overall, this makes SVM 
a good choice to be an alternative model. When compared 
with Naïve Bayes which is much less complex and more 
efficient, SVM does have less to offer. 

Random Forest 

Random Forest is also evaluated using classification 
metrics such as True Positive (TP), True Negative (TN), 
False Positive (FP), and False Negative (FN). In this 
study, the model achieved a TP of 1099, FP of 171, TN of 
909, and FN of 77, which is shown in Figure 5. 

Random Forest outperformed all three models in Table 
4 by achieving a 0.89 accuracy score. Although this 
achievement did not match the accuracies of Naive Bayes 
nor the SVM models, the score is still a testimony to the 
model’s potential. For negative sentiments, the model 
achieved a precision of 0.87, and a recall of 0.93 meaning 
the model could still capture most negative reviews even 
when it was less precise than the two other models. For 
the positive sentiment class, the precision was 0.92, 

however the recall at 0.84 was the lowest score, the lowest 
score when compared to the other two models as well. this 
indicates a relative struggle by the model to identify all 
positive reviews resulting in a large number of false 
negatives in the positive class. The negative class and 
positive class F1-scores of 0.90 and 0.88 respectively 
restate the model’s performance as weaker and less 
balanced in comparison to SVM and Naive Bayes. These 
issues are symptoms of tree-based ensemble model 
methods. Although the Random Forest model achieved 
results that can be textual data, it is clear, the model fell 
short on the task of classifying sentiments. 

 
Table 3: Classification Report of Support Vector Machine 

model 

 Precision Recall F1-score Support 

Negative 0.89 0.95 0.92 1176 

Positive 0.95 0.87 0.91 1080 

Accuracy - - 0.91 2256 

Macro avg 0.92 0.91 0.91 2256 

Weighted avg 0.92 0.91 0.91 2256 

 

 
 
Fig. 4: Confusion Matrix of Support Vector Machine Model 

 

 
 
Fig. 5: Confusion Matrix of Random Forest Model 
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Table 4: Classification Report of Random Forest model 

 Precision Recall F1-score Support 

Negative 0.87 0.93 0.90 1176 

Positive 0.92 0.84 0.88 1080 

Accuracy - - 0.89 2256 

Macro avg 0.89 0.89 0.89 2256 

Weighted avg 0.89 0.89 0.89 2256 

 

SSentiment Analysis Classification Comparison 

The performance evaluation for three models of 

classification such as Naïve Bayes, Support Vector Machine 

(SVM), and Random Forest was carried out through four 

standard criteria: Precision, Recall, F1-Score, and Accuracy. 

These metrics outline the capability of each model in 

classifying the polarity of sentiment for the provided reviews 

regarding the Digital Korlantas POLRI app. 

The highest-performing model is Naive Bayes with 

Precision 0.915, Recall 0.914, F1-Score 0.914, and Accuracy 

0.914. It is also the best model by standard deviation and 

therefore in addition to the best performance, Naive Bayes 

has the lowest variability. It indicates that Naive Bayes is 

very well suited to the text classification task and identifies 

the sensitive distributions of true and false positives and true 

and false negatives in classification of the reviews. 

Support Vector Machine's Precision 0.916, Recall 0.914, 

F1-Score 0.913, and Accuracy 0.914 is nearly on par with 

that of Naive Bayes. While there is a difference in the 

metrics, it would suggest that SVM is to a greater extent 

dependent on the particular feature representation or the 

distribution of the data in this work. However, SVM remains 

a very competent model to have such a small difference in 

performance. 

Random Forest had the worst performance of all 

classifiers with the lowest Precision of 0.892, Recall of 

0.890, F1-Score of 0.890, and Accuracy of 0.890. 

Although its performance is still within and acceptable 

range, it is significantly lower than that of Naïve Bayes 

and SVM. This indicates that, at least the this instance, 

Random Forest does not appear to provide a suitable 

option for text sentiment analysis. 

Based on the above results, all three models provide a 

good performance for sentiment analysis. However, the 

models that perform the best are Naïve Bayes and Support 

Vector Machine (SVM), with some 0.91 scores for all of 

the evaluation criteria. The consistency and performance 

of Naïve Bayes are very strong, and this is a result of the 

characteristics of Naive Bayes being very suitable for 

large and sparse datasets like text analysis. The results for 

SVM were also very good and demonstrated its strengths 

for various representations. On the other hand Random 

Forest had a lower performance than Naive Bayes and 

SVM, and has therefore led to the conclusion that to have 

good and reliable sentiments analyses for the hands-on 

Digital Korlantas POLRI app, Naive Bayes and SVM are 

the best options. The full results are presented in Table 5. 

Table 5: Comparison of classification model’s result 

Model               Precision    Recall   F1-Score Accuracy 

Naïve Bayes 0.915 0.914 0.914 0.914 

Support Vector  0.916 0.914 0.913 0.914 

Machine  

Random forest 0.892 0.890 0.890 0.890 

 

 
 
Fig. 6: Classification Model Performance Comparison on 

Digital Korlantas POLRI 

 

Figure 6 represents the performance metrics 

(precision, recall, F1-score, and accuracy) for all 

classification algorithms. From the figure, we can see the 

best performance of the Naïve Bayes classifier and the 

Support Vector Machine (SVM) classifying algorithms, 

achieving about 0.92 in precision and 0.91 in recall, F1 

and accuracy. This means that both Naïve Bayes and 

SVM classifiers are better in detecting the intents of users. 

On the other hand, the Random Forest classifier does a 

little worse and gets 0.89 in all metrics. This visual 

evaluation, consistent with the results obtained, confirms 

that Naïve Bayes and SVM are the best models for 

sentiment analysis of the Digital Korlantas POLRI 

application in this study. Such an observation enhances 

interpretation and corroboration of the conclusions 

derived from feature analysis. 

Figure 6 shows the accuracy, precision, recall and F1 

score for the three classification models. With an 

accuracy of 0.91, Naive Bayes and Support Vector 

Machine (SVM) have similar performance regarding the 

three evaluation metrics. This is due to the common 

traits seen in textual datasets. High dimensional and 

sparse textual datasets are derived from word 

representation, and Naive Bayes is predicated to perform 

well in these situations as it accurately classifies and 

predicts class probabilities, even when some features are 

used less frequently. Support Vector Machine (SVM) is 

also better for environments containing copious amounts 

of high dimensional text, as it performs better at 

pinpointing the optimal positive or negative axis or 

hyperplane that separates the sentiment classes than 

Naive Bayes. With a slight score of 0.90, Random Forest 
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(RF) performed the worst, as tree-based ensemble 

algorithms do poorly in environments that contain a 

sparse bag of an imprecise collection of words, 

especially when the relationship between the features are 

weak and very dispersed.  Consequently, the decision 

boundary of Naive Bayes and the decision boundary of 

SVM are more stable compared to Random Forest for 

this classification of sentiment. 

Sentiment Analysis Results 

This study identifies the dominant sentiment and 

salient themes among users who left positive feedback 

after performing sentiment analysis on the cleaned 

dataset of user reviews for the Digital Korlantas POLRI 

application. During the preprocessing phase, some 

words were discarded, which enabled a clearer 

interpretation of sentiment regarding user feedback. The 

analysis results were also presented as bar charts 

generated in Matplotlib in order to illustrate the trends 

pertaining to the top ten terms most commonly found in 

positive reviews. 

This research has achieved the sentiment analysis 

goals on the cleaned user reviews dataset on the Digital 

Korlantas POLRI application by determining the 

particular opinion and topics expressed by users in 

positive feedback comments. The preprocessing stage 

guaranteed the relevant words were the only words 

included, meaning user sentiment was better interpreted. 

The outcomes of this analysis were visualized with a bar 

chart of the top ten most frequent words in positive 

reviews, using Matplotlib for drawing. 

As shown in Figure 7, the most frequently mentioned 

terms from positive reviews (total 5,178 submissions) are: 

“sim” (driver’s license, 1,665 mentions), “mudah” (easy, 

1,134 mentions), “panjang” (to renew, 993 mentions), 

“cepat” (fast, 843 mentions), “proses” (process, 672 

mentions), “mantap” (great/cool, 600 mentions), 

“aplikasi” (application/app, 589 mentions), “layan” 

(service, 577 mentions), “online” (online, 426 mentions), 

and “terima” (accept, 392 mentions). These keywords 

capture the common feedback themes from users, 

indicating the application’s efficiency, user-friendliness, 

and functionality, particularly in delivering online 

services. 

The use of words such as "cepat" (fast) and "mudah" 

(easy) implies that a majority of the users had a smooth 

and time-efficient experience. The prominence of terms 

such as “sim” (driver’s license) and “panjang” (to renew) 

shows that services related to SIM are among the most 

utilized and rated positively. Furthermore, phrases such as 

“mantap” (great/cool) and “terima” (accept) demonstrate 

user satisfaction and a positive emotional response 

towards the application. Table 6 provides a summary of 

the exact word frequencies. 

 
 
Fig. 7: Top 10 Words in Positive Reviews for the Digital 

Korlantas POLRI Application 
 
Table 6: Frequency of the Top 10 Words in Positive Reviews 

No Word English Meaning 
Frequenc

y 

1 sim Driver’s license 1,665 

2 mudah Easy 1,134 

3 panjang To Renew 993 

4 cepat Fast 843 

5 proses Process 672 

6 mantap Great/Cool 600 

7 aplikasi Application 589 

8 layan Service 577 

9 online Online 426 

10 terima Accept 392 

 Total  5,178 
 

Alongside analyzing the positive sentiment, this study 

explores the negative aspects as well to understand the 

dissatisfaction regarding the Digital Korlantas POLRI 

application. Through the use of preprocessing techniques 

to filter out irrelevant words, the most ten frequently 

mentioned words in the negative reviews were found and 

represented in a bar graph, which is displayed in Figure 8. 

These insights were drawn from 5693 entries of negative 

reviews. 

The top ten most frequently used words in negative 

reviews are: “aplikasi” (application, 2,541 mentions), 

“sim” (driver’s license, 1,947), “gak” (informal no/not, 

986), “nya” (possessive suffix, 914), “panjang” (to renew, 

901), “ga” (informal no/not, 839), “verifikasi” 

(verification, 835), “gagal” (failed, 719), “proses” 

(process, 607), and “online” (online, 576). Collectively, 

these ten words were recorded 5,639 times, indicating that 

many reviews contained multiple issues or complaints 

within a single remark. 

These keywords uncover a number of specific issues 

that users suffer from. The high occurrence of “aplikasi” 

and “sim” indicate that users’ discontent is mainly 

towards the functionality of the application and its SIM-

related features. 
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Fig. 8: Top 10 Words in Negative Reviews for the Digital 

Korlantas POLRI 

 

Words “gak”, “ga”, and “gagal” indicate the users’ 

frustrations regarding expectations not being met due to 

some system failing to work as intended or due to some 

bugs. The term “verifikasi” shows users’ annoyance 

concerning the identity or document verification, which is 

a very fundamental step toward interacting with services 

in the digital world. Lastly, the words “panjang”, 

“proses”, and “online” highlight users’ concerns 

regarding the SIM renewal process conducted through the 

application. The term “panjang” may refer both to the act 

of renewing (perpanjang) a SIM and to the perception that 

the process takes too long. Combined with “proses” and 

“online”, these terms suggest that the procedures, 

especially those carried out online, are often viewed as 

complicated, time-consuming, or inefficient, potentially 

hindering users from successfully completing important 

actions. The detailed frequency of each top word is 

presented in Table 7. 

In addition to frequency analysis, Figures 9 and 10 

show their respective positive and negative review word 

clouds. These figures normalize their most frequent terms 

to convey to readers that the size of the clouds 

corresponds to the frequency of words contained in the 

user feedback, as emotional expressions. The word clouds 

reinforce the understanding gained from the bar charts by 

illustrating not just the most common terms, but also the 

qualitative nature of the sentiment towards the app, 

thereby deepening the overall sentiment. 

Discussion and Benchmark Comparison 

Naïve Bayes and Support Vector Machine have the 

best results for classifying the sentiment of user reviews 

for the Digital Korlantas POLRI app. Both models 

achieved an approximate accuracy of 0.91, while Random 

Forest had an accuracy of 0.89. These results show that 

both margin-based and probabilistic classifiers are 

excellent for classifying user reviews in the Indonesian 

language. 

The results are in line with previous research in the 

field of sentiment analysis of mobile applications and 

public service platforms. (Ahmad et al., 2018) achieved 

an accuracy of 0.85 - 0.90 for sentiment classification 

using Support Vector Machine models. Puspasari et al. 

(2024) found that Naïve Bayes yielded accurate results in 

analyzing the sentiment of user feedback in public 

services as his algorithm was robust in handling features. 

Therefore, the results of this research, approximately 

0.91, are in line with the performance of traditional 

machine learning models. 
 
Table 7: Frequency of the Top 10 Words in Negative Reviews 

No Word English Meaning 
Frequenc

y 

1 aplikasi Application 2,541 

2 sim Driver’s license 1,947 

3 gak Informal no/not 986 

4 nya Possessive suffix 914 

5 panjang To Renew 901 

6 ga Informal no/not 839 

7 verifikasi Verification 835 

8 gagal Failed 719 

9 proses Process 607 

10 online Online 576 

 Total  5,639 
 

 
 
Fig. 9: Word Cloud of Positive Reviews for the Digital 

Korlantas POLRI Application 
 

 
 
Fig. 10: Word Cloud of Negative Reviews for the Digital 

Korlantas POLRI Application 
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Given the specifics of the dataset and the algorithm, 

Naïve Bayes has shown noteworthy achievements in the 

study. Naïve Bayes works well with high dimensional and 

sparse datasets. These are usually the characteristics of 

text datasets, such as application reviews. Each word in a 

text is treated as a new feature. This creates a feature space 

of large dimensions, many of which will be occupied by 

extremely few or even no instances. The Naïve Bayes 

algorithm works well even with sparse data as it has a very 

sound probabilistic data structure. Naïve Bayes also 

works with the assumption of feature independence. This 

not only simplifies the model significantly but also 

improves generalization in the case of short text 

documents, such as reviews of mobile applications. Naïve 

Bayes deals with a fewer number of parameters, and this 

simplicity, unlike other sophisticated models, reduces the 

chances of overfitting, especially when there is only a 

moderate size dataset. 

While Support Vector Machine recorded similar 

accuracy levels, its performance may vary due to feature 

representation and specific parameter settings. SVM 

models are based on the premise of optimal hyperplane 

separation in high dimensional space. The effectiveness 

of separations hinges on how well features are 

transformed and how well the right kernel is chosen. In 

this work, the linear kernel was the best performer, but the 

simplicity and the way Naïve Bayes models are 

parameterized and optimized led to more consistency 

across the board. 

The performance of Random Forest models was the 

lowest of the four. The reason may have to do with how 

ensemble tree-based methods work with text data. 

Random Forest models are best suited for data when the 

features are hierarchically arranged, or when the 

underlying data has complex nonlinear relations. In bag of 

words representations of text, the features may not always 

lend themselves to the kind of partitioning that is utilized in 

tree-based methods. In text classification tasks, Random 

Forest models can have less stable boundaries compared to 

classifiers that rely on class probabilities or margins. 

The results of the sentiment analysis gather valuable 

information regarding the user's experience with the 

Digital Korlantas POLRI application. Positive feedback 

praised the application's user-friendly interface, the 

decreased time it takes to process requests, and the overall 

convenience of being able to manage administrative tasks 

related to driving licenses from a mobile device. This app 

has proven that when utilized properly, a digital public 

service application has the potential to greatly enhance the 

accessibility and efficiency of public services. 

Negative feedback has pinpointed problems with 

online verification, system errors, and incomplete 

transactions. Words like failure, verification, and process 

highlight the system's weaknesses and the urgent 

requirement for improved technology and user 

verification processes. System reliability, user 

verification, and system feedback to users regarding 

verified users’ needs improvement. 

When the outcomes are considered, a sense of 

practicality ensues. This demonstrates that sentiment 

analyses can be used to assess the effectiveness of digital 

public services. Sentiment analyses have helped public 

administration pinpoint persistent issues users encounter, 

assess their degree of satisfaction, and prioritize changes 

based on user needs. Such approaches facilitate the 

creation of user-centric digital services in public 

administration. 

Overall, the results reaffirm the effectiveness of 

classical machine learning algorithms like Naïve Bayes 

and Support Vector Machine for the tasks of sentiment 

polarity classification and analysis of user reviews in the 

Indonesian language. Moreover, the results illustrate the 

possibility of implementing sentiment analysis in the 

ongoing evaluation of digital public services. 

Conclusion 

The research examined reviews of the Digital 

Korlantas POLRI app from the Google Play Store, 

focusing on user reviews. After several preprocessing 

steps, 11,277 reviews were classified and three machine 

learning algorithms were implemented Naïve Bayes, 

Support Vector Machine (SVM), and Random Forest. 

According to the evaluation, Naïve Bayes and SVM were 

the only models to meet the 91% accuracy threshold while 

Random Forest was only able to meet 89% accuracy. With 

a significant margin of over 2%, Naïve Bayes and SVM 

were the only models to meet the margin criterion and 

classify sentiments regarding reviews of mobile apps 

written in Indonesian. 

The analysis of user reviews showed a wide variation 

of sentiments regarding the Digital Korlantas POLRI 

application. Positive sentiments were centered on quick 

online services and the convenience of assisting in online 

driver’s license services while negative sentiments in this 

area often centered on issues regarding verification, 

system malfunctions, and the online driver’s license 

service. The Digital Korlantas POLRI application offered 

great progress in providing public services, but issues 

regarding technical reliability and verification processes 

created a significant barrier to the Digital Korlantas 

POLRI application. 

Notwithstanding these contributions, some limitations 

must be acknowledged. First, the data set was limited to 

reviews on the Google Play Store, miss, in all probablility, 

the sentiments of users on different platforms or from 

different demographic perspectives. Second, in sentiment 

classification, the author limited the reviews to a binary 

classification of positive and negative. This, undoubtedly, 

oversimplifies the user sentiments. Third, the author used 
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some of the oldest machine learning methods that 

arguably do not capture the necessary depth of meaning 

that the use of the Indonesian language requires.  

To some extent, future research can remedy the 

limitations by collecting data from different social media, 

feedback systems for governments, app store reviews 

from other ecosystems, and so on. Additionally, using 

more advanced and relevant machine learning methods 

that fall in the category of deep learning like BERT or 

even DistilBERT, can be a solution to the problems of 

classification and context of sentiment. It can benefit 

future researchers to use Aspect-Based Sentiment 

Analysis (ABSA) to determine which specific features of 

an application increase user satisfaction, providing more 

digital of public service funnels for improvement. 
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