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Abstract 
 

Public service apps like SIGNAL are widely used to provide public access to information 
and vehicle tax payments. However, diverse user reviews highlight the need to evaluate 
public perception through sentiment analysis. Selecting an appropriate classification 
algorithm is crucial to ensure accurate results, particularly when dealing with imbalanced 
review data. Therefore, this study examines the comparative performance of four 
algorithms Naïve Bayes, Random Forest, Decision Tree, and SVM in analyzing the 
sentiment of 36,000 user feedback obtained from Google Play Store. The dataset 
underwent preprocessing, feature extraction using TF-IDF, and class balancing using 
SMOTE. Model evaluation was conducted using accuracy, precision, recall, and F1-score. 
The findings indicated that Random Forest performed the best overall performance 
(accuracy 91.04%, F1-score 94.80%), followed by Naïve Bayes (accuracy 89.89%, F1-score 
93.38%), SVM (accuracy 89.22%, F1-score 93.02%), and Decision Tree (accuracy 88.40%, 
F1-score 92.31%). These findings indicate that Random Forest is highly effective for 
balanced datasets, while SVM and Naïve Bayes offer competitive precision for applications 
prioritizing accuracy in positive class detection. The output of this study can be applied 
practically by developers and related institutions in optimizing public service applications 
and by applying Random Forest algorithm to gain actionable insights for optimizing 
features and aligning services more closely with user needs. 
 
Keywords: Sentiment Analysis, User Reviews, Classification Algorithm, SMOTE, Text 
Classification 

 
1. INTRODUCTION  
 
Information technology has developed rapidly and serves a key purpose amid the 
advancement of digitalization [1]. the government leverages information 
technology to provide better access to public resource management, enhancing 
integrity, transparency, and information accessibility [2]. One significant 
implementation in this regard is the SIGNAL (Samsat Digital Nasional) 
application. SIGNAL is a digital application developed with the aim of facilitating 
and simplifying public access to motor vehicle tax services, improve the efficiency 
and transparency of tax administration, and deliver services to the community 
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through technology [3]. Although intended to improve efficiency in public 
services, user responses have been varied, as reflected in reviews on platforms such 
as the Google Play Store. Therefore, assessing public perception through 
sentiment analysis becomes essential to support the continuous advancement of 
this digital public service, aiming to provide the best experience and services 
aligned with user needs. 
 
Several previous studies have conducted sentiment analysis on the SIGNAL 
application. For instance, a study applied the Naïve Bayes algorithm for three-class 
classification, achieving an accuracy of 91.64% [4]. Another study compared four 
SVM kernels and recorded the highest accuracy of 92.2% on the linear kernel [5]. 
In another study, a comparison of algorithms between SVM, Naïve Bayes, and 
KNN was applied to social media comments, with SVM showing the best 
performance at 88% accuracy [6]. A lexicon-based approach was also used to 
evaluate three SVM kernels, with the linear kernel again showing the best 
performance [7]. Additionally, the analysis of SIGNAL and DigiKorlantas app 
reviews was conducted using the Naïve Bayes algorithm and the N-Grams 
approach, achieving an accuracy of 81.09% based on data from Google Play and 
the App Store [8]. 
 
Although several studies have investigated sentiment analysis of the SIGNAL 
application, most focus solely on evaluating a single classification algorithm [4], [5], 
[7] or comparing several models [6] without addressing the challenge of 
imbalanced data distribution, commonly known as class imbalance. Class 
imbalance commonly occurs and becomes a challenge in sentiment analysis of user 
reviews, where one sentiment class (e.g., positive) dominates the others (negative 
or neutral). These conditions can lead to the classification model being biased 
towards the majority class, which diminishes its effectiveness in accurately 
recognizing instances from the minority class [9]. Additionally, no previous studies 
have been identified that explicitly utilize techniques for managing class imbalance, 
like the Synthetic Minority Over-sampling Technique (SMOTE), in the analysis of 
SIGNAL user reviews. 
 
To address this challenge,  this research utilizes SMOTE to equalize the class 
distribution in the training data for sentiment analysis of SIGNAL user reviews, 
prior to measuring the capabilities of several classification algorithms to uphold 
the integrity of the evaluation results. With SMOTE, minority class samples are 
generated by determining the position between existing minority examples and 
their closest neighbours, thereby enabling a more balanced learning process [10] 
This step of balancing the data is expected to facilitate more accurate and unbiased 
evaluations of model performance [11]. Several previous studies have shown that 
the use of SMOTE can significantly improve classification performance and 
reduce bias, particularly in the field of sentiment analysis [12], [13], [14]. 
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The selection of an appropriate classification algorithm is also crucial for obtaining 
optimal results in sentiment analysis. This study compares four classification 
algorithms selected based on their effectiveness and popularity in text classification 
[15][16]. Naïve Bayes is favored for its simplicity and efficiency, Random Forest 
excels at handling complex patterns and reducing overfitting, Decision Tree offers 
interpretability, and SVM is effective in maximizing the margin between classes in 
high-dimensional space. This comparison aims to identify the best method for 
balanced sentiment classification of SIGNAL user reviews. The uniqueness of this 
research is found in the integration of SMOTE-based data balancing with a 
comparative evaluation of various classification algorithms to produce a more 
objective and accurate sentiment analysis system. Thus, this study is directed to 
facilitate improvements of digital public services that are fairer, more adaptive, and 
data-driven. 
 
2. METHODS 

 
This research was conducted through eight systematic stages designed as guidelines 
or workflow steps to ensure the research process runs efficiently. These stages 
include collecting the data, labelling, pre-process, feature extraction, splitting the 
data, SMOTE oversampling, model implementation, and evaluation. the research 
workflow is shown in Figure 2. 
 

 
 

Figure 1. Research Stage 
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2.1.  Data Collection 
 
Data was collected using scraping techniques with the Google Play Scraper library 
on Google Colaboratory to obtain feedback from SIGNAL users available on the 
Google Play Store. This process enables the automatic retrieval of user review data, 
including information such as comment text, star ratings, and review upload time. 
 
2.2.  Labelling 
 
Data labelling was performed automatically using a rating-based approach. 
Reviews assigned 4 or 5 stars were categorized as positive sentiment, whereas the 
rated 1 to 3 stars were categorized as negative sentiment [5], [17]. This approach 
was chosen due to its efficiency and relevance for application review data, as it 
utilizes the inherent attributes of the review data. 
 
2.3.  Preprocessing 
 
The preprocessing stage aims to improve data quality before analysis. This process 
includes cleaning the text from unnecessary characters or symbols, tokenization to 
break sentences into single words, while removing the stopword is performed to 
discard commonly used words that are less significant, and stemming converts 
words into their fundamental form, a necessary step to structure the data and 
prepare it for classification model analysis [18]. 
 
2.4.  Feature Extraction 
 
The Term Frequency-Inverse Document Frequency (TF-IDF) technique is utilized 
to converting text-based information into numerical values suitable for machine 
learning models [19]. Term Frequency (TF) assessing the presence of words in a 
document based on their frequency, while Inverse Document Frequency (IDF) 
measuring the scarcity of word occurrence across all documents. This weighting 
helps highlight important terms while down-weighting common ones. The 
application of TF-IDF is prevalent in the field of text classification, clustering, and 
document similarity tasks [20]. The formula as follows: 
 

TF(t,d)= Number of occurrences of term t in document d
Total number of terms in the document d

 (1) 
 

IDF(t)= log # N
DF(t)

$ (2) 
 
Description: 
N represents documents total number, while DF(t) denotes documents number of 
t term appearance 
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In this study, the TF-IDF vectorizer was configured to extract features using a 
unigram and bigram range (n-gram range = 1 to 2). This configuration captures 
both individual words and common two-word phrases to better represent the 
context of user reviews. Standard stopword removal was applied to eliminate 
common, non-informative words (e.g., “dan,” “yang,” “adalah”) which does not 
give significant value to the task of sentiment classification. 
 
Prior to TF-IDF vectorization, the text data underwent preprocessing steps 
including tokenization, stemming, and removal of punctuation and special 
characters to ensure cleaner input. The resulting TF-IDF matrix was used as input 
for classification models, with feature importance analyzed through average TF-
IDF scores to identify the most significant terms. 
 
2.5.  Split Data 
 
The labelled dataset underwent a division into two subsets: for training is 80% 
allocated and testing is 20%. The split was shown randomly while maintaining the 
class distribution between positive and negative data to ensure balance in both 
subsets. This division is important to ensure that the model is not only capable of 
recognizing the data it was trained on but can also generalize to new, unseen data. 
 
2.6.  SMOTE Oversampling 
 
To provide a clearer understanding of the SMOTE process, its main steps are 
illustrated in the following flowchart. 
 

 
Figure 2. Flowchart of SMOTE 

 
SMOTE generates synthetic data for minority classes in an effort to address class 
imbalance using interpolation among the closest data points [21]. In this study, the 
process was configured with k = 5 nearest neighbors to produce representative 
samples without introducing excessive noise. The quality of the synthetic data 
generated by SMOTE can be validated by evaluating the model on the original test 
data (without SMOTE) to ensure that the measured performance truly reflects the 
model’s capability on real-world data [22]. 
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SMOTE was applied only to the training data after the data splitting process to 
balance the training set, allowing the model to be more sensitive in learning 
patterns from all classes fairly [23]. This approach ensures a more effective training 
process and valid model evaluation, as the test data remains original and is not 
subjected to oversampling. Therefore, the implementation of SMOTE in this study 
also contributes to improving the capability of the model in classifying minority 
class more accurately and objectively. 
 
2.7.  Model Implementation 
 
This study implemented four text classification algorithms, namely Naïve Bayes, 
SVM, Random Forest, and Decision Tree. All models are applied to the SIGNAL 
application review dataset, which has undergone labeling, preprocessing, and data 
balancing using SMOTE. Each model was implemented in Google Colaboratory 
using the Scikit-learn library, which also provided default hyperparameters, without 
additional hyperparameter adjustments. This approach was used to ensure fair 
results, as the use of default configurations allowed for consistent comparisons and 
could be directly replicated for another research. 
 
2.8.  Evaluation 
 
Evaluation was carried out by the data that has been tested for performing each 
classification algorithm, with the goal of measuring the work of its models for 
divining or classifying unseen data was the main focus of this evaluation. The 
Confusion Matrix method was utilized to analyze both accurate and inaccurate 
predictions generated by the classification algorithms. The used of four key 
evaluation metrics: F1-Score, Recall, Precision, and Accuracy. Accuracy reflects the 
right number that have been predicted for all the number has been. Precision 
assesses the percentage of instances detected as positive, which is indeed a positive 
case. Recall measures the success rate of the model in identifying all true positive 
cases. F1-Score is a metric that calculated by combining precision and recall to 
assess model performance through an averaging method, resulting in a balanced 
assessment of both metrics. Each of the four metrics is determined through the 
confusion matrix. The results of this evaluation were used to determine which 
model is the most effective in the context of sentiment classification on SIGNAL 
application reviews. The four key evaluation metrics are determined using the 
Equation 3 to Equation 6. 
 

Accuracy= TP+TN
TP+TN+FN+FP 

= TP+TN
P+N

   (3) 
 

Precision= TP
TP+FP

      (4) 
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Recall= TP+TN
TP+FN

 (5) 
 

F1-Score=2 x Precision x Recall
Precision+Recall

 (6) 
 
Description: 
 
TP (True Positive) : Positive data that are correctly classified as positive. 
TN (True Negative)   : Negative data that are correctly classified as negative. 
FP (False Positive)   : Negative data that is mistakenly classified as positive. 
FN (False Negative) : Positive data that is mistakenly classified as negative. 
P          : Total positive data (TP + FN) 
N         : Total negative data (TN + FP) 
 
 
3. RESULTS AND DISCUSSION 
 
This section is presenting the research output obtained by looking the 
methodology that has been describe above, starting from data collection to the 
model evaluation process. 
 
3.1. Data Collection 

 
This study collected 36,000 Reviews of the SIGNAL app. These results were 
obtained from Google Play Store through data collection based on scraping using 
the Google Play Scraper library. The review data was gathered within the time 
period from January 6, 2024, to May 31, 2025. 
 
3.2. Labelling 

 
This study uses a rating-based approach to perform automatic data labelling. 
Reviews rated 4 or 5 stars were labeled as positive sentiment, whereas those rated 
1 to 3 stars were labeled as negative sentiment. The outcome of the labeling process 
is presented in Table 1. 
 

Table 1. Labelling Sample 

Content Content (English) Score Label 

Keren, semakin mudah 
pembayaran pajak motor. 
Tahun lalu coba bayar online 
tapi ambil bukti pajak di 

Cool, paying motor vehicle 
tax is getting easier. Last year 
I tried paying online but still 
had to collect the tax receipt 

5 Positive 
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Content Content (English) Score Label 

Samsat. Tahun ini coba kirim 
kerumah. Efisiensi waktu 
banget 

at Samsat. This year I tried 
having it delivered to my 
home. Really time-efficient 

prosesnya penerbitan dan 
pengirimannya masih lama 1 
bulan lebih 

the issuance and delivery 
process still takes more than 
1 month 

3 Negative 

sangat membantu. very helpful. 4 Positive 

tolong pemerintah d tindak 
lanjuti dengan aplikasi yang  
di buat tidak bisa di gunakan 

please, government, follow 
up on this because the 
application created cannot be 
used 

1 Negative 

 
3.3. Preprocessing 

 
The preprocessing stage produced text data that had been cleaned of irrelevant 
characters through a cleaning process, separated into individual words through 
tokenization, and stripped of common words with insignificant meaning through 
stopwords removal. Subsequently, each word was reduced to its root form through 
stemming. This process resulted in more structured and consistent text data, 
making it ready for feature extraction and training of the sentiment classification 
model. The output from preprocessing is shown in Table 2. 
 

Table 2. Preprocessing 
Preprocessing  Content Content (English) 
Original Text “Keren, semakin mudah 

pembayaran pajak motor. 
Tahun lalu coba bayar online 
tapi ambil bukti pajak di 
Samsat. Tahun ini coba kirim 
kerumah. Efisiensi waktu 
banget” 

“Cool, paying motorbike tax 
is getting easier. Last year I 
tried paying online but still 
had to collect the tax proof at 
the Samsat office. This year I 
tried having it delivered to 
my house. It really saves 
time.” 
 

Cleaning “keren semakin mudah 
pembayaran pajak motor 
tahun lalu coba bayar online 
tapi ambil bukti pajak di 
samsat tahun ini coba kirim 

“cool paying motorbike tax is 
getting easier last year tried to 
pay online but had to collect 
the tax proof at samsat this 
year tried to have it delivered 
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Preprocessing  Content Content (English) 
kerumah efisiensi waktu 
banget” 

home really time efficient” 

Tokenizing ['keren', 'semakin', 'mudah', 
'pembayaran', 'pajak', 'motor', 
'tahun', 'lalu', 'coba', 'bayar', 
'online', 'tapi', 'ambil', 'bukti', 
'pajak', 'di', 'samsat', 'tahun', 
'ini', 'coba', 'kirim', 'kerumah', 
'efisiensi', 'waktu', 'banget'] 

['cool', 'getting', 'easier', 
'paying', 'motorbike', 'tax', 
'last', 'year', 'tried', 'to', 'pay', 
'online', 'but', 'collect', 'tax', 
'proof', 'at', 'samsat', 'this', 
'year', 'tried', 'to', 'deliver', 'to', 
'home', 'really', 'time', 
'efficient'] 
 

Stopwords 
Removal 

['keren', 'mudah', 
'pembayaran', 'pajak', 'motor', 
'coba', 'bayar', 'online', 'ambil', 
'bukti', 'pajak', 'samsat', 'coba', 
'kirim', 'kerumah', 'efisiensi', 
'banget'] 
 

['cool', 'easier', 'paying', 
'motorbike', 'tax', 'tried', 'pay', 
'online', 'collect', 'tax', 'proof', 
'samsat', 'tried', 'deliver', 
'home', 'time', 'efficient'] 

Stemming ['keren', 'mudah', 'bayar', 
'pajak', 'motor', 'coba', 'bayar', 
'online', 'ambil', 'bukti', 
'pajak', 'samsat', 'coba', 'kirim', 
'rumah', 'efisiensi', 'banget'] 

['cool', 'easy', 'pay', 'tax', 
'motorbike', 'try', 'pay', 
'online', 'collect', 'tax', 'proof', 
'samsat', 'try', 'deliver', 'home', 
'efficient'] 
 

 
3.4. Features Extraction 

 
In this stage, Feature extraction was carried out through the application of the TF-
IDF (Term Frequency–Inverse Document Frequency) method. This technique 
was applied to encode the stemmed words as numerical values, indicating their 
importance in a given document relative to the whole corpus. The output of the 
feature extraction process is presented in Table 3. 
 

Table 3. Features Extraction 

Word TF-IDF 

bantu 0.077499 

mudah 0.065678 
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Word TF-IDF 

mantap 0.050902 

cepat 0.049287 

bayar 0.042447 

pajak 0.036251 

aplikasi 0.033665 

kirim 0.030160 

proses 0.030160 

bagus 0.028597 

 
A high TF-IDF value suggests that a word is common in a specific review while 
being infrequent in other reviews, and is therefore considered more informative. 
Based on the extraction results, words such as “bantu” (0.077), “mudah” (0.066), 
and “mantap” (0.051) had the highest TF-IDF scores. This indicates that these 
words strongly contribute to representing user sentiment toward the SIGNAL 
application. 
 
3.5. Split Data 

 
The data collection is grouped into two subsets: training and testing sets. A total 
of 36,000 data entries were used, which were split using an 80:20 ratio, resulting in 
28,800 training data and 7,200 testing data. 
 
3.6. SMOTE Oversampling 
 
To balance the training data, the Synthetic Minority Over-sampling Technique 
(SMOTE) was implemented to improve the uneven distribution of classes between 
positive and negative sentiment. The result of this stage was a training dataset with 
balanced class proportions. The results of SMOTE implementation is shown in 
Figure 3. 
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Figure 3. SMOTE Oversampling 
 
3.7. Model Implementation 

 
In this stage, four classification algorithms were tested: Support Vector Machine 
(SVM), Naïve Bayes, Decision Tree, and Random Forest to compare their 
performance in analyzing sentiment from SIGNAL application reviews. 
 
1) Support Vector Machine (SVM) 
 
The confusion matrix generated by the SVM model is shown in Figure 4. The 
confusion matrix illustrates the ability of the SVM model to classify the majority 
of the data correctly, with 1,267 negative data and 5,161 positive data classified 
accurately, while misclassifying 137 and 635 data, respectively. 
 
 

 
Figure 4. Confusion Matrix SVM 
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2) Naïve Bayes  
 
The confusion matrix generated by the Naïve Bayes model is shown in Figure 5. 
The confusion matrix illustrates the ability of the Naïve Bayes model to classify the 
majority of the data correctly, with 1,268 negative data and 5,204 positive data 
classified accurately, while misclassifying 136 and 592 data, respectively. 
 

 
Figure 5. Confusion Matrix Naïve Bayes 

 
 
3) Random Forest 
 
The confusion matrix generated by the Random Forest model is shown in Figure 
6. The confusion matrix illustrates the ability of the Random Forest model to 
classify the majority of the data, with 1,202 negative data and 5,353 positive data 
accurately predicted, while 202 and 443 data were misclassified, respectively. 
 

 
Figure 6. Confusion Matrix Random Forest 
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4) Decision Tree 
 
The confusion matrix generated by the Decision Tree model is shown in Figure 7. 
The confusion matrix illustrates the ability of the Decision Tree model to classify 
the majority of the data, with 1,057 negative data and 5,310 positive data accurately 
predicted, while 347 and 486 data were misclassified, respectively. 
 

 
Figure 7. Confusion Matrix Decision Tree 

 
3.8. Model Evaluation 
 
The performance of each classification model was assessed and compared through 
accuracy, precision, recall, and F1-score values derived from the confusion matrix, 
and the results are presented in Table 4. 
 

Table 4. Model Evaluation 
Model Accuracy Precision Recall F1-Score 

Random Forest 91.04% 96.36% 92.35% 94.80% 

Naive Bayes 89.89% 97.45% 89.76% 93.38% 

SVM 89.22% 97.41% 89.04% 93.02% 

Decision Tree 88.40% 93.86% 91.61% 92.31% 

 
Table 4 presents a performance summary for each of the four tested algorithms, 
namely SVM, Naïve Bayes, Random Forest, and Decision Tree, with evaluation 
metrics in the form of accuracy, precision, recall, and F1-score. Overall, the most 
prominent model in this test was Random Forest, recording an accuracy of 
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91.04%, the highest recall of 92.35%, and an F1-score of 94.80%. Although Naïve 
Bayes (97.45%) and SVM (97.41%) are slightly higher than Random Forest 
(96.36%) in terms of precision, this difference reflects how each algorithm handles 
classification errors. The high precision of Naïve Bayes and SVM indicates their 
superior ability to minimise false positives, which is important when positive 
prediction errors have significant consequences. However, the relatively lower 
recall compared to Random Forest indicates a trade-off, as some positive cases are 
not detected. The combination of high precision and recall in Random Forest 
results in the highest F1-score, confirming the algorithm's effectiveness in reducing 
both false positives and false negatives. 
 
3.9. Discussion 

 
The evaluation results highlight notable differences in the performance of the four 
algorithms. These variations can be better understood by examining the 
characteristics of the SIGNAL user review dataset and the underlying mechanisms 
of each algorithm. As an ensemble method, Random Forest works by combining 
several decision trees, using a majority voting mechanism to obtain the final result, 
tends to better capture complex patterns and interactions in imbalanced and noisy 
text data compared to single-model approaches. Its resilience to overfitting allows 
it to generalize more effectively even when the data is highly complex [24], [25]. 
Meanwhile, Naïve Bayes, which relies on probabilistic assumptions, and SVM, 
which focuses on maximizing the margin between classes, often achieve high 
precision but sometimes at the cost of recall due to their sensitivity to minority-
class patterns. Decision Tree, which scored lower, demonstrates limitations in 
capturing complex patterns without the support of ensemble techniques. 
 
When selecting an algorithm for an application, assesing the balance between 
precision, recall, and F1-score is crucial. If the priority is to minimize false positive, 
Naïve Bayes or SVM may be preferable. Conversely, if the focus is on capturing as 
many positive cases as possible, Random Forest with its higher recall and F1-score 
becomes the more appropriate choice. F1-score serves as a comprehensive metric 
to assess this trade-off, enabling decisions to be tailored to the specific priorities 
of the application. 
 
Nonetheless, several limitations should be noted. Although Random Forest is 
relatively resistant to overfitting, excessive complexity or uneven feature 
distribution can affect its generalization capability on new data. Furthermore, while 
SMOTE effectively balances the training data by creating synthetic samples that 
represent minority classes, it also has the potential to introduce noise or overlap 
between classes, which may impact model robustness. 
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4. CONCLUSION 
 
In this study, the effectiveness of four classification models SVM, Naïve Bayes, 
Random Forest, and Decision Tree was evaluated in analyzing user sentiment 
regarding the SIGNAL application. The analysis involved several stages, including 
collecting user review data, automatically labeling the data based on star ratings, 
text preprocessing, feature extraction using the TF-IDF method, and handling 
class imbalance with SMOTE. Among the models tested, Random Forest recorded 
excellent performance with an accuracy of 91.04% and an F1 score of 94.80%. 
These findings indicate that applying balancing techniques such as the involvement 
of SMOTE in ensuring a balanced data distribution, thereby enabling a more valid 
model evaluation process and facilitating the selection of the most optimal-
performing model. 
 
The insights gained from this study can be applied to other domains with similar 
sentiment analysis tasks, such as product reviews or customer feedback systems, 
where class imbalance issues are also common. For public service administrators, 
the approach used in this study can also be applied to other public service 
sentiment analysis systems, such as e-government portals or citizen complaint 
platforms. Combining the right classification algorithms with data balancing 
techniques can help improve analysis accuracy and more effectively support service 
improvements. 
 
This study highlights certain limitations, such as the potential for overfitting, 
particularly in ensemble models such as Random Forest. Therefore, validating the 
model on different and larger datasets is strongly recommended to ensure 
generalization capability. For the next research, it is recommended to test the 
models on other datasets and explore the utilization of additional features, such as 
sentiment lexicons or deep learning–based embedding representations, with the 
aim of improving the accuracy and effectiveness of the model as a whole. 
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