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Comparative Sentiment Analysis of SIREKAP Application 
Reviews Using Support Vector Machines and Naive Bayes 

 
Abstract—This study analyzes user sentiment toward the 

SIREKAP (Recapitulation Information System) application using 
reviews obtained from the Google Play Store. Two machine 
learning algorithms, Naïve Bayes and Support Vector Machine 
(SVM), were employed to classify sentiments in a dataset of 19,925 
reviews. The data were preprocessed through text normalization, 
stopword removal, stemming, and tokenization. To mitigate class 
imbalance, both oversampling and undersampling techniques 
were implemented. Subsequently, feature extraction was 
performed using the Term Frequency–Inverse Document 
Frequency (TF–IDF) method, which transforms textual input into 
numerical feature vectors. The dataset was then divided into 80% 
for training (15,940 entries) and 20% for testing (3,985 entries). 
The findings indicate that oversampling yields superior model 
performance compared to undersampling. Using the oversampled 
dataset, the SVM algorithm achieved the highest classification 
accuracy of 95%, along with consistently strong precision, recall, 
and F1-scores across all sentiment categories. The Naïve Bayes 
classifier also demonstrated satisfactory performance with an 
accuracy of 77%, whereas both algorithms achieved only 61% 
accuracy under the undersampling condition. These findings 
suggest that combining the oversampling technique with the SVM 
model is the most effective strategy for handling imbalanced 
datasets and offers valuable insight into user sentiment regarding 
the SIREKAP platform. 

Keywords—Sentiment Analysis; Naïve Bayes; Support Vector 
Machine; Oversampling; SIREKAP 

I. Introduction  
Elections in Indonesia represent a fundamental pillar 

of democracy, emphasizing direct citizen participation as 
a manifestation of popular sovereignty. Through these 
elections, Indonesians are granted the opportunity to 
select their political representatives, thereby reinforcing 
democratic consolidation and broadening political 
engagement across diverse social groups [1]. This 
participatory framework underscores Indonesia’s 

commitment to ensuring fair representation and 
inclusivity in the national decision-making process [2]. 

Despite the democratic significance of Indonesia’s 
elections, managing large-scale electoral processes 
presents considerable logistical and administrative 
challenges, especially in ensuring accurate and efficient 
vote recapitulation. To overcome these barriers, the 
General Election Commission (KPU) introduced the 
SIREKAP (Recapitulation Information System) as part of 
the digital transformation of election administration [3]. 
This innovation aims to enhance transparency, integrity, 
and efficiency during vote counting and reporting stages 
[4]. However, while the SIREKAP application has 
improved administrative efficiency at polling stations, its 
deployment continues to face technical and infrastructural 
obstacles. Several studies highlight persistent system 
instability and data upload errors that compromise the 
accuracy of vote recapitulation [5]. Furthermore, uneven 
internet connectivity across Indonesia has hindered 
election officers, particularly those in rural regions, from 
operating the system effectively [6]. These technological 
limitations mirror findings in broader digital election 
studies, which note that the success of e-recapitulation 
systems heavily depends on infrastructure readiness and 
stable connectivity [7]. In addition, the scanned results 
often fail to synchronize with the physical data, while 
poor image quality, improper capture angles, and 
inconsistent lighting conditions hinder the ability of 
Optical Character Recognition (OCR) and Optical Mark 
Recognition (OMR) technologies to reliably interpret and 
extract information [8].  
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Given these operational challenges, understanding 
user perceptions and interactions with digital election 
systems such as SIREKAP is crucial for identifying 
functional improvements and ensuring successful 
implementation in future elections. One effective 
approach to capturing user perceptions is sentiment 
analysis, a data-driven technique in natural language 
processing (NLP) that systematically extracts and 
interprets emotional cues, opinions, and attitudes 
expressed in textual data [9, 10]. Through the integration 
of machine learning algorithms, sentiment analysis can 
automatically classify user-generated content into 
positive, negative, or neutral sentiments, offering 
quantifiable insights for evaluating and improving digital 
systems [11, 12]. Applying this method to user feedback 
and app reviews, particularly from the SIREKAP 
application, can provide valuable evidence of user 
satisfaction, technical challenges, and potential 
enhancement opportunities [13].  

In this research, sentiment analysis will focus on two 
main data sources. First, user reviews on the Play Store 
provide rich information about users' experiences and 
perceptions of the SIREKAP app [14]. Through sentiment 
analysis of these user reviews, we can identify the level 
of user satisfaction, obstacles faced, and suggestions for 
improvement. Second, reviews related to the SIREKAP 
app provide a broader picture of user perceptions of the 
SIREKAP app. By analyzing the sentiment of Play Store 
interactions, it is possible to identify the topics discussed, 
the opinions expressed, and the sentiment contained in 
these interactions. 

Using a variety of techniques and platforms, sentiment 
analysis of mobile applications has been the focus of 
numerous studies. For example, previous research 
analyzed user evaluations of ride-hailing applications 
such as Gojek and Grab from the Google Play Store using 
the Naïve Bayes and Support Vector Machine (SVM) 
approaches, revealing that most users expressed positive 
sentiments toward the applications [15, 16]. In addition, 
studies employing SVM-based sentiment analysis on 
social media posts related to Indonesia’s presidential 
elections have identified strong opinion polarization 

among users, demonstrating the model’s capability in 
capturing political sentiment dynamics [17, 18]. 

By utilizing various sentiment analysis methods, 
previous studies provide valuable insights into users’ 
perceptions and opinions towards mobile applications as 
well as important events in the social and political 
context. The purpose of this study is to evaluate the 
accuracy of the Support Vector Machine (SVM) and 
Naïve Bayes algorithms for sentiment analysis of the 
Sirekap application. The study will determine the best 
algorithm for categorizing user attitude about the program 
by means of this comparison. 

II. Research Methodology 
A. System Design 

This study aims to analyze the tone of Google Play 
Store reviews of the SIREKAP application. The system 
design is illustrated in Figure 1. 

 

Figure 1. Flowchart of system design 

B. Dataset 
The dataset used in this study was collected through 

Python-based web scraping techniques. It consists of 
approximately 19,925 user reviews of the SIREKAP 
application from the Google Play Store. Each review has 
been categorized into one of three sentiment classes: 
positive, negative, or neutral. Specifically, the dataset 
includes 15,434 negative reviews, 3,529 positive reviews, 
and 962 neutral reviews. An example of the labeled 
dataset is illustrated in Figure 2. These labeled reviews 
form the foundation for sentiment analysis in this study. 
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Figure 2. Dataset based on class distribution 

C. Preprocessing 
The purpose of preprocessing is to solve issues with 

data processing, particularly with comments. Cleansing, 
Case Folding, Tokenization, Stopword Removal, and 
Stemming are the preprocessing steps used [19]. A 
flowchart of the preparation steps is shown in Figure 3. 

 

 
Figure 3. Processing flowchart 

1) Cleansing 
One preprocessing technique, called cleaning, seeks to 

eliminate superfluous words and punctuation [20]. Table 
1 provides examples of the cleaning procedure. 

 
 

Table 1. Cleansing 

Before Cleansing After Cleansing 

For the future, if possible, 
just upload PDFs. If you 

upload photos one by one, it 
will be slow unless we have a 
good server. This is accessed 

by the whole of Indonesia, 
not one district. 

In the future, we can just 
upload photos one by one, it 
will be slow unless we have a 

server that...this is accessed by 
all of Indonesia, not one 

district. 

2) Case Folding 
Converting every capital or uppercase letter in a word 

to a lowercase letter is known as case folding [19]. Table 
2 shows instances of case folding.  

Table 2. Case folding 

Before Case Folding After Case Folding 
For the future, if possible, just 
upload PDFs. If you upload 
photos one by one, it will be 
slow unless we have a good 

server. This is accessed by the 
whole of Indonesia, not one 

district. 

In the future, if possible, just 
upload PDFs. If you upload 
photos one by one, it will be 
slow unless we have a good 

server. This is accessed by the 
whole of Indonesia, not by one 

district. 

 
3) Stopword Removal 

The process of removing words and phrases that have 
little bearing on the classification process and are 
meaningless or irrelevant is known as stopword 
elimination [21]. Table 3 provides an illustration of the 
Stopword Removal procedure. 

Table 3. Stopword removal 

Before Stopword Removal After Stopword Removal 

For the future, if possible, just 
upload PDFs. If you upload 

photos one by one, it will be slow 
unless we have a good server. 

This is accessed by the whole of 
Indonesia, not one district. 

In the future, we can just 
upload photos one by one, it 
will be slow unless we have a 
server that...this is accessed 
by all of Indonesia, not one 

district. 
 

4) Stemming 
Discovering a word's core form is the purpose of the 

stemming process. Using certain algorithms, affixes like 
prefixes, suffixes, and combinations will be eliminated 
during this procedure [22]. Table 4 provides examples of 
the stemming procedure. 

Table 4. Stemming 

Before Stemming After Stemming 

In the future, we can just upload 
photos one by one, it's slow 

unless we have a server that... 
this is accessed by all of 

Indonesia, not one district. 

For the front, you can just 
upload photos one by one, it's 
slow unless we have a server 
that...this is accessed by all of 

Indonesia, not one district. 
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5) Tokenization 

The technique of splitting sentences up into individual 
words is known as tokenization. Examples of the 
tokenization process can be seen in Table 5. 

Table 5. Tokenization 

Before Tokenization After Tokenization 

For the front, you can just 
upload photos one by one, 
it's slow unless we have a 

server that...this is 
accessed by all of 
Indonesia, not one 

district. 

“For”, “front”, “can”, “that”, 
“upload”, “just”, “photo”, “one”, 

“one”,“slow”, “except”, “we”, 
“have”, “server”, “that”,..”, “this”, 

“that”, “access”, “one”, “Indonesia”, 
“not”, “one”, “district” 

D. Data Splitting 
  The dataset used in this study consists of 19,925 

entries. These entries were divided into training and 
testing subsets with an 80:20 ratio (as shown in Table 6). 
Specifically, 15,940 entries (80%) are utilized for 
training, while 3,985 entries (20%) are reserved for 
testing. This split was performed using the train_test_split 
function with a test_size parameter of 0.2. The training set 
is used to optimize the model, whereas the testing set 
serves to evaluate the model’s performance on unseen 
data, providing an indication of its generalization ability. 

Table 6. Split data result 

Train Data Test Data 

15.940 3.985 

E. TF-IDF Extraction Feature 
A technique for assigning weight to a word or term in 

a document is called TF-IDF. This algorithm calculates 
weight by combining two ideas. The inverse of the 
frequency of documents containing a word, or IDF, and 
the frequency of occurrence of that term in a specific 
document, or TF. The TF-IDF extraction feature equation 
is as follows [23]. 

 
𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑, 𝐷) = 𝑇𝐹(𝑡, 𝑑) × 𝐼𝐷𝐹(𝑡, 𝐷) (1) 

 
If the frequency of term (t) in document (d) is 

represented by TF(𝑡,𝑑), which can be computed as: 
 

𝑡𝑓 =
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑂𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑠	𝑜𝑓	𝑡	𝑖𝑛	𝑑
𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑤𝑜𝑟𝑑𝑠	𝑖𝑛	𝑑  

(2) 

 
IDF(𝑡,𝐷) is the inverse of the frequency of documents 

containing a term (t) across all documents (D), which can 
be calculated as: 

 
𝐼𝐷𝐹(𝑡, 𝐷) = (

𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠
𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠	𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔	𝑡) 

(3) 

F. Naïve Bayes 
This study utilizes the Naïve Bayes algorithm to 

perform text classification on a preprocessed dataset that 
has undergone procedures such as tokenization, stopword 
removal, and text cleaning. To address class imbalance, 
an oversampling technique was applied to ensure an equal 
distribution of data across sentiment categories. The 
textual data was then converted into a numerical format 
using Term Frequency–Inverse Document Frequency 
(TF-IDF) vectorization, which assigns weights to words 
based on their frequency of occurrence [24]. Naïve Bayes, 
which is grounded in Bayes’ Theorem and assumes 
conditional independence among features [25]. includes 
several variants such as Multinomial, Bernoulli, Poisson, 
and Ensemble Naïve Bayes. This study adopted the 
Multinomial Naïve Bayes model, as it is particularly well-
suited for handling discrete data, especially in text 
classification tasks. Model evaluation was conducted 
using performance metrics such as precision, recall, F1-
score, and a confusion matrix. The experimental results 
indicated that the Naïve Bayes algorithm, known for its 
efficiency, simplicity, and minimal training data 
requirements, achieved competitive performance in text 
classification tasks [26]. 

The subsequent equation illustrates the general 
formulation of Naïve Bayes: 

(𝑐|𝑥) =
𝑃(𝑋|𝑐)	𝑥	𝑃(c)	

𝑃(𝑥)  
(4) 

Description: 

𝑃(𝑐|𝑥) ∶ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝑜𝑓	𝑐𝑙𝑎𝑠𝑠	𝑐	𝑖𝑓	𝑤𝑜𝑟𝑑	𝑥	𝑎𝑝𝑝𝑒𝑎𝑟𝑠 
𝑃(𝑥|𝑐) ∶ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝑜𝑓	𝑤𝑜𝑟𝑑	𝑥	𝑖𝑓	𝑐𝑙𝑎𝑠𝑠	𝑐	𝑜𝑐𝑐𝑢𝑟𝑠 
𝑃(𝑐) ∶ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝑐𝑙𝑎𝑠𝑠	𝑐 
𝑃(𝑥) ∶ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦	𝑜𝑓	𝑐𝑙𝑎𝑠𝑠	𝑥 
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G. Support Vector Machine 
Support Vector Machine (SVM) is a machine learning 

technique widely used for both regression and 
classification tasks [27]. The core principle of SVM is to 
identify the optimal hyperplane that separates data into 
distinct classes. As illustrated in Figure 4, SVM 
determines a decision boundary that maximizes the 
margin, which is the distance between the data points of 
each class and the hyperplane, to improve model 
generalization [28].  

 
Figure 4. Kernel support vector machine [29] 

In cases where linear separation is not feasible, SVM 
employs kernel functions, such as linear, polynomial 
kernels, or Radial Basis Function (RBF), to project the 
data into a higher-dimensional feature space where 
separation is possible [30]. SVM is particularly effective 
in high-dimensional spaces, where it can handle large 
feature sets and complex decision boundaries efficiently. 

H. Confusion Matrix 
 During the evaluation phase, the confusion 

matrix was used to assess the model’s performance. It 
generates four key outcomes: True Positive (TP), True 
Negative (TN), False Positive (FP), and False Negative 
(FN). Using these values, metrics such as accuracy, recall, 
precision, and F1-score can be calculated, with the 
corresponding formulas based on the TP, TN, FP, and FN 
values. 

1) Recall  

𝑅 =	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (5) 

 

Recall (R) is a metric that measures the model's 
ability to identify all positive class instances in the 
database Precision 

2) Precision  

𝑃 =	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (6) 

 
Precision A parameter called precision (P) gauges 
how well the model can detect positive class 
instances. 

3) F1-Score 
𝐹1 = 2	𝑥	

(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑥	𝑟𝑒𝑐𝑎𝑙𝑙)
(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙) 

(7) 

 
F1-score (F1) is the mean of the recall and 
precision values. 

4) Accuracy 
𝑇𝑃 + 𝑇𝑁

𝐹𝑃 + 𝐹𝑁𝑇𝑃 + 𝑇𝑁 (8) 

Accuracy (A) is the proportion of accurate 
forecasts (positive and negative) to all predictions. 

III. Results and Discussion 
The study evaluated the effectiveness of two 

classification algorithms, SVM and Naïve Bayes, for a 
sentiment analysis task. To address the imbalance 
inherent in the data, both oversampling and 
undersampling techniques were employed. The 
performance of each model was assessed using standard 
metrics, including accuracy, precision, recall, and F1-
score [32]. 

This study utilized a dataset comprising 19,925 user 
reviews of the SIREKAP application collected from the 
Google Play Store. Prior to analysis, the data underwent 
several preprocessing steps, including text cleaning, case 
folding, stopword removal, stemming, and tokenization. 
The dataset was then split into training and testing sets, 
with 80% (15,940 entries) allocated for training and 20% 
(3,985 entries) for testing. To convert textual data into a 
numerical format, the Term Frequency–Inverse 
Document Frequency (TF-IDF) technique was applied. 
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After feature extraction, the Naïve Bayes algorithm was 
implemented for classification. The study further 
explored three different experimental scenarios to assess 
the impact of various conditions on the text classification 
performance of both the Naïve Bayes and Support Vector 
Machine (SVM) models using TF-IDF representations. 

A. Comparison of Model Performance Based on 
Evaluation Table 
The evaluation results from Table 7 indicate the 

performance of the classification model after applying 
oversampling to balance the data distribution across 
sentiment classes. The Naive Bayes algorithm achieved 
an accuracy of 77%, demonstrating its capability to 
classify sentiments effectively. Additionally, other 
metrics such as recall, precision, and F1-score were 
consistently balanced, ranging between 77% and 79%. 
These results highlight that the Naive Bayes model is 
reliable for datasets with a balanced class distribution. 

On the other hand, SVM outperformed Naive Bayes 
significantly, achieving an impressive accuracy of 95%. 
Metrics such as recall, precision, and F1-score also 
reached 95%, underscoring the model's ability to classify 
all three sentiment categories (positive, neutral, and 
negative) consistently and with high accuracy. This 
performance demonstrates the robustness of SVM in 
handling sentiment classification tasks on balanced 
datasets.  

Table 8 evaluates the performance of the Naïve Bayes 
and SVM algorithms under the undersampling condition, 
based on accuracy, recall, precision, and F1-score 
metrics. The results show that both algorithms have the 
same accuracy and recall of 61%, indicating an equal 
ability to classify the overall data and recognize positive 
data in each sentiment class. However, in terms of 
precision, Naïve Bayes is slightly superior with a value of 
67% compared to SVM, which reaches 63%, indicating 
Naïve Bayes' positive predictions are more accurate. The 
F1-score of both algorithms is almost the same, which is 
62% for Naïve Bayes and 61% for SVM, indicating that 
both models are able to handle validation data well 
although they still have limitations in capturing patterns 
on small datasets due to undersampling.  

 

Table 7. Oversampling Evaluation 

Metric Naïve Bayes (%) SVM (%) 
Accuracy 77 95 

Recall 77 95 
Precision 79 95 
F1-Score 77 95 

 
Table 8. Undersampling evaluation 

Metric Naïve Bayes (%) SVM (%) 
Accuracy 61 61 

Recall 61 61 
Precision 67 63 
F1-Score 62 61 

B. Model Evaluation Based on Multi-Class ROC Curve 
Figure 5 presents the ROC curves, offering valuable 

insights into the performance of the multi-class 
classification model.  

 
Figure 5. Multi-Class ROC curve 

 
The Area Under the Curve (AUC) scores were notably 

high, 0.97 for class -1, 0.99 for class 0, and 0.97 for class 
1, indicating the model's exceptional ability to 
differentiate between the sentiment categories. These 
near-perfect AUC values suggest that the classifier is 
highly effective in identifying both positive and negative 
instances across all classes. An AUC approaching 1 
reflects stronger discriminative power, reinforcing the 
model’s reliability in this context. Despite the overall 
strong performance, the slight variation in AUC values 
among the classes may point to marginal inconsistencies 
in classification accuracy. Such variations could stem 
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from complexities in the dataset’s feature distribution or 
from imbalanced class representation. Additionally, the 
red dashed line in the graph represents the baseline 
performance of random guessing, which is clearly inferior 
compared to the model’s output. Collectively, these 
results affirm the robustness and precision of the proposed 
model in handling multi-class classification tasks. 

IV. Conclusion 
This research investigated sentiment classification of 

user feedback on the SIREKAP application by employing 
Naïve Bayes and Support Vector Machine (SVM) 
algorithms, with a focus on addressing class imbalance 
through oversampling and undersampling strategies. The 
dataset comprised 19,925 user reviews, which were 
preprocessed through steps such as text cleaning and 
tokenization, and transformed into numerical features 
using the TF-IDF method. The data was then split into 
training and testing sets. Under the oversampling 
scenario, the SVM model demonstrated the best 
performance, achieving 95% in accuracy, precision, 
recall, and F1-score. In comparison, Naïve Bayes reached 
77% accuracy, with corresponding performance metrics 
of 79% precision, 77% recall, and 77% F1-score. 
Conversely, with undersampling, both models performed 
less effectively. SVM attained 61% accuracy, with 63% 
precision, 61% recall, and a 61% F1-score, while Naïve 
Bayes matched the 61% accuracy but had slightly better 
precision (67%) and F1-score (62%). These findings 
highlight that the combination of oversampling and SVM 
offers the most promising approach for this sentiment 
analysis task, although it may be prone to overfitting. 
Moreover, while TF-IDF effectively represents text in 
numerical form, it lacks the ability to capture deeper 
semantic relationships between words. To improve model 
performance and generalizability, future research should 
explore more advanced text representation techniques, 
such as word embeddings, and evaluate the models on 
larger and more diverse datasets. 
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