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Abstract

The diverse user perceptions and increasing number of negative reviews of the M-Passport application indicate the
need for sentiment analysis-based evaluation to more accurately measure the quality of digital immigration services.
This study aims to analyze user sentiment towards the M-Passport application using an optimized Naive Bayes
classification model. Review data was obtained through web scraping from various digital platforms and processed
using text preprocessing, TF-IDF feature extraction, N-Gram representation, and the Synthetic Minority Over-
sampling Technique (SMOTE) technique to address data representativeness. The proposed model classifies user
reviews into positive, neutral, and negative sentiment categories. Test results show that optimization using N-Gram
and SMOTE successfully improved model performance, with accuracy increasing from 61% to 77.51%, precision
from 0.75 to 0.78, recall from 0.53 to 0.78, and F1-score from 0.50 to 0.77. These results demonstrate that the
combination of feature engineering and data balancing can improve text context representation and sentiment
classification stability across multiple classes. Furthermore, sentiment analysis successfully identified key factors
contributing to user dissatisfaction, such as technical constraints, feature limitations, and application difficulty. These
results demonstrate that the proposed approach is effective in supporting data-driven evaluation to improve the quality
of digital immigration services.
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1. INTRODUCTION

As time progresses, technological developments continue to accelerate and become an inseparable
part of human life. Technological advancement evolves alongside scientific development and
increasingly influences various aspects of society, particularly in improving communication,
information exchange, and public services [1].

The development of internet-based technology also shows significant growth in Indonesia, as
reflected by the increasing number of internet users each year. In 2017, Indonesia ranked fifth in the
world in terms of internet users, with an internet penetration rate of 50.4%. Along with population
growth and increasing technological demands, Indonesia later rose to fourth place with an internet
penetration rate of 77.75% [2]. This rapid technological growth has encouraged transformation in
various sectors, including economics, social services, tourism, and government administration.

The government strongly supports digitalization as part of efforts to improve the effectiveness,
efficiency, and transparency of public services. Digitalization refers to the process of converting
information or data from physical forms into digital forms that can be processed through information
technology. The concept of digitalization has been widely implemented across various sectors, such as
business, education, and government services. The implementation of digital concepts aims to improve
and encourage the creation of effective, efficient, and transparent public services in order to achieve
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better governance (good governance) [3]. One implementation of digital transformation in the
Indonesian immigration sector is the development of an online-based application called M-Passport,
which aims to facilitate online passport registration services [4].

M-Passport is an online application developed by the Directorate General of Immigration of
Indonesia. The primary objective of this application is to reduce long queues and lengthy service times
in passport application processes at immigration offices in Indonesia. Although the M-Passport
application offers various conveniences in digital immigration services, user reviews on multiple digital
platforms indicate varying perceptions regarding the quality and usability of the application. Some users
provide positive feedback related to service accessibility and convenience, while others express
dissatisfaction caused by technical problems, application instability, limited features, and difficulties
during online service processes. The large number of negative reviews indicates inconsistencies between
expected service quality and actual user experience. Therefore, an evaluation based on user reviews is
necessary to identify public perceptions and improve the quality of digital immigration services.
Sentiment analysis is a branch of Natural Language Processing (NLP) that aims to identify and classify
opinions, emotions, or user perceptions expressed in textual data into positive, neutral, and negative
sentiment categories. Various machine learning methods have been widely applied in sentiment analysis
studies, including Support Vector Machine (SVM), Logistic Regression, and Naive Bayes [5], [6], [7].

Among these methods, Naive Bayes is considered one of the most effective classification
algorithms because of its simple structure, computational efficiency, and strong performance in text
classification tasks [6]. Research conducted by Putri [5] compared Naive Bayes and Support Vector
Machine optimized using Particle Swarm Optimization (PSO) for sentiment analysis of OVO e-wallet
reviews and demonstrated that Naive Bayes achieved higher accuracy than SVM. In addition, research
by Quadri and Selvakumar [6] reported that Naive Bayes achieved an average accuracy of 85.92% across
various sentiment analysis datasets. However, several other studies showed that classification
performance may vary depending on dataset characteristics and feature extraction techniques [7].

In sentiment analysis, preprocessing and feature extraction stages play important roles in
improving classification performance. Techniques such as TF-IDF and N-Gram are widely used to
capture contextual relationships between words and enrich textual feature representations [[8], [9].
Several studies reported that the N-Gram technique significantly improves sentiment classification
performance because it preserves contextual relationships between adjacent words [10], [11]. In
addition, preprocessing stages such as cleansing, tokenizing, stopword removal, and stemming help
reduce noise and improve text consistency before classification [12] - [13] . Another challenge
commonly encountered in sentiment analysis is class imbalance, where the number of samples in each
sentiment category is uneven. Imbalanced datasets may cause classification models to become biased
toward majority classes and reduce the ability of models to recognize minority classes accurately. To
overcome this issue, data balancing techniques such as Synthetic Minority Over-sampling Technique
(SMOTE) are widely used to improve model stability and classification performance [14].

Although previous studies have demonstrated the effectiveness of Naive Bayes in sentiment
analysis across various domains, most studies mainly focused on product reviews, social media
platforms, and e-commerce applications. In addition, previous studies generally emphasized algorithm
comparison without specifically addressing class imbalance problems in public service application
reviews. Research related to sentiment analysis on the M-Passport application is still limited and has not
comprehensively integrated TF-IDF feature extraction, N-Gram representation, and SMOTE data
balancing within a single classification framework.

Therefore, there remains a research gap regarding the optimization of sentiment classification
performance for digital public service applications through the simultaneous integration of contextual
feature extraction and data balancing techniques.
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This study collected user review data from the M-Passport application using web scraping
techniques. Web scraping refers to the process of reading, retrieving, collecting, or crawling data and
documents from websites automatically [8]. The purpose of this study is to analyze user sentiment
toward the M-Passport application, particularly regarding aspects such as ease of use, service features,
speed, and application security. From a methodological perspective, this study proposes an optimized
Naive Bayes-based sentiment analysis model by integrating TF-IDF feature extraction, N-Gram
representation, and the Synthetic Minority Over-sampling Technique (SMOTE) to address class
imbalance problems in the dataset. The proposed approach aims to improve contextual text
representation and enhance sentiment classification performance for positive, neutral, and negative
reviews. The novelty of this study lies in the integration of contextual feature extraction and data
balancing techniques within the domain of digital immigration services. In addition, this study
contributes to providing data-driven insights regarding user perceptions to support the improvement of
digital public service quality in the immigration sector.

2. METHOD

This research methodology consists of several systematic stages designed to obtain accurate
sentiment analysis results. The stages include data collection, data preprocessing, feature extraction,
data balancing, data analysis, and sentiment classification using the Naive Bayes algorithm. The
complete process flow of the proposed method is illustrated in Figure 1.
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Figure 1. Research Stages

Figure 1 illustrates the stages of the sentiment analysis process carried out in this study. The
process begins with the data collection stage, which functions to collect review or opinion data from
relevant sources. Next, data preprocessing is carried out, consisting of several steps, namely data
cleaning, case folding, tokenizing, stopword removal, and stemming to obtain clean text that is ready
for processing. The next stage is feature extraction using the TF-IDF and N-Gram methods to convert
text data into numeric representations that can be processed by the algorithm. After that, data balancing
is performed to address class imbalance in the data. The process continues with data analysis to evaluate
the results of the data representation before classification. The final stage is sentiment classification
using the Naive Bayes algorithm, which groups data into three sentiment categories: positive, neutral,
and negative. The classification results are then used to determine a sentiment score that represents the
opinion tendencies of the analyzed data.
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2.1 Naive Bayes Classifier Algorithm

The Naive Bayes classification method is a technique used in sentiment analysis. This approach
has theoretical advantages in terms of data consistency and classification computation. Naive Bayes is
commonly used in classification techniques, especially in social media platforms, using variations such
as Unigram Naive Bayes, Multinomial Naive Bayes, and Maximum Entropy Classification [15]. This
algorithm has a simpler structure than other algorithms and often produces quite high accuracy. Naive
Bayes operates on the assumption that each input attribute is conditionally independent of the others.
This algorithm is very flexible and can handle large-scale data. Based on the principle of "learning by
doing," Naive Bayes uses preprocessed data with relevant features as input for the training process. The
main feature of Naive Bayes classification is its ability to generate strong hypotheses about various
conditions or events. The calculation of group probabilities in Naive Bayes relies on the Bayesian
algorithm, which utilizes special equations [16]. Once trained, this algorithm is able to analyze the
polarity of a text, such as determining whether the text is positive or negative in tone. Bayes' theorem
states that the posterior probability, P(A|B) is calculated from P(A), P(B), and P(B|A) as defined in the
following equation, [6] ;

P(AIB)=% (1)

Where:
P(AIB) is the posterior probability, P(BIA) is the likelihood probability, P(A) is the prior
probability, P(B) is the evidence probability.

2.2 SMOTE Data Balancing

Synthetic Minority Over-sampling Technique (SMOTE) is a data balancing technique used to
overcome class imbalance problems by generating synthetic samples from minority classes. SMOTE
works by selecting one sample from the minority class and identifying its k-nearest neighbors[17], [18].
New synthetic samples are generated between the selected sample and its neighboring samples using
interpolation. The synthetic sample generation process can be formulated as follows:

Xnew = Xi + S(Xzi - Xi) (2)
Where:
o Xi : represents the minority class sample
o X : represents one of the nearest neighbors
o ) : is a random value between 0 and 1
o X new . is the generated synthetic sample

By applying SMOTE, the dataset distribution becomes more balanced, thereby improving the
classification model’s ability to recognize minority sentiment classes more accurately.

2.3. Confusion matrix

Confusion matrix is a tabular representation that describes the results of the classification of test
data, including the number of correct and incorrect predictions [12], [19].

TP+TN

Accuracy = —————— (3)
TP+TN+FP+FN
. . TP
Precision = 4)
TP+FP
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TP
Recall = ®)]
TP+FN
F1-Score = 2xPrecisionxRecall (6)

Precision+Recall
Where TP represents True Positive, TN represents True Negative, FP represents False Positive,

and FN represents False Negative.

2.4 Sentiment Analysis

Sentiment analysis is a branch of natural language processing (NLP) that studies a person's
opinions, evaluations, and emotions towards a product, service, organization, or other topic expressed
in text form. Sentiment analysis interprets and classifies user emotions (positive, negative, or neutral)
about a subject in text data using text analysis. The steps commonly found in sentiment analysis text
classification are (1) Determining the dataset domain, (2) Pre-processing, and (3) Transformation, [5].

3. RESULT

This study uses the Naive Bayes Classifier algorithm to analyze user reviews of the M-Passport
application published on the Google Play Store. The purpose of this study is to classify user reviews of
the M-Passport application into positive, neutral, and negative sentiment categories, and to evaluate the
accuracy, precision, and recall values of the Naive Bayes Classifier algorithm.

3.1 Data Selection

The data used in this study comes from reviews published by M-Passport app users on the Google
Play Store. Researchers collected 1000 reviews using the "most relevant" sorting method, scraping them
using the Google-Play-scraper library.

3.2 Preprocessing

The text preprocessing process aims to clean and prepare data for easier processing by machine
learning models. At this stage, several key processes are carried out, namely removing irrelevant
characters (cleansing), converting all letters to lowercase (case folding), separating text into tokens
(tokenizing), removing common words that have no important meaning (stopword removal or filtering),
and converting words to their basic form (stemming). These stages significantly contribute to improving
the accuracy and stability of sentiment classification models [6]. According to research [20], the
comprehensive application of preprocessing stages such as case folding, tokenizing, stopword removal,
and stemming has been proven to improve the performance of deep learning models in analyzing
Indonesian language texts. Research [21] also shows that optimization of stemming and stopword
removal techniques helps produce more consistent root word forms, thus supporting more accurate
classification results. In addition, research [22] emphasized that the effective use of stemming can
improve the classification accuracy of non-formal Indonesian conversational texts. Research [23]
explained that the combination of preprocessing techniques such as cleaning, stemming, stopword
removal, and N-Gram-based feature formation was proven to be able to improve the performance of
sentiment analysis models on social media review data. Research [24] which shows that the consistent
application of case folding and stemming can improve classification results in word embedding-based
deep learning models. Therefore, the proper implementation of preprocessing stages, including the
integration of N-Gram techniques, is a crucial component in the sentiment analysis pipeline because it
can reduce noise, normalize text, enrich the context between words, and improve the model's ability to
understand natural language more accurately.
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3.3 Dataset

In this study, the dataset was obtained from user reviews of the M-Passport application collected
from the Google Play Store. Researchers collected 1,000 review data using web scraping, an automated
technique for extracting data from web pages. The data collection process was carried out using the
app_store scraper library in the Python programming language with Google Colab as the development
environment. The collected review data were stored in CSV (Comma Separated Values) format. Before
the classification process, the dataset underwent preprocessing stages, including cleansing, case folding,
tokenizing, stopword removal, and stemming. Furthermore, the dataset was divided into training and
testing data using an 80:20 ratio, where 80% of the data were used for model training and 20% for model
evaluation.

3.4 Cleansing

The cleaning stage is the process of removing words that do not affect the sentiment classification
results. In a tweet document, there are various attributes that do not affect sentiment because almost all
tweets contain these attributes. Examples of attributes that are considered unimportant include mentions
that begin with '@', hashtags that begin with '#', links that begin with 'http' or 'bit.ly', and symbol
characters such as ~@#$%"&*()+?<>,.2:{}[]|. These irrelevant attributes will be removed from the
document and replaced with spaces [7].

3.5 Case Folding

The process of standardizing letterforms by converting all characters in a text to lowercase, so
that the system does not distinguish between uppercase and lowercase letters. This step helps reduce
redundancy in words that have different forms but the same meaning [24], [25].

3.6 Tokenizing

This is the process of breaking down sentences into word units or tokens. This stage serves to
facilitate linguistic analysis at the word level [13] .

3.7 Stopwords

After the tokenization process, stopword removal is carried out, namely the removal of common

nmn n

words such as "to," "from," "want," and "ini" which do not make a significant contribution to the

meaning of the document [14].

3.8 Stemming

The process of returning a word to its base form by removing affixes or endings. This process
aims to unify various derived word forms into a single base form, thereby increasing consistency in text
analysis [22].

3.9 Balancing Data

Balancing data is a preprocessing technique used to equalize the number of samples in each class
so that the dataset distribution becomes more balanced[26]. This process is important because
imbalanced datasets tend to cause classification models to favor the majority class, thereby reducing the
ability of the model to correctly identify minority classes. Techniques such as under-sampling and over-
sampling are commonly applied to improve classification performance and model generalization [27].
The stages of text preprocessing applied in this study are presented in Table 1 The preprocessing pipeline
consists of dataset preparation, cleansing, case folding, tokenizing, stopword removal, and stemming.
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Table 1. Preprocessing Results
Preprocessing Results

Dataset To: Widodo Ekatjahjana, Director General of Immigration Agato P.P. Simamora,
Director of Immigration Information Systems and Technology Y our immigration m-
passport application is incompetent. Please improve its quality until it receives at
least the same 3-star review rating as the one on your shoulders. Please like this
review so it rises to the top. So everyone knows the name of the person running this
careless application.

Cleansing  To Widodo Ekatjahjana, Director General of Immigration, Agato PP Simamora,
Director of Immigration Information Systems and Technology, Your immigration m-
passport application is incompetent. Please improve the quality at least until the star
review value here is the same as the one on your shoulders. Please like this review
so that it rises to the top. So that all the people know the name of the person who
leads this careless application.

Case Folding to widodo ekatjahjana, director general of immigration, agato pp simamora, director
of immigration information systems and technology, your immigration m-passport
application is incompetent. please improve the quality at least until the star review
value here is the same as the one on your shoulders. please like this review so that it
rises to the top so that all the people know the name of the person who leads this
careless application.

Tokenizing  [to, widodo, ekatjahjana, director general, immigration, agato, pp, simamora,
director, system, and, information, technology, immigration, application, m-passport,
immigration, you, this, is, incompetent, please, improve, the quality, at least, to, the,
star, review, value, here, the same, as, the, one, on, your, shoulders, please, like, guys,
review, this, so that, it, rises, to, the, top, so, all, the, people, know, who, the, name,
of, the, person, who, leads, this, careless, application]

Stopwords ~ widodo ekatjahjana, director general of immigration, agato pp simamora, director of
immigration information technology systems, m-passport immigration application is
good, please improve the quality, at least a star review rating, please like the review
at the top so that people know the name of the person leading the application, careless

Stemming  widodo ekatjahjana, director general of immigration, agato pp simamora, director of
immigration information technology systems, m-passport immigration application,
becus, please have a minimum quality level, star review score, please like, guys,
review the most so people know the name of the person leading the careless
application

Table 1 shows an example of the transformation process performed on user review data from the
immigration m-passport application. The cleansing stage removes unnecessary symbols and adjusts
sentence structures, while case folding converts all text into lowercase characters to maintain
consistency. Tokenizing divides sentences into individual terms, followed by stopword removal to
eliminate insignificant words. Finally, stemming converts words into their root forms so that the
resulting features become more effective for machine learning processing.

3.10. N-Gram in Text Feature Extraction

N-grams are a method in Natural Language Processing (NLP) used to represent sequences of
words or characters in text. This concept forms combinations of N consecutive items, such as unigrams
(one word), bigrams (two words), and trigrams (three words), allowing the model to better understand
the context between words [8]. This approach is widely used to improve the capabilities of text
classification, feature extraction, and sentiment analysis. According to research [28], The application of
the N-Gram feature in the 2024 Election sentiment analysis was able to increase the model accuracy to
85% with the Support Vector Machine (SVM) and Random Foresight algorithms. Research [10] also
proved that the combination of N-Gram and Term Frequency—Inverse Document Frequency (TF-IDF)
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is effective in analyzing product reviews in e-commerce, because it enriches the representation of word
features. Meanwhile, research [11] shows that the use of N-Gram features can significantly improve the
performance of various machine learning algorithms in financial news classification. In addition,
research by [29], found that the application of N-Gram in a Gaussian Naive Bayes model to student app
reviews improved the accuracy of sentiment prediction. In this study, [30] also confirmed the
effectiveness of N-Gram in mapping public perceptions of the digital auction system in Indonesia.
Meanwhile, and research [9], Using the Automated Lexicon Senti N-Gram approach, it was
demonstrated that the combination of the lexicon method with N-Gram features resulted in more precise
sentiment classification of national policy texts. The application of N-Gram plays a crucial role in
machine learning-based sentiment analysis pipelines, as it captures linguistic context, enriches text
representation, and improves model accuracy across various analysis domains.

3.11 Evaluation

Model performance evaluation was conducted using accuracy, precision, recall, F1-score, and
confusion matrix metrics. Accuracy is used to measure the percentage of correct predictions across the
entire test data, while precision, recall, and F1-score are used to assess the model's performance on each
sentiment class in more depth. Based on the test results, the model's accuracy increased from 61% to
77.51% after optimization through a combination of N-Gram and the SMOTE data balancing technique.
Confusion matrix visualization shows that before optimization, the model tended to be biased towards
the negative class, while after optimization the prediction distribution became more balanced across the
three classes (negative, neutral, and positive). This improvement proves that the applied optimization
strategy successfully improved the representation of text features and data balance, thereby enhancing
the model's ability to classify user review sentiment more accurately and reliably.

4. DISCUSSIONS

The evaluation was conducted to assess the performance of the Naive Bayes algorithm in
classifying the sentiment of M-Passport application user reviews, before and after optimization using a
combination of N-Gram and the SMOTE (Synthetic Minority Over-sampling Technique) data balancing
technique. Before conducting model evaluation, the distribution of sentiment classes was analyzed to
identify potential class imbalance in the dataset. Figure 2 illustrates the sentiment distribution before
and after applying the SMOTE balancing technique.

Figure 2(a) shows that before balancing, the dataset was highly imbalanced, with the negative
sentiment class dominating the dataset, while the positive and neutral classes contained significantly
fewer samples. Such imbalance can cause the classification model to become biased toward the majority
class and reduce its ability to recognize minority sentiment categories accurately. After applying
SMOTE, as shown in Figure 2(b), the number of samples in each sentiment category became relatively
balanced. This balancing process contributed to improving classification stability and reducing
prediction bias in the sentiment analysis model.

Sentiment Distribution Before Balancing Sentiment Distribution After Balancing
1000 1000

800 800

Count
c

400 400

200 200

- ! 0
Negative Positive Neutral Negative Positive Neutral

Sentiment Sentiment
(a) (b)

Figure 2. Sentiment Distribution (a)Before and (b)After SMOTE Balancing
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Model performance was measured using four main metrics: accuracy, precision, recall, and F1-
score. The model testing results are presented in Table 2, which shows a comparison of model
performance before and after the optimization process.

Table 2. Naive Bayes Evaluation Results before and after optimization
Model Accuracy Precision Recall FI1-Score
Naive Bayes (Initial) 0.61 0.75 0.53 0.50
Naive Bayes + N-Gram + Balancing  0.7751 0.78 0.78 0.77

Based on the evaluation results in Table 2, the initial Naive Bayes model achieved an accuracy of
61%, with a precision value of 0.75, recall of 0.53, and F1-score of 0.50. These results indicate that the
initial model had difficulty recognizing a balanced distribution of data across sentiment classes. In
particular, the low recall and F1-score values show that the model was less effective in identifying
minority sentiment categories, especially positive reviews. This condition suggests that the initial model
tended to be biased toward the majority class distribution.

To provide a more detailed analysis of model performance for each sentiment category, the
classification report before optimization is presented in Table 3.

Table 3. Classification Report Before Optimization
Class Precision Recall F1-Score
Negative 0.68 0.66 0.67
Neutral 0.56 0.82 0.67
Positive 1.00 0.09 0.17
Macro Avg 0.75 0.53 0.50

Based on Table 3, the positive sentiment category was the most difficult class for the model to
recognize, with a recall value of only 0.09 and an F1-score of 0.17. This indicates that most positive
reviews were incorrectly classified into other sentiment categories, particularly the neutral class.
Although the precision value for the positive class reached 1.00, the very low recall indicates that the
model detected only a small portion of the actual positive data. Meanwhile, the neutral class showed the
highest recall value of 0.82, indicating that the initial model tended to predict data toward the neutral
sentiment category.

After optimization through the application of N-Gram feature extraction and SMOTE data
balancing, the model performance improved significantly. Accuracy increased from 61% to 77.51%,
while recall improved from 0.53 to 0.78 and the Fl-score increased from 0.50 to 0.77. These
improvements indicate that the proposed optimization strategy successfully enhanced contextual feature
representation and reduced classification bias toward the majority class. Furthermore, the more balanced
precision, recall, and Fl-score values demonstrate that the optimized model achieved more stable
classification performance across all sentiment categories. The detailed classification results after
optimization are presented in Table 4.

Table 4. Classification Report After Optimization

Class Precision Recall F1-Score
Negative 0.75 0.84 0.79
Neutral 0.83 0.54 0.65
Positive 0.76 0.97 0.85
Macro Avg 0.78 0.78 0.77

Based on Table 4, the optimized model achieved more balanced classification performance across
all sentiment categories. The positive sentiment class experienced the most significant improvement,

2806


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.3.5853

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 3, June 2026, Page. 2798-2811

P-ISSN: 2723-3863 https:/jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.3.5853

with recall increasing from 0.09 to 0.97 and F1-score increasing from 0.17 to 0.85. This result indicates
that the combination of N-Gram and SMOTE successfully improved the model’s ability to recognize
minority sentiment classes more accurately. In addition, the negative sentiment category also achieved
stable performance with an F1-score of 0.79, while the neutral class maintained relatively balanced
precision and recall values.

Overall, the optimization process improved both model stability and generalization performance
in sentiment classification tasks.

The classification performance before and after optimization is further visualized using confusion
matrices, as shown in Figure 3.

Confusion Matrix
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Figure 3. Confusion Matrix: (a) before optimization and (b) after optimization

Figure 3(a) shows that the initial model tended to predict data toward the neutral class, resulting
in many misclassifications in the positive sentiment category. In contrast, Figure 3(b) demonstrates that
after optimization, the prediction distribution became more balanced across all classes, as indicated by
the increase in correctly classified samples (True Positives). This result confirms that the optimized
model achieved better classification stability and generalization performance on the testing data.

The improvement achieved in this study supports previous findings that Naive Bayes is effective
for sentiment analysis tasks and can achieve competitive performance compared to other classification
methods such as Support Vector Machine (SVM) [5]. The integration of N-Gram feature extraction and
SMOTE balancing improved contextual text representation and reduced classification bias toward
majority classes, resulting in more stable classification performance across positive, neutral, and
negative sentiment categories.

In addition to the N-Gram-based sentiment classification approach, word visualization was also
performed using WordCloud analysis, as shown in Figure 4. This visualization displays the most
frequently occurring words in M-Passport user reviews, making it easier to identify dominant opinion
patterns and overall user perception trends regarding the application.

WordChud-Negat Mg et WordCloud- ostf

JBaja:gaic PO app;fiﬁ tolorey

'\.41‘_.

1m1gra51 bmn aSS Olt ;
' p blklnp b passport ga

9 1 ourtanliasi \a
bayarg idandaftar:; n%ﬁaélmlgraﬂgan agayd;,f 2

Figure 4. WordCloud Analysis of M-Passport Reviews

nya

lunx;.*'

The WordCloud visualization shows that the dominant words associated with the app's user
experience, both positive and negative, are present. This provides a more intuitive understanding of
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users' focus and perceptions of the service, while also strengthening the sentiment analysis results
obtained.

5. ANALYSIS SYSTEM

This section describes the results of the implementation of the Sentiment Analysis system
developed as an application of the optimized Naive Bayes model using N-Gram and SMOTE. This
dashboard is designed using the Gradio framework, which allows users to input review text, predict the
sentiment category (positive, neutral, or negative), and generate a WordCloud visualization to illustrate
the distribution of dominant words from the input text.

...... anced With N-Grom Feature £n ¢

3 and SMOTE Data Balancing

ment Pr or ~ Medel Evaluation M Rbout the Study

# Enter Review Taxt ul Sentiment Prediction Result

WordCloud Visualization

v

Figure 5. Sentiment Analysis Dashboard for M-Passport Reviews

Below, we show the performance evaluation results of the Naive Bayes model optimized using
N-Gram and SMOTE. The evaluation was conducted to measure accuracy, precision, recall, and F1-
score, as well as to observe the distribution of predictions using a confusion matrix.

Figure 6. Model Evaluation

The display above is the result of the Naive Bayes model evaluation on the Sentiment Analysis
Dashboard. The results show an increase in accuracy to 77.51%, with balanced precision, recall, and
F1-score. The confusion matrix shows a more stable distribution of predictions among positive, neutral,
and negative classes after optimization. This application can automatically analyze user sentiment
towards the M-Passport application service, so it can help related agencies identify the level of
satisfaction and service problems as a basis for improving the quality of digital public systems and
services.
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6. CONCLUSION

Based on the analysis of user reviews from various digital platforms, perceptions toward the M-
Passport application show considerable variation. Some reviews reflect positive responses regarding
service accessibility and convenience, while others indicate dissatisfaction related to technical issues,
limited features, and difficulties during the online service process. These findings indicate that the M-
Passport application has significant potential to support the digitalization of public services, although
several aspects still require improvement to enhance user experience and service quality. The application
developed in this study successfully implemented a sentiment analysis system for M-Passport user
reviews using the Naive Bayes algorithm optimized with TF-IDF feature extraction, N-Gram
representation, and SMOTE data balancing techniques. The evaluation results showed that the initial
model achieved an accuracy of 61%, with a precision of 0.75, recall of 0.53, and F1-score of 0.50. After
optimization, the model performance increased significantly, achieving an accuracy of 77.51% with
more balanced precision, recall, and F1-score values across positive, neutral, and negative sentiment
categories. These results demonstrate that the integration of contextual feature extraction and data
balancing techniques can improve text representation quality, reduce classification bias, and increase
sentiment classification stability on imbalanced datasets. The novelty of this study lies in the integration
of N-Gram and SMOTE optimization techniques within a Naive Bayes framework for sentiment
analysis in the domain of digital immigration services, specifically the M-Passport application. In
addition, this study contributes to the development of data-driven evaluation systems that can assist
developers and related institutions in understanding user perceptions and improving the quality of digital
public services.

For future work, further research can explore the implementation of deep learning and
transformer-based methods, such as Long Short-Term Memory (LSTM) and Bidirectional Encoder
Representations from Transformers (BERT), using larger and more diverse datasets to improve
sentiment classification performance and contextual understanding in digital public service applications.
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